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Abstract

We hold that most automated decisions over data (is there a credential in this file, which bytes of this
ticket are personal data, what is this blob) are best made by small models trained for each job, and
we present PureByte, an architecture, runtime and training stack for them. We use “small language
model” in a broad sense: an Al Specialist is a small learned model of byte sequences that answers
with decisions, scores, labels and byte ranges instead of generated text. It is a stack of ternary
state-space blocks of the Mamba-2 family over a byte embedding and optional hashed n-gram tables,
with heads decoded under constraints, stored as one file of 1 to 29 MiB that a dependency-free C++
runtime executes on ordinary CPUs, with bit-identical results across the kernels and thread counts
of a platform. Specialists are trained from scratch in minutes to an hour on one consumer GPU by
a factory that blocks leaks between training data and examinations and verifies that the runtime
reproduces the trained model (its leak checks came after the three released examples, whose overlaps
with their examinations we measure); an Al coding agent can drive it from a description of the
job, which we call Vibe Training. We formulate the approach (the answer types, an argument for
when a specialist needs no general knowledge, and a cost model that includes the cost of errors)
and measure three released examples, which all answer with byte ranges gated by a decision (the
other answer types have no trained model yet). On 164 of the 168 repositories of CredData’s test
half, a 1.9-million-parameter model finds 3.5 times as many labeled credential lines as gitleaks with
its default rules, at a close precision on labeled lines (3.1 times on all 168), after learning partly from
labeled lines of the benchmark’s other half; with the benchmark’s obfuscated values replaced by
the original ones, 2.9 times. An 8.3-million-parameter model scores F2 0.769 on the PIIl Masking
Benchmark, 13th of 36 and above OpenAlI’s Privacy Filter (1.4 billion parameters, about 50 million
active, with a narrower policy), after training on the sources of four of its six tasks (on the other two
tasks the two models are level); the best small pretrained encoders score higher at a few times its
cost per byte. A 64-byte decision takes 0.8 to 1.5 ms on eight threads of a desktop CPU, 3 to 6 ms
on one core. Each released model missed a pre-registered criterion as first written, and we report
every one. We also report research on an attachable exact document memory, withdrawn from one
application after a real-data test. The code, the model format and the training stack are open under
Apache-2.0; the weights of the examples are free to use under a separate model license.
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Figure 1: PureByte in one picture. A job and its data (left) become an Al Specialist through the training stack,
driven by a person or by an Al agent (Vibe Training); the specialist is one small file that the runtime runs on
ordinary x86-64 and armé64 CPUs, from servers, desktops and laptops (tested) to small boards (not yet tested),
and, as a next target, microcontrollers (Section 5.8.1).

1 Introduction

Much of the Al that runs in the world does not write essays. It decides whether a file holds a leaked
credential, which bytes of a support ticket are personal data, whether a log line is anomalous, what a
blob of bytes is. These decisions are narrow, repetitive and numerous, and today they are answered in
one of two ways: by rules that a person or an agent wrote, which are exact where the pattern has a
fixed form and blind where it does not; or by a large general model, which understands the question but
pays for its generality on every input. In a benchmark of 88 models on data-center GPUs, multi-purpose
generative models used orders of magnitude more energy than task-specific ones on the same tasks,
though with higher accuracy in text classification; across tasks, a thousand classifications cost about
0.002kWh and a thousand short generations about 0.047 kWh [1]. And in one reported game-control
scenario, a 1.3-million-parameter specialist trained on demonstrations outperformed language models
up to 92,000 times larger that played without training [2].

This paper is about the small end. It presents PureByte, an open architecture, runtime and training
stack for Al Specialists: byte-level models of two to fifty-four million parameters, each trained for one
job, that read raw bytes (text, code, logs, binaries, network payloads) and answer with decisions, scores,
labels and byte ranges instead of generated text. A specialist is a stack of ternary state-space blocks
of the Mamba-2 family over a byte embedding and optional hashed n-gram tables, with heads that are
decoded under constraints (Section 4). It is a single model file, from one to twenty-nine mebibytes, that
a dependency-free C++ runtime executes on ordinary CPUs, offline, with bit-identical results on every
kernel and at every thread count of a platform (Section 5). It is trained from scratch, with no pretrained
body, on data that describe its job, in minutes to an hour on one consumer GPU (Section 6). And an
Al coding agent can train it from a description of the job, as one did for the three examples under the
author’s direction (Section 7.5), through a factory that blocks leaks, silent options and unverified exports
and records failed criteria, while some of its rules are written rather than enforced: Vibe Training
(Section 7).

Theses. The paper argues four positions, each stated in a box where it is argued, with the evidence
that bears on it; two of them (Vibe Training and the future of small models) are positions without a
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measurement of their own:

1. Specialist tasks do not need generalist knowledge (Section 3.3): when the answer depends on local
evidence in the bytes and the training data cover the inputs’ forms, a model sized for that evidence
and trained from scratch on the job’s data can reach the quality of the tools in use. Train with
your data, not a generalist: a generalist is not required, although small pretrained encoders remain
strong competitors.

2. Making Al more efficient (Section 3.4): a model the size of the job does each decision with hundreds
of times fewer operations and bytes of weights than a small generative model and several times
fewer operations than a small pretrained encoder, on the processor already in the machine; the
saving grows with every decision.

3. Vibe Training (Section 7): for byte-level jobs that meet the conditions of Hypothesis 11, an Al
agent is better used training a small model once than writing rules for the job or reasoning about
every input at run time.

4. SLMs are the future, and PureByte aims to be the ARM of AI (Section 10): most of the decisions over
data now made by rules or by calls to general models will be made by small models made for their
jobs, and the right principles for that world are the ones that made ARM ubiquitous: efficiency
first, an architecture that others build on (ARM’s by license; ours, like RISC-V’s, open), and every
device.

The title borrows from, and departs from, a recent argument that small language models suffice for many
of the calls inside agentic systems [3]: those authors fine-tune pretrained generative models, whereas
we train non-generative models of bytes from scratch, which we call small language models in the broad
sense of small learned models of sequences. The title states a position (Section 10), not a result.

Contributions.

(i) A formulation of Al Specialists: byte jobs, the answer types that a small set of heads covers
(“any byte is trainable, and so is the output”; today only byte ranges with a gating decision are
trained), an argument for when a specialist needs no general knowledge, and the cost of an answer
(Section 3).

(ii) The architecture in full detail, with the equations and the order of operations of every component,
and the design choices with the evidence behind them (Section 4).

(iii) A deterministic CPU runtime: a numerics contract under which the scalar kernel, the vector kernel
of each platform (AVX2 on x86-64, NEON on armé4) and every thread count give bit-identical
results, measured latency, throughput and memory, and an analysis of what routers, robots and
microcontrollers would require (Section 5).

(iv) A training stack whose factory blocks leaks between training data and examinations, trains a
control and a classic rival, and verifies that the runtime reproduces the trained model; the released
examples were trained on an AMD GPU, and NVIDIA and Apple silicon GPUs are supported
through the same stock PyTorch code but not yet validated (Section 6).

(v) Vibe Training: a definition, a hypothesis with its conditions, a cost model that includes the cost of
errors, the evidence for and against, and this project as a case (Section 7).

(vi) Three released specialists, measured with their conditions (Section 8). On 164 of the 168 repositories
of CredData’s test half, secrets-code (1.9 M parameters) finds 3.5 times as many labeled credential
lines as gitleaks with its default rules, at a close precision on labeled lines (3.1 times on all 168),
after learning partly from the benchmark’s other half; on the original values, which the benchmark
obfuscates, 2.9 times. pii (8.3 M) scores F2 0.769 on the PII Masking Benchmark, 13th of 36, above
OpenAlT’s Privacy Filter (0.662; 1.4 B parameters, about 50 M active, with a narrower policy), after
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training on the sources of four of its six tasks (on the other two tasks the two models are level).
secrets-bin reports 1 to 12 false alarms per set of clean binaries (five sets, 193 files), and finds
360 of 360 decidable credentials on a synthetic probe made by its own training generator, since
we know of no public, labeled benchmark for that job. None of the three met every pre-registered
criterion as first written, and we report each.

(vii) Research on an attachable, exact document memory that, on one constructed 16 MiB stream,
recalls reuses at 15 MiB of distance (12 of 12) with 3 MB of state, and a real-data test that led us to
withdraw one of its applications (Section 9).

Limits of the claim

We do not claim that small models replace large ones: questions that change every time, need
knowledge of the world or ask for free text belong to generalists. We do not claim results beyond the
three examples and one desktop machine; we did not measure agents building specialists, generative
models on our benchmarks or classical learned baselines; and we present microcontrollers as a
target, not a result. Section 11 collects the limits.

Organization. Section 2 reviews related work. Section 3 states the theory of Al Specialists, Section 4
the architecture, Section 5 the runtime and Section 6 the training stack. Section 7 develops Vibe Training,
Section 8 the three case studies and Section 9 the research on document memory. Section 10 discusses
the theses, Section 11 the limitations, and Section 12 concludes. The appendices give the notation, the
configurations, the cost model’s parameters, the data and their licenses, and the commands to reproduce
the public-benchmark numbers.

2 Background and related work

This section places PureByte among the work it builds on and competes with: what each work shows,
under which conditions, and the evidence against our theses next to the evidence for them. Figures that
vendors publish about their own products are marked as vendor claims.

2.1 Small language models and the case for them

The position paper. Our title echoes Belcak et al. [3], who argue that small language models (SLMs)
are “sufficiently powerful, inherently more suitable, and necessarily more economical for many invoca-
tions in agentic systems”. An SLM, in their working definition, “is a LM that can fit onto a common
consumer electronic device and perform inference with latency sufficiently low to be practical when
serving the agentic requests of one user”; as of 2025 that covers most models below 10 B parameters.
They argue that agents use a narrow, heavily prompted slice of a model’s abilities; that agent calls must
follow strict formats, which a model fine-tuned on one format follows more reliably; that any call can
go to a different model, so agentic systems are naturally heterogeneous; and that logged calls supply the
data to train a specialist for each. They cite estimates that serving a 7B model is 10 to 30 times cheaper
in latency, energy and FLOPs than serving a 70 to 175B one, and concede that whether centralized
serving stays cheaper through economies of scale is open (“the jury is still out”). Their LLM-to-SLM
conversion logs an agent’s calls, removes personal data from them (itself a detection job), clusters them
into tasks and fine-tunes candidate SLMs for each; for three open-source agents they estimate that 40 to
70 % of the LLM calls could go to specialized SLMs, an assessment rather than a measurement. As of
September 2026 we found no published rebuttal on arXiv or on the authors’ page for correspondence
(blogs not searched); the closest challenges are empirical (Section 2.2).

Surveys and model families. Surveys measure 70 open decoder-only SLMs of 100 M to 5B parameters
on devices [4], cover their architectures and compression [5], define SLMs by specialized tasks under
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resource constraints, where LLMs underperform and cloud APIs raise privacy concerns [6], find SLMs
of 1 to 8 B matching or beating larger models in about 160 papers [7], and review how small models
collaborate and compete with LLMs [8]. The families show what data and distillation buy: phi-1 (1.3 B,
“textbook quality” data) reaches 50.6 % pass@1 on HumanEval [9]; phi-3-mini (3.8 B) reaches 69 % on
MMLU and runs on a phone [10]; Phi-4 (14 B) surpasses its GPT-4 teacher on STEM questions [11];
Gemma 2’s 2 and 9 B models, distilled, compete with models two to three times larger [12]; SmolLM2
(1.7B, about 11 T tokens) beats Qwen2.5-1.5B and Llama-3.2-1B [13]; Qwen3 (0.6 to 235 B) builds its
small models from its flagships [14]; Llama 3.2’s 1 and 3 B models “fit onto edge and mobile devices”
[15]. The smallest are SmolLM’s 135 M model [16] and Gemma 3 270M, whose INT4 version used 0.75 %
of a Pixel 9 Pro’s battery for 25 conversations in Google’s tests [17] (a vendor claim). Among generative
models, the closest precedent in scale is TinyStories: models of less than 10 M parameters write fluent,
consistent stories when the domain is narrow [18].

How AI Specialists differ. AI Specialists share this motivation and differ in five respects. Output: a
generative SLM answers by generating tokens, a forward pass per token; an Al Specialist answers with
the output of a head (a class, labels, a score, a grade, typed byte spans or a label per byte) after one pass
over its input windows, and cannot write free text (Section 3). Input: raw bytes rather than subword
tokens, so every file, protocol or binary is valid input and every answer maps to byte offsets. Size: 2 to
54 M parameters (networks of 2 to 4 M plus, for some jobs, hashed n-gram tables), below the smallest
model above. Knowledge: no pretraining; an Al Specialist is trained from scratch on data for its job,
in minutes to an hour on one consumer GPU (Section 6). Execution: a dependency-free C++ runtime
on the CPU, bit-identical across the kernels and thread counts of a platform (Section 5). Al Specialists
meet the size and latency clauses of the definition of Belcak et al. [3], but not its first clause (“is a LM”):
they are not language models, since they neither model the probability of text nor generate it. We call
them SLMs in the broad sense of small learned models of sequences (Section 10), and the evidence most
relevant to them concerns task-specific models.

2.2 Specialists versus generalists

Evidence for specialists. The paper that introduced knowledge distillation also proposed “specialist
models” for the fine-grained classes that a full model confuses [19]. Specialization keeps trading
generality for size: a 770 M T5 trained with LLM-written rationales outperforms few-shot 540 B PaLM
on one benchmark [20]; distilling math reasoning into T5 models lifts their scaling curve “by paying
the price of decreased generic ability” [21]; and 4-bit LoRA fine-tunes beat GPT-4 by 10 points on
average over 31 tasks [22]. On tasks like those of Al Specialists, fine-tuned small models beat prompted
LLMs: in information extraction, LLMs are worse, slower and costlier, and help only by reranking the
hard samples that small models pass on [23]; zero-shot ChatGPT “still faces challenges” in sequence
tagging [24]; and fine-tuned BERT-style models beat zero-shot GPT-3.5, GPT-4 and Claude Opus in
every text-classification case tested [25]. Classical baselines can suffice: with labels, Complement Naive
Bayes matches a zero-shot 27 B LLM on AG News (89.1 against 89.0 %), and runs on a CPU 40 to 486
times faster than small LLMs batched on a GPU [26]; a specialist must beat rules and classical baselines
too; we compared it with rules only (Sections 8 and 11). The closest published result at PureByte’s
scale that we know of is a 1.3-million-parameter DOOM player [2]: a ModernBERT encoder with hash
embeddings and a classification head, trained on 31,000 human demonstrations, that picks actions from
ASCII frames in 31 ms on consumer hardware. With the same inputs, it scored 178 frags in 10 episodes
of one scenario, more than all tested LLMs combined (13), which include models up to 92,000 times
larger. The evidence is one scenario, but the recipe is close to ours.

Specialists inside agents, and routing. TabAgent replaces the LLM calls that make an agent’s
closed-set decisions (routing, shortlisting, gating) with a compact classifier trained on execution traces;
on AppWorld it keeps task-level success and cuts latency by about 95 % and cost by 85 to 91 % [27], the
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pattern that Vibe Training generalizes. Routers pick the cheapest adequate model per query: FrugalGPT’s
cascade matches GPT-4 at up to 98 % lower cost [28]; Hybrid LLM sends easy queries to a small, edge-
deployable model and calls the large one up to 40 % less without quality loss [29]; learned routers cut
costs by more than half in some settings without losing quality [30].

Counter-evidence. Where the task needs knowledge, a well-prompted generalist can win: with
general-purpose prompting (Medprompt), GPT-4 outperforms domain-tuned specialists such as Med-
PaLM 2 on all nine MultiMedQA benchmarks [31]. Imitation copies style, not capability: models of
1.5 to 13 B that imitate ChatGPT close “little to none of the gap” on tasks not covered by the imitation
data [32]. Larger models are more sample-efficient [33], some abilities appear only at scale [34] (many,
though, only under certain metrics [35]), and “general methods that leverage computation are ultimately
the most effective” [36]. Small generative models also fail as drop-in agents: with Gemma-3 4B and
Qwen-3 1.7B, four issue-resolution frameworks resolved almost no task of SWE-bench Verified Mini,
their energy differing by up to 9.4 times and going largely to unproductive reasoning loops [37]; across
16 open models of 0.27 to 32 B, small ones suffice for short, structured tool use while frontier models
keep an edge in long-horizon planning [38]. Part of the failure lies in the harness: a failed call left in
the transcript raises the probability of repeating it from 0.06 to 0.54 in models of 135M to 1.7 B, and
a harness change removes 76 % of the effect [39]; an adapted harness lets the best SLM agent recover
89.7 % of an LLM’s performance at 4 % of its cost [40]. We read these results as limits of our claim. They
concern knowledge, breadth and open-ended agency, whereas Al Specialists are proposed only for jobs
whose answer depends on local evidence in the bytes they read, with training data that cover the inputs’
forms (Section 3.3), as tools that programs and agents call. And the bitter lesson cuts both ways: it
favors learning over hand-written rules, but also general methods and scale over hand-sized models,
and our training generators encode hand-written knowledge (Section 7.3).

2.3 Byte-level models

Byte-level models remove the tokenizer. ByT5 shows that a standard Transformer on bytes is competitive
with token models, “significantly more robust to noise” and better on spelling-sensitive tasks [41];
CANINE, a character encoder with downsampling, beats a comparable mBERT by 2.8 F1 on TyDi
QA with 28 % fewer parameters [42]. Later models reshape the architecture for long byte sequences:
MEGABYTE with local and global patch models, over more than a million bytes [43]; MambaByte with
a selective SSM, competitive with and sometimes better than subword Transformers [44]; SpaceByte
with larger blocks after word boundaries, roughly matching tokenized Transformers at fixed compute
[45]; the Byte Latent Transformer with patches sized by next-byte entropy, matching token models
in a FLOP-controlled study up to 8 B parameters and 4 T bytes, with better inference efficiency and
robustness [46]; and H-Net with learned chunking, beating a BPE Transformer at matched compute and
data [47]. bGPT predicts bytes of any modality [48]; MalConv detects malware from whole executables
[49]; ByteFormer classifies images and audio from file bytes [50]. Bytes are not free: byte and character
encodings still differ more than 4-fold in length between some languages [51], and large generalists are
strong byte predictors, at a large compute cost [52].

Nearly all of this work is generative modeling at scale. PureByte uses bytes as the one input shared
by text, code, logs, binaries and packets, with exact offsets for the answers; its models are small non-
generative networks with task heads, closer to CANINE, MalConv and ByteFormer. MambaByte is the
closest in ingredients (bytes and a selective SSM), but it generates, with 353 M to 1.6 B parameters, and
its speed is reported on an A100 GPU [44].

2.4 State-space models

State-space models (SSMs) carry a fixed-size state through a recurrence, so their cost is linear in length
and their memory constant. S4 reached the state of the art on every Long Range Arena task [53];
Mamba made the recurrence selective (input-dependent), with five times the inference throughput of
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Transformers and a 3 B model that outperforms Transformers of its size [54]; Mamba-2’s structured state-
space duality relates SSMs to attention and makes the core layer 2 to 8 times faster [55], and PureByte’s
blocks belong to this family (Section 4); Mamba-3 adds a complex-valued state and matches Mamba-2’s
perplexity with half the state size [56]. The fixed state is also the known weakness. Jelassi et al. [57]
prove that fixed-state models are fundamentally limited at copying and find pretrained Transformers
far better at copying and retrieval; in Zoology, a 70 M attention model beats a 1.4 B gated-convolution
model at associative recall, and associative recall explains 82 % of the perplexity gap between gated
convolutions and attention [58]. At 8 B parameters on identical data, pure SSMs lag on copying and
in-context learning, while a hybrid with 7 % attention layers beats the Transformer on all 12 standard
tasks [59]; such hybrids are now common [60-63]. And a hardware-in-the-loop search under edge
constraints chose gated short convolutions and a few attention blocks for LFM2, not SSM layers, giving
up to twice faster CPU prefill and decoding than similar-size models [64]. For PureByte the weakness is
bounded: an Al Specialist reads 512-byte windows and its jobs need mostly local evidence (Section 3),
so the fixed state costs little within a window and much across a document, as Section 9 measures;
Section 4 compares state-space, attention and other blocks at PureByte’s scale.

2.5 Low-bit networks

Binary weights turn multiply-accumulates into accumulations [65]; XNOR-Net saves 32 times the
memory and runs convolutions 58 times faster on CPUs [66]; ternary weights in {—1, 0, +1} with a scale
compress up to 16 times and beat binary ones [67]; learned ternary values match or beat full-precision
ResNets on CIFAR-10 [68]; training relies on the straight-through estimator [69]. For language, BitNet
trains 1-bit Transformers from scratch with a scaling law like that of full precision [70], and BitNet
b1.58 is reported to match FP16 models of equal size and training tokens with ternary weights, at lower
latency, memory and energy [71]. The open BitNet b1.58 2B4T (2 B parameters, 4 T tokens) is on par
with full-precision peers [72]; its CPU runtime, bitnet.cpp [73], reports speedups of 2.37 to 6.17 times on
x86 and 1.37 to 5.07 times on ARM CPUs across model sizes [74]; ternary layers also combine with a
recurrent token mixer [75]. Ternary SSMs exist: Slender-Mamba trains BitNet-style ternary Mamba
models from scratch [76], the direct precedent for PureByte’s blocks; binary (1-bit) Mamba models
of 780 M to 2.7 B trained from scratch with distillation are comparable to full precision [77]; grouped
ternary quantization-aware training with 16-bit activations, PureByte’s format, has been applied to a
pretrained Mamba-2, where learnable scales caused a “zero-ratio collapse” and corrections that work
for Transformers failed because errors accumulate through the recurrence [78] (PureByte’s scales are
computed, not learned); a 1.58-bit Mamba-2 has been run on ARM CPUs [79]; and SSM activations have
large outliers [80]. Hashed n-gram tables with several hash heads, a context gate and an injection layer
are the design of Engram [81], which PureByte uses over bytes (Section 4.3); hashed character n-grams
go back to fastText [82].

The ternary penalty at tiny scale. The evidence that ternary weights cost little comes from large
models: ternary models beat quantized and float models of equal size in bits only above one billion
parameters [83], and a ternary 600 M model beats the previous best ternary 3B one [84]. The one
controlled study at tiny scale that we know points the other way. In 98 byte-level runs at about 60,000
parameters, three seeds each, the depth and width of the baseline moved validation loss more than any
architecture effect at a 16 M-byte budget, and at 130 M bytes the ternary penalty was +28.1 % for a gated
SSM against +5.3 % for the best Transformer, a gap the authors do not attribute to architecture alone
because their Transformers kept 11 to 22 % of their parameters in full precision [85]. At a few million
parameters, ternary weights are thus a deployment choice with a price in quality, to be measured against
tuned baselines over several seeds; PureByte makes only the two large projections of each block ternary
and reports the price in Section 4.
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2.6 TinyML and edge Al

Microcontrollers have 100 to 1,000 times less compute, memory and power than mobile processors;
TensorFlow Lite Micro, an open-source interpreter, runs models in a few kilobytes on hardware that
often lacks dynamic memory allocation [86], and CMSIS-NN’s Cortex-M kernels raise throughput 4.6
times and energy efficiency 4.9 times [87]. MCUNet co-designs the network (by architecture search)
and the engine for memories “2-3 orders of magnitude smaller even than mobile phones”, and was the
first to exceed 70 % ImageNet top-1 on an off-the-shelf microcontroller [88]; its successor exceeds 90 %
on Visual Wake Words within 32kB of SRAM [89]. MLPerf Tiny measures accuracy, latency and energy
per inference on keyword spotting, visual wake words, image classification and anomaly detection [90];
in its v1.2 keyword-spotting results, three STMicroelectronics boards used a median of 656 to 1,820 pJ
per inference, at 23 to 89 inferences per second and about 23 to 122 mW [91]. A small language model
trained on TinyStories runs on a RISC-V microcontroller with an NPU at 490 yJ per token [92]. Vendor
pages give typical budgets: 256 KB of RAM and 1 MB of flash (nRF52840, a 64 MHz Cortex-M4) [93];
264 and 520 kB of SRAM (RP2040, RP2350) [94]; 512 KB of SRAM with vector instructions for neural
networks (ESP32-S3) [95]; 1 MB of SRAM (i.MX RT1060, a 600 MHz Cortex-M7) [96]; and up to 13.5 MB
of SRAM with two Cortex-M55 cores and two Ethos-U55 NPUs (Ensemble E3) [97]. Many routers “do
not have the memory or processing power to train and sometimes even execute such models” [98], yet
binary networks in SmartNICs classify traffic with up to 100 times lower latency at 40 Gbps [99], and
a switch pipeline runs per-packet inference for 3.8 % more area [100]. On robots, a DNN navigates a
27 g nano-drone at 64 mW [101], a reinforcement-learning policy runs on a Crazyflie’s Cortex-M4 [102],
and the field calls for “automated end-to-end design tools” [103]. These results concern images, audio,
sensor signals and network traffic. PureByte applies sequence models to byte streams, runs today on
x86-64 and arm64 CPUs (tested on servers, desktops and laptops, not yet on Linux-class devices such as
routers or small boards), and treats microcontrollers as its next target, not as a result (Sections 5 and 10).

2.7 The cost and energy of inference

Training costs were measured first: their financial and carbon cost [104], the call to report a model’s
“price tag” [105], and footprints that the choice of model, data center and processor can change by
100 to 1,000 times [106]. For inference, the anchor of this paper is Luccioni et al. [1], who measured
88 models on 10 tasks and 30 datasets (1,000 inferences per dataset, A100 GPUs, CodeCarbon). Mean
energy per 1,000 inferences was 0.002 kWh for text classification and 0.004 kWh for token classification,
against 0.047 kWh for generating 10 tokens per input and 2.9 kWh for image generation. Against eight
zero-shot multi-purpose models (BLOOMz, Flan-T5) on the same datasets, they find that “multi-purpose,
generative architectures are orders of magnitude more expensive than task-specific systems for a variety
of tasks, even when controlling for the number of model parameters”. In text classification, however,
the multi-purpose models had the higher average accuracy: the saving is large, but it is not free.

Per query, generative inference costs little in absolute terms. Google measured its median Gemini
Apps text prompt in production at 0.24 Wh, after a 33-fold fall in one year [107]; OpenAr’s chief executive
gave “about 0.34 watt-hours” per average ChatGPT query, without a published method [108]; Epoch
Al estimated about 0.3 Wh for a GPT-40 query, assuming 500 output tokens and H100 GPUs at 10 %
utilization [109]. For scale (our conversion), 0.24 to 0.34 Wh is 860 to 1,220], the energy of roughly
5% 10° to 2 X 10° keyword-spotting inferences on the boards of Section 2.6; the tasks are not comparable,
and the ratio shows only orders of magnitude. In aggregate, data centers used about 415 TWh in 2024,
1.5 % of the world’s electricity, and are projected to reach about 945 TWh by 2030, with Al as the main
driver [110]. Price trends cut against the cost argument: the price of a fixed level of performance fell 9
to 900 times per year depending on the benchmark [111], and the cost at fixed quality about ten times a
year [112]. If these trends continue, the gap in marginal cost narrows, and the case for specialists must
rest also on latency, privacy, determinism and where they can run (Section 7); but cheaper Al drives
disproportionately more use [113], so total energy can rise while the cost per query falls.
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2.8 Agents that engineer and make models

Agents that do machine-learning engineering. On MLAgentBench, the best agent (Claude v3 Opus)
averages 37.5 % success over 13 tasks, from 100 % on well-established datasets to 0 % on recent Kaggle
challenges [114]; on MLE-bench, ol-preview with the AIDE scaffold, which frames ML engineering
as tree search over code [115], earns at least a bronze medal in 16.9 % of 75 Kaggle competitions [116].
AutoKaggle reaches a validation submission rate of 0.85 over eight competitions [117], and AutoML-
Agent goes from a task description to a deployment-ready model [118]. The Al Scientist writes ML
papers for less than $15 each, some above a top conference’s acceptance threshold as judged by its
authors’ own automated reviewer [119]. In autoresearch (a repository, not a paper), an agent edits the
training script of a small language model, trains for five minutes on one GPU, and keeps or discards
each change by validation bits per byte [120]. Agents beat human experts on RE-Bench within two
hours but not within 32 [121], improve baselines “usually by finding better hyperparameters” [122], and
reach an average replication score of 21.0 % on ICML papers, below the human baseline [123]: they do
well in bounded loops with a clear metric, which is what Vibe Training asks of them.

Agents that make models. The closest precedent of Vibe Training is Program-as-Weights [124]: a4 B
“compiler”, trained on a released dataset of 10 million examples, turns a natural-language specification of
a “fuzzy function” (alerting on important log lines, repairing malformed JSON) into adapters for a frozen
0.6 B Qwen3 interpreter, which then matches direct prompting of Qwen3-32B with about one fiftieth of
the inference memory, at 30 tokens per second on a MacBook M3. The foundation model becomes “a
tool builder: invoked once per function definition”, which is the stance of Vibe Training. PAW turns
a specification, with one call of the compiler, into an adapter for a shared generative interpreter; in
Vibe Training an agent builds data, criteria fixed in advance and a held-out examination, and trains
a separate byte-level model from scratch (Section 7). Pioneer Agent, “given only a natural-language
task description”, acquires data, builds evaluation sets and trains small language models, gaining 1.6 to
83.8 points over base models on eight benchmarks and raising intent classification from 84.9 to 99.3 %
in a production-style deployment built from public tasks [125]. In agentic knowledge distillation, a
teacher LLM generates data and fine-tunes Qwen2.5-0.5B or SmolLM2-135M for SMS threat detection
with no human in the loop, reaching 94.31 % accuracy at best, with results that depend strongly on the
teacher [126]. LLM agents also design microcontroller networks in 1 to 2 hours instead of hundreds
of GPU hours of hardware-aware search [127]. None of these trains byte-level models from scratch
for byte jobs. Older roots include AutoML [128-130], data programming [131], LM-generated data for
a “tiny task model” [132] and Software 2.0 [133]. The name comes from vibe coding, which validates
Al-generated code “through outcome observation rather than line-by-line code comprehension” and for
which empirical studies report “unexpected productivity losses” [134]; Vibe Training adds criteria fixed
before training and an examination the model is not trained on; Definition 10 says which of these rules
the factory enforces.

Small models as tools of agents. Language models call tools because they “struggle with basic
functionality, such as arithmetic or factual lookup, where much simpler and smaller models excel”
[135]; a fine-tuned LLaMA writes API calls better than GPT-4 [136]; an LLM can dispatch subtasks to
specialized models [137]; and the Model Context Protocol gives agents a standard channel to such tools
[138]. Function calling itself runs on small models: Octopus v2 (2 B, on the device) surpasses GPT-4 in
accuracy and latency [139], and TinyAgent’s 1.1 and 7 B models match or surpass GPT-4-Turbo on a
MacBook [140]. The nearest product is Cactus Needle [141], a single 8 to 29 MB, 2-bit binary for phones,
wearables, robots, cars and microcontrollers that “trade[s] general chat capacity to beat models 10x its
size on mobile tool calls”. Most of its parameters sit in an n-gram “engram” memory read by gather, so
that its 121 M model “does the arithmetic of a 50M one”; after fine-tuning on DroidCall, subnetworks
from 29 M parameters up are reported to pass DeepSeek V4 Flash; and fine-tuning can be delegated to
Claude Code or Codex (self-reported figures; telemetry is on by default). Needle shares PureByte’s bet
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on tiny specialized models and on tables that add capacity without arithmetic, but it generates tokens,
under a byte-level grammar, and is specialized by fine-tuning a pretrained base; an Al Specialist reads
bytes, answers without generating and is trained from scratch for one job.

2.9 Detection of secrets and personal data

The example specialists of Section 8 detect credentials in code and binaries and personal data in text.
Secrets leak widely: in “over 100,000 repositories” on GitHub [142], 28,649,024 new ones in public GitHub
commits in 2025 by a vendor’s count [143], and in 8.5 % of the container images studied [144]. The
standard scanners are rule-based: gitleaks [145]; TruffleHog, which also verifies credentials live [146];
detect-secrets [147]; and CredSweeper, which can filter candidates with a machine-learning model [148].
On a benchmark of nine tools, the best precision was 75 % (GitHub’s scanner; gitleaks 46 %) and the best
recall 88 % (gitleaks), with errors traced to generic or faulty regular expressions, poor entropy measures
and skipped file types [149]. CredData’s README describes 19,459,282 lines from 297 repositories, of
which 73,842 are labeled and 4,583 are true credentials; the commit we measure (c@9c@c5, September
2026) has 337 repositories, split by us into halves of 169 and 168 (Section 8.1). The README reports
F1 of 0.859 for CredSweeper, 0.334 for gitleaks and 0.235 for truffleHog3, from a benchmark run by
CredSweeper’s maintainers on old tool versions “by combining training and test data” [150]. Learned
detectors improve on rules: a voting classifier cuts the false positives of regular expressions [151];
a fine-tuned 8 B LLaMA-3.1 that classifies regex candidates reaches F1 0.9852 [152]; in GitHub issue
reports, fine-tuned RoBERTa and CodeBERT reach F1 92.70 % against 80.13 % for few-shot GPT-40 [153];
and a Transformer over string-literal context reaches F1 98.74 % [154] on SecretBench [155]. Most of
these classify candidates that rules or a parser extracted; PureByte’s secret specialists tag byte spans
directly, in source files and in binaries.

For personal data, Presidio combines named-entity recognition, patterns and custom pipelines [156];
GLiINER, a compact bidirectional encoder, beats ChatGPT and fine-tuned LLMs at zero-shot entity
extraction [157]; GLINER2 stays efficient on CPU [158]; and GLiINER2-PII (0.3 B) covers 42 PII types
at character-span resolution [159]. OpenATI’s Privacy Filter is the closest in form to PureByte’s pii: a
bidirectional token classifier converted from an autoregressive checkpoint “with similar architecture
to gpt-oss, albeit of a smaller size”, with 1.5 B total and 50 M active parameters according to its model
card (1.40 B counted by the PIIMB leaderboard), eight categories tagged with BIOES labels under a
constrained Viterbi decoder, and tunable operating points; it runs in a browser or on a laptop, and reads
tokens rather than bytes [160]. The PII Masking Benchmark scores zero-shot masking at the character
level, independently of label names, on six tasks with about 25,000 documents and 152,000 entities (from
Al4Privacy, Nemotron-PII, Gretel, Privy and MAPA EUR-LEX), ranked by masking F2; contamination
is left to an honor system, and its card warns that “for specialised use cases, this benchmark does
not provide the full picture” [161]. Language models trained on personal data leak it, about 3 % of PII
sequences even under sentence-level differential privacy [162]; a distilled de-identifier trails its cloud
teacher on per-category recall (0.81 against 0.90), and because institution-specific entities transfer poorly,
its authors pair broad models with specialized ones [163].

2.10 Arm: the facts behind the analogy

Section 10.3 compares PureByte’s aims with Arm’s history and relies on these facts. Arm “began as
a joint venture between Acorn Computers, Apple Computer, and VLSI Technology” in 1990, to build
a processor that was “high performance, power efficient, easy to program, and readily scalable”, and
its CPUs spread in mobile phones in the mid-1990s “because our energy-efficient processors provided
an appropriate level of performance while consuming little power” [164]; the first ARM silicon (1985)
ran at up to 6 MHz on “about 0.1 W” [165]. Customers pay a license fee and then “a per-unit royalty
on substantially all chips shipped” [164]; under Arm Flexible Access, a “nominal fee per year” opens
more than 80 components [166]. More than 350 billion Arm-based chips had been reported shipped
by 31 March 2026; in March 2026 Arm began selling its own production silicon, a departure from pure
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licensing [164]. Arm’s architecture is licensed, not open: the case for free, open instruction sets was
made for RISC-V [167], and open instruction sets are expected to help lead computer architecture [168].
PureByte’s openness (format, runtime and training stack under Apache-2.0) is thus closer to RISC-V’s;
what it takes from Arm is efficiency as the design goal.

2.11 Positioning

Byte- and character-level classifiers trained from scratch for one security job are a decade old: MalConv
reads whole executables [49], eXpose reads URLs, file paths and registry keys [169], and character-level
convolutional networks classify text [170]. What PureByte adds to that lineage is a ternary state-space
body with typed heads, a declared model format, a deterministic CPU runtime and a factory that trains
a specialist in minutes to an hour. Among the neighbors in Table 1, none combines PureByte’s three
defining choices: byte input, answers without generation, and models trained from scratch for one job
in minutes to an hour. Byte-level language models share the input but generate; PII detectors share the
output but read tokens and start from pretrained models; Needle shares the size and the specialization
but generates and fine-tunes a pretrained base; Program-as-Weights and agent-trained SLMs share the
maker, an Al working from a description, but adapt generative models of 135M to 0.6 B parameters; rule
scanners share plain CPU execution but do not learn. The table compares designs, not quality; Section 8
measures quality against the tools that share PureByte’s jobs.

3 A theory of Al Specialists

This section states what an Al Specialist is, which questions it can answer, when it can do without
general knowledge, and what that saves. It is the conceptual core of the paper, and a formulation rather
than a theory with theorems: definitions, one observation about output types, an argument about
knowledge and an estimate of cost. The architecture that implements it follows in Section 4, and the
evidence that bears on each claim in Section 8.

3.1 Jobs, specialists and generalists

Let 8 ={0,1,...,255} be the set of byte values and 8" the set of finite byte strings.

Definition 1 (Byte job). A byte jobis a tuple J = (Y, P, £): an output space Y, a distribution P; over
pairs (x,y) € 8" X Y that describes the inputs the job will meet and their correct answers, and a loss
t:Y XY — Ry that says what a wrong answer costs.

Definition 2 (AI Specialist). An Al Specialist for a job J is a model fp : 8* — Y whose output space is
a product of the types of Observation 3, trained for that job alone, on examples drawn from (or built to
resemble) P;, with a surrogate of the expected loss E(y,)~p, £(fo(x),y), and with a size |0| chosen for
that job. It is trained from scratch when none of its parameters comes from a model trained for other
jobs, as the three released specialists are, and fine-tuned otherwise. A generalist is a model trained to
serve many jobs at once, typically through natural language, whose parameters are shared by all of
them.

The definitions are deliberately plain. The claims of this paper are about specialists trained from
scratch, whose size |0| is chosen for one job, whose input is raw bytes and whose output is one of a
small set of structured types. Small pretrained encoders fine-tuned for one job are specialists too in this
sense, and they are the strongest alternative to ours (Section 3.3).

3.2 Any byte is trainable, and so is the output

Every digital input is already a byte string: text in any encoding, source code and minified code, logs,
JSON and CSV, network payloads, archives, executables and firmware, sensor frames. A model that
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Table 1: PureByte and the closest systems or families. Each entry is what the cited sources state, vendor claims
included; “not stated”: the sources we use do not say. M, B: millions, billions of parameters. KD: knowledge

distillation.

System or family ~ Input unit Output Parameters Runs on Trained by Open
PureByte Al raw bytes decisions, labels, 2-54 M x86-64 and a person or an runtime,
Specialists (this scores, byte (networks arm64 CPUs agent (Vibe format,

paper) spans; no 2-4M; the rest (C++17 Training), from training stack

generation n-gram tables) runtime) scratch, minutes  (Apache-2.0);
to an hour on one example
GPU weights: use
only (PureByte
Model
License)

Generative SLMs:  subword generated text 135 M-14B phones, edge vendors: weights

Phi, Gemma, tokens devices pretraining on released

SmolLM, Qwen, (phi-3-mini, trillions of tokens, (Gemma,

Llama 3.2 [10-16] Llama 3.2) distillation SmolLM,

Qwen, Llama)

BitNet b1.58 2B4T, tokens generated text 2B, ternary x86 and ARM vendor; natively  weights,

bitnet.cpp [72, 74] CPUs; GPUs ternary, 4 T tokens inference code

Byte-level LMs: bytes (BLT:  generated bytes 353M-1.6B;up A100 GPU authors, from not stated

MambaByte, BLT  entropy to 8B (BLT) (MambaByte);  scratch (BLT: up

[44, 46] patches) not stated (BLT) to 4T bytes)

TinyML: TFLM, images, classes not stated; kB microcontrollers engineers; TFLM open

MCUNet (86, 88] audio (ImageNet, to MB of MCUNet by source;

wake words) memory architecture MCUNet code,
search models

Program-as- text; a spec  generated text 4B compiler;  alaptop a 4B compiler, training data;

Weights [124] in natural 0.6B (MacBook M3)  once per function rest not stated
language interpreter +

adapters

Agent-trained tokens generated text  135M, 0.5B on-device (KD); an LLM agent, not stated

SLMs: Pioneer or labels (KD); not stated not stated from a pretrained

Agent, agentic KD (Pioneer) (Pioneer) SLM

(125, 126]

Cactus Needle [141] tokens tool calls, fields, 29-121M; phones, vendor; fine-tuned Apache-2.0;
(byte-level ~ embeddings 8-29 MB file wearables, by the userora  telemetry on
output robots, cars, coding agent by default
grammar) MCUs (vendor)

Secret scanners: lines and files matched secrets; none (rules) CPU rules written by ~ MIT;

gitleaks, TruffleHog, of text live verification maintainers AGPL-3.0;

detect-secrets (TruffleHog) Apache-2.0

[145-147]

PII detectors: tokens typed spans; 0.3B CPU vendors, from MIT;

Presidio, redaction (GLiNER2-PII); (GLiNER2); pretrained Apache-2.0;

GLiNER2-PII, (Presidio) 1.5B total by its browser, laptop encoders or LMs;  GLiNER2-PII

Privacy Filter card (1.4B by  (Privacy Filter) Presidio adds released

[156, 159, 160] the PIIMB patterns

leaderboard),
50 M active
(Privacy Filter)
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reads bytes has one input interface for all of them and needs no tokenizer, whose vocabulary is learned
from a corpus and splits strings unlike that corpus (a credential, a base64 blob, a machine instruction)
into pieces that depend on the corpus, not on the job [41]; every position of its answer maps back to an
exact byte offset. By “any byte is trainable” we mean exactly this: any byte string is a valid input, for
training and at run time. It does not mean that every byte string carries a pattern a model can learn: the
content of a compressed or encrypted stream does not, until something decodes it.

The output side is structured the same way. PureByte’s model format declares heads, each of which
turns the hidden states of a window into one kind of answer (Section 4.7):

« choice: one of K classes (a decision, including “nothing here”);

« multilabel: a subset of K properties;

« score: a real number;

« ordinal: a grade in an ordered scale of K levels;

« tag: typed byte spans, decoded from BIOES labels with a constrained Viterbi search;

+ byte_map: one label per byte.

A seventh head, exit, is not an answer: it is a probe that can stop the reading of a window early on an
easy input (Section 4.7). A post-processing profile may then act on the spans, for example to write a
redacted copy of the input in which every tagged span is replaced by a placeholder.

Observation 3 (What the output types cover). Let g : B* — Y be the answer function of a job. If Y is
(a) a finite set, (b) the set of subsets of a finite set, (c) R (a score head is an affine map and does not enforce
a range), (d) a finite ordered set, (e) a set of non-overlapping typed byte ranges of the input with types from
a finite set, or (f) a sequence of labels from a set of 2 to 256 labels, one per input byte, then g has the output
type of one PureByte head, and a product of at most 64 such types has the type of a set of heads (the value
of a gated head may be absent). A transformation that copies the input and replaces the byte ranges of (e)
by fixed strings is the composition of a tag head and a redaction profile.

Each case matches one head’s declared output; a model file may declare several heads over one
body, whose outputs form the product. BIOES sequences over typed labels represent exactly the sets of
non-overlapping typed spans, and the constrained decoder emits only valid sequences; the redaction
profile copies every byte outside the tagged spans and writes the placeholder of each span’s type in its
place. The observation concerns the types of answers a model file can express, not which functions a
model can compute or learn. In the window context a head sees one window, and a document’s answer
is an aggregate of window answers (Section 4.8), so a job whose answer depends on bytes farther apart
than a window is outside the released configuration whatever its type; whether a small model can
learn g from the available data is an empirical question, answered job by job in Section 8. It also marks
the boundary of the approach. Free text (new bytes that are not a copy of the input) and unbounded
structures are outside it: an Al Specialist decides, scores, labels, locates and redacts; it does not write.

Training follows the same abstraction: a job is written as a task file that declares the output schema
(the labels and their types), and the training stack builds the corresponding heads and losses. Today
the training stack trains the span type (e) with a gating decision (a), which is what the three released
specialists answer; the other types are implemented in the runtime and in the reference implementation,
and no trained model of them exists yet (Section 6).

3.3 Why a specialist does not need general knowledge

For a fixed job, the best possible answer to an input x depends only on the conditional distribution
Py(y | x): under loss ¢, the Bayes decision is f*(x) = argming Ey.p,(.|x) £(3, y). Everything a model
knows that does not change P;(y | x) on the inputs the job meets is, for that decision, dead weight.
Formally, if a statistic T(x) is sufficient for y under P;, that is P;(y | x) = P;(y | T(x)), then a model
that computes T and maps it to the answer loses nothing.
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Sufficiency concerns the decision, not how it is learned. Knowledge that leaves P;(y | x) unchanged
can still reduce the labeled data needed to estimate it [171] and the damage done by a shift in the inputs
[172]; and a specialist is trained on data generated or borrowed to resemble Pj, not drawn from it.
Whether a small specialist trained from scratch reaches the quality a job needs is therefore an empirical
question, job by job.

For byte jobs, the sufficient statistics are often local. Whether a quoted string is a credential rather
than a placeholder depends on its characters, its length, the name of the variable or key it is assigned to,
the file type and a few lines of context; whether a token is a person’s surname depends on its shape, its
neighbors, the document’s form and a vocabulary of names, which the training data must supply. A
specialist has to carry only these features. The released examples test how far that goes (Section 8):

+ secrets-code, a network of 1.9 million parameters trained from scratch, finds three and a half
times as many labeled credential lines as gitleaks with its default rules, at a close precision on
labeled lines, on 164 of the 168 repositories of CredData’s test half (the other four overlap its
training corpus; on all 168 the ratio is 3.1). It learned partly from labeled lines of CredData’s
other half, whose credential values the benchmark randomizes in the same way: with the original
values restored, its F1 falls from 0.797 to 0.694 and its lead to 2.9 times, while gitleaks barely moves
(Section 8.2).

« pii, with 8.3 million parameters, 6.3 million of them in lookup tables, scores F2 0.769 on the
PII Masking Benchmark, 13th of 36 models, above OpenAl’s Privacy Filter (0.662; 1.4 billion
parameters, about 50 million active per token). It was trained on documents of the datasets behind
four of the benchmark’s six tasks (the filter’s model card names no training data), and it masks
with the benchmark’s broad policy, which the filter does not; on the two tasks from sources pii
did not learn from, the two are level (Section 8.3).

+ The best small encoders fine-tuned from general pretraining score higher on the same benchmark,
at a few times pii’s operations per byte (Table 2): a fine-tune of DeBERTa-v3-small [173, 174]
scores 0.816, and one of a 68-million-parameter Ettin encoder [175, 176] 0.778, each trained on
one of pii’s four sources; the 32-million-parameter Ettin fine-tune scores 0.755, below pii.

Our evidence therefore shows that general pretraining is not necessary to reach useful quality on these
jobs, not that it is useless: a network trained from scratch beats a mature rule set on recall, and the best
fine-tuned small encoders, which are specialists in our sense, stay ahead on the PII benchmark at several
times the cost per byte.

Thesis. Specialist tasks do not need generalist knowledge

When the answer to a job depends on local evidence in the bytes, and the training data cover the
forms the inputs take, a model sized for that evidence and trained from scratch on the job’s data can
reach the quality of the tools in use, with orders of magnitude fewer parameters than a generalist
and a fraction of the cost per byte of a pretrained encoder. Train with your data, not a generalist:
a generalist is not required. The thesis is refuted for a job if a specialist trained on adequate data
stays clearly below a pretrained model of similar cost.

The same argument names its exceptions. When the answer depends on facts outside the bytes
(who a company is, whether a person is famous, what a law says), no amount of byte patterns replaces
knowledge, and a generalist or a database is the right tool. And a specialist knows only the distribution
it was trained on: on the PII benchmark, most of pii’s gap to the twelve models above it lies in two
kinds of text that resemble nothing in its training data (protocol traces and European legal texts). We
attribute that gap to data coverage rather than to knowledge, but we have not tested it, for instance by
adding such texts to the training data and measuring again.
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Table 2: Order-of-magnitude cost per byte read. Specialists: their measured sizes (Section 4.10), with operations
estimated as 2|6yet| X 1.33 for the overlap of the windows. Transformers: 2|0| operations per token [33] at an
assumed four bytes per token, counting the parameters used per token (the backbone of the DeBERTa encoder,
the whole Ettin encoder as an upper bound, the active parameters of the Privacy Filter), with weights at 16
bits. The encoders are the two fine-tunes of Section 3.3; the dense generative model is illustrative, and its row
stops before it generates any answer. Weights: the size of the model files, or of the transformers’ weights at 16
bits; runtime 1.0.0 also expands each ternary weight to a byte in memory, so the specialists occupy 2.7, 6.3 and
32.3 MiB when loaded (Section 5.5). Estimates of work, not measurements of time or energy.

Model Parameters used per byte Operations per byte =~ Weights
secrets-code 1.93 x 10° ~5x10° 0.98 MiB
pii 1.93 x 10° + 3 table rows ~5x%x10°  4.5MiB
secrets-bin 3.79 x 10° + 3 table rows ~1x107 28.8MiB
DeBERTa-v3-small fine-tune 4.4 x 107 ~2.2x 10" 270 MiB
Ettin encoder fine-tune, 68 M < 6.8 %107 <3.4x107 131 MiB
Privacy Filter 5 x 107 active of 1.4 x 10° ~ 2.5 x 107 2.6 GiB
Dense generative model, 8 B 8 x 10° ~4x%x10° 14.9GiB

3.4 Making Al more efficient: the cost of an answer

The work a model does per byte is roughly proportional to the number of parameters it touches per
byte. A dense transformer performs about 2|6| floating-point operations per token it reads [33], once for
an encoder that labels tokens, and once per token read and again per token generated for a generative
model; a token of English prose is about four bytes. A specialist with a network of |0p;| parameters
reads each byte once per window; with the examples’ windows of 512 bytes every 384, each byte is read
512/384 ~ 1.33 times, at about 2|6,| operations per byte. Its n-gram tables add three row reads per
byte, whatever their size. Its large projections are ternary, which shrinks the file to 2.25 bits per weight
(Section 4.5); runtime 1.0.0 still multiplies every weight as a float (Section 5.3), because an integer or
additions-only kernel would change the bits that the numerics contract fixes (Section 5.2), so the ternary
weights save bytes on disk, not operations; such a kernel, with its own contract, is future work.

Table 2 and Figure 2 put the orders of magnitude side by side. Against a small generative model, a
specialist does 400 to 800 times fewer operations per byte and has 500 to 16,000 times fewer bytes of
weights on disk, before the generative model has produced a single token of its answer. Against the
small pretrained encoders that compete with pii on the PII benchmark, the margin is 4 to 7 times in
operations and 30 to 60 times in bytes of weights, and against the Privacy Filter 5 times in operations.
Against rules the comparison goes the other way: on our machine gitleaks reads bytes roughly 80 times
faster than secrets-code (a busy-machine timing, so approximate); the specialist spends that extra
work on the credentials that have no fixed form.

Time and energy follow operations and memory traffic only on the same hardware. We did not
measure energy, and the comparison with a generative model crosses hardware: the specialist runs
on a desktop CPU, a generative model on a data-center GPU, whose efficiency per operation is one to
two orders of magnitude higher, and estimates from operations misjudge real energy [177]. A rough
bound, under stated assumptions: at the measured 131 kB/s of secrets-code on the whole desktop and
the processor’s rated package power of 105 to 142 W, the specialist spends about 1 m]J per byte; the
illustrative 8-billion-parameter model on an NVIDIA H100 (about 990 dense BF16 teraFLOPS and up
to 700 W [178]) running at 10 to 40 % of that peak spends about 7 to 28 mJ per byte. By that estimate
the energy per byte differs by 7 to 28 times, one order of magnitude rather than the two to three of the
operations. The larger saving is elsewhere: the specialist needs no accelerator at all, so it can run where
the data already are.
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(a) Operations per byte read (b) Bytes of weights

secrets-code l:l ~5x10° I:l 0.98 MiB
pii [ |=5x10° [ JaswmiB
secrets-bin l:l ~ 10 I:l 28.8 MiB
DeBERTa-v3-small fine-tune :l ~2.2 % 10" :l 270 MiB
Ettin encoder fine-tune, 68 M :l <34 %107 :l 131 MiB

Privacy Filter (active parameters) :l ~ 2.5 x 107 | |2.6 GiB
dense genergtive mo'del, | | ~4x10° | | 14.9 GiB (8 B x 2 bytes)
8 B parameters (illustrative)
10° 107 10® 10° 10*° 10° 10° 107 10® 10° 10 10"
operations (log scale) bytes (log scale)

Figure 2: Table 2 on logarithmic axes. (a) Operations per byte read by the three released specialists, by two
small pretrained encoders fine-tuned for personal data, by the Privacy Filter (its active parameters) and by an
illustrative dense generative model of 8 B parameters before it generates any answer. (b) Bytes of weights, at 16
bits for the transformers. Estimates of work under the assumptions of the table, not measurements of time or
energy.

Thesis. Making AI more efficient

Most automated decisions over data do not need a model that can talk. Answering them with a
model the size of the job makes each decision with hundreds of times fewer operations and bytes of
weights than a small generative model, and 4 to 7 times fewer operations and tens of times fewer
bytes than a small pretrained encoder; it runs on the processor already in the machine, keeps the
data there, and gives the same bits every time on a platform. Against rules it costs more work
per byte and buys recall where the form is not fixed. The saving is multiplied by the number of
decisions.

Limits of the claim

Table 2 estimates operations; the measured quantities of this paper are latencies, throughput and
memory on one desktop CPU (Section 5), and we did not measure energy. The comparison with
generative models is about cost, not quality: we did not evaluate generative models on the examples’
benchmarks. The encoder and Privacy Filter rows use published parameter counts and an assumed
four bytes per token, not measurements of those models.

4 The architecture

An Al Specialist is a function from a byte string to a small set of declared answers. This section defines
that function: the input modules that turn bytes into vectors, the state-space block that processes them,
its ternary weights, the optional attention block, the heads that produce decisions, scores, labels and
byte spans, the policy that runs a model over inputs of any length, and the file that declares all of it. The
normative definition is the model-format specification that ships with the runtime (spec/FORMAT.md,
format version 3), which fixes the order of every floating-point operation; the equations below follow
it, and a NumPy reference implementation of about 1,000 lines computes the same forward pass [179],
within the tolerances of its tests rather than bit for bit, because it evaluates the C library functions in
binary64 and rounds once. Section 5 describes the runtime that executes it and Section 6 how the weights
are trained. The three specialists released with runtime 1.0.0, secrets-code, pii and secrets-bin, are
the running example (Table 3).
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Figure 3: The architecture of an Al Specialist. Green: the blocks, whose large projections are ternary. Dashed: op-
tional parts. Teal: heads and decoding. The released pii and secrets-bin use the n-gram memory; secrets-code
does not. Every part is declared in the model file (Section 4.9).

Notation. A window is a byte string by, ..., br_; with b; € {0, ..., 255}. The model width is d and the
number of blocks ny. The residual stream is X € RT*4 with rows X;; after the final normalization the
hidden states are X € R7*4, with rows X;. For a vector v, v[a, b) denotes its elements a to b — 1. Values
are IEEE 754 binary32 (“float”) unless marked binary64 (“double”) [180]. Sizes of files are given in bytes
or in MiB (2%° bytes); MB and kB denote 10° and 10° bytes. Every matrix-vector product of the blocks
and of the n-gram module, y, = (W,, x), is the canonical dot product of Equation (22); the heads use a
sequential sum, s «— f, then s < s + w;x; for ascending i, each product rounded before its sum.

4.1 Overview

Figure 3 shows the pipeline. Each byte selects a row of a 256 X d embedding, to which a model may
add the output of a hashed n-gram memory, large lookup tables indexed by the bytes that end at each
position. A stack of ny blocks, each of a type from a registry (ssm_v2, a Mamba-2-style selective state-
space block, or attention), transforms the residual stream. A final RMSNorm, optionally followed by a
small anticausal convolution (the lookahead), gives the hidden states X, which heads of types from a
second registry turn into window-level decisions, labels, scores and levels, and byte-level spans and
byte maps, the spans decoded by a Viterbi pass restricted to consistent label sequences. Inputs longer
than a window are cut into windows of a declared size and stride, or read as one stream with carried
state (Section 4.8); a post-processing profile, declared by the file or chosen by the caller, combines the
windows into document-level results (Section 5.1).

Four properties follow. Bytes in: the alphabet is the 256 byte values, with no tokenizer, vocabulary,
special symbol or input normalization, so a model reads any encoding, code, logs or machine code as
stored and reports byte offsets. Linear cost: the released models use only causal ssm_v2 blocks, whose
work per byte does not depend on the window length (Proposition 4). Closed outputs: heads return only
probabilities over declared classes, real scores, levels, labels from a declared set or byte ranges of the
input, never generated text (Proposition 5). A specialist is a file: sizes, types, labels, operating points and
the window policy are declared in one GGUF file (Section 4.9); the forward pass and the heads contain
no task-specific code (merging rules, masking and redaction live in named profiles), so a model that
finds credentials and one that labels file regions differ only in their files.
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Table 3: The declared configuration of the three released specialists. Minimum: the shortest window evaluated
(24 is the format’s default; pii declares 1). Profile: the post-processing each model is paired with in the model
catalog.

secrets-code pii secrets-bin
Blocks np, (all ssm_v2, causal) 4 4 8
Width d; block H, P, N, G, K; ternary group size 256; 8, 64, 64, 2, 4; 128
n-gram memory (orders 2—4, 64 columns, 4-bit) none 215 rows per order  2'® rows per order
Window size / stride / minimum (bytes) 512/384/24 512/384/1 512/384/24
Head 0: tag, one entity type (k = 1) secret PII secret
Head 1: choice, 2 classes, gates head 0 max pooling, MLP 256 — 128 — 2
Stored operating bias of head 0 0.0 —-0.5 0.0
Profile (catalog) secrets-code redact secrets-binary
File size (bytes) 1,028,704 4,764,864 30,163,488

4.2 Bytes and the byte embedding

The embedding is a float tensor E (embed.weight) of shape [256, d] whose row b is the vector of byte
value b. The forward pass starts with a row copy,

Xt:E[bt], t:0,...,T_1, (1)

with no scaling and no positional term: ssm_v2 models have no position encoding, and order enters
through the causal convolution and the scan of each block and, when present, the n-gram memory; the
attention block uses rotary position embeddings. With d = 256 the embedding holds 65,536 parameters,
stored as 262,144 bytes, about a quarter of the secrets-code file (Section 4.10). The alphabet is fixed, so
the embedding does not grow with the task and no input is out of vocabulary.

4.3 The hashed n-gram memory

A model may add knowledge about short byte patterns through hashed tables of n-grams [46, 82, 181, 182],
looked up with the bytes that end at each position and projected into the residual stream. The memory
is present when the file contains tables; its orders are the orders of the tables present, each between 1
and 64.

Hashing. For the order n; (orders indexed by i = 0, 1,... in ascending order) and the hash head h
(purebyte.ngram.heads, 1 to 64, default 1), the n-gram that ends at position t selects row r; ,(t) of a
table with n, rows (buckets) through a polynomial hash modulo the Mersenne prime p = 23! — 1:

v « (1000 + 7 + 7919 h) mod p, v (2570 +¢,—j+1)modp forj=n;-1,...,0, @

rin(t) = v mod n,,

where ¢, = b; when position 7 is readable and c; = 0 otherwise, evaluated in 64-bit unsigned integers.
An unreadable position therefore hashes like a zero byte, so an n-gram at the start of a window hashes
like one that follows zero bytes, which are common in binaries. In a window, positions before its first
byte are not readable, even when the input has bytes there, so a window is computed from its own
bytes; in the stream context (Section 4.8) earlier bytes of the stream are readable. The selected rows
are concatenated, order-major and then head, into ¢; € RY, where w is the number of orders times
the number of heads times the width n. of one table; the format admits at most 22 rows per table and
65,536 concatenated columns.
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4-bit rows. A table is stored as floats or, when purebyte.ngram.bits is 4, with 4 bits per value and
one float scale per row. A 4-bit row holds n./2 bytes; byte j carries column 2j in its low nibble and
column 2j + 1 in its high nibble, each a two’s-complement integer g € {-38,...,7}, and a column’s value
is

Mlr, jl =or-qr; (one float product). (3)

The exporter of the training stack quantizes each row symmetrically, o, = max; |M|[r, j]|/7 and g =
clip(rint(M/o,), —7,7) (a row of zeros gets o, = 1), so the released files use the codes —7 to 7. The
runtime reads the tables in place from the file and decodes a row when it is looked up; a lookup reads
one row per order and head, whatever the number of rows.

Projection, gate and injection. The concatenated rows are projected to the model width by a float
matrix W, (ngram.proj.weight, [d, w]), e; = W, ¢;, and added to the residual stream before block £,
(purebyte.ngram.layer; the default 0 means right after the embedding):

Xt <_Xt + e;. (4)

With the optional context gate (purebyte.ngram.gate), the vector is first scaled by a scalar that compares
it with the stream,

(Xi p(X2), er p(er))
Vd

where p is the inverse RMS of Equation (14) and S, the scalar ngram.gate_bias. Hash heads, a context
gate of this form and a choice of injection layer are the design of Engram [81], here over bytes and
without its key and value projections.

a; = sigmoid( + ﬁg), X — X+ are, 5)

Released configuration. pii and secrets-bin use orders 2, 3 and 4, one hash head, n. = 64 columns
per table and 4-bit storage, with n, = 21> rows per table in pii and n, = 2!% in secrets-bin; w = 192, W,
is 256 X 192, and the vector is added right after the embedding without a gate (the presets of their recipes
set neither the gate nor another injection layer). Per position the memory costs three hash evaluations
(nine multiply-and-modulo steps), three row reads of 32 bytes plus a scale, and 49,152 multiply-adds
for the projection, under 10 % of one block (Proposition 4), whatever n,. The tables hold 6,291,456 of
the parameters of pii and 50,331,648 of those of secrets-bin (Section 4.10); they are trained jointly
with the rest of the model from a random initialization (Section 6). A quarter of the table entries of
secrets-bin can never be read: for the order index i = 0 and the single hash head h = 0, Equation (2)
gives v = 462,601 + 257 ¢;_1 + ¢;, always below p, so the 65,536 bigrams reach 65,536 distinct rows of
the 262,144 of the order-2 table, and the format requires every order’s table to have the same number of
rows. The other 196,608 rows of that table, 12,582,912 parameters, are stored but receive no gradient in
training and are never looked up (Section 4.10); the order-2 table of pii, with 21 rows, is fully used.
Section 4.11 gives the measurements behind the memory and its 4-bit storage.

4.4 The ssm_v2 block

The main block is a pre-norm residual block in the style of Mamba-2 [54, 55]: a selective state-space
model whose step size and input and output projections of the state depend on the input, with a short
depthwise causal convolution before the scan and a gated, grouped RMS normalization [183] after it. Its
hyperparameters are read from purebyte.block.<i>.<key> when present, else from the model-wide
purebyte.<key>: the number of heads H, the head width P, the state size N, the number of groups G of
the state’s input and output projections (H mod G = 0), the convolution width K (0 to 64; 0 for none)
and the direction (causal, bimamba or hydra). They define the inner width d; = HP, the ¢,, = d; + 2GN
convolved channels and the p, = 2d; + 2GN rows of the input projection; in the released models
d; =512 =2d, ¢\, = 768 and p, = 1,280. Table 4 lists the tensors of a block.
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Table 4: The tensors of an ssm_v2 block (blocks.<i>.*) and their sizes in the released models. The two
projections are ternary (Section 4.5); everything else is float.

Tensor Shape Released shape Parameters
norm.weight (wy) [d] [256] 256
in_proj.weight (W, ternary) [po,d] [1280, 256] 327,680
dt_proj.weight (Wy) [H,d] [8,256] 2,048
dt_bias, A_log, D [H] each [8] each 24
convld.weight, convld.bias [ew, LK], [cw] [768,1,4], [768] 3,840
gated_norm.weight (wgn) [di] [512] 512
out_proj.weight (Woy, ternary) [d, d;] [256,512] 131,072
Block, of which 458,752 ternary 465,432

Computation. Over a window of T positions the block computes, each step for every position before
the next (Figure 4):

Xy = norm(Xy, wy), (6)

pr = Win % € RP, z; = p: [0, dy), & =peldi, di + o), (7)

Ay = softplus (bap + (Wap %¢)), arp = exp(ap App), ap = — exp(Aiogh)s (8)
K-1

e =SILU (fe+ ) KekErcrnke)  €=0, w1, (9)
k=0

st(c) =amp st(f)l + (App xtc) Beg, Yre = (st(c), Ct,g> + Dy Xt 0, c=0,...,di -1, (10)
Yte = Yre - SILU(2¢c), (11)
U, j=0...,6-1, (12)
Xt — X¢ + Wout Ur, (13)

9 = norm (37,

where every normalization is the RMSNorm of the numerics contract,

n—1
= f1(1/sqrtf (f(fl f1(107°))) ), = » x? (binary64, ding i),
p(x) ( /sqrtf (f1(fl(g/n) + f1( )))) q ;x (binary64, ascending i) 14

norm(x, w); = (x; p(x)) wi,

where fl rounds to float: g/n is computed in binary64 and rounded, 107> is the nearest float, and the
sum, the correctly rounded sqrtf and the reciprocal are float operations; the last product has two float
roundings. The ternary projection gives the gate z; and the convolution input &;; the step size comes
from its own float matrix W applied to the normalized input, with softplus(v) = v for v > 20 and
log(1+ e”) otherwise (the C library’s log1pf and expf), and aj is computed once, at load. The depthwise
causal convolution runs over the c,, channels of ¢ (not over z), accumulated with fused multiply-adds for
ascending k from the bias f.; taps before the first readable row (in a window, row 0) are skipped. The SiLU
of the blocks, x/(1 + exp(—x)), uses the polynomial exponential of the numerics contract (Section 5.2).
The convolution output splits into x; = u,[0, d;) and, for each group g, B,y = u;[d; + gN, d; + (9 + 1)N)
and Cty = u;[di+GN +gN, d;+ GN +(g+1)N). In the scan, channel ¢ belongs to head h = [¢/P|, which
reads group g = |h/(H/G)], and its state s € RN starts at zero at the beginning of each window;
stacking the P channels of a head gives the matrix form of Mamba-2, S; 5, = @1 S;— 1 + Arp Xth @ Bryg
and y; p = S;pCrg + DpXsp, With S, € RP*N and one scalar decay rate ap, per head. Algorithm 1 gives
its order of operations. The output is gated by SiLU(z), normalized separately in each of the G groups
of d;/G consecutive channels, and projected back by the ternary Wy, into the stream.
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Figure 4: Dataflow of one ssm_v2 block at position t, with the equation of each step. Green: ternary projections.
Teal: the selective scan, the only step that carries state from one position to the next. In the released models
d =256,d; =512, p, = 1,280, ¢,, =768, H=8,P =N =64,G =2 and K = 4.

Algorithm 1 The scan of one channel ¢ of head h (group g) over a window, in the order the runtime
executes it. Ny = N — (N mod 8); fma is the correctly rounded fused multiply-add (Section 5.2); every
other operation is one rounded float operation.

1: s[0.N—-1] <0 > fresh state at the start of a window
2: fort=0,...,T—-1do

3: 6 —App-xte; £[0.7] <0

4 forn=0,...,Ng—1do

5: s[n] « fma(é, Big[n], asp - s[n]) > the product a s rounded first
6 £[n mod 8] « fma(s[n], C;4[n], £[n mod 8])

06— ((bo+ty)+ (& + )+ ((&+6)+ (6 +8))

8: forn=N;,...,N—1do > each product rounded before its sum
9: s[n] < ayp - s[n] + 8- Brg[n]; o0« o0+s[n]-Cpy[n]
10: Yre < 0+ Dp - X ¢ > a separate product and sum, never fused

State and directions. The only values a causal block carries from one position to the next are the
HPN values of the scan state and the last K — 1 rows of &: 35,072 floats (32,768 + 3 X 768), 140,288
bytes, for the released block. This is all a causal block needs to continue a sequence, and what the
stream context carries (Section 4.8). The directions bimamba and hydra are weight-tied variants of the
bidirectional blocks of Vision Mamba [184] and Hydra [185]: the reversed pass reuses the forward pass’s
convolution, B, C and A, whereas Vision Mamba gives the backward direction its own convolution,
projections, A and D, and Hydra its own B, C and A; the format has no tensors for a separate backward
direction. Both convolve and scan the reversed sequence, giving y°, whose row r belongs to position
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T — 1 — r; bimamba adds it to the forward result, y; = yf + y'}_l_t, both with the D term, and hydra adds
shifted scans computed without D and then D once, y;, = (yf_l) ot ygi_z_ 1) + Dpxy, out-of-range
terms being 0. All released blocks are causal (Section 4.11).

The scan in training. The runtime and the NumPy reference compute Equation (10) position by
position. Training computes the same function in the chunked form of the state-space duality of Mamba-
2 [55]: within chunks of Q = 64 positions a masked matrix product whose accumulated decay exponents
are clamped at —30, and across chunks a recurrence over chunk states; padding positions get A = 0, an
identity step. The two forms agree up to the clamp (e7** ~ 1071%) and rounding, not bit for bit; each
export is checked by running the file in the runtime and requiring the same spans as the trained model
on test windows (Section 6). At initialization |a| and Ay, are log-spaced over [1,16] and [1073,1071]
and paired in ascending order, so the initial half-lives In 2/(|ay|Ap) of the eight heads of a released block
span 0.43 to 693 bytes. This departs from Mamba-2, which draws |ay,| uniformly from [1, 16] and Ay,
log-uniformly, independently: with eight heads, such a draw gave a longest initial half-life of 38 bytes,
every head local. We did not compare the two initializations on a task.

Proposition 4 (Work per byte). In a window of T positions, a causal ssm_v2 block performs, per position,
m=dp,+d;d+2d;N+c,,K+Hd (15)

multiply-adds in its two projections, its scan, its convolution and its step sizes, independently of T, plus
d;N multiplications of the decay in the scan and O(p,) other operations. For the released block m =
327,680 + 131,072 + 65,536 + 3,072 + 2,048 = 529,408: about 271 M multiply-adds per block for a window of
512 bytes, and 2.12 M per window position for four blocks (2.82 M per input byte with the released windows
of 512 bytes every 384).

Proof. Equations (6) to (8) and (11) to (13) read only position ¢t and Equation (9) reads K rows. Counting
one multiply-add per entry of Wi,, Wyut, Wa and k, and two per state value and position in the scan
(the update’s fused multiply-add and the read-out), gives m; the update’s product as is the separate
multiplication counted apart (Algorithm 1). No term involves T. O

The count includes the zeros of the ternary matrices, which the runtime multiplies (Section 5.3). An
attention block performs O(t d) multiply-adds at position ¢, so its work per window grows with T?.

4.5 Ternary weights

The two large projections of every ssm_v2 block, Wi, and Wy, are ternary: each weight is —1, 0 or +1
times a float scale shared by a group of g consecutive inputs of a row (purebyte.tern.group; g = 128
in the released models). They hold 458,752 of the 465,432 parameters of a released block (98.6 %); the
projections of an attention block may also be ternary. Everything else is float: the embedding, Wj, the
convolution, the normalizations, a, ba, D, the n-gram projection and the heads (the n-gram tables have
their own 4-bit format).

Storage (pb_tern2). A ternary projection of shape [out, in], where in is a multiple of g, is stored as
two tensors: <name>.packed, bytes of shape [out, [in/4]], and <name>. scales, floats of shape [out, in/g].
Code j of row o occupies bits 2(j mod 4) and 2(j mod 4) + 1 of byte | j/4] of the row: 00 is 0, 01 is +1,
10 is —1; 11 is invalid and the padding codes of a row must be 09, and a file that breaks either rule is
refused. The weight is

Wo,j =dqo,j* So,lj/gl 9o,j (S {—1,0, +1}, (16)

a product that is exact in binary32. With one 32-bit scale per group, a weight takes 2 + 32/g bits: 2.25
for g = 128. The runtime unpacks the codes once, at load, to one signed byte per weight, and its kernels
expand a few rows at a time to floats (exact) before the canonical dot product (Section 5.3). There is no
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integer arithmetic and no quantization of activations: every activation of a specialist is a float. What
the ternary constraint buys in this release is size: the file of secrets-code is 7.6 times smaller than in
float32 (Section 4.10), and its weights in memory, the file plus one byte per ternary weight, about 2.7
times smaller (Section 5.5). It does not reduce the operations of Proposition 4: the kernels multiply every
weight, zeros included. Kernels that exploit ternary weights, as bitnet.cpp does [74], are future work.

Training, at a high level. The ternary constraint is present from the first training step. Each ternary
matrix keeps a float latent weight, and the forward pass uses

So,j = Max (10_8, 1 Z |W0,i|), Tern(W)o,; = So,j - clamp (round(W,;/so,;), -1, 1), (17)
9 i€G;

where G; is the j-th group of g inputs of row 0: an absmean scale as in BitNet b1.58 [71], applied per
group. A weight becomes 0 when |W, ;| < s,,j/2, which zeroes about 31 % of Gaussian weights. The scale
is recomputed at every step and receives no gradient; the backward pass is the identity straight-through
estimator [69]. There is no float warm-up and no conversion after training: the exported codes and
scales are those of Equation (17), so the runtime’s weights are, value for value, the ternary weights of
the trained model’s forward pass (Section 6).

4.6 The optional attention block

The block registry also holds attention, causal softmax self-attention [186] with rotary position embed-
dings [187]. With head width h; (purebyte.block.<i>.head_dim, even, default 64) and d/h; heads, the
block normalizes the stream, projects it with W, ([3d, d]: rows for g, then k, then v), rotates each head
of g and k in rotate-half pairs (j, j + hy/2) by the angle t f;, with f; = exp(j - fl(~1n10,000/(hq/2))),
and computes per head

1 t

Vha'

with sequential sums in ascending order. It needs the whole window, so a model with an attention block
cannot use the stream context. No released model has one (Section 4.11).

Wi

€ = (ki, Ch) : Z—W
i=0 i<t Wi’

w; = exp (ei — max ei/), Y = Vi, X — Xi + Woys, (18)
i'<t

4.7 Heads, gating and decoding

A model declares up to 64 heads (purebyte.head.count), numbered from 0, each of a type from the
head registry, with optional names for its classes, labels or entity types. The seven types are choice,
multilabel, score and ordinal, which answer once per window, tag and byte_map, which label every
byte, and exit, a probe that answers nothing; Figure 5 shows how they read the hidden states.

Window-level heads. choice, multilabel, score and ordinal pool the T rows of X into one vector
v (purebyte.head.<i>.pooling): last takes X7_;, mean accumulates Xt’j/T for ascending ¢, max takes
max; X, ; with the C function fmax from —10%’, and last_mean (the default) and max_mean concatenate
two of them. The first three then apply a two-layer perceptron whose widths come from its tensors,

out =W, SlLU(le + bl) + b, (19)

with sequential sums and the C library’s expf. A choice head returns p = softmax(out/r) (temperature
7 > 0, default 1; the maximum subtracted first) and the first index of the largest probability; class 0 is
the negative class, the head is positive when its label is not 0, and the window’s pyositive is 1 — po. A
multilabel head returns py = sigmoid(outy/7), label k being on when pj reaches its threshold (default
0.5), and is positive when a label is on. A score head returns outy, - scaley + offset;.. An ordinal head, in
the style of CORAL [188], computes z = (w, v) without a perceptron and returns pi = sigmoid(z + by)
for k < L — 1, with the thresholds sorted in decreasing order at load, and the level #{k : px > 0.5}; it is
positive when the level is above 0.
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— Pooling over

MLP choice: softmax one value
the T rows: . . . . .
v | Wy SILU(Wjo + by) multilabel: sigmoids per window,
last, mean, .
max. last_mean + by score: scale, offset combined over
’ - ’ (ordinal: w'o) ordinal: level a document
max_mean ;
Final R '
hidden ! gated_by: runs only where
states : the gating head is positive
X : tag: 1 + 4k logits,
Txd : log-softmax, Viterbi over
= . i typed
Per-position Y valid BIOE§ seql'lences, ype SpfinS
. | operating bias [a, b) with
—> linear map | gate N
G=WX +p| - confidence;
t” T byte labels
byte_map:

argmax per byte

Figure 5: Window-level heads pool the T hidden states and answer once per window; byte-level heads read
every position. A head with gated_by runs only in windows where its gating head is positive. In the released
models head 1 (choice, max pooling, MLP 256 — 128 — 2) gates head 0 (tag, k = 1). The optional exit probe,
which reads the residual stream after ¢ blocks, is not drawn; no released model has one.

The tag head. A tag head labels every byte with the BIOES scheme for k entity types [189]: label 0
is O (outside), and entity e has B = 1 + 4e (begin), I = 2 + 4e (inside), E = 3 + 4e (end) and S = 4 + 4e
(single byte), L = 1 + 4k labels in all. A linear map with a sequential sum gives a;; = fi; + >,; W;; X ; and
a log-softmax gives A;; = a;; — (pr + log D}y et 7H¢) with y; = max; ;. The labels are decoded, as in
OpenAT’s Privacy Filter [160], by a Viterbi pass [190] in binary64 over the consistent sequences only,

T-1

i = arg max Z ()Lt,y[ + Ye(y) LUt # O]), (20)
ye¥r 1o

where Yr holds the sequences that start with O, B or S, end with O, E or S, and in which O, E, and S,
are followed only by O, B, or S,, and By and L, only by I, or E of the same entity; among equal scores
the lowest label index wins, for predecessors and for the final label. y, is the operating bias of entity
type e, added to its four labels and never to O, once per byte: a positive bias yields more and longer
spans (recall), a negative one fewer and shorter (precision). It is the caller’s per-type vector, else the
caller’s single value, else the file’s operating_bias_vec, else its operating_bias; the released files store
0.0, —0.5 and 0.0. Walking g, B opens a span, E of the same entity closes it (inclusive), S is a one-byte
span and O discards an open span. A span’s confidence is the mean over its bytes of exp(4; y,), without
the bias, in binary64 rounded to float; it ranks spans and is not calibrated.

byte_map and exit. A byte_map head labels every byte with the first index of the largest of C logits
(2 < C < 256); over a document, a byte takes the label of the earliest window that covers it, the one with
the most left context. An exit head is an early-exit probe after the first ¢ blocks: with v; = X; p(X;) it
forms f; = max, v, j and fg4; = 2., vs,j/T (in binary64) and a score f + 3 ; w; f; in binary64. When the
caller enables early exit, an approximation that is off by default, a window whose score is below the
declared threshold stops after those ¢ blocks and counts as negative.

Gating and documents. A head with gated_by = u runs only in windows where head u is positive; u
must be an ungated choice, multilabel or ordinal head other than the head itself. Ungated heads run
first, in index order, then the gated ones. Gating is part of the declared model, not an approximation: it
decides which heads run, not what they compute, and it saves only the gated heads’ work, since the
body runs in every window; a caller may run gated heads regardless (PB_SCAN_UNGATED). In the released
models the tag head is gated by the choice head, so spans are produced only in windows that the choice
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head classifies as positive; the tag head is trained on every window and used only where the gate is
positive. The gate’s max pooling suits the question it answers, whether anything in the window is a
span (Section 4.11). Over a document, the declared aggregate of a window-level head combines the
windows in which it was computed: max (the default of choice, multilabel and ordinal) keeps the
highest value, 1 — p, for choice; mean (the default of score) averages in binary64; choice also accepts
vote and any, multilabel any, and score min; ties go to the earliest window or the lowest index. The
spans of tag heads are collected in input coordinates and combined by the profile (Section 5.1).

Proposition 5 (Closed outputs). For any input of n bytes and any model file the runtime accepts, as long
as no value overflows and the decoder’s path scores stay between —10%° and 10%° before its penalties, every
value a head reports for a window is one of the following: a vector of probabilities over the classes, labels or
levels the head declares, possibly with an index into them; a vector of real scores of the declared length; a set
of byte ranges [a, b) with 0 < a < b < n, each with an entity type declared by the head and a confidence in
[0, 1]; one label per byte from a declared set of at most 256 classes. An exit head reports nothing.

Proof. By the definitions above. The runtime’s reader refuses a float tensor that holds a NaN or an
infinity, so the weights are finite. Softmax and sigmoid outputs are probabilities, and score outputs
are affine maps of the perceptron’s output. The decoder marks a forbidden transition with a penalty
of —10%°, so under the second condition every path that contains one scores below every consistent
path; decoded tag labels therefore form consistent sequences over the window, whose spans lie between
positions of the window and are shifted by the window’s offset into input coordinates (spans that end
inside a query prefix are dropped, and those that start inside it are cut); a confidence is a mean of values

exp(4) with A < 0. byte_map labels are indices of logits. Class and entity names are strings stored in the
file. ]

The profiles transform these values (the redact profile, for example, replaces each resolved span by
a typed marker and checks that every other byte is copied unchanged), but the network cannot produce
a value of another form.

4.8 Windows, lookahead and the stream context

Windows. Inthe window context (the default), an input of n bytes is cut into windows of window.size
bytes (keys purebyte.window. *; default 512) starting at 0, s, 2s, . . ., where the stride s is window.stride
(1 to the size; default the size minus a quarter of it, 384). Each window has min(size, n — start) bytes,
and the walk stops after the first window that reaches the end of the input (Figure 6). When the next
window would be shorter than window.min (default 24), it is not evaluated and one last window of
window.size bytes aligned to the end of the input is evaluated instead, so that every byte is in some
window; the released models’ size and stride never need it. An input shorter than window.min has no
window (redaction evaluates it all the same). Each window is an independent forward pass: nothing
is carried between windows and the n-gram hashes read nothing before a window’s first byte, so a
window’s result depends only on its bytes, and windows can run in any order, in parallel. Callers may
override the size and the stride, and then results differ from the declared behavior, or run an input as
one window of up to 1 GiB (PB_SCAN_WHOLE).

For the released policy an input of n > 512 bytes gives [(n—512)/384] + 1 windows (2,731 for 1 MiB);
consecutive windows overlap by 128 bytes, so a long input is read about 4/3 times, and every byte at
position p lies in at least one window in which at least min(p, 128) bytes precede it. For each window
the runtime reports every head’s outputs, the label and ppositive of the first choice head, whether the
window was gated, stopped by the exit head or skipped by an optional prefilter, and on request a 64-bit
FNV-1a digest of its final hidden states and head values, which fingerprints its numerics. No window
owns a part of the input: overlapping windows can report the same span, and the profiles merge spans
in input coordinates.
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Window context (the released models): 512 bytes every 384 bytes, each window from a fresh state
stride 384 stride 384

| input of n = 1,200 bytes |

| window 0: [0, 512) window 2: [768,1200) |

| window 1: [384, 896) |

overlap 128 overlap 128

Stream context (purebyte.context = stream): consecutive chunks, state carried

| chunk 0: [0,512) | chunk 1: [512, 1024) | chunk2 |
7 <~

scan state and last K — 1 rows of & state

Figure 6: Top: the window context of the released models on an input of 1,200 bytes; consecutive windows
overlap by 512 — 384 = 128 bytes and the last window has 432 bytes. Bottom: the stream context, in which the
input is one sequence and each block’s state is carried from chunk to chunk.

Query template and lookahead. A model may declare a query region (purebyte.query.*): each
window then starts with up to query.max questions, each written as a prefix, the question and a suffix,
padded to the region and followed by size — region document bytes, and spans and byte labels are
reported for document bytes only; this extracts a value named at run time. A model may also declare a
lookahead, a tensor w (look.conv_w, [d, kj,], 1 < ki, < 1024) that gives every head the ki, bytes to the
right of each position,

ki
X/ o =Xpc+ Z We,j-1 Xtje (X¢+j = 0 past the window’s end), (21)
=1

accumulated for ascending j with each product rounded before its sum. The released models use neither.

Stream context. With purebyte.context =stream, each input is one sequence. The runtime runs
it in consecutive chunks of window.size bytes and carries each block’s state (Section 4.4) from chunk
to chunk, so that the hidden states are exactly those of one forward pass over the whole input; the
n-gram hashes read the bytes before a chunk. The heads run on every chunk, reported as a window:
window-level heads pool over the chunk, and spans never cross a chunk boundary. A stream model may
not have attention blocks, non-causal ssm_v2 blocks, a lookahead, a query template or an exit head, and
a caller cannot ask for a stride, a prefilter or early exit. The carried state does not grow with the input:
140,288 bytes per block of the released shape. The released models are trained on windows and declare
the window context; a research model of the code task, run as a stream without retraining, flagged
thousands of new positions (Section 4.11). Models trained for the stream context are future work.

4.9 The model file

Container. A model is one GGUF file, version 3 [191], little-endian: the magic number 0x46554747,
the version, the counts of tensors and of metadata entries (each at most 2%°), typed key-value meta-
data, the tensor descriptions (name, rank up to 4, dimensions, type, offset), padding to the alignment
(general.alignment, a power of two from 8 to 65,536, default 32) and the tensor data. Two tensor types
are used: F32 for every number and I8 for packed data (ternary codes and 4-bit tables), read as raw bytes.
Shapes are written row-major, while GGUF stores dimensions fastest first. A key or tensor name may
not appear twice, every tensor must lie inside the file and no two tensors may share a byte; the reader
treats the file as untrusted and checks every length, count, offset and dimension before using it.
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Table 5: The metadata keys of a model file, with the prefix purebyte. unless written in full. The values of the
released files are in Table 3; they leave ngram.layer and ngram.gate at their defaults (0, no gate) and declare no
query template and no lookahead.

Part Keys

Model general.architecture (purebyte), format_version, required_features, d_model,
n_layers, context, profile; informative: general.name, general.alignment,
general.version, general.license, general.license.name

Ternary weights tern. type (pb_tern2), tern.encoding (00=0,01=+1,10=-1), tern.group

Blocks block.<i>.type; n_heads, d_head, d_state, n_groups, conv_width, direction, model-wide
or as block.<i>.<key>; block.<i>.head_dim and .n_heads (attention)

n-gram memory ngram.orders, .heads, .bits, .hash, .buckets, .dim, .layer, .gate

Heads head.count; head.<i>.type, .name, .labels, .gated_by, .aggregate, .pooling,

.temperature, . thresholds, .scale, .offset, .n_entities, .n_labels, .scheme,
.operating_bias, .operating_bias_vec, .features, .layer, .threshold

Windows, queries, lookahead  window.size, .stride, .min; query.region, .max, .prefix, .suffix, .pad; lookahead

Declaration. Table 5 lists the metadata keys. They declare everything that determines what the model
computes: the sizes, the ordered blocks with their hyperparameters, the input modules, the heads with
their labels, pooling, gating, aggregation and operating points, the context and window policy, and the
profile the model is meant for. The runtime assembles the model from registries of block types, head
types and profiles (Section 5.1); the file carries no code.

Versions and refusals. purebyte.format_version is required: a reader of version v reads versions 2
to v, refuses a newer file as unsupported and a file without a version, or below 2, as malformed. The
released files use keys that version 3 introduced (window policy, pooling, gating). A file may also list,
in purebyte.required_features, the optional capabilities it needs: attention, lookahead, ngram_gate,
ngram_layer, ngram_heads, multilabel, score, ordinal, byte_map, query and stream; a reader refuses
a file that requires one it does not know. Unknown keys are ignored, so a key that changes what a
model computes must come with a new version or a required feature, and every tensor must be used:
an unused tensor means that the file computes something the reader would not. A reader also refuses,
naming the problem, truncated or malformed files, unknown types or encodings, missing or misshapen
tensors, values out of range, contradictory declarations (label counts, dimensions, gating targets, a
stride larger than the window, a stream context with a part that cannot stream) and invalid ternary
codes. The specification’s rule is that a reader must not guess; the test suite checks it on 34 malformed
or contradictory files. The container has no checksum: each released file is identified by its size and
SHA-256 in the runtime’s model catalog, and the command-line tool refuses to load an installed catalog
model whose file does not match its published hash.

4.10 Parameters and bytes of the released specialists

Table 6 counts the parameters of the released files from their tensor shapes, and Figure 7 draws them.
The network is the embedding, the blocks and the final normalization; the n-gram memory is the tables
and their projection; the heads are a choice perceptron of 33,154 parameters (256 - 128 + 128 + 128 - 2 + 2)
and a tag projection of 1,285 (5 - 256 + 5). The per-group scales of the ternary weights and the per-row
scales of the 4-bit tables are derived from the weights and not counted as parameters; the table gives
their number. Earlier documents of the project quote the totals without the heads: 1,927,520, 8,268,128
and 54,170,048; so do the release’s model cards, which count the n-gram tables as part of the network,
and the rounded figures of this paper (1.9, 8.3 and 54.2 million).

The same shapes and the storage formats of Sections 4.3 and 4.5 reconstruct the files: 2 bits per
ternary weight plus a float scale per group, 4 bits per table value plus a float scale per row, and 4 bytes
per float parameter give 1,023,900, 4,759,452 and 30,155,036 bytes of tensor data, all but 4,804, 5,412 and
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Table 6: Parameters of the released specialists, counted from the tensor shapes of their files. Never read: the
rows of the order-2 table of secrets-bin that no bigram reaches (Section 4.3).

secrets-code pii secrets-bin

Byte embedding (256 X 256) 65,536 65,536 65,536
Blocks (465,432 each) 1,861,728 1,861,728 3,723,456
of which ternary 1,835,008 1,835,008 3,670,016
Final normalization 256 256 256
Network 1,927,520 1,927,520 3,789,248
n-gram tables (3 X n, X 64, 4-bit) — 6,291,456 50,331,648
of which never read — 0 12,582,912
n-gram projection (256 X 192) — 49,152 49,152
Heads (choice and tag) 34,439 34,439 34,439
Total 1,961,959 8,302,567 54,204,487
Not counted: ternary group scales 14,336 14,336 28,672
Not counted: 4-bit row scales — 98,304 786,432

(a) Parameters (b) Model file

network: embedding, blocks, norm
n-gram tables and projection

table rows never read, 12,582,912
two heads, 34,439 (too thin to see) i:l 4,764,864 B

secrets-code I 1,961,959

pii I:, 8,302,567
secrets-bin . V % 54,204,487 ‘ 30,163,488 B
0 50

|:| 1,028,704 B

UINIE]

0 10 20 30 4 60 0 10 20 30 40
Parameters, millions File size, MiB

Figure 7: Where the parameters and the bytes of the released specialists are. (a) Parameters by component
(Table 6): secrets-code and pii have the same network, and most of pii and secrets-bin is n-gram tables,
which cost three row reads per byte whatever their size; hatched: the table parameters of secrets-bin that are
never read. (b) File sizes in MiB, with the exact number of bytes.

8,452 bytes of the files, which hold the header, the metadata, the tensor descriptions and the alignment
padding. In secrets-code the ternary projections take 50 % of the file (458,752 bytes of codes and
57,344 of scales), the float embedding 25 % (262,144 bytes) and the float heads 13 % (137,756 bytes); in
secrets-bin the n-gram memory takes 94.5 % (25,165,824 bytes of 4-bit values, 3,145,728 of row scales
and 196,608 of projection). The rows of secrets-bin that are never read (Section 4.3) hold 12,582,912
parameters, 23 % of the model, and take 7,077,888 bytes, 23 % of the file; without them the model has
41,621,575 addressable parameters (41.6 million against 54.2). A format version that allowed a row count
per order would remove them: an order-2 table of 65,791 rows, the span of its hash values, would hold
every bigram without collision in a file of about 22.0 MiB. As 32-bit floats, the 1,961,959 parameters of
secrets-code would take 7,847,836 bytes, 7.6 times its file. The memory these files need at run time is a
different account (Section 5.5).

4.11 Design choices and their evidence

The configuration of the released specialists survived ablations run with the research code that trained
them. The box lists each choice, the alternatives measured and the results, with the conditions the
sources give; the other sections cite it for these numbers. FA: false alarms, findings on inputs without
credentials; bpb: bits per byte of held-out data in a language-modeling comparison. Unless noted, a
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comparison uses three seeds and the same data, and false alarms are heavy-tailed: about one binary run
in six ended with 50 to 230 FA. We therefore give the value of each seed and state each difference in
standard errors of the difference of the means (Welch’s statistic; for FA, on the logarithm of one plus the
count), and we call a difference under two standard errors not resolved. Two standard errors are weak
evidence with three runs against three: the Welch p-values of the resolved differences below range from
0.02 to 0.11, and no rank test on three runs against three can give a two-sided p below 0.1. The exams
are those of the case studies (bin-fp-a and bin-fp-b, clean binaries; code-fp-b, clean code repositories;
the PII Masking Benchmark), which also report the released models (Table 19): the architecture was
chosen on them, so the case-study figures on the same sets are not independent of these choices, and an
unbiased estimate needs an exam that played no part in them.

Measured

« Hashed n-gram memory (secrets-bin; against no tables, more entries, four hash heads, longer
orders). A tiny model trained on the task’s generator alone, FA on bin-fp-a by seed: without
tables 43, 188 and 172 (mean 134.3); with 12.6 M table entries 37, 24 and 4 (21.7; 2.4 standard
errors); with 50 M entries 12, 5 and 13 (10.0; 4.4 standard errors), at full recall on the decidable
planted-credential probe. Every seed with tables is below every seed without. Not resolved: 200 M
entries, 3, 13 and 9 (8.3, against 10.0); four hash heads in 12.6 M entries, 61, 21 and 44 (42.0, against
21.7 with one); orders 2, 4, 6 and 8 in 67 M entries, 4, 6 and 34 (14.7, against 10.0). A quarter of the
50 M entries and nearly a third of the 200 M are order-2 rows that no bigram reaches (Section 4.3),
so this axis overstates capacity. On bin-fp-b, system ELF files and Windows PE files from outside
the training corpus (except eight ELF files later found in it, still counted here), FA went from 21,
52 and 96 to 14, 19 and 39 on the ELF files and from 4,605, 3,583 and 259 to 375, 62 and 1,057 on
the PE files (neither resolved).

« 4-bit tables (against 32-bit): the secrets-bin file went from 193.8 to 28.8 MiB and its load time
from 170 to 61 ms; spans changed in 22 of 2,000 test windows.

+ Ternary projections (against float): on bin-fp-a without tables, a float control had FA 114, 39
and 17 (mean 56.7) against 43, 188 and 172 for the ternary model (134.3), a factor of 2.4 in the
means that three seeds do not resolve (1.3 standard errors; one ternary seed is below the float
mean), while the tables cut the ternary model’s mean by a factor of 13. A float model with tables
was not trained. In language modeling at 3.8 M parameters (two seeds, paired), ternary weights
cost 4.6 % in bpb and nothing on the downstream task, which saturated. In this release they save
size, not operations (Section 4.5).

« Zeroing threshold s/2, the rounding of BitNet b1.58 (against s/4, fewer zeros): an earlier binary
recipe, six seeds, FA on bin-fp-a of 12, 5, 13, 103, 9 and 1 at s/2 (mean 23.8) against 9, 0, 9, 232, 1
and 10 at s/4 (43.5), not resolved (0.3 standard errors). Each mean is set by one tail seed; without
it the other five average 8.0 and 5.8. We kept s/2, and the trainer’s recipes do not expose the
threshold. A threshold with more zeros, such as the 0.7 E|W| of Ternary Weight Networks [67],
was not tried.

« Causal body (against hydra, the weight-tied bidirectional variant that the trainer’s bidirectional
mode builds, Section 4.4; bimamba and untied bidirectional blocks were not tried on the tasks).
For pii, in an earlier recipe with a smaller public pool and at an operating point chosen for F2
on held-out selection sentences, mean F2 on the PII Masking Benchmark was 0.7543, 0.7560 and
0.7597 causal against 0.7490, 0.7543 and 0.7511 bidirectional (-0.0052; 2.3 standard errors), a tie
by the pre-registered rule of that comparison (a change under 0.01), although the bidirectional
validation F1 was higher (0.913 against 0.84-0.85). On the code task it also tied on generated test
windows. The released models run in the window context, so the ability to stream did not decide
the choice. The cost per training step was not measured under controlled load.
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« Only ssm_v2 blocks (against late attention, attention first, gated delta-rule mixers [192], an MLP
block). In a language-modeling probe (one seed, 2,000 steps, sequences of 1,024 bytes), three
state-space blocks and one late attention block beat four state-space blocks by 15 % in bpb on
unseen code, the bytes whose 32-byte string never occurs in the training data (1.58 to 1.34), with
fewer weight multiply-adds per byte (1.71 M against 1.91 M; attention’s own products, which
grow with the context, not counted), and by 23-25 % with n-gram tables added. Attention first
was worse than none; gated delta-rule mixers gained 0.5-2.5 % in bpb for 2 to 3 times the training
time; an MLP block in place of a state-space block was worse. On the real tasks, with the recipes
otherwise unchanged (for code, at the learning rate of 3 X 10™%), late attention raised the findings
of a nano model on code-fp-b from 93, 70 and 74 (mean 79.0) to 104, 88 and 129 (107.0; 2.1 standard
errors), and FA of the tiny model on bin-fp-a from 43, 188 and 172 (134.3) to 65, 886 and 30 (327;
not resolved).

« A small body (against 3.8, 12.6 and 18.7 M parameters). On code, larger bodies raised the findings
on code-fp-b (150, 180 and 343 from 3.8 to 18.7 M, one model each, too few to resolve; the 1.9 M
body was not measured in that setting); shrinking 12.6 M to 1.9 M kept the F1 on generated test
windows (0.976 — 0.979) and cut the cost per window from 209 to 46 ms on the research engine
of the time. For pii, in the earlier recipe of the causal-body item, the larger preset tiny_n18 gave
mean F2 0.7369, 0.7469 and 0.7477 against 0.7543, 0.7560 and 0.7597 (—0.013; 3.4 standard errors,
every seed below every seed of the smaller preset).

« Max pooling in the gating head (against last_mean): with last_mean, the mean half dilutes a
40-byte credential in a 512-byte window 1:13, and the last state sees only about the last 256 bytes
(next item); in one early run the window accuracy stayed at 0.53 against a chance level of 0.51.

+ The code task is local, the basis of 512-byte windows with 128 bytes of overlap: cutting a
window’s left context to 32 bytes did not hurt the span F1 on generated windows (0.914 — 0.930,
standard error 0.012), although the network uses 192 to 256 bytes internally: the positions whose
output changes fall from 5,320 with no left context to 69 with 192 bytes and 0 with 256. The
overlap of 128 bytes thus guarantees each byte less left context than the network uses. We did
not compare other window sizes or strides.

+ Float activations (against int8): an int8-activation path of the research engine ran 2.2 times
faster, changed spans in 23 to 29 of 14,100 windows and lost one planted credential; it was not
released.

« Window context (against running a window-trained model as a stream): a research model of the
code task, run over each file as one stream without retraining, disagreed with its windowed run
at 23,211 of 79,488 positions compared on 28 files of 600 bytes to 16 KiB from a public repository
of planted credentials made to test scanners, where its windows had flagged 1,232: 23,202 were
new flags, and 1 of 14 spans was lost. On 59 development files it lost both of their 2 spans.

Limits of the claim

Seed variance is larger than many of these effects: across the three seeds of one recipe, FA on
bin-fp-a ranged from 2 to 27, and from 43 to 188 in another; most comparisons use three seeds,
and several above are not resolved. Most ablations were run with the research code and on earlier
recipes, not with runtime 1.0.0 and the released recipes (the runtime reproduces the research engine
bit for bit on the paths the released models use, Section 5.2). The exams that chose the architecture
also report the released models (Section 8). Gains in bits per byte did not predict the real tasks: late
attention improved language modeling and worsened false alarms on code. The configuration is the
best one found for three tasks, not a claim about others.
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5 The runtime

The runtime is libpurebyte, a C++17 library with no third-party dependencies (it links only the
platform’s thread library), a C API with a stable ABI, and three front ends on that API: the purebyte
command-line tool, a local HTTP server and Python bindings. It executes any model declared by a
file that follows Section 4 and knows nothing about tasks: the only task-specific code is in the post-
processing profiles, which a model names and a caller can override. This section describes runtime
1.0.0 (model format version 3); its performance figures come from one desktop and are given with their
conditions (Section 5.6).

5.1 Layers, registries and profiles

Layers. Under engine/src/, a bounds-checked GGUF reader (format/) and the kernels (kernels/),
one table of functions per instruction set, sit at the bottom. Model assembly (model/, blocks/, heads/)
turns a file into a model; the runtime layer (runtime/) walks windows or streams and runs them on
threads; the detect layer (detect/) applies profiles, ensemble votes, masking, redaction and archive
expansion. The C API (purebyte/pb.h) is the only stable interface. Loading reads the whole file, checks
the container, the format version, the required features and the ternary encoding, builds every part in
order through the registries, refuses the file if a tensor was left unused and checks the restrictions of the
stream context; a loaded model is immutable and can be shared by any number of threads and sessions.

Registries. Four tables name the parts that can be extended: block types (ssm_v2, attention), head
types (Section 4.7), profiles (none, secrets-code, secrets-binary, redact) and kernels (scalar, avx2,
neon). A new block, head or profile type is one module plus one line in its registry; a new model
component also needs its text in the format specification, a function in the NumPy reference and random
models in the test suite, and a new kernel must be bit-identical to the scalar kernel.

Profiles. The profile is the caller’s, else the file’s purebyte.profile, else none, which reports the heads’
outputs in a generic schema and resolves overlapping spans of one type into their union. secrets-code
and secrets-binary add rules for credentials in text and in binaries; redact replaces every resolved span
by a typed marker and checks, before returning, that every byte outside the spans is copied unchanged
and in order. With an ensemble, a span is kept by default when a majority of the members find it. Two
accelerations are not exact and must be requested: a string prefilter, which skips the windows of a binary
that no printable run touches (by default, runs of 16 ASCII or 16 UTF-16LE characters), and early exit,
which needs an exit head.

5.2 The numerics contract

The specification fixes the order of every floating-point operation, and the portable scalar kernel is its
executable form; the AVX2 and NEON kernels compute the same IEEE operations in the same order and
differ only in scheduling. The contract has five rules.

1. Operations as written: binary32 operations rounded to nearest-even, in the written order. Com-
pilers must not contract a - b + c into a fused multiply-add, reassociate sums or keep intermediates
in a wider format (C’s FLT_EVAL_METHOD must be 0, which excludes x87 arithmetic); the build uses
-ffp-contract=off -fno-fast-math -02 with GCC and Clang, and /fp:precise with MSVC
19.14 or newer, with #pragma fp_contract(off) in the sources that compute numerics (versions
of MSVC before 2022 may contract under /fp:precise).

2. A correctly rounded fused multiply-add, fma(a, b, c) = fl(a - b + ¢) with one rounding. The
AVX2 and NEON kernels use the processor’s fused multiply-add instructions in their vector lanes.
The scalar code uses the hardware instruction only when GCC or Clang compile for AArch64, or
for x86-64 with FMA enabled; every other build (MSVC on any architecture, 32-bit ARM, RISC-V,
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and x86-64 without FMA, which is how the scalar kernel is compiled on x86-64) uses an exact
emulation [193]: the product p = a - b is exact in binary64 (24 + 24 significant bits fit in 53),
the sum s = p + ¢ is computed in binary64 and its error e recovered with TwoSum [194], s is
moved to its neighbor on the side of e when e # 0 and its last significand bit is 0 (rounding
to odd), and one final rounding to binary32 gives the correctly rounded result. The C library’s
fmaf is not used, because some implementations round twice. The emulation costs about ten
binary64 operations per multiply-add, and on a floating-point unit without binary64 arithmetic
(Cortex-M4F, Cortex-M33, RISC-V with the F extension alone) those operations are themselves
emulated in software.

3. A canonical dot product for every matrix-vector product of the blocks and of the n-gram module,
with ng = n — (n mod 8) and eight lanes starting at 0:

ti mod 8 < fma(a;, xj, fimoas) (i=0,...,ng—1),
v — ((fo + f4) + (fl + 55)) + (([g + [6) + ([3 + 57)), (22)
re—r+a;x; (i=ng,...,n—1, each product rounded before its sum), (a,x) =r.

An 8-wide AVX2 register holds exactly these lanes; on NEON they are a pair of 4-wide registers.
4. Fixed-order normalization: Equation (14), the squares summed in binary64 in element order.

5. A polynomial exponential inside the blocks: the SiLU of the convolution and of the gate
uses the Cephes single-precision polynomial [195], with a fixed clamp at +88.3762626647949, a
fixed chain of fused multiply-adds and the power of two built from exponent bits (constants in the
specification), so that it does not depend on the C library. Elsewhere the platform’s expf, logf,
log1pf, sqrtf, sinf and cosf are used; sqrtf is correctly rounded, the others may differ by a few
units in the last place between C libraries.

Guarantees. A platform here means one build of the runtime with one C library, run in the default
floating-point environment (rounding to nearest, no flush-to-zero, no denormals-are-zero) in every
thread that computes, the caller’s included; the runtime neither sets nor checks that environment, which
code built with fast-math options can change. On one platform every kernel gives the same bits, at any
number of threads (Proposition 6). Across platforms results differ only through the C library’s functions
(rule 5), amplified by the layers: decisions and spans are expected to agree, raw values to a relative
difference of about 107 or less. The Linux release binaries are static and carry their C library, but the
Linux wheels use the host’s glibc, so the same wheel on two distributions may count as two platforms.
The tests compare accordingly: across implementations or platforms, window geometry, flags, labels,
levels, spans and byte maps must be identical, head values must satisfy |a —b| < 107> + 10~*|b| and final
hidden states |a — b| < 10™* + 107%|b|; the observed differences use about 1.5 % of these tolerances.

Proposition 6 (Invariance to threads). For a given kernel on one platform, with every thread in the default
floating-point environment, the bits of every window’s hidden states and head values do not depend on the
number of threads, on the team size or on the order in which windows are scheduled.

Proof. Every stage of a window is split among the members of its team into disjoint ranges of independent
outputs (Section 5.4); each output element is computed by one thread, with the operations of the single-
thread code, and no value is reduced across threads. The SIMD kernels group rows and positions
according to where a range starts and ends, but every grouping computes the canonical dot product of
each row at each position, and each scan item (one head, eight of its channels, all positions) runs on one
thread. Windows are independent, each result goes to a slot fixed by the window’s index, and the heads
run on one thread. o
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Measured

« Kernels: every SIMD kernel matches the scalar kernel under memcmp on random data with lengths
of 1, 7, 8 and 21, partial channel blocks, carried state and convolution taps before the first row;
the NEON kernel is checked natively on macOS armé4 by the continuous-integration workflow
and on Linux arm64 by the release workflow, and on x86-64 through SIMDe by a local tool.

« Emulated FMA: identical to the hardware instruction on 2,000,000 random triples with factor
exponents between —30 and 29 and canceling products (no subnormal results, overflows, infinities
or NaNs).

+ Models: seven random models written from the specification (every block type and direction,
every head type and pooling, 32- and 4-bit n-grams, gate, lookahead, queries, streams, gating, early
exit, sizes that are not multiples of 8) give identical bits in six thread and kernel arrangements
and match the NumPy reference and golden files within the tolerances above; the latency runs
of Section 5.6 gave the same digests at every thread count, and the scalar and AVX2 kernels the
same digest on a window of secrets-code.

« Research engine: before the release, 32 cases and 326,581 window results were identical to those
of the research engine that validated the released models.

5.3 Kernels

Each kernel is a table of eight functions: the matrix product over the positions of a window, matrix-vector
products, inverse RMS factors, the scaled normalization, the convolution with SiLU, SiLU, the gate and
the scan. auto selects avx2 when the CPU has it, else neon, else scalar; forcing a kernel the CPU cannot
run returns PB_ERR_UNSUPPORTED. Table 7 summarizes them. No kernel skips the zeros of a ternary row:
a row is expanded to floats (code times scale, exact) and multiplied in full. The AVX2 code lives in a
translation unit compiled with -mavx2 -mfma (or /arch:AVX2), with internal linkage only, and runs after
the CPU check.

The scalar kernel’s speed. The scalar kernel runs one lane at a time and, on x86-64, with the emulated
fused multiply-add of rule 2. It is the kernel of every x86-64 processor without AVX2 and FMA (the older
Atom-class processors of many gateways and storage devices, or a virtual machine that hides AVX2)
and of every architecture other than x86-64 and armé4, and it is about two orders of magnitude slower
per core: in one session on the test desktop, one 64-byte window of secrets-code on one thread took a
median of 524 ms with the scalar kernel against 5.1 ms with avx2, with the same digest (a MinGW-w64
GCC build; the machine was busy with other work, so only the ratio is meaningful).

Where the time goes. A profile taken before the current kernels found the ternary matrix products
taking about two thirds of the time of a window and the scan most of the rest; heads, decoding and
the n-gram memory took a few percent (the heads take 3 % of a one-thread window in the current
build). The CPU time per window was then the same with 1 and 12 threads. With the current kernels
it is not: a batch that keeps 12 threads busy spends 1.4 to 1.5 times the one-thread time per window
(Section 5.6); lower all-core clocks, shared caches and memory may each contribute, and we do not
claim that the engine is free of bandwidth limits. No profile of the current kernels is published. The
multiply-adds of Proposition 4 over the one-thread latencies of secrets-code (Section 5.6) give about
45.7 G multiply-adds per second at 64 bytes and 43.0 G at 1,024 bytes on one core of the test machine.

5.4 Threads

A session owns the kernels in use, a pool of persistent threads (the caller is thread 0) and one workspace
per team, grown on demand and reused; it runs one call at a time, and a model can be used by several
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Table 7: The three kernels. All compute the operations of the numerics contract in its order; the table lists how
they schedule them.

Kernel  Where How

scalar every platform the executable specification and the oracle of the kernel tests; one row and one
position at a time; FMA emulated in binary64 except in GCC or Clang builds for
AArch64 (rule 2); about 100 times slower than avx2 per core
avx2 x86-64 with AVX2 and tiles of max(4, 2'7/(4 in)) positions (128 for in = 256) whose input rows stay in L2;
FMA, detected at run time  output rows in blocks of 8, or of 4 at two positions sharing each weight load; ternary
(CPUID, and XCRO for the  rows expanded 8 codes at a time; RMS sums of 16 rows in binary64 lanes; the scan

YMM state); the default with 8 channels of a head in the lanes and the state n-major, so the accumulators are
on x86-64, including the canonical lanes, and a bit mask that keeps the D term’s product and sum unfused;
CPUs with AVX-512 partial channel blocks use the scalar scan

neon AArch64, whose baseline  each 8-lane accumulator is a pair of 4-lane registers, reduced by a lane-wise add and

includes Advanced SIMD  two pairwise adds; output rows in blocks of 4, or 4 at two positions; RMS sums by the
scalar code; the MAXPS/MINPS semantics of the exponential’s clamp emulated with
compare-and-select

sessions at once. A call divides the pool into teams of min(8, max(1, | threads/ windows])) threads, or
of the caller’s intra_threads, so that when a call has fewer windows than threads the idle threads
join the windows. Thread i joins team |i/team| as member i mod team; threads left over stay idle for
that call. Each team’s leader takes the next window from a shared atomic counter and publishes it, the
members run the same forward pass (single program, multiple data), and the leader runs the heads and
writes the result into the window’s slot. Within a window, every stage is split among the members into
contiguous ranges whose inner boundaries are multiples of an alignment, the remainder spread over
the first members: the output rows of the projections (aligned to 8), the positions of the normalizations
(aligned to 16), of the step sizes, of the convolution and of the residual update, and the (head, block of
8 channels) items of the scan. Barriers separate stages that read one another’s outputs: one when the
leader publishes the window, one after the embedding, seven per causal ssm_v2 block and one after the
final normalization. A barrier spins up to 4,000 times with the processor’s spin hint (PAUSE on x86-64,
YIELD on AArch64), for a time that depends on the CPU and that we have not measured (the code’s
estimate is 0.1 to 0.5 ms on x86-64; on armé64 cores, where YIELD costs little, it is probably much shorter),
then sleeps on a condition variable.

Why at most eight threads per window. On the test machine, the medians with 12 threads were
higher than with 8 on the 64- and 256-byte windows of all three specialists and on the 1,024-byte window
of secrets-code (Section 5.6), and an earlier version that let one 64-byte window take all 23 threads of
the command-line default took 3.1 ms, slower than one thread. On the 1,024-byte windows of pii and
secrets-bin, the medians with 12 threads were slightly lower than with 8 (13.485 against 13.677 ms;
22.787 against 24.472 ms), differences of 1.4 and 7 % that we did not compare with the spread between
runs. The cap is a default that intra_threads overrides. It was chosen on a processor whose 12 cores
sit on two dies of six, each with its own 32 MB L3 cache, so that a team of more than six threads spans
both dies; it may reflect that topology. In the stream context, teams take whole inputs and run their
chunks in order; pb_encode, which returns the hidden states of one sequence, uses all threads as one
team. The command-line tool uses the hardware threads minus one by default (23 on the test machine).

5.5 Memory

A process that runs a model holds (1) the model file, read whole into one buffer (there is no memory
mapping), from which float tensors and the 4-bit n-gram tables are used in place, table rows being
decoded as they are looked up; (2) the ternary codes, unpacked at load to one signed byte per weight;
(3) one workspace per team, grown to the longest window the team has run; and (4) the process itself:
executable, C and C++ libraries, thread stacks, heap and the inputs being processed. For causal ssm_v2
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Table 8: Where the memory of a process goes. Top: derived from the source code and the tensor shapes. Bottom:
measured peaks, the maximum resident set size of the whole process (/usr/bin/time), on the test desktop under
Linux x86-64 (WSL2). One decision: purebyte decide on a 29-byte input, 1 or 23 threads alike. Larger inputs,
measured in a session other than that of Table 10, on other inputs for secrets-code and pii (whether the DLL
is that table’s was not recorded): secrets-code on 149 source files (1.8 MB, 15 s with 23 threads, 35 s with 4),
pii redacting 133 kB of Markdown, secrets-bin on a Windows DLL of 4.8 MB (825).

secrets-code pii secrets-bin
Model file buffer (bytes) 1,028,704 4,764,864 30,163,488
Unpacked ternary codes (bytes) 1,835,008 1,835,008 3,670,016
Workspace of a one-thread team, 512-byte window (bytes) 7,539,744 7,539,744 7,539,744
Peak, one decision on 29 bytes 9.4 MB 13 MB 39 MB
Peak, larger input, 23 threads 188 MB 182 MB 220 MB
Peak, larger input, 4 threads 42 MB — —

blocks without a lookahead, a window of T positions and a team of y members, the workspace holds
2Td + T + S(T) + uM floats, S(T)=T@d+1+p,+2H+c,+d;))+ (K—-1)p, + HPN, (23)

for the residual stream and the hidden states, the scratch shared by the blocks (the largest over the
blocks, independent of their number) and a private scratch of M = max(8 max(d, d;) + H, w + 3d) floats
per member (the second term with an n-gram memory only). For the released shape and T = 512, a
one-thread team holds 1,884,936 floats, 7,539,744 bytes; for a 29-byte window, under 1 MB. Table 8 sets
these components next to measured peaks.

For one small decision, the file and the unpacked codes account for 2.9, 6.6 and 33.8 MB of the peaks;
the rest, about 5 to 7 MB in each case, is the process itself and a workspace of under 1 MB. For large
inputs the workspaces dominate: when a call has at least as many windows as threads, every thread
forms its own team, and 23 workspaces of about 7.5 MB hold about 173 MB (about 30 MB with 4 threads),
which with the model and the process accounts for the measured peaks to within a few megabytes. In
the window context the working memory grows with the number of threads, not with the length of the
input, so the thread count is the control on a device with a memory budget. What a call keeps for an
input does grow with it: the input, its results and, when redacting, the redacted copy (pii redacting
3.9 MB of JSON Lines with 23 threads peaked at 239 MB under Windows, about 50 MB more than the
workspaces, the model and the input account for). A whole input run as one window (PB_SCAN_WHOLE)
and pb_encode need, by Equation (23), a workspace of about 14.4 kB per byte of input.

5.6 Performance

Unless noted, the measurements were taken on an idle AMD Ryzen 9 5900X (12 cores and 24 threads,
AVX2, no AVX-512; 1.8 % CPU load before the session) under Windows 10, with the release build of
runtime 1.0.0 (MSVC, static runtime) and the released files, one request at a time, the model loaded,;
the engine does not pin its threads to cores, and we report medians only. Table 9 gives the latency
of one window against the threads that share it (Figure 8 draws it), measured with the test suite’s
window_latency tool: one synthetic input run as one window by a session whose threads all work on it,
two warm-up runs, then the median of 40. The timed call also computes a 64-bit digest of the window’s
hidden states and head values, which a normal decision does not: timed separately on this machine,
about 0.06 ms for a 64-byte window and 1 ms for a 1,024-byte one, up to 9 % of the eight-thread times
and about 2 % of the one-thread times. Whether the gated heads ran was not recorded, and the profile’s
post-processing is not included. The 1,024-byte rows are one window of 1,024 bytes, twice the released
models’ window; in normal use such an input runs as three windows of at most 512 bytes. Every thread
count gave the same digests.
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Table 9: Latency of one window in milliseconds against the threads that share it: medians of 40 runs after two
warm-up runs, idle AMD Ryzen 9 5900X, Windows 10, release build, model loaded, the digest of the hidden
states included. Bold: the lowest median. Speed-up: 1 thread against 8.

Specialist Window 1 thread 2 4 8 12 Speed-up
secrets-code 64B 2.966 1.617 0.910 0.817 0.923 3.6
256 B 12.005 6.391 3.538 2.807 3.127 43
1,024 B 50.431 26.507 14.486 10.504 11.413 4.8
pii 64 B 3.200 1.866 1.044 0.886 1.043 3.6
256 B 13.069 7.002 4.125 3.096 3.408 4.2
1,024 B 54.770 28.714 19.089 13.677 13.485 4.0
secrets-bin 64 B 5.917 3.158 1.737 1.449 1.709 4.1
256 B 24.265 12.665 6.799 4.951 5.689 4.9
1,024 B 102.463 53.250 30.449 24.472 22.787 4.2
(a) One 64-byte window (b) One 1,024-byte window (the examples use 512)
A —®— secrets-code 100 { 4
51 —®— pii

s--de-- gecrets-bin

Median latency, ms (log scale)

T T T T T T T T T T

1 2 4 8 12 1 2 4 8 12
Engine threads working on the window Engine threads working on the window

Figure 8: Table 9 as curves: median latency of one window against the engine threads that share it, for (a)
64-byte and (b) 1,024-byte windows, on a logarithmic axis. Short windows are fastest with eight threads; the
1,024-byte windows of pii and secrets-bin still gain a little at twelve.

With 8 threads a 64-byte window takes 0.817 to 1.449 ms and a 256-byte window 2.807 to 4.951 ms,
depending on the specialist, and with one thread 2.966 to 5.917 ms and 12.005 to 24.265 ms. On one
thread a 1,024-byte window takes 4.20, 4.19 and 4.22 times a 256-byte one, about 5 % more than the factor
of 4 that the linear cost of Proposition 4 predicts. The lowest latency is not the lowest CPU time: eight
threads for 0.817 ms are 6.5 ms of thread time, against 2.966 ms on one thread, and a batch that keeps 12
threads busy spends 12/2,739 s, about 4.4 ms of thread time, per 64-byte window (Table 10). A 64-byte
decision of secrets-code thus costs 3 to 6.5 core-milliseconds, depending on how the threads are used.

Table 10 gives throughput and end-to-end times, and Table 11 the effect of the current kernels, of
the two opt-in accelerations and of threads that share a window, each against the engine without the
change. Except for the last row, those speed-ups were measured with the research engine on 22 and
23 September 2026, while the desktop was busy with other work; the compared configurations ran
interleaved, so that the load weighed on both sides, and only the ratios are meaningful. The early-exit
rows used a research model of secrets-bin with a probe after block 3 of 8, where 78 to 97 % of the
windows of real binaries exited early; the released files have no exit head, so early exit is not available
with them.

Against a general decision model. Laya [196] is a non-generative decision model of 421 M param-
eters (English checkpoint) that answers a typed question written at request time. On the same idle
desktop, its laya 0.3.6 package with PyTorch 2.14 on the CPU answered one three-option question about
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Table 10: Throughput and end-to-end times on the test desktop (AMD Ryzen 9 5900X; Windows 10 except in
the last row), with the conditions of each row.

secrets-code pii  secrets-bin Conditions

Windows per second 2,739 2,637 1,326  a batch of 48 windows of 64 bytes, 12 threads,
automatic team size (teams of one), median of 4
runs of window_latency, digests included

purebyte bench: 0.92,103ms 1.21,109ms  2.01,20.5ms default threads (23), medians of 40 runs; the
64-byte, 1,024-byte model’s windows (three for 1,024 bytes), model and
input span decoding, not the profile

Whole inputs 131kB/s 126 kB/s 65kB/s command-line defaults, 23 threads, wall-clock,

median of 3 runs: PureByte’s source code with its
training stack (2.1 MB, 16.3 s); 3.9 MB of the PII
Masking Benchmark’s sentences redacted (30.9 s);
one Windows DLL of 5.0 MB (77 s)

Start, load, answer 0.01s 0.03s 0.16s purebyte decide on 29 bytes, Linux x86-64 in
WSL2 on the same desktop, timed by
/usr/bin/time, whose resolution is 0.01's

Table 11: Measured speed-ups, each against the engine without the change, on the test desktop (AMD Ryzen 9
5900X, Windows 10). The first five rows come from the research engine while the desktop was busy, with the
compared configurations interleaved: per window, one 512-byte window on one thread, medians of 25 rounds,
in two sessions that gave the two ends of each range; source code, 2 runs of each configuration (they differed by
under 1 %); prefilter, the best of 2 runs; early exit, one run. The last row comes from Table 9 (medians of 40).

Change Where Speed-up  Output
Current kernels (default) per window, secrets-code-sized and 1.33-1.39, 1.29-1.32  bit-identical
secrets-bin-sized models
Current kernels (default) end to end, scanning source code 1.26  identical findings
String prefilter (opt-in) end to end, real binaries; skips 81 to 89 % 5.2 loses only findings
of their windows outside printable strings
Current kernels and early end to end, real binaries, prefilter off, 2.05 the same number of
exit against the previous engine findings in that test
Kernels, prefilter and early ~ end to end, real binaries, against the 13.2  loses only findings
exit previous engine with none of them outside printable strings
Threads sharing one one 64-byte window, 8 threads against 1 3.6  Dbit-identical
window

one line of code (173 bytes, 190 tokens with the question) in a median of 373 ms with 12 threads (its
fastest) and 1,382 ms with one (medians of 15 calls after 3 warm-up calls); secrets-code answers its
own question about a 256-byte window, which holds that line, in 2.81 ms with 8 threads, 133 times less.
Laya ran in PyTorch, without an optimized CPU runtime; even so, its time per operation was close to
the specialist’s (about 160 GFLOP for 421 M parameters over 190 tokens in 373 ms, against 1.1 GFLOP
for the 256-byte window in 2.81 ms), so the ratio reflects mostly the difference in size and generality,
not in engineering. The specialist’s time is that of Table 9: a synthetic 256-byte input, digest included.
Figure 9 adds the figures that Laya publishes for itself on a T4 GPU and quotes for a hosted decision APL
The comparison is of time, not of quality, and the jobs differ: a specialist of 1.9 M parameters trained for
one fixed question against a general model of 421 M that reads its question at every request; neither was
evaluated on the other’s tasks.

Limits of the claim

Every inference speed in this paper comes from one desktop with an x86-64 CPU and AVX2, apart
from figures quoted from others, which are marked; none comes from an arm64 CPU, the NEON
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secrets-code - 256-byte window - 8 threads O 281 ms O PureByte, measured
[ Laya, measured on the same CPU
secrets-code - 256-byte window - 1 thread O 12.0ms &> published by others
Laya - NVIDIA T4 GPU (its model card) {X> 32.8-39.5 ms
TypeSafe Jev - hosted API (third-party p50) > 236-276 ms
Laya - same CPU - 12 threads (its fastest) [ 373 ms
Laya - same CPU - 1 thread [ 1,382 ms
1 10 100 1,000

Time for one decision on a short input, ms (log scale)

Figure 9: Time for one short decision, on a logarithmic axis. Measured on the same idle AMD Ryzen 9 5900X:
PureByte secrets-code (the model loaded; medians of 40 runs) and Laya’s English checkpoint (laya 0.3.6,
PyTorch 2.14, one three-option question about a 173-byte line; medians of 15 calls). Open diamonds: figures
published by others, as quoted in Laya’s model card (Laya on an NVIDIA T4; TypeSafe Jev’s hosted API,
third-party p50), not measured by us. The specialist reads a 256-byte window, which holds Laya’s line; on a
logarithmic axis the horizontal distance between two points is their ratio.

kernel, or Linux or macOS hardware, and only the memory and loading figures were taken under
Linux (WSL2, same desktop). We report medians without their spread and no worst-case latency,
which is what a real-time use needs. The speed-ups of the research engine and the scalar kernel’s
ratio were measured while the desktop was busy. Absolute times depend on the machine and its
load more than the ratios do; the cap of eight threads per window was chosen on this machine, and
the profile of where the time goes predates the current kernels.

5.7 Interfaces

C APIL.  purebyte/pb.h (ABI version 1) reports the failures of every fallible function as a status (0K,
ARGUMENT, 10, FORMAT, UNSUPPORTED, NO_MEMORY, BUFFER_TOO_SMALL, INTERNAL) with a message, and keeps
no global state. Option structures start with their size and only grow by appending fields, so a newer
library accepts an older program’s structure and an older library refuses a larger one. The calls load
and describe models, create sessions (threads, team size, kernel), scan (pb_scan: every window’s head
values, spans, byte maps and digests, with overrides of the window, stride, prefilter, operating bias and
queries), encode one sequence (pb_encode), detect with a profile and an optional ensemble (pb_detect,
whose JSON results the output specification defines), redact, restore and expand archives.

Command line, HTTP and Python. purebyte has the commands scan, decide (one input of up to
4,096 bytes), redact, serve, models, bench, info and version, writes JSON, JSON Lines and SARIF, and
sets the model or ensemble, profile, operating bias, threads (1 to 1,024), team size and kernel. purebyte
serve listens on 127.0.0.1:8421 by default (GET /health, GET /v1/models, POST /v1/scan, /v1/decide,
/v1/redact), runs one inference at a time on all its worker threads, accepts bodies of up to 80 MiB by
default, checks the Host and Origin headers, requires an X-PureByte header on form-like requests,
accepts an optional bearer token, writes nothing to disk and logs no content. The Python package binds
the shared library with ctypes, needs only the standard library and Python 3.8 or newer, checks the
ABI at import, and exposes scanning, deciding, redaction, restoration and archives (Model, Session,
Detector), but not pb_scan or pb_encode.
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Table 12: Platforms on which the repository’s workflows build the runtime and run the whole test suite
(unit, reference, golden, invariance, malformed-file, detection, command-line and Python tests): the continuous-
integration workflow on every change, the release workflow natively on every platform it ships, before packaging.
Runner names are those of the hosted service.

Workflow Platform (runner) Compiler
Every change Linux x86-64 (ubuntu-24.04) GCC; Clang
macOS arm64 (macos-15) Apple Clang

macOS universal binary, armé64 and x86-64 (macos-15; the x86-64 slice’s  Apple Clang
C++ tests under Rosetta 2 when available)

Windows x86-64 (windows-2022) MSVC; MinGW-w64 GCC
(UCRT64)
Release Linux x86-64 and arm64 (ubuntu-24.04, ubuntu-24.04-arm), static the runner’s compiler
binaries

macOS arm64 and x86-64 (macos-15, macos-15-intel); Windows x86-64  Apple Clang; MSVC
(windows-2022)

Linux wheels, x86-64 and armé64 (manylinux_2_28); container images, the image’s compiler
linux/amd64 and linux/armé64

5.8 Portability

The runtime builds with CMake 3.16 or newer and a C++17 compiler (GCC, Clang, or MSVC 19.14 or
newer); the library needs no third-party code, and the command-line tool embeds the single-header
HTTP library cpp-httplib. The SIMD kernel of the target (AVX2 on x86-64, NEON on arm64) is compiled
in and chosen at run time; other architectures get the scalar kernel, provided they are little-endian
(model files are little-endian, and the build stops with an error on a big-endian target) and meet rule 1 of
the numerics contract. The release binaries carry their C and C++ runtimes (fully static on Linux) and
run on Linux (the Python wheels need glibc 2.28 or newer), macOS 11 or newer and Windows 10 or
newer, on the CPU; there is no GPU backend. Table 12 lists where the repository’s workflows build the
runtime and run its whole test suite, whose unit and invariance tests compare the SIMD kernel of the
CPU they run on with the scalar kernel, bit for bit. Linux on armé64 and macOS on x86-64 hardware are
tested by the release workflow only; on every change, the x86-64 slice of the universal macOS build
runs its C++ tests under Rosetta 2 when the runner has it.

5.8.1 From servers to routers, robots and microcontrollers

What runs today. The same file runs, with the same results up to the C library differences of
Section 5.2, on the x86-64 and arm64 platforms of Table 12, which are those of servers, desktops and
laptops. Linux devices with an x86-64 or armé64 processor, such as the single-board computers of small
robots and routers or gateways whose system-on-chip is x86-64 or armé64, can be targeted by the same
build (on arm64 the NEON kernel runs; an x86-64 processor without AVX2 and FMA gets the much
slower scalar kernel of Section 5.3), but none has been tested and no speed has been measured on
one. For scale, the whole-input rate on the 12-core desktop, 131 kB/s with 23 threads or about 1 Mbit/s
(Table 10), is far below the line rate of a router’s links: a router could screen its configuration files, its
logs or samples of its traffic, not all of it. For a robot the figure that matters is the worst-case latency,
which we have not measured. By Section 5.5, secrets-code with one thread and full 512-byte windows
needs about 1.03 MB for the file, 1.84 MB for the codes, 7.54 MB for the workspace and the process itself,
about 15 to 17 MB in all; one small decision peaked at 9.4 MB. Other architectures (32-bit ARM, RISC-V,
MIPS) would fall back to the scalar kernel, with the emulated fused multiply-add of rule 2, if they are
little-endian and meet rule 1; we have not built the runtime for them.

What a microcontroller would need. A microcontroller typically runs without an operating system
and keeps code and constants in flash memory, with far less RAM; the process, threads and heap of
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Table 13: secrets-code on runtime 1.0.0 and on a hypothetical microcontroller port that keeps the same
weights. Left: measured or derived from the source code. Right: analysis only; nothing in it has been built or

measured.
Runtime 1.0.0 today A microcontroller port (analysis)

Weights the 1,028,704-byte file, read into RAM the same bytes in flash, read in place

Ternary one byte per weight: 1,835,008 bytes of RAM decoded from the 2-bit codes as they are read: no

codes RAM, but decoding work at every multiply-add

Weight weights in RAM; the AVX2 kernel reuses each over a  no reuse across positions: about 0.63 MB read from

traffic tile of positions (Table 7) flash per position, about 30 MB/s at R = 10® (below)

Activations a workspace per team that holds all positions of a one position at a time with the state carried:
window: 7,539,744 bytes for 512 bytes, under 1 MB 4 x 140,288 bytes of state, about 13 kB of per-position
for 29 vectors and 12 kB for the heads (label

log-probabilities and Viterbi back-pointers of every
position, a running maximum), about 0.59 MB.
Windows start from a zero state, so the 128 bytes
that consecutive windows share are computed twice:
a third more compute in any case, with a second
state (0.56 MB more) or by reading the overlap again
(no more RAM)

Arithmetic binary32 activations, binary64 sums in the the same arithmetic keeps the bits, and is fast only
normalizations and the decoder; the same bitsona  with the core’s single-precision FMA instruction
platform (runtime 1.0.0 emulates it in binary64 on 32-bit ARM

and RISC-V); int8 or int16 activations would shrink
state and vectors 2 to 4 times but change results (an
int8 research path changed spans in 23 to 29 of
14,100 windows)

Process executable, libraries, threads, heap: about 5 to 7 MB static buffers sized from the file, no threads, no file

system; not estimated

Compute 2.12 M multiply-adds per position (Proposition 4); at a sustained R multiply-adds per second, R/2.82 M
with a window every 384 bytes, 2.82 M per byte of bytes of input per second: 35 at R = 108, about 1.4s
input for one 64-byte decision and 11 s for one 512-byte

window

Fits servers, desktops and laptops (Table 12) parts with at least 0.6 MB of SRAM and 1.1 MB of

flash (1.MX RT1060, Ensemble E3); not the nRF52840,
RP2040, RP2350, or ESP32-S3 without external
memory

Smaller d=256,H=8P=N =64 d=128,H=4,P =64 N=32(G=2K=4)

shape 133,120 multiply-adds per position and block, a

quarter, and 37,376 bytes of state per block; with four
blocks, about 170 kB of RAM and a file of about

0.38 MB, within the nRF52840, RP2350 and ESP32-S3;
untrained, quality unknown

Section 5.5 do not exist there. Table 13 sets the needs of secrets-code on runtime 1.0.0 against those
of a port that keeps the same weights. The analysis rests on one property: in a causal ssm_v2 block
every step at position ¢ reads only positions up to t, and the order of operations of the contract does not
depend on the window length, so a port that evaluates one position at a time can reproduce a window’s
hidden states bit for bit with a runtime built on the same C library functions, as the stream context does
chunk by chunk. The heads need the whole window only through a running maximum, the Viterbi
back-pointers and each position’s label log-probabilities (for the span confidences); the gated tag head
must run at every position, its result discarded if the gate is negative. The changes are thus the core’s
own single-precision fused multiply-add (runtime 1.0.0 would use the binary64 emulation of rule 2 on
32-bit ARM and RISC-V, even on cores that have the instruction), weights read in place from flash with
the ternary codes decoded on the fly, position-by-position execution and static allocation sized from
the file. Without reuse across positions, every position reads all the block weights again, about 0.63 MB
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from flash, and decodes their 2-bit codes. Table 13 checks the result against the parts of Section 2.6,
whose integer NPUs and vector units (Ethos-U55, the ESP32-5S3’s vector instructions) cannot run the
binary32 contract. Devices without the RAM or the floating-point throughput would also need a smaller
shape or integer activations, each a different model to train and verify like the released ones.

Limits of the claim

No microcontroller port exists: the right column of Table 13 is arithmetic on the specification and
the source code, and its processing rate is an example of the formula, not a property of any device.
Whether a smaller or integer model would keep the quality of the released specialists is unknown.
Routers, single-board computers and other devices outside Table 12 can be targeted by the portable
build but have not been tested or measured.

6 The training stack

This section describes how an Al Specialist is made, separating what the code enforces from what the
documentation only asks for, because only the former holds when whoever runs the stack is not its
author (Section 7). Three facts frame it. Scope: the factory trains one kind of task, byte spans of k types
read by a tag head (BIOES labels) and gated by a two-class choice head over the window, as in the three
released examples; other task types are refused, and the other head types of the format (Section 4) run
in the runtime but have no training recipe yet. From scratch: no released recipe uses a pretrained body,
an initialized or frozen n-gram memory, or an adapter. Provenance: the released models were trained
with an earlier, private code base, and the factory ran on the imported results: its leak checks never ran
on the data of secrets-code and secrets-bin, and they reported, but kept, the blocks that the data of
pii share with its exams (Section 6.12). On a CPU the public trainer reproduces bit for bit the weights
that code base produces.

6.1 Two repositories, and what never enters git

The runtime repository, purebyte-ai/purebyte, holds the engine, the format specification, a NumPy
reference implementation, the benchmarks and the catalog of released models (Section 5). The training
repository, purebyte-ai/purebyte-train, holds the pbtrain package (the byte model in PyTorch [197],
the trainer, the factory, evaluation, export and releases) with its tests; one folder per specialist, with
its task files and the plugin, generator and tests it defines; the data scripts with their pinned manifests;
and pinned copies of the runtime’s NumPy reference and benchmark scorers, which its CI workflow
compares byte for byte with the originals. The format belongs to the runtime: a new block or head
type enters the runtime before the trainer. No dataset, run, checkpoint or weight is committed to either
repository: data and runs live under $PUREBYTE_DATA and $PUREBYTE_WORK, outside the source tree, and
the released weights are files of the runtime’s GitHub releases, listed with their SHA-256 in its catalog.

6.2 The task file and the plugin contract

A specialist version is one YAML task file, “the whole recipe of one version of a specialist™: the specialist
whose plugin builds the data, the task type, an output schema (labels, recall floor, bias policy), the
plugin’s data block, the train block (Section 6.4), pre-registered criteria (Section 6.8) and the exams
whose fingerprints must exist. Loading refuses unknown keys, options that were tried and dropped
(with the reason), any task type but tag, a train block that omits steps, 1r, batch, size or seeds, and
decide: true without three seeds and criteria. The data block is watched: the plugin receives it in a
dictionary that records every read, and the data stage fails on a declared key that nobody read. These
rules come from an incident in which a misspelled key (step for steps) trained 400 steps instead of
2,000, with a believable result. A second file, specialist.yaml, holds what does not change between
versions: the plugin, what the exported file declares, the ensemble policy and the exams.
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Definition 7 (Vertical). A wvertical is the plugin that knows a task. From a corpus of real bytes (or
none, when every byte is generated), the task’s data block and the split fractions, it builds three
partitions, train, select and test, each a triple (X, Y, S) of window bytes X € {0,..., 255} a span mask
S e ({0,...,k} U {255})™T and window labels Y € {0,1}". In S, 0 is outside every span, v € {1,...,k}
is inside a span of type v — 1, and 255 means ignore: the byte gets the target —100, is left out of the loss
and of every metric, and never makes a window positive. The vertical also provides guards on what it
built and a classic rival: the rule a competent engineer would write, tuned on select and scored on test
exactly like the model.

The core checks the contract (types, shapes, mask values, and Y equal to “the window holds a span”)
unless the vertical checks its own, as the credential vertical does: its label means “a positive line was
injected”, and the value may fall outside the window. A vertical without a rival stops the baselines
stage. The scaffold new-vertical writes a specialist with a toy generator and no rival, so its run stops
at that stage until a real rival is written: a model is never delivered without a rival to beat. The rival
is a rule set by definition: no classical learned baseline (a linear model or boosted trees over character
n-grams, for example) is part of the gate, and none was run on the exams of Section 8.

6.3 Data

The data scripts hold manifests, never data. Every input is public and pinned (a git commit, a package
version with its SHA-256, a dataset revision), every license is recorded, and the evaluation sets, the exams,
are fetched and fingerprinted first, because they are what every build excludes. Builds are deterministic
(candidates are visited in the order of a SHA-256 key, never in directory order or through a random
generator) and record every pin, the output’s SHA-256 and the exclusions per exam.

Real public data. The data scripts rebuild a code corpus of 300 MiB from 114 permissively licensed
repositories pinned at their heads of 2026-09-23, with no exam or CredData repository, and a binary
corpus of 300 MiB from 280 pinned artifacts (Debian packages, PyPI wheels, open-source Windows
builds and others), with no Windows system file. The released weights predate both: the code of
secrets-code came from repositories cloned on 2026-09-19 and not pinned by commit, among them
four CredData TEST repositories and five of the clean-code exam code-fp-c, the code windows of
pii from an earlier corpus, and the binaries of secrets-bin from the Linux system folders of the
training machine (Section 6.12). The pii pool, which does rebuild byte for byte, holds 387,391 labeled
TRAIN documents of four public synthetic-PII datasets in 23 languages, after a check that left out 29,149
candidates sharing a text, a sentence, or a masked template or sentence with an evaluation document.
The generators also read the credential catalogs of gitleaks v8.30.1 and TruffleHog v3.97.6, and public
name and place lists.

Generators grounded in real bytes. The credential generator cuts a stretch of the code or binary
corpus on a line boundary and inserts one generated line, positive or negative with probability 1/2,
in half of the windows among up to five extra lines, all traps in a negative window. Positives include
provider formats sampled from the catalogs and validated against their regular expressions (without
the catalogs the vertical refuses to build), connection strings, private keys and generic secrets under
credential names; negatives are look-alikes such as placeholders, environment lookups, hashes, public
keys and documentation examples. The pii generator writes records of 10 schemas in 16 formats, log
lines, and real code windows whose own personal data are replaced by synthetic values; look-alikes
such as order identifiers, dates and company names are labeled ignore, taught neither way. In every
generator an option at its default draws no random number, so a new option never changes the data of
an existing recipe; golden digests of the arrays lock this, not the factory.

Labeled real windows. The secrets-code recipe adds 4 real windows per step from a stream of
24,000 built from CredData, whose DEV/TEST split is that of the runtime’s public scorer, which the

44



PureByte: SLMs Are the Future 6 The training stack

data scripts import (seed 20260922). The stream reads only 117 of the 169 DEV repositories: openssl is
left out, and the other 51 are kept for choosing operating points and for error analysis; a hard check
runs before any file is opened, and a DEV value equal to a TEST value (6 credentials) is not labeled.
Windows come in slots of four (two around a credential, one around a labeled non-credential, one
background); in half of the credential slots the value is replaced by a generated one of the same form,
with a contrast (a placeholder, a lookup, an empty value) in the same hole, and the other half keep
CredData’s values, which its own script has replaced by random strings (Section 8.1). The released model
was trained on this stream as built, although 847 of its windows share a 64-byte block with CredData
TEST files (Section 6.12). The secrets-bin recipe adds 7 real negatives per step from 78,283 windows of
Windows executables and libraries, twelve other formats and Python extension modules; many cannot
be redistributed, and their stream’s builder is not in the repository.

6.3.1 Exam fingerprints and the leak checks

Leakage is easy to miss [198]: during development, exam binaries once sat inside a training corpus, an
old split function put a third of a benchmark’s TEST repositories in “train”, and an exclusion by file
name missed copies. The stack therefore compares content, with one algorithm that the data scripts
import from the trainer.

Definition 8 (Content fingerprint). Position p of a byte string x is an anchor when
((up - ©x9E3779B1) mod 2°%) > 26 =0, Up = Do Xpei 28, (24)

which holds at one position in 64 of uniformly random data. Its fingerprint is a 64-bit polynomial hash
of the 64-byte block that starts there,

hy = 39 xp+i K7 mod 2%4, K = 0x100000001B3, (25)

skipped when the block has fewer than four distinct byte values. The fingerprint file of an exam holds
the sorted hashes of all its files, its role (test or dev) and the SHA-256 of its manifest.

Anchors depend on content alone, as in anchored file fingerprints [199], so two copies of a region
carry the same anchors wherever they sit.

Proposition 9 (Detection of a shared region). Let an input (a window, or a corpus file at build time)
and an exam file share a contiguous region of L > 67 bytes whose 64-byte blocks all have at least four
distinct byte values. If each position is an anchor independently with probability 27, the check misses the
region with probability at most (63/64)L=%7: below 1073 for L = 512, a whole window, and below 10~° for
L = 1,024, which only a longer input can hold.

Argument. The anchor test at p reads only xp,...,xp+3 and the hash only x,, ..., x,463, S0 at each
of the L — 63 positions of the region whose block lies inside it, the anchor decision and the hash
agree between window and file. The region is missed only if none of them is an anchor: probability
(1-279L79 < (63/64) %7, with (63/64)**> ~ 9.0 - 10™* and (63/64)°>7 ~ 2.9 - 10~7. The statement
keeps the four bytes of slack that the code’s documentation uses; the argument gives the exponent
L —63. m|

The independence of anchors is an assumption: periodic or low-entropy data, such as tables and
padding, can break it, and the miss rate has not been measured on real corpora.

At build time. A build stops while a source and an exam share an identity key (a repository at any
commit, a package version, a dataset split, a URL or a SHA-256) and, unless told to record the gap, fails
without current fingerprints of every declared exam. By content, text loses the lines around each shared
block plus 128 bytes on each side. A binary is never spliced: it keeps one span of at most 256 KiB free of
shared blocks, or nothing below 4 KiB, because dropping whole files would leave no corpus (each of 250
Linux ELF files outside the exams shared at least 51 blocks with the binary exams). The finished corpus
is verified as a whole.
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(a) Between the splits
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A

(1) data stage, train against test: at most 0.1% of the test windows may also occur whole in train; win-
dows cut from real bytes may share no 120-byte chunk among the first 300 of each. Select takes no part.

(b) Against the exams

(3) data scripts, at build

64-byte block i . .
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Figure 10: The leak checks. (a) The splits are disjoint by construction, and the data stage tests train against test.
(b) One fingerprint algorithm serves twice: the data scripts keep exam content out of the corpora (3), and the
data stage compares every window the model trains on or is selected with (2). The test split is not compared
with the exams, and hits on development sets (role dev) are reported, not refused.

In the data stage. The factory repeats the check on the windows themselves (Figure 10):

(1) Train against test. By default, whole-window hashes, failing if more than 0.1 % of the test windows
occur in train; for windows cut from real bytes (the credential vertical), 120-byte chunks of the first
300 windows of each split, failing on one shared chunk. Select takes no part, and the chunk test is
a sample: the guarantee is by construction, since the splits come from disjoint byte ranges of the
corpus with a guard as long as what a window reads, and public PIl documents go to a split by a
hash of their identifier.

(2) Against the exams. Every window of train, select, the real-window stream and the guard windows
(Section 6.5) is compared with every registered fingerprint file. A block shared with an exam of role
test fails the stage; one shared with an exam of role dev is only reported. A declared exam without
fingerprints fails the stage. The test split is not compared with the exams.

(3) The corpus. A corpus whose build manifest records a failed guard is refused.

Not covered. A fragment shorter than 64 bytes holds no block. Exam files without a public download
are excluded only if fingerprinted from a local copy. Development sets are not enforced: 194 windows
of the CredData stream share a block with the DEV repositories kept for operating points, and are only
reported. Two exams in the criteria of secrets-bin (bin-pyext, bin-probe) have no manifest in the
data scripts, which therefore build no fingerprint for them. And the checks did not guard the data of the
released models, which predate them (Section 6.12).

6.4 Recipes: the knobs that matter

The train block maps one to one onto the trainer’s arguments (Table 14). Stable means part of a released
or recommended recipe; experimental, off by default and, in the code’s words, not (yet) shown to have
“improved a released specialist on the real evaluations”; runs record the experimental options they use.
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Table 14: The keys of the train block, their status in the code, and their values in the release recipes of

secrets-code, pii and secrets-bin, in that order (

« »

the default). All three are causal and train on 512-byte

windows.

Key Status Default Release recipes Effect

size stable required nano, nano_n15, tiny_n18 shape preset

steps; batch stable required 12,000, 12,000, 6,000; 16 steps; windows per
step

1r stable required 3-1074,3-107%,1073 peak of Equation (28)

warmup, wd, clip, lam stable 30, 0.05, 1, warm-up, decay, clip,

0.5 A

seeds; decide policy required; off  0-2, 0-5, 0-5; on runs; decision

released_seed policy best on select 1 (forced), -, - exported seed

real_windows, stable (neg), off CredData stream, 0.25, spans; ; real windows in each

real_frac, real_mode experimental binary negatives, 0.45, neg batch

out_lr_mult experimental 1 .+, 0.25 rate of output
projections

beta2, span_weight, experimental 0.95, 1, seed, P2, span weight, init

init_seed, ngram_init, off seed, starting points,

adapter, guard_x tail guard

ema, swa_frac, tern_thr,  refused - - tried and dropped;

pooling the refusal states
why

The labels lag behind the evidence twice: real_mode: spans and out_lr_mult are used by released
recipes and have measured effects (Section 6.5).

The release presets are nano (four blocks of width 256), nano_n15 (nano plus hashed n-gram tables
of orders 2 to 4 with 2'° buckets) and tiny_n18 (eight blocks, 2'® buckets). Three development results
shaped them: more capacity did not help with generated labels and the n-gram memory helped most
(both in Section 4.11), and on code the learning rate mattered more than a pretrained body (Section 6.5).

6.5 The training loop

Objective. Each mask becomes per-byte BIOES targets over the k types (1 + 4k labels), and for a batch
W the loss is

1 1 .
L= Tl > CE(E, ye) + AW D CE(Ee Y,),  A=05, (26)
(w,t)eT weW

where 7™ is the set of non-ignored bytes, z%¢ the tag head’s logits and zP°!® the choice head’s logits
after max pooling over the window; there is no class weighting, focal term or label smoothing. Max
pooling is a measured choice (Section 4.11).

Quantization-aware training. FEach ternary projection of the blocks (Section 4) keeps a float latent
weight W and, in every forward pass from the first step, uses

~ s 1 .

Wo,i = So,j clamp (round(Wo,i/so)j), -1, 1), So,j = Max (10 , — Z |Wo,i/|), i €Gj, (27)

S~
i’€Gj

with G; the j-th group of g = 128 inputs. The scale is recomputed at every pass and detached, not
learned, and the backward pass is the identity straight-through estimator [69], .L/0W := 9L/ oW, so
the optimizer updates the latent weights while every forward pass uses the codes that the exporter
packs; about 31 % of Gaussian weights round to zero. There is no float warm-up, no conversion after
training and no quantization of activations. The embedding, the A projection, the norms, the heads and
the n-gram tables train in float32; the tables are the only part quantized after training (Section 6.9).
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Optimization. AdamW [200] with § = (0.9, 0.95) and decoupled weight decay 0.05 on matrices only,
decided by parameter name (the A and A parameters, norms, convolutions, embeddings, n-gram tables
and all vectors are never decayed); a global gradient-norm clip at 1.0; and a warm-up-stable—decay
schedule [201] over S steps,

(t+1)/ty, t < ty,
ne=n-31, tw <t < tyg, tw =30, t;=108S5]. (28)
max (0, (S—1)/(S—tq)), t=tg

Batches are drawn without replacement and reshuffled every epoch (drawing with replacement saw
only 63 % of the data). Everything runs in float32: on the GPU used, half precision was not accelerated
and changed the numbers. The chunked scan clamps accumulated exponents at —30; without the floor,
the backward passes of two PyTorch backends diverged (gradient norms of 5.9 and 1,494 on one batch).
A run returns its last step, with no early stopping.

Seeds, determinism and the control. On a given platform, PyTorch build and thread count, a run
is a pure function of its data, recipe and seed: parameters are created, and random numbers drawn,
in a fixed order. Seeds can train in parallel worker processes that inherit the parent’s thread count,
since CPU reductions depend on it, and are then bit-identical to seeds trained alone. Next to its seeds,
every run trains a control on the first seed with the span masks, and the labels with them, permuted
between windows: the spans then land where nothing marks them, and a control that still scores reveals
a positional leak.

Real windows. With real_windows, round(batch - real_frac) real windows join every batch in the
same forward pass, drawn from their own generators so that the generated windows of each step
are those of the run without them. Mode neg adds real negatives with all-outside targets; spans adds
windows labeled per span; distill teaches an ensemble’s mean output through KL(teacher || student).

Measured

« Real negatives (neg): on binaries, 44,947 real Windows windows cut false alarms on the PE
files of bin-fp-b from 498 to 10; twelve more formats in the same quota diluted the effect
(92) until the real share rose to 0.45.

 Labeled real windows (spans): the ensemble’s line F1 on the complete CredData TEST half
rose from 0.672 to 0.758; two earlier data changes had taken it from 0.462 to 0.585 and 0.672.
Every step was scored on TEST, which thereby served as a development set (Section 8.1).

« Learning rate, and a pretrained body, on code: mean findings of three seeds on the clean
repositories of code-fp-b were 107.7 from scratch at 107>, 103.0 with a body pretrained on
1.31 GB of code, 72.3 with that body at 3 - 1074, and 79.0 for a from-scratch control at 3 - 1074
the learning rate explains most of a gain first attributed to pretraining. No difference was
tested, and three seeds per arm do not resolve the smaller ones (72.3 against 79.0).

« Output projections at a quarter of the rate (out_lr_mult): false alarms of six seeds of an earlier
binary recipe on bin-fp-a (mean, worst seed) fell from 23.8 and 103 to 10.7 and 21; a 400-step
warm-up (11.8, 52), clipping at 5 (22.2, 78) and f; = 0.997 (28.5, 64) helped less or not at all,
and a zeroing threshold at a quarter of the scale (s/4, fewer zeros) did not help (43.5, 232; not
resolved, Section 4.11). The difference in means is one tail seed: without it, the base recipe’s
other five seeds average about 8. At one tail run in six, six seeds without one happen a third
of the time by chance, and the option was the best of five variants compared on the same
exam.
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Figure 11: The factory’s stage chain. Green stages can refuse: a failure stops the stage before it writes its
done. json, so no later stage runs; gray stages only record. A failed gate is the exception: eval writes its verdict
before it stops, the stages up to report may still run, and release refuses. Exams on real data are recorded after
training and judged against the criteria of the task file; their verdicts do not block.

Experimental machinery. About one binary run in six ended with 50 to 230 false alarms on bin-fp-a,
and fixing the initialization while varying the data order showed that the variance lives in the data
order [202]. The tail guard was built for it: every few steps the model reads fixed real negative windows
and a proxy counts those it flags, to keep the best late point or roll back. The proxy flagged none of its
windows even on a bad seed, whose false alarms came from one unusual file; the code’s note says the
guard “is expected to be blind”, and it stays off. Also off in every release: distillation (no script in either
repository builds a distillation set), a pretrained body (it helped on binaries in development, false alarms
on bin-fp-a of 2, 6 and 27 for three seeds against 43, 188 and 172 from scratch, a difference we attribute
to data scale, but not on code; the training repository has no pretraining script), and adapters.

6.6 The factory: what each stage enforces

A task runs through nine stages (Figure 11). Each writes a done. json with what it read and produced,
the hashes of its inputs and outputs and the task file’s hash, and refuses to start while the previous one
is missing. Table 15 lists every check in the code; an expected refusal ends with a one-line message and
exit status 2, not a stack trace.

The chain checks that the previous done. json exists, not that the task is unchanged: an edited task
shows as a different hash, and only the criteria are compared again (at finetune and eval). Several
documented rules are not code: “three seeds inform, six decide” is a checklist item, and a FAIL of a
pre-registered criterion is recorded and shown, while the code blocks a release only on the gate. The
factory therefore blocks leaks in the data it builds, silent options and unverified exports; it records, but
does not block, failed criteria, choices made on an exam and departures from written rules, and each of
the three releases took at least one of them (Section 6.12).
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Table 15: What the code checks at each stage. Stop: the stage fails and writes no done. json. Record: the result

is written and nothing is blocked.

Stage What the code checks On failure
data contract and guards; unread keys; corpus guard; train against test stop
train, select, real and guard windows against every registered exam  stop (dev exam: record)
baselines a rival exists, tuned on select and scored on test stop
finetune criteria unchanged; per seed, a bias on select, off the grid’s edge stop
eval control <0.10; the released seed’s recall on select meets the floor stop

the gate (Equation (30))

verdict written, then stop

synthetic criteria; “DECIDES” with decide and > 3 seeds record
calibrate, report  temperature 1.0 and the bias; a report from the done. json files only  record
export every tensor written or fused; no LoRA stop
verify identical spans, gating included, on the first 40 test windows (default)  stop
release the gate passed; the version is new stop
public bundle no internal string in card or metadata; matching versions stop, bundle deleted
none six seeds to decide; no FAIL or PENDING criterion; choices never on  written rules only

an exam

6.7 Selection and calibration on held-out data
For per-byte log-probabilities ¢ of the tag head, the decoder (Section 4) returns

T

= argmax Z (€4, + by,).
yE(VT =1

bo =0, bpe=bre=bge=0bse=p+0J, (29)

with V7 the valid BIOES sequences of length T; a larger operating bias f trades precision for recall
without retraining. For each seed, finetune scores the gated span metrics on the first 800 select windows
at 20 values of f§ from —6 to 6 (in steps of 0.5 from —4 to 3, and of 1 outside) and applies the task’s
policy: conservative takes the most precise bias whose recall reaches min_select_recall, f1 the best
F1 among those. If none reaches the floor, the best F1 is taken with a warning and the floor in eval
decides; an optimum on the edge of the grid is an error. Typed models can add per-type offsets J.. The
bias travels in the model file, where callers can override it. The release recipes use a floor of 0.60 and the
conservative policy (secrets-code, secrets-bin: bias 0.0) or f1 (pii: bias —0.5). The released seed is
the best on select unless the task forces one, which the report then marks: secrets-code 1.0.0 forced its
seed 1, recorded in the recipe as “the fewest findings of the three on the clean-repository exam code-fp-b,
a CredData TEST F1 within 0.01 of the ensemble’s”, while seed 2 was best on select: a selection on an
exam, made with the three seeds’ CredData TEST scores already known (Section 8.1).

The calibrate stage fits nothing: the choice head keeps temperature 1.0 because its expected
calibration error (ECE) [203] on the generated test windows is below what their number resolves (with
2,000 windows and saturated confidences, a perfectly calibrated model has a median ECE of about 0.001),
which says little about real inputs. Reported confidences are documented as uncalibrated: a logistic
model fitted on DEV ranked findings better (AUC 0.64 against 0.59, without intervals) but had an ECE
of 0.108 on CredData TEST, one more use of TEST, and was not shipped.

6.8 Evaluation: control, rival and gate

Metrics decode as the engine does (float64 Viterbi, lowest label index on ties) and compare spans as sets
with exact boundaries; the reading that counts is the gated one, with spans only in windows the choice
head calls positive. “A specialist that does not beat the classic rival of its task is not delivered”: the rival
is tuned on select and scored on test like the model (for credentials, an entropy threshold over quoted
literals; for personal data, patterns with checksums, context words and name lists). With F the mean

50



PureByte: SLMs Are the Future 6 The training stack

gated test F1 of the seeds and o its population standard deviation, the gate passes when
F = Fyjya > max (o, 1077), (30)

that is, when the advantage over the rival is more than the spread between seeds. The gate is a sanity
check, not a significance test: with three seeds, an advantage of one population standard deviation is
about 1.4 standard errors of the mean, and the rival is scored on the generator’s own test windows. The
control’s gated F1, read at the more favorable of the biases 0 and +3 so that a leak cannot hide behind
the bias, must be at most 0.10. On their synthetic tests, secrets-code scored a mean span-F1 of 0.891
over three seeds (0.880 to 0.898) against 0.330 for its rival, 72.6 spreads ahead; secrets-bin 0.890 over
six seeds (0.874 to 0.901) against 0.330 for the same entropy rule, 51.0 spreads ahead; and pii 0.824 over
six seeds (0.816 to 0.830) against 0.444 for its rules, 73.7 spreads ahead. All three controls scored 0.000.

A task that decides carries criteria written before training [204]: a date, a prediction, and thresholds
on synthetic metrics (checked by eval) and on exam metrics, checked when pbtrain eval records the
results of exams run with their own tools. Each criterion is PASS, FAIL or PENDING (“a FAIL is a result,
not a bug”), and criteria on seed tails read the worst seed. The date is the author’s record, not an external
time stamp. The first data stage of a version freezes its criteria in a file that is never rewritten: a later
data stage with other criteria under the same version is refused before it touches anything, and the
report and the release manifest say when the criteria were frozen. The conditions under which an exam
metric is read (operating point, exclusions, ensemble configuration, scanner version) are not in the
frozen block, and the released recipes predate this check. Exam metrics enter as a file of values, and the
criterion of pii was moved to another operating point without a change to its thresholds (Section 8.3).

Measured

Synthetic scores are not the result, and every run’s report says that they “do NOT predict real-world
performance”. Section 8.5 lists seven cases from the development of the three recipes in which a
synthetic or development signal and the real exam disagreed.

6.9 Export and verification

The exporter writes one GGUF file [191], in the lowest format version that can express it, and enforces
coverage: every tensor of the body and the heads is written or fused, or the export fails, as it does for a
LoRA adapter, which the format cannot express. Ternary weights become 2-bit codes with one float32
scale per group of 128, 2.25 bits per weight; the n-gram tables are stored at 4 bits with one symmetric
scale per row, which shrank the secrets-bin file from 193.8 to 28.8 MiB. The exporter never invents
behavior: profile, window, labels and operating point come from specialist.yaml and the calibration.

The verify stage runs the exported file in the runtime and requires the same spans as the PyTorch
checkpoint, window by window, gating included, at the file’s own operating point; comparing probabili-
ties would not be enough, since a different tie-break in Viterbi changes the spans while barely moving
the numbers. The runtime is the C++ engine’s model_dump tool when available, otherwise the pinned
NumPy reference, on the first 40 test windows by default. For 4-bit tables, the Python side quantizes its
tables as the exporter does and counts apart the windows changed by quantization alone: about 1 %
for secrets-bin (22 of 2,000 test windows). Before release, verify found the same spans on 2,000 of
2,000 test windows for secrets-code and secrets-bin, and on 40 of 40, the default, for pii, a sample
too small to rule out a mismatch rate of several percent; for pii, 4-bit storage alone changed the spans
of 2 of those 40 windows. Tests also export ten layouts and require the reference to match PyTorch’s
hidden states within 10™* (relative), log-probabilities within 1073 and spans exactly; the CI workflow
builds model_dump so that the C++ engine is compared too.

6.10 Releases

The release stage refuses when the gate did not pass and when the version exists: a version is written
once, read-only, with the GGUF of the released seed and of the other ensemble members, the report, the
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Table 16: The three release recipes on one AMD Radeon RX 6800 XT (16 GB) under Windows 10, with nightly
ROCm builds of PyTorch, in float32. secrets-code was timed with the fused kernels of the Radeon backend.
The fine-tuning stage is training plus the bias sweep and the checks.

secrets-code pii secrets-bin
Preset; parameters without heads nano; 1,927,520 nano_n15; 8,268,128  tiny_n18; 54,170,048
Model file 1,028,704 B 4,764,864 B 30,163,488 B
Generated training windows 80,000 192,000 40,000
Steps X windows per step 12,000 X (16 + 4 real) 12,000 X 16 6,000 X (16 + 7 real)
Bytes read per run 123M 98 M 71M
Seeds + controls; jobs at a time 3+1;4 6+2;1 6+1;2
Training 1,468 s 432-461 s per seed 3,459 s
Fine-tuning stage 1,590 s 1,802s + 1,783 s 3,665 s

task file, every done. json, and a manifest with every SHA-256, the code commit (marked +dirty when
the training code had local changes), the seeds and the machine. The public bundle adds public names,
one .sha256 per file, a model card and a catalog fragment, and refuses, deleting what it wrote, when
the card or the metadata carry an internal string (a drive path, a home directory, a private pattern) or
another version than the bundle’s. The card’s rules are written, not checked: every number with its
conditions [205], “TBD” for what was not measured, and what the model does not detect. Publication
happens in the runtime repository, by hand, and purebyte models pull must verify the files before a
release is announced. secrets-code ships its released seed and two more as an optional two-of-three
ensemble; secrets-bin (“a jury of three did not generalize out of sample”) and pii ship one model each.

6.11 Hardware and cost

The released examples were trained on one workstation: an AMD Ryzen 9 5900X (12 cores), 32 GB of
RAM and an AMD Radeon RX 6800 XT (16 GB, RDNAZ2, a consumer card from 2020), under Windows 10
with nightly ROCm builds of PyTorch, in float32 (Table 16). The three recipes took about 2.5 GPU-hours
together, including their bias sweeps and checks, and each data stage one to two minutes; the exams on
real data ran on the CPU and took longer (1 h 47 min for those of secrets-code, 4h 9 min for the binary
exams). Across the project, logged fine-tuning runs add up to at least 37.5 GPU-hours on that card, and
the release recipes are the survivors of about forty factory versions.

The stock step of these small models is dominated by kernel launches, so the stack carries a radeon
backend of fused HIP kernels for the RX 6800 XT: on nano with batches of 16 windows of 512 bytes, a
step fell from 74.0 to 32.0 ms in one process and to 22.6 ms in aggregate over four. The GPU still runs at
about 17 % of its peak, and a rented RTX 5090 with stock PyTorch was only 1.86 to 1.88 times faster than
the RX 6800 XT with those kernels, for five times the peak throughput. At that batch shape a nano job
needs 1.8 GB of VRAM and a tiny_n18 job 3.9 GB.

Training takes --device cpu|cuda|mps|auto: the CPU is the default and the reference, cuda an
NVIDIA (CUDA) or AMD (ROCm) GPU, mps Apple silicon, and auto the first found. A requested GPU
that is missing is an error, never a silent CPU run, and a lock admits one GPU job at a time. The Radeon
backend is deterministic from run to run, but not bit-identical to the CPU (the loss agrees to seven
digits, the worst gradient to 1.3 - 10~°). The device-parity test (opt-in, not run in CI) trains a nano model
for three AdamW steps on four random 512-byte windows on the CPU and on every GPU found, and
requires the losses to agree within 1072 relative: it shows that a device computes the same training step,
not that a full recipe on it lands where the Radeon runs did. The test status on 2026-09-25: the CPU is
the reference, and the CI workflow runs the training tests on it under Linux, Windows and macOS; an
RX 6800 XT under ROCm on Windows trained the released examples and passed the device-parity test
that day; AMD GPUs under Linux (ROCm), NVIDIA GPUs (CUDA) and Apple silicon (MPS) use the
same stock PyTorch code in float32 and have not passed the device-parity test; an RTX 5090 was used
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only to time training steps.

6.12 Reproducibility: guarantees and gaps

On a CPU, the public trainer reproduces bit for bit the weights of the earlier code base that trained the
released models: 27 golden cases cover every trainer path, each the SHA-256 of every weight after 20
steps of a two-block model of width 64 on one thread, and four more cover the pii paths. They were
recorded with PyTorch 2.4.1 (CPU), NumPy 2.2.1 and Windows on AMD64 and are compared only there;
the CI workflow skips them because CPU kernels can differ between processors of one platform (AVX2
or AVX-512), so they are verifiable on the recording machine, while a determinism test (the same run
twice, the same bits) runs everywhere. The credential generator matches bit for bit the arrays of the
generator the released models were trained with (on a generated test corpus), the PII pool rebuilds byte
for byte, the CredData download gave byte for byte the 11,564 files of the copy the released stream was
built from (the labeled files, 11,030 in the complete dataset, and the license files that CredData copies
with them), plus one labeled file that an antivirus had removed from that copy, and releases record the
code commit and every digest.

Limits of the claim

« The released weights are not reproducible bit for bit. They were trained on a GPU,
which rounds differently from the CPU reference, with an earlier, private code base of which
only the fingerprints are public; the public trainer matches that code on a CPU, verifiably only
on the recording machine. A retraining is a new draw from the distribution of the recipe’s
seeds: expect results within their spread (on CredData, 0.788 to 0.799 over three seeds; on
clean binaries, Section 8.4), not the released figures. No retraining with the public code has
yet been scored on the exams.

 Earlier corpora. The code corpus of the released secrets-code predates the data scripts:
cloned on 2026-09-19 and not pinned by commit, it held four CredData TEST repositories,
which its published CredData figures exclude, and five repositories of the clean-code exam
code-fp-c (Section 8.2). The code windows of pii, 4 % of its training windows, also come
from an earlier corpus, and the binaries of secrets-bin from the Linux system folders of the
training machine. None of them rebuilds byte for byte.

« A missing builder. No script in either repository builds the negative windows of
secrets-bin.

« A Python version. The CredData stream’s arrays are bit for bit the released ones only with
Python 3.14, because its generator validates provider values with catalog rules that compile
differently across versions (99 of the 120 sampled rules on 3.14, 96 on 3.12, 116 on 3.10).

+ Release data that today’s factory refuses. The released secrets-code was trained on
the full CredData stream, 847 of whose 24,000 windows (392 with a credential) share a 64-
byte block with files of 136 of the 168 CredData TEST repositories, and the released pii
on a pool of which about 3 % of the documents share one with the PII Masking Benchmark
or pii-bench-test (the factory’s held-out sample of 4,122 documents from the test and
validation splits of three of its source datasets). The runs of secrets-code and secrets-bin
were imported after training, so the factory’s leak check never ran on their data; that of
pii reported the shared blocks and kept them, as trained. The data stage now refuses both
data sets, so neither release recipe runs end to end on its release data; --exam-overlap drop
builds data without them (23,153 stream windows when only CredData TEST is fingerprinted),
which the factory accepts and which is not the release data. The measured effects on the
published scores are small: without the labeled TEST lines inside shared blocks (12 positive,
122 negative), the CredData F1 falls by 0.00001, and the benchmark’s mean F2 is 0.7686 instead
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of 0.7689 without the 1,018 sentences that share a block, a count that cannot see shared
templates (Section 8.3).

« Written rules the releases bent. secrets-code was decided on three seeds, its released
seed was chosen on an exam while its CredData TEST scores were known, and two of its
pre-registered criteria failed; the probe-recall criterion of secrets-bin failed for two of six
seeds; the criterion of pii passes only at the operating point it was moved to after it was
written, and its data mix ships against the pre-registered tie rule (Section 8.3). All were
released, which the code allows.

« One workstation, with one GPU, produced every training measurement except the RTX
5090 step timing.

7 Vibe Training: an Al that trains small Als

Definition 10 (Vibe Training). Vibe Training is training an Al Specialist by describing the job to an
Al coding agent, the way vibe coding builds software. The agent turns the description into a task file,
data, success criteria written before training, trained seeds, examinations on real data and a released
model file. A factory makes those steps checkable by the person who asked: it blocks leaks between
training data and examinations, options that change a result silently and exports that the runtime does
not reproduce; it records, but does not block, a failed criterion, a choice made with an examination in
view and an override of a pre-registered rule (Section 6). Each of our three releases took at least one of
those recorded exceptions (Section 8).

A request can be one sentence: “Train an Al Specialist that flags the customer names and addresses
in our support-ticket CSV exports, and tell me honestly how good it is.” What follows that sentence is
ordinary machine-learning engineering (Figure 12): write or adapt a data generator grounded in real
bytes, fetch public data and fingerprint the examination sets first, write the criteria, train three to six
seeds and a control, compare with a classic rule, choose an operating point on held-out data, verify that
the runtime gives the same answers as PyTorch, and write the model card. None of it is new. What is
new is who does it, how cheaply, and what the result costs to run. This section argues that for byte-level
jobs that meet the conditions of Hypothesis 11, an agent that trains a specialist is a better use of an
agent than one that writes rules for the job or one that reasons about every input at run time. We state
the claim as a hypothesis with its conditions, give a cost model with explicit assumptions, and separate
what we measured from what we did not.

7.1 Ways an agent can do a byte-level job

Take a job whose input is bytes and whose answer is a decision, a score or a set of byte ranges: is there
a credential in this file, which bytes of this ticket are personal data, is this log line anomalous, is this
blob a known format. An Al agent asked to automate it has three basic options.

(a) Write a program: rules, regular expressions, parsers. It is cheap to run and easy to audit, and it
is exact where the pattern has a fixed form. It misses what has no fixed form (a password in a
variable called p, a surname without a title), and each new miss costs another rule.

(b) Ask a general model at run time: send every input, with the job’s description, to a large model,
hosted or local. It needs no training and adapts to a new question at once. Every input then pays
a large model’s compute, and, if the model is hosted, a network round trip and a copy of the data
at the provider.

(c) Train a specialist (Vibe Training): the agent spends its effort once, on data and evaluation;
the result is a model file of 1 to 29 MiB that answers a short input in about a millisecond with
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Figure 12: The Vibe Training loop. A person states the job and accepts or rejects the result; the agent does the
engineering through the golden path of the training repository; the factory’s checks (gray) stop leaks, silent
options, changed criteria and runtime mismatches with a message that says why. The output is a file that the
runtime executes on ordinary CPUs, with no agent in the loop.

the same bits on a platform

Runtime: x86-64 or arm64 CPU, ofﬂine,]

eight threads of a desktop CPU (3 to 6 ms on one core), offline, with the same bits every time
on a platform. It answers only the question it was trained for, and needs data that describe that
question.

Three more options combine these. (d) Extract candidates with rules and verify them, with a learned
classifier or a large model that sees only the candidates: the state of the art in secret scanning, where a
machine-learning filter or an 8-billion-parameter model classifies the candidates of regular expressions
[148, 152]; it divides the large model’s calls by the ratio of candidates to inputs. (e) Fine-tune a small
pretrained encoder, as the leaders of the PII benchmark did (Section 3.3). (f) Specialize a small local
generalist with a small adapter per job, as Program-as-Weights does with a 0.6-billion-parameter model
[124] and as on-device foundation models do with low-rank adapters [206]. Option (c) keeps its advantage
where there are no candidates to extract (a value defined by its context, a credential inside machine
code), where no pretrained model fits the device, where an audit needs the same bits every time, and in
cost per byte on a CPU; (d) and (e) are its closest competitors, and we have measured neither against it,
except (e) through the PII benchmark’s leaderboard.

Table 17 compares (a), (b) and (c) on what we can measure with the released runtime. It is a choice
of where to spend an agent’s intelligence: once, at development time, or again on every input.

7.2 The hypothesis and a cost model

Hypothesis 11 (Specialists pay off). Let a job map byte strings to a decision, a score or byte ranges,
where (i) the answer depends on local patterns that a model can learn from examples, (ii) examples can
be collected or generated, with a held-out real examination set, (iii) the question is stable for the life of
the deployment, and (iv) the job runs many times. Then a specialist trained by an agent costs less in
total than asking a general model at run time beyond a number of decisions N* that the model below
estimates under stated assumptions, provided its errors cost no more than the general model’s; and it
costs less than rules written for the job beyond a number of decisions that falls as a miss costs more,
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once a missed positive costs more than about ten to twelve seconds of a person’s time (on CredData
as distributed and on its original values, with a false alarm costing a minute), because on the patterns
without a fixed form it makes fewer errors than a mature rule set.

The four conditions are where the hypothesis stops. Without (i), there is nothing to learn from bytes:
questions that need knowledge of the world (“is this company sanctioned?”) belong to a large model
or a database. Without (ii), the specialist cannot be trained or, worse, cannot be examined. Without
(iii), the specialist must be retrained as the question moves, which the cost of maintenance below has to
carry. Without (iv), the one-time cost is never repaid: a question asked ten times should be asked of a
large model.

A cost model. Let each approach s have a one-time cost Dy to build it, a cost M to maintain it over
the deployment (retraining, rule updates), a marginal cost ¢, per decision, and an error rate per decision:
a fraction mjg of decisions that miss a positive and f; that raise a false alarm, which cost Cyss and Cg,
each (for example, minutes of a person’s triage). Over N decisions its total is

Ts(N) =Ds+M;+ N (Cs + es), es = MsCriss + fscfa, (31)
and a specialist (s = spec) beats an alternative s = alt once

(Dspec + Mspec) - (Dalt + Malt)

N> N*=
(calt + ealt) - (Cspec + espec)

(32)

In the estimates below we set M aside, which favors the specialist in proportion to how often it must
be retrained.

Against run-time reasoning. We did not measure a general model’s errors on our examinations,
so we can only state the crossover when the error terms are equal, which is the hypothesis’s proviso.
In units of waiting time, with the measured cgpec = 0.82 ms for a short decision (on eight threads, so 3
to 6.5 milliseconds of CPU cores) and cpyy, = 236 ms, the hosted decision API quoted above, a specialist
whose building took a full day of an agent’s and a person’s time (Dgpec = 86,400 s, far more than the 25
minutes of GPU time it needs) is repaid after N* ~ 367,000 decisions: about an hour of a service that
decides a hundred times per second. Figure 13 draws Ts(N) over the ranges of Section C: the crossover
lies between about 7 X 10* and 4 X 10 decisions against the quoted hosted API, and between about
8 x 10% and 4.5 x 10% in the separate, assumed scenario of a model that reasons for 2 s. In money the
crossover moves by orders of magnitude: with an assumed 500 to 1,000 dollars for a person’s day and
the agent’s tokens, and an assumed 10~ to 10~ dollars per short hosted call, N* lies between 5 x 10°
and 10® decisions. And the agent’s own work is itself run-time reasoning: if a day of agentic engineering
uses 107 tokens and a run-time decision 10°, the build alone equals 10* decisions of option (b). The
waiting-time numbers illustrate Equation (32); they are not a measurement of Vibe Training, since we
did not measure how long an agent takes to build a specialist (Section 7.5).

Against rules. Here the build and the run favor rules at every N (Figure 13), and the case for the
specialist rests on the error terms, which we measured on CredData’s labeled lines. On its test half
without the four repositories that overlap the training corpus (164 of 168; secrets-code learned partly
from labeled lines of the other half), about 9.5 X 10°> windows of 384 new bytes of code, secrets-code
finds 3,077 labeled credential lines with 422 false alarms, and gitleaks with its default rules finds 875
with 92 (Section 8.2): 2,202 more hits for 330 more false alarms. With a false alarm costing a minute of
triage, the specialist makes fewer costly errors as soon as a missed credential costs more than about ten
seconds of a person’s time, and from there the crossover of Equation (32) is finite: between 1.1 X 10° and
7.4 x 10° windows (40 to 270 MiB of code) if a miss costs a minute, between 9 x 103 and 6.4 x 10* (3 to
23 MiB) if it costs ten minutes, and a few megabytes if it costs an hour (Figure 14). A leaked credential
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Figure 13: The cost of computing N decisions (Equation (31) with e; = M; = 0), in hours of waiting time, over
the parameter ranges of Section C. The specialist’s per-decision cost is measured; the general model’s is quoted
(236 ms, a hosted decision API) or assumed (2 s, a model that reasons before answering); the build costs are
assumptions. In this view rules cost less than the specialist at every N, and the specialist’s line rises past 107
decisions; against rules, the specialist pays off only through the errors it avoids (Figure 14).

usually costs far more than an hour. These rates come from one benchmark as distributed, against one
mature rule set. On its original values, which flatter the specialist less (Section 8.2), it finds 1,610 more
lines for 321 more false alarms (2,460 and 413 against 850 and 92), which moves the threshold from
about ten to about twelve seconds. In both, false alarms are counted on labeled lines only, for both tools,
so the thresholds leave out flags on unlabeled lines (on 36 clean repositories the specialist reports 639
findings in 10,820 files, a rate not measured for gitleaks).

7.3 Why a trained model, and not a program the agent writes

An agent that writes rules produces what a careful engineer would: patterns for the known formats,
keywords for the rest. We expect such rules to plateau on patterns without a fixed form, but we did
not measure rules written by an agent against the effort spent on them; the rival we measured on real
data is gitleaks, a mature collection of community rules, not rules of comparable cost (against those we
compared only on generated windows, Section 6). On CredData, gitleaks has the higher precision (0.905
against 0.879) and a recall of 0.207; the released secrets-code model finds three and a half times as many
labeled credential lines (3,077 against 875; recall 0.729) on the 164 of CredData’s 168 test repositories that
do not overlap its training corpus (3.1 times on all 168, 2.9 times on the original values), after learning
partly from the benchmark’s other half, and with the caveats of Section 8.2. Most of the difference
sits where the form is not fixed: passwords and tokens identified by their context. Rules come close
only for private keys (recall 0.84 against 0.90); on provider patterns, a fixed form, the model also leads
(0.85 against 0.28), a gap we have not explained. Rules keep far more speed per byte. For personal
data, a pipeline of rules and a named-entity recognizer (Presidio with spaCy’s large English model)
scores F2 0.586 on the PII Masking Benchmark (its leaderboard entry), and the 8.3-million-parameter pii
specialist 0.769; Presidio’s recognizers are English and typed, while the benchmark counts every labeled
character as one type in 23 languages, so the comparison favors a model trained on the benchmark’s
own generators.

Vibe Training does not remove rules; it moves them into the data. The generators of the credential
specialists read the rule catalogs of gitleaks and trufflehog to produce their positives (Section 6), and the
model then learns what the rules cannot express from the context around those values. The agent’s
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Figure 14: Against rules, the specialist pays off through the errors it avoids: the crossover N* of Equation (32)
between secrets-code and gitleaks with its default rules, in windows of 384 bytes of code, as a function of the
cost of one missed credential. Error rates per window measured on the published scope of CredData’s test half;
a false alarm assumed to cost 60 s of triage; the band spans a specialist that takes 3.4 to 24 hours longer to build
than the rules; costs per window of 2.9 ms (the specialist on the whole desktop) and about 0.04 ms (gitleaks).
Left of the dashed line, rules cost less at any N.

effort moves from writing exceptions to writing data and examinations, which is where an agent is
already strong: code for generators, scripts for data, tests.

7.4 Why not reason at run time

A large model can often answer these questions well; the argument against asking it on every input is
cost, latency, privacy and determinism, and against a local model only the first two remain.

« Latency and throughput. 2.81 ms with eight threads of a desktop CPU for a 256-byte window
that holds Laya’s test line (0.82 ms for a 64-byte input, 3.0 ms on one core), against 373 ms for
Laya with twelve threads of the same CPU, and, as quoted by Laya’s model card, 33-40 ms for
Laya on a data-center GPU and 236-276 ms for a hosted decision API (Section 5); the specialist
scans a code base at 131 kB/s on the whole desktop.

« Privacy. A secret scanner or a personal-data filter that sends the data to a remote model has
moved the problem instead of solving it. A specialist, like any local model, runs in the process
that holds the data.

+ Determinism and audit. The runtime gives the same bits for the same input on every kernel
and at any thread count of a platform, and decisions that are expected to agree across platforms
(Section 5.2); a model file has a SHA-256, so a finding can be rerun with the same file.

« Cost at scale. Condition (iv) of Hypothesis 11: pre-commit hooks, log pipelines and data exports
make millions of decisions.

« Where it runs. Megabytes of weights and of memory reach machines where no large model runs
(Section 5.8.1).

Large models remain the right tool for questions that change every time, need knowledge of the world,
or are asked a few times. They are also the natural authors of specialists: Vibe Training puts the large
model where its generality pays, at development time.
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7.5 This project as a case, and what we did not measure

The runtime, the training stack, the three example specialists and this paper were developed by the
author working with an Al coding agent, which wrote most of the code, generators and documentation,
ran the training and evaluation campaigns (about forty versions of the factory’s tasks) and reported the
results; the author set the goals, the criteria and the decisions to release. This is the author’s account,
not a controlled measurement, and it is the one data point we have on the cost of building: at least 37.5
GPU-hours, generators of 2,354 and 2,662 lines, and real examinations that took longer to build than the
models (Sections 6 and 8), well above the 4 to 24 hours that Figure 13 assumes for a new specialist once
the stack exists. The account still shows the loop working, and its checks catching real problems:

« the data stage, added after the release was trained, refuses the real-window stream that the
released secrets-code learned from, because 847 of its windows share 64-byte blocks with files of
CredData’s test half; future versions train on the stream rebuilt without them, and the measured
effect on the released model’s score is a change of —0.00001 in F1 (Section 8.2);

« seed-to-seed variance exceeded most of the architecture effects we measured (Section 4.11), which
is why three seeds inform and six decide;

« after the release, a document memory that looked valuable on constructed documents was
measured on the real examination set and withdrawn: copying the model’s decisions across
a file copied its errors (Section 9.4).

It also shows the limits. Vibe Training still writes code, and “most of the work of a new specialist is
its data”. Several of the factory’s rules are recorded rather than enforced (Definition 10), and our own
releases took those exceptions. And we have not measured the agent itself: how long a new specialist
takes, how many attempts, how often a person must intervene. That measurement, a benchmark of Vibe
Training tasks with success rates and costs in the spirit of benchmarks of agents doing machine-learning
engineering [114, 116], is the next step.

7.6 Train-yourself, and small models as the tools of agents

Thesis. Train-yourself

We conjecture that agents will increasingly meet repetitive, high-volume, byte-level questions
inside larger tasks: triaging logs, scanning uploads, filtering data exports, checking configurations.
Instead of answering each instance, an agent can train a specialist for the question, check it against
a held-out examination with criteria written beforehand, and then call it as a tool: fast, private,
deterministic and cheap, on the machine where the data are. The large model does the thinking
once; the small model does the work every time. Each retraining needs labeled data and a fresh or
reusable examination [208], whose cost the model of Equation (31) carries only in M;.

This view extends the argument that small language models suit many of the repetitive calls inside
agentic systems [3], and the practice of letting models call tools [135, 136], in one direction: the small
model need not exist before the agent needs it, because the agent can make it. It covers the calls that
decide, score or locate; an Al Specialist cannot stand in for the calls that must generate text or structured
output, such as a tool call written in JSON. And it stops where the evidence stops: we have shown
the pieces (the factory, the checks, three specialists and their measurements), not an agent that trains
specialists unattended in production.

Limits of the claim

Hypothesis 11 is a position, argued with measurements of the specialists and with a cost model
whose build costs and prices are assumptions. We did not measure agents building specialists, nor
large models answering these questions on our examinations, so the crossover against run-time
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reasoning assumes equal error costs. The crossover against rules rests on the error rates of one
benchmark against one rule set. The specialists answer only the question they were trained for,
from the bytes they see; they need data and an examination set, and a person must still define the
job and accept the result.

8 Case studies: three Al Specialists

The release ships three Al Specialists: secrets-code finds credentials in source code and configuration,
pii masks personal data in any text, and secrets-bin finds credentials inside compiled binaries. They
are examples of one architecture (Section 4) and one factory (Section 6) on three kinds of bytes (Table 18).
This section reports how they were measured, what they score under which conditions, where they fail,
and what they teach together. Results come from the release’s benchmark report and model cards, and
development measurements from the records behind Section 6.

8.1 How we measure
The three specialists were measured under the same seven rules, stated in the release before its figures.

(1) Public data, where it exists: CredData [150] at commit c@9c@c5 (2026-09-06; 337 repositories,
11,030 labeled files, obfuscated by the official scripts) for secrets-code, and the PII Masking Bench-
mark (PIIMB) [161] at revision 7d797b9f (150,022 sentences in six tasks; CC BY-NC 4.0: never trained
on, used to measure and, during development, to compare variants) for pii. CredData is scored by
line units: a unit is one labeled line range, positive when any of its labels marks a credential. The
snapshot has 64,474 units, 14,935 of them positive (about a third are openssl test vectors), and its
policy counts test and example values, UUIDs, salts and nonces as credentials; these units are not
the “true credentials” of CredData’s first README (4,583 in 297 repositories), an earlier and smaller
version. CredData’s script replaces only the values labeled as credentials, with random strings of
the same character classes that avoid words such as key or pass, repeated characters and sequences;
negatives keep their original values. We know of no public, labeled benchmark of credentials in
binaries; secrets-bin is examined on our own exams.

(2) Splits fixed before measuring. CredData is split 50/50 by repository with the seed 20260922:
repositories sorted by positive units are paired, and a seeded coin sends one of each pair to DEV
(169) and the other to TEST (168). The public scorer computes the split from the dataset’s metadata,
and the training-data builder imports it (Section 6.3).

(3) Criteria written before training, in the recipe, with a date and a prediction in words (Section 6.8).
The date is our own record, not an external time stamp; today’s factory freezes the thresholds of a
version, not the conditions under which an exam metric is read, and the released recipes predate that
check. Every verdict is reported, and so is every change to a criterion or to a written rule. By the
criteria as first written, each of the three released models failed at least one: two false-alarm guards
of secrets-code, the probe-recall floor of secrets-bin for two of its six seeds, and the precision
floor of pii at the operating point its criterion first named, which was moved to the default point
after the criterion was written; pii also ships the data mix that its pre-registered tie rule did not
keep. All three were released.

(4) Several seeds: three for secrets-code, six for the others, plus controls on shuffled span labels that
must score about zero; the spread is reported beside the released file.

(5) The released model is picked on held-out data, with one exception. For pii and secrets-bin,
the seed with the best F1 on the recipe’s own select split, before any exam was read. For secrets-code,
the seed with the fewest findings on code-fp-b, a set of clean public repositories, among seeds
whose CredData TEST F1 was within 0.01 of the ensemble’s (Section 6.7). The three seeds’ TEST
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scores (0.788 to 0.799 on the published scope) were known when it was chosen, so the choice can
move the headline F1 by up to 0.011; the chosen seed is not the best of the three on TEST.

(6) Rivals in the same harness, where possible. gitleaks 8.30.1 [145], with its default rules, and
TruffleHog 3.97.6 [146], without verification so that nothing was sent to any service, ran on the
same CredData files and machine and were scored by the same code. Neither follows CredData’s
labeling policy. CredSweeper’s rules without its learned validator [148], the strongest rule-based
baseline for CredData’s categories, were not run, nor was any classical learned baseline, such as a
linear model over character n-grams trained on the same DEV lines. Other PIIMB models are quoted
from the public leaderboard (retrieved 2026-09-23). For binaries, the rival is strings -n 8 with
regular expressions, run on the probe only.

(7) Bootstrap intervals over repositories. CredData F1 comes with a 95 % interval from 1,000
bootstrap resamples of the repositories that hold a positive unit or a false positive of the tool (pooled
counts, 2.5th to 97.5th percentile), which leaves a Monte Carlo error of a few thousandths on each
end. It covers the sampling of repositories, not the variation between training runs. Only F1 carries
an interval: differences between tools and the per-family figures have none. A change between two
scorings of the same findings is resampled in pairs, with the paired mode of the public scorer. On
PIIMB we give the six seeds’ range instead, which is not a sampling interval.

Training data are compared with every exam through 64-byte content fingerprints (Section 6.3.1),
but the checks came after the released models were trained (Section 6.12); what they find in the release
data is declared below with its measured effect. CredData TEST is counted, never inspected: errors are
studied on the 51 DEV repositories that fed no training window (194 training windows share a 64-byte
block with their files). Speed is measured apart (Section 5).

Exams that were also development sets. Several exams also chose among development variants
(Table 19). With about forty factory versions compared on them (Section 6.11), their figures are those of
the survivors: partly in-sample, and optimistic as estimates for unseen data. Only the held-out extension
modules of secrets-bin were set apart before any model was trained and never inspected.

8.2 secrets-code: credentials in source code

The job and the model. Find API keys, tokens, passwords, private keys and connection strings
in code, configuration and other text, and report file, line, column, byte offsets, a severity and a
snippet in which the detected value is masked (other text on the line is shown as it is), without ever
contacting a service. The profile decodes base64 layers, ignores documentation examples such as AWS’s
AKIAIOSFODNN7EXAMPLE, and reports findings in test, example and documentation paths as warnings,
which do not fail a scan. An optional ensemble adds the recipe’s other two seeds with a two-of-three
vote, for three times the work.

The data and the recipe. Most training windows are real code, from repositories cloned on 2026-09-
19, with generated lines injected, credentials or look-alikes, of which only the credentials are marked
(Section 6.3); the recipe draws 80,000. One window in five of every step holds labeled lines of 117 of the
169 CredData DEV repositories, without openssl (about a third of CredData’s positive lines are its test
vectors) and the 51 kept for analysis; half of their credential values are replaced by generated values of
the same form, and the other half keep CredData’s obfuscated values. Three seeds and a control ran
12,000 steps at 3 - 10~* in 24.5 minutes on one RX 6800 XT. During development, the steps that moved
the ensemble’s F1 on the complete TEST half were all changes of data (Section 6.5), each scored on TEST
(Table 19).

Results on CredData. On CredData’s TEST half without the four repositories that overlap its training
corpus (164 of 168 repositories, files up to 4 MB, obfuscated values; Table 20 and Figure 15), secrets-code,
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Figure 15: F1 on CredData TEST without the four repositories that overlap the training corpus of secrets-code
(164 of 168 repositories, files up to 4 MB, 4,219 labeled credential lines, obfuscated values), with 95 % bootstrap
intervals over repositories (1,000 resamples). Same machine and scorer for the four tools (the model on regions
around the labels, the rivals on whole files); gitleaks with its default rules; TruffleHog, whose detectors target
provider formats, without verification. Counts, precision and recall in Table 20.

which learned from labeled lines of the DEV half under the same labeling policy, finds 3.5 times as many
labeled credential lines as gitleaks with its default rules (3,077 against 875; 3.1 times, 3,491 against 1,119,
on all 168 repositories), at a close precision on labeled lines (0.879 against 0.905), and still misses about
one in four (recall 0.729). At the operating point chosen on DEV for precision (--bias -2, Table 21a),
it is more precise than gitleaks on labeled lines (0.932) and still finds 3.2 times as many (recall 0.663).
The ensemble adds little (0.805) for three times the work; TruffleHog, whose detectors target provider
formats and which we ran without verification, finds 104 lines. Precision counts labeled lines only, as in
CredData’s own benchmark: a line flagged outside every labeled unit is neither rewarded nor penalized,
for any tool, and we have not counted such lines. The line rule also credits a finding that touches a
labeled line whatever part of the line it covers, so it does not measure whether a masked copy hides the
whole value. For orientation only, not as a validation, CredData’s 2022 table, on an older version of the
dataset, another version of gitleaks and the whole dataset, gives gitleaks an F1 of 0.334, consistent with
the 0.344 of our harness on the complete TEST half. Files are limited to 4 MB, which covers 98 % of the
dataset’s labeled credential lines and 94 % of those of the published scope; over all sizes (4,474 positive
units) the F1 is 0.772 [0.676-0.852], and 0.347 [0.269-0.426] for gitleaks.

Why four repositories are left out. The code corpus of the released weights held four repositories
of CredData TEST: django (f710ac3c), kubernetes (fc8343f4), curl (e13d78bf) and ohmyzsh (c8aa9b49).
No TEST label was used, but the model saw their code, as ordinary code with injected credentials, so
the published figures leave them out, whatever the direction of the effect. Leaving them out favors
the model: its F1 is 0.797 without them and 0.753 with them, the ensemble’s 0.805 and 0.758, while
gitleaks’ is 0.337 and 0.344, and the ratio of lines found to gitleaks’ rises from 3.1 to 3.5. The two halves
of Table 20 isolate the four: they hold 1,076 of the 5,295 positive units, on which the model finds 414
(recall 0.385, against 0.729 elsewhere), the ensemble 436 (0.405) and gitleaks 244 (0.227, against 0.207
elsewhere). Whether the overlap causes the model’s weakness there is untested; one possible reason is
that only the injected credential of a generated window is marked, so any real credential in that code
was taught as ordinary code. These four are left out whole, while the TEST lines that share 64-byte
blocks with the DEV stream are handled line by line (below); how many positive units of the four fall in
blocks shared with the code corpus was not measured.

Where the difference lies. By family (Figure 16), the gap is largest where a value has no fixed form:
passwords (recall 0.88 against 0.06 for gitleaks), URL credentials and Basic authentication (0.99 against
0.01), generic keys (0.82 against 0.49) and tokens (0.69 against 0.44). Where the form is fixed, rules come
close only for private keys (0.90 against 0.84); on provider patterns the model leads (0.85 against 0.28), a
gap we have not explained: the mapping of CredData’s categories to this family, gitleaks’ allowlists for
test and example values and the obfuscation of values are the first suspects. These family figures are
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Figure 16: Recall by family of CredData categories, same data and conditions as Figure 15; after each family, its
number of positive line units, and for secrets-code its precision on the family (P). The public scorer derives a
unit’s family from its official categories. T By design, secrets-code reports a UUID, salt or nonce only under an
unequivocal credential name; CredData labels most of them as credentials.

partly in-sample: the recipe’s development was steered by per-family recall targets on this TEST half
(Table 19). UUIDs, salts and nonces, which CredData labels as credentials, are reported only under an
unequivocal credential name, by design (recall 0.12, precision 0.98); an exploratory slice, defined after
this weakness was known, leaves out the lines that hold only such values (3,527 positive units): there
the F1 is 0.863 [0.800—0.909], and 0.389 [0.302-0.498] for gitleaks.

Operating points and weak spots. Two operating points were chosen on the 51 held-out DEV
repositories before the released model was scored on TEST (Table 21a); 194 training windows share a
64-byte block with their files, so they are not wholly independent of training. On those repositories
(1,042 positive units; precision 0.876, recall 0.728), the misses concentrate in UUID lines (recall 0.06 on
228 units), values with no name next to them (0.79 on 70), short quoted passwords (0.88 on 210) and
Authorization headers (0.70 on 10), and 48 of the 107 false positives are short ordinary values under a
credential-like name.

False alarms on clean data. CredData’s precision counts labeled lines only. On 36 popular repositories
without live credentials (Table 21b), the CLI reports 639 findings in 10,820 files, 531 of them warnings
(keys, certificates and Basic headers of tests, fixtures and documentation). The 108 errors come mostly
from integrity hashes in package-lock. json files, base64 images in a notebook and demo keys of
example applications (44 in awesome-compose). Nine of the repositories were in the training data, so
their counts can be off in either direction: five are CredData DEV repositories whose labeled lines fed
the stream, at other commits (tornado, starlette, got, devise and awesome-compose), and five were
in the code corpus of the generated windows (awesome-compose again, nginx, helm-charts, dotfiles
and home-manager). Without them, the sets give 463 findings in 7,299 files, 420 of them warnings.
Eight of the 36 are CredData repositories (the five of DEV above, and phoenix, ansible-for-devops and
helm-charts of TEST), in which CredData labels test and example values as credentials: what the model
was trained and scored to report on CredData counts here as a false alarm. The count on code-fp-b is
optimistic in either row, because the released seed was chosen there, and no rival was run on these sets,
so the counts have no reference.
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Criteria and release. The recipe’s four criteria were written on 2026-09-23, before training, with a
prediction. The two on CredData passed: the ensemble’s F1 and precision on the complete TEST half
had to reach 0.55 and 0.85, and the research code measured 0.755 and 0.880 at release, with all three
members at bias 0 (the released ensemble, each member at its own point, gives 0.758 and 0.867 with
the CLI). The F1 threshold sat far below what the recipe without the real stream already scored on the
same half (0.672 when scored like the released ensemble, 0.690 in the research count), so it could fail
only on a collapse; the precision threshold was close to that recipe’s precision (0.885 and 0.848). The
written prediction, an F1 0.04 to 0.08 above that recipe, held in the research count on which the verdicts
were computed (+0.065) and was exceeded when scored like the released ensemble (+0.086); its precision
part, a fall of 0.01 to 0.03, held only in the latter (0.885 to 0.867), since the research count rose (0.848 to
0.880). The two false-alarm guards on code-fp-b, at most 129 findings for the worst seed and 107 for the
ensemble, failed: the research scanner counted 571, 360 and 455 findings for the seeds and 410 for the
ensemble (the CLI reports 408 for the released file). We released anyway, after reading 40 such findings
of the recipe’s previous candidate, 93 % of them in test, example and documentation paths and most
of them credential-shaped test data: a judgment made after seeing the result. The recipe also trained
three seeds where the release checklist asks for six, and the factory’s rule would have released another
seed, the best on select; the released one was chosen for its fewest findings on code-fp-b among the
seeds with a CredData TEST F1 within 0.01 of the ensemble’s, with the three seeds’ TEST scores already
known.

What reading context gets, and where rules win. The model decides from a value and its sur-
roundings: the name it is assigned to, the syntax, the kind of file, the lines around it. That is how it finds
a password that no pattern describes, and leaves alone a line named like a password that only reads
an environment variable. Rules keep a slightly higher overall precision on labeled lines (0.905 against
0.879), come close on private keys, and keep speed (in an earlier session, on a busy machine, gitleaks
read CredData roughly 80 times faster than the model reads code), verification of live credentials, which
TruffleHog is built for and we disabled, and audit rule by rule. The release’s advice: run both.

Training-data overlap. Beyond the four repositories, the released model was trained on the full
stream of 24,000 windows built from DEV, and 847 of them (392 with a credential) share at least one
64-byte block with files of 136 TEST repositories; no TEST credential value is in the stream. Today’s
factory refuses that stream (Section 6.12). Only 12 of the 4,219 positive TEST lines and 122 of the negative
ones fall inside those blocks, and scoring without them lowers the F1 by 0.00001 (paired 95 % interval
—0.00093 to +0.00092), as computed by the public scorer’s paired mode on a list of lines that we do not
publish. Three caveats remain. DEV shares TEST’s labeling policy (credential-shaped values in test code
count), so part of the gain over rules may be CredData’s conventions, which the model learned and
gitleaks’ default rules do not follow. The obfuscation favors the model: on CredData the credentials are
random strings with no words in them, while negatives keep their natural form (Section 8.1), and half of
the DEV values the model learned from keep that random form. We measured how much (Table 22): the
same 4,737 files of the published scope, scanned as distributed and with the original values restored
(fetched from the original repositories at the pinned commits, scanned, then deleted; no value was
printed or stored; the fetching script is not published, because it handles third-party credential values),
differ only inside the 4,219 credential lines. On the original values the recall of secrets-code falls from
0.729 to 0.583 (paired 95 % interval of the change —0.189 to —0.114) and its F1 from 0.797 to 0.694, while
gitleaks barely moves (recall 0.207 to 0.201, F1 0.337 to 0.329): the model still finds 2.9 times as many
labeled credential lines as gitleaks (2,460 against 850), not 3.5. The loss is in passwords (recall 0.881
to 0.482), most of all in passwords that are ordinary words in the original (646 lines, 0.870 to 0.389);
authorization headers, URL credentials, private keys and UUIDs barely move. The figures of Table 20
are those of the benchmark as distributed, and they overstate the model’s recall on real passwords.
Finally, CredSweeper [148], whose rules target CredData’s categories, is not compared: its published
figures come from a learned validator trained on CredData and are reported on the whole dataset without
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a split, and we did not run it, not even with its rules alone.

Measured

CredData TEST without the four repositories that overlap the training corpus (164 of 168 repositories,
files up to 4 MB, 4,219 labeled credential lines, obfuscated values; the same machine and scorer for
every tool): secrets-code 1.0.0, 1.9 M parameters without heads in a 0.98 MiB file, trained partly on
labeled lines of CredData’s DEV half, has precision 0.879, recall 0.729 and F1 0.797 [0.719-0.860];
gitleaks 8.30.1 with its default rules has 0.905, 0.207 and 0.337 [0.263—-0.421]: the model finds 3.5
times as many labeled lines (3,077 against 875; 3.1 times on all 168 repositories, 3,491 against 1,119);
on the original values, which the benchmark obfuscates, 2.9 times (2,460 against 850) and F1 0.694
(Table 22). The recipe’s three seeds score 0.788 to 0.799; on the complete TEST half (168 repositories)
the released model scores 0.753 [0.665-0.841]. On 36 repositories without live credentials the CLI
reports 639 findings, 531 of them warnings; 463 without the nine repositories that were in the
training data. The count on code-fp-b is optimistic, because the released seed was chosen there.

8.3 pii: personal data in text

The job and the model. Mask much of the personal data in any text (names, contact details, identity
and account numbers, dates, places, companies, credentials) as one type, PII: its character recall on
PIIMB is 0.77, with an F2 far lower on legal texts and protocol traces (0.33 and 0.54); the share of entities
left wholly or partly in clear was not measured, and a redacted copy can still identify a person. The
redact profile replaces only the model’s spans by markers such as [PII_1], the same value always
with the same marker, which keeps equal values linkable within a document, and checks that every
other byte is unchanged, a check of the copy’s integrity, not of its privacy. The policy is the training
data’s and the benchmark’s: companies, occupations, dates and cities are masked too. 6,291,456 of the
nano_n15 model’s 8,268,128 parameters (without heads) are entries of its hashed tables of byte 2-, 3-
and 4-grams. Its stored operating point, a bias of —0.5 with the window gate on, was chosen for F1 on
512-byte windows of the pool’s own select documents.

The data and the recipe. 192,000 windows of 512 bytes, each seen once. Eighty percent come from
387,391 documents of the TRAIN splits of four synthetic datasets, OpenPII-1M in 23 languages [209],
Nemotron-PII [210], Gretel PIl masking EN [211] and Gretel synthetic PII finance [212], after a check
that left out 29,149 candidates sharing a sentence, a line or a masked template with an evaluation set.
The rest are generated records (10 %), log lines (6 %) and code (4 %). Six seeds, from two training runs of
three with a control each, ran 12,000 steps at 3 - 10, 432-461 s per seed, and the factory released the
best of the six on select. On the pool’s test windows the seeds reach a span-F1 of 0.824 (0.816 to 0.830)
against 0.444 for the factory’s rule baseline (patterns with checksums, context words and name lists).

The criterion, written first. On 2026-09-23, before any model of the recipe was scored on PIIMB,
the recipe required the mean of its six seeds to beat openai/privacy-filter [160] on the mean F2 (0.6621)
and on ai4privacy-en (0.8426), with a mean precision of at least 0.70, so that no win is bought by over-
masking, read at the “PIIMB mode” operating point below. openai/privacy-filter has 1.4 B parameters
(1,399,486,865 as counted by the PIIMB leaderboard; its model card says 1.5 B), about 50 M active per
token according to its model card. On 2026-09-24, after the pool-only mix of the recipe had missed the
precision floor at that point (0.686 over its three seeds), we moved the reading to the default operating
point, the one the file ships with, before any model of the released recipe was scored and without a
change to the thresholds. At the default point the verdict is a pass (0.7774, 0.9624 and 0.765), and every
seed passes each threshold alone. At the point first written, the released recipe passes both F2 thresholds
but misses the precision floor (0.686 over its six seeds): by the criterion as first written, the verdict is a
fail. The prediction written with the criterion, for the batch of recipes the released one comes from and
at the “PIIMB mode” point, gave a 45 % chance that some version would pass all three thresholds there,
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Figure 17: Mean F2 of the six tasks of PIIMB against parameters, for the 35 models of the public leaderboard
(retrieved 2026-09-23; parameters as the leaderboard lists them) and pii 1.0.0 (star), measured by us with the
leaderboard’s metric on the same sentences. The whisker spans the recipe’s six seeds; the dashed step is the
best score at each size or smaller; the horizontal line is the score of masking every character. pii has 8,302,567
parameters with its heads, 6.3 M of them in its n-gram tables.

expected the batch’s base to score a mean F2 of 0.58 to 0.66, expected privy and mapa-eur-lex to stay
below openai/privacy-filter, and gave a mean F2 above 0.8426 a 2 % chance. No version measured at
that point met the precision floor (0.61 to 0.69), the base scored 0.757, privy stayed below (0.518 against
0.536), mapa-eur-lex did not (0.374 against 0.313), and no mean F2 reached 0.8426. Until 2026-09-25 the
recipe’s copy of the prediction named the default point and the leaderboard’s first place (0.8359) instead.

Results on PIIMB. The metric is the leaderboard’s: character-level, label-agnostic masking, micro-
averaged per task, ranked by the mean F2 of the six tasks (the F-measure with = 2, which weights
recall above precision); every sentence is scanned alone. Our scorer is a replica of the benchmark’s
metric code, not yet checked against a leaderboard model’s published predictions. Trained on the TRAIN
splits of the datasets behind four of the benchmark’s six tasks, pii scores a mean F2 of 0.7689 (Table 23),
13th of 36 on the leaderboard and above openai/privacy-filter (0.6621; 1.4 B parameters, about 50 M
active per token), a general filter with a narrower policy; on the two tasks from sources pii did not learn
from, the two are level (privy 0.5360 against 0.5362; mapa-eur-lex 0.3325 against 0.3129, a gap smaller
than the spread of the recipe’s seeds there, 0.3325 to 0.4002). The model card of openai/privacy-filter
lists eight categories (account numbers, addresses, e-mail addresses, persons, phone numbers, URLs,
dates and secrets) and names over-redaction of organizations and locations as a failure mode, while
PIIMB, like pii’s training data, counts companies, occupations and places as personal data. pii has the
higher mean precision (0.773 against 0.751) and is smaller than all 35 leaderboard models; the twelve
above it have 68 M to 1.4 B parameters (Figure 17), and the recipe’s six seeds would rank 10th to 13th.
The leaderboard models nearest to it in size, two encoders fine-tuned on Nemotron-PII, one of pii’s
sources, score 0.7548 (32 M parameters) and 0.7775 (68 M). Most of the gap to the first place lies in privy,
protocol traces (0.5360 against 0.8176), and mapa-eur-lex, legal texts in 21 languages (0.3325 against
0.3728; Figure 18). The released file, the factory’s choice on select, is the lowest of the six seeds on the
benchmark.

Operating points, weak spots and false alarms. F2 rewards over-masking: masking every character
scores 0.4423 at a mean precision of 0.157, hence the precision floor. “PIIMB mode” takes for each seed
the bias and window gate that maximize the byte F2 on the select documents cut into sentences, never
on the benchmark; for the released seed (bias 2.0, gate off) the mean F2 rises to 0.8187 and the precision
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Figure 18: F2 by task on PIIMB: pii 1.0.0 at its default operating point (whiskers: the lowest and highest of the
recipe’s six seeds), openai/privacy-filter and the leaderboard’s first, both quoted from the leaderboard, and the
score of masking every character (dashed). Values in Table 23.
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Figure 19: Personal data left unmasked by kind of input, on 2,000 generated documents built from held-out
value lists, formats and code, for the two data mixes of the pii recipe (mean of three training runs of each). The
test comes from the same generator family as the generated windows of the released mix and favors it, and its
builder is not published, so the figure cannot be reproduced from the repositories; on PIIMB the two mixes tie
(0.7862 and 0.7789).

falls to 0.680, below the floor, and over the six seeds to 0.8146 (range 0.8112-0.8187) at 0.686 (range
0.680-0.700). It is computed in PyTorch, because the CLI cannot switch the gate off (at the default point
the two agree within 0.0006); the criterion as first written was read at this point, and since the change it
is reported, not judged. The gain measures a weak spot: on single sentences the window head, trained
on 512-byte windows, says “nothing here” too often. The body reads left to right, so a span can start late
or end early. There is no exam of clean text; false alarms are measured as the per-character precision on
the benchmark, 0.773 on average.

Which data mix ships. The recipe was also trained on the public pool alone, three seeds per mix.
On PIIMB the pool-only mix scored 0.7862 and the released mix 0.7789, a tie by the pre-registered rule
(a difference under 0.01), which keeps the mix measured first, the pool-only one. On 2,000 generated
documents built from held-out value lists, formats and code, the pool-only mix left 26 % of the personal
data unmasked and the released mix 11 % (Figure 19), with the largest differences in code, structured
records and logs. The released mix ships against the tie rule, a product decision taken on a test that
comes from the same generator family as its structured windows and favors them, and whose builder
is not in the repositories; on the benchmark it is the lower-scoring mix, so the choice inflates nothing
there, but the benchmark did serve to compare the mixes.
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What reading context gets, and where rules win. A surname or a street has no pattern; it is
personal data because of where it stands. The rules of the factory’s gate reach a precision of 0.847 but a
recall of 0.301 on the pool’s test windows, and the leaderboard’s Presidio with spaCy’s large English
model [156] (106 M parameters) scores 0.5858 on PIIMB. That entry runs English recognizers with a
typed policy on a benchmark in up to 23 languages that counts every labeled character as one type, so,
like the Privacy Filter, it scores lower there by construction, and the comparison favors a model trained
on the benchmark’s own generators. Rules and typed recognizers keep what this specialist lacks: the
kind of each entity, a policy that keeps some kinds, and exact matching of formats with checksums.

Training-data overlap. pii learned from the TRAIN splits of three datasets from which the bench-
mark samples its tests, so four of the six tasks come from generators it learned from. Despite the pool
check, one generator’s documents share phrases across its splits: 1,018 of the 150,022 sentences share a
64-byte block with the pool (71 in ai4privacy-en, 79 in ai4privacy-multi, 799 in nemotron-pii, 69 in gretel,
none in privy or mapa-eur-lex). Without them the released file scores 0.7686 and the six seeds 0.7771
(range 0.7686-0.7851). The 64-byte measure detects shared text, not shared templates: two sentences
built from one template with other values share no block, so the four tasks remain in-distribution
whatever this count says.

Measured

PIIMB, sentences subset (150,022 sentences, six tasks), the leaderboard’s character-level label-
agnostic F2: pii 1.0.0, 8.3 M parameters without heads in a 4.5 MiB file, trained on the TRAIN
splits of the datasets behind four of the six tasks, scores a mean F2 of 0.7689 at a mean precision
of 0.773, 13th of 36 on the leaderboard; the recipe’s six seeds score 0.7689 to 0.7853 (mean 0.7774).
openai/privacy-filter, 1.4 B parameters with about 50 M active per token and a narrower policy,
scores 0.6621 (quoted from the leaderboard); on the two tasks from sources pii did not learn from,
the two are level. The pre-registered criterion passes at the default operating point, to which it was
moved after it was written, and fails on precision at the point it first named (0.686 against 0.70).
Without the 1,018 sentences that share a 64-byte block with the training pool, the released file scores
0.7686.

8.4 secrets-bin: credentials inside compiled binaries

The job and the model. Find the credentials inside binaries that a text scanner skips (executables
and libraries, object files, bytecode, WebAssembly, firmware), from the raw bytes, with no disassembler,
strings pass or tokenizer, and report byte offsets with the surrounding printable string, masked. The
CLI opens zip, gzip and tar containers; by default a finding must touch a printable string of at least 16
ASCII or UTF-16LE characters (--all-bytes reports the others). 50,331,648 of the tiny_n18 model’s
54,170,048 parameters (without heads) are table entries, and the n-gram memory takes 94.5 % of the file
(Section 4.10). One model ships: an ensemble of three did not generalize out of sample.

The data and the recipe. The credential generator runs in binary mode over binaries from the Linux
system folders of the training machine, not over the 280 public artifacts from which the data scripts
rebuild a comparable corpus (Section 6.3): 70 % of the inserted blocks sit between NUL bytes like a string
table, and long hexadecimal digests are negatives. Seven real negative windows join each step of 16
generated ones, drawn from 78,283 windows of binaries without credentials (Windows executables and
libraries, twelve other formats, extension modules of 63 Python packages; no exam file), many of them
not redistributable. Six seeds and a control ran 6,000 steps at 103, output projections at a quarter of it,
in 58 minutes. In development, the n-gram memory (Section 4.11) and the real negatives (Section 6.5)
cut the false alarms most, as measured on bin-fp-a and on the PE files of bin-fp-b, two of the exams
below.
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Figure 20: secrets-bin 1.0.0 on our own binary exams (AMD Ryzen 9 5900X, Windows 10, the purebyte
CLI 1.0.0). (a) Findings on clean binaries with the default options, every one a false alarm; with --all-bytes the
counts are equal except on bin-fp-c; the rival was not run on these sets. (b) The synthetic probe: 2,000 windows
of 512 bytes cut from real binaries (1,200 untouched, 400 with a credential planted by the training generator, 400
look-alike traps from the same generator), each scanned as a file; recall on the 360 credentials decidable from
the bytes, and precision counting every flagged trap as a false alarm. Neither tool flags an untouched window.
The exams cannot be redistributed as they are.

False alarms on clean binaries. We know of no public, labeled benchmark, so the figures come
from our exams, run with the purebyte CLI 1.0.0 and default options on the released file (AMD Ryzen 9
5900X, Windows 10; 3 to 12 threads, which do not change the results); they cannot be reproduced as
they are, because some binaries cannot be redistributed and the probe is cut from our internal corpus.
Five sets (bin-fp-b in two parts), 193 files, count every finding as a false alarm (Table 24, Figure 20a):
the released file reports 1 to 12 per set. The 9 on Linux files all fall in 4 of the 8 files that overlap the
training corpus. On bin-fp-c, 69 files in 14 formats absent from the corpus of the first binary models, the
CLI opens 13,921 members of 9 containers and reports 4 findings, in two class files. Before the profile’s
rule for signed JARSs, a rule written after this exam showed the failure, those containers gave 373 more,
371 on SHA-256-Digest: lines: the model flags base64 digests, and a rule removes them. The six seeds
are measured with the research code (Table 24, right), which reports every span, scans containers as
they are and keeps the tables at 32 bits; storing them at 4 bits changes the spans of about 1 % of windows
(22 of 2,000), so the released seed’s two sets of counts differ by a finding here and there.

Recall on planted credentials. The probe cuts 2,000 windows of 512 bytes from real binaries: 1,200
untouched, 400 with a credential written the way a compiler or packager leaves it (NAME=value, a value
alone among other C strings, --flag=value, embedded JSON), and 400 look-alike traps (hashes, UUIDs,
public keys, placeholders). The probe is synthetic and in-distribution: its credential values, names and
look-alike traps come from the generator the model was trained with, in the layouts of its binary mode,
and its background windows from an earlier corpus of binaries from the same machine folders as the
training corpus (not checked for overlap with the training windows). It shows that the model learned
what its generator makes, not how it does on real leaks, and the rival, strings with regular expressions,
was not built for the generator’s formats. 360 of the 400 credentials can be decided from the bytes;
the other 40 are generic values with no name next to them. Each window is scanned as a file with the
default options, and a credential counts as found when a finding overlaps it. secrets-bin finds all 360 at
a precision of 0.989, counting every flagged trap as a false alarm, against a recall of 0.803 and a precision
0f 0.876 for strings -n 8 with regular expressions for known prefixes, URL credentials and a suspicious
name with a high-entropy value (Figure 20b). 360 of 360 is a recall of 1.000 with a 95 % Clopper—Pearson
interval of 0.990 to 1.000; over the recipe’s six seeds, 0.989 to 1.000 (two seeds found 356 of the 360).
Neither tool flags an untouched window; the model flags 1 of the 40 undecidable values, the rival none.
A stronger rival, the gitleaks catalog from which the generator draws its provider values, run over the
output of strings, was not tried.
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Criteria and weak spots. The recipe’s criteria, written on 2026-09-23, bounded the false alarms and
the probe recall of the six seeds. The six false-alarm criteria passed, but each of the three thresholds
that the written prediction covers sat at its lenient end (bin-fp-a 5 to 10, the Windows DLLs 10 to 20,
bin-fp-c 15 to 25; observed 2.7, 13.2 and 13.0), and that of the held-out modules is relative: half the
mean of the previous candidate, 2.33, measured in the same exam run. The probe criterion, a recall of at
least 0.99 for every seed, failed for two seeds, which missed 4 of the 360 decidable credentials (0.989),
and the model was released with it failed; the released seed missed none. The exams are few (193 files,
where one finding moves a mean) and partly optimistic: bin-fp-a, bin-fp-b and bin-fp-c were chosen
after earlier models failed on them, this recipe’s negatives were built to fix those failures, and bin-fp-a
and the Windows part of bin-fp-b also chose the recipe’s options (Table 19). Structured-looking data
(bitmaps, lookup tables, runs of a repeated byte) can be flagged. A credential in a printable string shorter
than 16 characters, with no longer string around it, is reported only with --all-bytes, a cost the probe
does not measure, and recall on real leaks is not measured.

What reading bytes gets, and where rules win. strings keeps only printable runs and the rules
match their form; the model reads every byte of the window and, on a probe whose credentials and
traps its own generator made, finds the fifth of decidable credentials that the rules miss while flagging
fewer traps. The rules stay faster and auditable; they were not run on the clean sets.

Training-data overlap. Parts of 10 exam files (8 of the 25 Linux files of bin-fp-b and 2 files of bin-fp-c)
are also in the binary corpus of the generated windows; the six-seed figures leave them out. The held-out
modules were set apart before training; the probe’s background windows come from an earlier corpus
of the same machine folders and were not checked for overlap with the training windows. The two
exams that the criteria name for them have no manifest in the data scripts, so no fingerprint protects
them (Section 6.3.1).

Measured

On five sets of clean binaries (193 files), secrets-bin 1.0.0 (54.2 M parameters without heads, 50.3 M
of them in n-gram tables; 28.8 MiB), scanned by the purebyte CLI with default options, reports 1, 9
(all in files that overlap the training corpus), 12, 4 and 2 findings, every one a false alarm; these exams
were chosen after earlier models failed on them, and two of them also chose the recipe’s options.
On a synthetic probe of 2,000 windows of 512 bytes cut from real binaries, whose credentials and
traps come from the model’s own training generator, it finds all 360 decidable credentials (95 %
interval 0.990 to 1.000; six seeds 0.989 to 1.000) at a precision of 0.989, against a recall of 0.803 and a
precision of 0.876 for strings -n 8 with regular expressions, a rival not built for the generator’s
formats; neither flags an untouched window.

8.5 What the three examples teach

The three recipes are the survivors of about forty versions of the factory’s tasks. Five lessons held across
them.

Seed variance is larger than most architecture effects. The six pii seeds span 0.0164 in mean
F2. Against the right yardstick, the standard error of a difference between two means of three seeds
(about 0.005 with the spread of these six), the two data mixes differ by 1.4 standard errors, which does
not resolve them; the two body directions, compared in an earlier recipe whose seeds spread less, differ
by one standard error on this yardstick and by 2.3 on their own seeds (Section 4.11), a tie only by the
pre-registered margin of 0.01. The worst of six secrets-bin seeds has 27 false alarms on the Windows
DLLs and 32 on bin-fp-c, where the released seed has 12 and 0, and in development a single tail seed,
whose variance lives in the data order, made most of the difference between binary recipes (Section 6.5).
Hence the rule that three seeds inform and six decide.
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secrets-code

| 24.5 min - 3 seeds + control, 4 at a time
1,961,959 parameters

. pii ‘ 6 seeds + 2 controls, one at a time (432-461 s each) | 60 min
8,302,567 parameters, 6.3 M in tables

secrets-bin
54,204,487 parameters, 50.3 M in tables

‘ 6 seeds + control, 2 at a time | 58 min

0 10 20 30 40 50 60
Training time of the whole recipe, minutes (every seed and control)

Figure 21: Wall-clock training time of each release recipe on one AMD Radeon RX 6800 XT (16 GB), every seed
and the controls, with the model’s parameters including the two heads. secrets-code: 1,468 s for three seeds
and a control, four jobs at a time; pii: 432-461 s per seed, about 60 minutes for six seeds and two controls, one
at a time; secrets-bin: 3,459 s for six seeds and a control, two at a time. The bias sweeps and checks of the
fine-tuning stage come on top (Table 16).

Synthetic scores do not predict real ones. A generated test set shares the generator’s regularities
with the training set; an exam does not. Every recipe passes its synthetic gate by a wide margin, and the
margin says little about the exams (Table 25). The last row adds the other half of the lesson: choosing
on an exam is training on it, which our exams did not escape (Table 19).

More capacity hurt with generated labels. On code, growing the body raised the false alarms on
clean repositories, while shrinking it kept the F1 on generated test windows (Section 4.11). For pii,
measured on PIIMB, which thereby served as a development set, the larger tiny_n18 preset lost 0.013 in
mean F2, while twelve times more public documents gained 0.060. The capacity that helped was lookup
memory, whose cost per byte does not grow with its size.

Pretraining helped only on binaries. On code, a body pretrained on 1.31 GB of code seemed to
reduce false alarms on clean repositories until a from-scratch control at the same learning rate came
close to it: the learning rate explained most of the gain. On binaries, a body pretrained on 1.31 GB of
binaries did help, which we attribute to data scale, since the binary recipe reads fewer bytes with twice
the body (Section 6.5). No released recipe uses a pretrained body.

The real exams cost more than training. Each recipe trains in minutes to an hour on a consumer
GPU from 2020 (Figure 21); the three took about 2.5 GPU-hours with their bias sweeps and checks.
The exams on real data ran on the CPU for longer, 1 h 47 min for CredData and the false-alarm sets of
secrets-code and 4 h 9 min for the binary exams, and building them cost more still. For Vibe Training
(Section 7) the scarce resource is the examination, not the training run.

Limits of the claim

« Three jobs, all span detection, trained by one factory, measured by the team that built them, on
one desktop CPU and one GPU: they show what the architecture does on those jobs, not on byte
jobs in general, and not against a classical learned baseline or a large generative model, neither
of which was run on these exams.

« CredData: the published scope leaves out four TEST repositories, which favors the model (F1
0.753 on all 168); precision counts labeled lines only, and the line rule credits a finding on the
right line whatever it covers; DEV, which the model learned from, shares TEST’s labeling policy,
and gitleaks ran with its default rules, CredSweeper’s rules not at all; values are obfuscated, and
on the original values the model’s recall falls from 0.729 to 0.583 and its lead over gitleaks from
3.5 to 2.9 times (Table 22); TEST was scored at each of the recipe’s last four versions against
per-family recall targets (counted, never inspected), and the released seed was chosen with TEST
in view.
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« PIIMB: four of six tasks come from generators pii learned from, and the 64-byte overlap count
cannot see shared templates; the rivals have narrower, typed policies; other models are quoted;
no interval, only the seeds’ range; the benchmark also compared development variants; the
criterion’s reading point was moved after it was written, and the released data mix ships against
the pre-registered tie rule.

« Binaries: our own exams, few, partly chosen after failures and partly used to choose the recipe,
not reproducible from public material; the probe is synthetic, made by the training generator,
and its rival weak; no recall on real leaks, and no rival on the clean sets.

+ Differences between tools carry no interval: the precision gap, the ratio of lines found and the
per-task gaps on PIIMB are point estimates.

9 Research direction: an attachable document memory

The released specialists read windows of 512 bytes (Section 4). A state-space block carries a fixed-size
state, which summarizes what it has read; it does not store it. Some jobs need more than a window:
whether an identifier in a log line already appeared a megabyte earlier, whether a surname refers to a
person named in full forty pages before, whether the value assigned to a key is the one this key was
given at the top of a configuration. This section reports a study, run on the released models once they
were fixed and not part of the release, of an exact document memory that can be attached to a released
specialist without retraining it. We report what worked, what did not, and one result on real data that
changed our own recommendation.

9.1 Design

The memory sits after the frozen body and before the heads. At every byte ¢ it forms an address from
the k bytes that end at ¢ (k = 8 in the main design): a 64-bit polynomial hash of the k-gram with a
mixing finalizer. A learned gate decides from the body’s hidden state h; whether to write. The gate is
hard (0 or 1): training adds logistic (binary Gumbel) noise before the threshold and passes gradients
with a straight-through estimator [69, 213, 214], so that training sees hard, bounded writes, as inference
does with a deterministic threshold. For every address the memory keeps the sum of the values written
there (a learned projection of h; with 32 dimensions), how many writes it received and the position of
the last one. Each byte reads its address before writing, which keeps the memory causal.

From the read-out the block builds features: the normalized stored value and its product with a query
of the current state, the logarithm of the count, and exact integer features that no learned similarity
provides reliably:

« copy runs: how many consecutive bytes have matched a stored k-gram whose position advanced
by one at each step, that is, the length of the exact copy being read,;

« breaks: whether a copy broke inside the current token (bytes of [A-Za-z0-9_-1);

« coverage: whether the copy reaches the first byte of the token and, at the token’s end, whether
the whole token was covered by one contiguous copy.

A small causal mixer (a depthwise convolution over sixteen feature rows and a multilayer perceptron)
and a lookahead of 48 bytes, of the runtime’s form (Equation (21)), turn the features into a residual added
to h;. The lookahead gives the block 48 bytes of right context, which the runtime’s stream context does
not allow today (Section 4.8). The residual’s output projection starts at zero, so the specialist with the
memory attached computes exactly what it computed before; we measured a maximum difference of 0.0
in log-probabilities on a specialist’s test windows at initialization. Only the memory and the lookahead
are trained (about 76,000 parameters); the body and the heads stay frozen.
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The block is a table and a few small products per byte. In an unoptimized single-threaded C++
implementation it costs 5.3 us per byte, of which 0.15 ps are sequential (hash, table read and write, copy
length) and the rest are per-position products that parallelize like the body; the body itself costs about
68 us per reported byte on one thread (about 26 ms per 512-byte window with stride 384). The memory
therefore adds about 8 % on one thread. These timings were taken on the development desktop while
a GPU job was running, so they are indicative. A byte-by-byte NumPy implementation matches the
PyTorch streaming code within 2.4 X 1077 (4.8 X 10~7 with the mixer).

This is close in spirit to side networks over frozen backbones [215, 216], to datastores of hidden
states read by nearest neighbors [217, 218], to exact n-gram lookup over a corpus [219], to hashed
n-gram memories gated by the context [81] and to n-gram heads that attend to what followed the same
exact n-gram [220]. Its copy runs follow an earlier occurrence as induction heads do [221], and its copy
length is the classic match model of context-mixing compressors [222]; its exact address avoids the
“distraction” of learned keys that overlap as the memory grows [223]. State-space models are known to
trade state size for associative recall [57, 58]; an exact memory next to the state is one way out.

9.2 Instruments

Long-context benchmarks for chat models measure generation. We measured recall directly, without
generation, with four instruments, and wrote the success criteria before running any of them:

I1, recall by distance with a role.
Documents built from real code and configuration bytes, in which values are defined with a role
(token = "...";, marked, or mentioned without one, unmarked) and reused later in neutral contexts
at distances from 128 bytes to 512 KiB. Positives: reuses of marked values. Negatives: reuses of
unmarked values, fresh values, and near-copies of marked values (one or two characters changed).
Trained on 16 KiB documents, evaluated on streams of 1 MiB. Metric: balanced accuracy (chance: 0.5).

12, key-value binding.
KEY = "VALUE" pairs and later probes KEY -> VALUE’: tag VALUE’ only if it is the value of that key.
The hard negative is the value of another defined key.

I3, real logs.
Public system logs: an identifier (IP address, UUID, hexadecimal or job identifier) is positive if the same
identifier appeared at least 512 bytes earlier and not closer. Labels come from regular expressions.

I4, attached to a released specialist.
The memory attached to the released bodies of secrets-code and pii: retention on the specialist’s
own test windows, and reuses of values it tagged elsewhere in long documents.

The criteria were these: I1 passes with a balanced accuracy of at least 0.95 in every bucket up to 512 KiB,
near-copy false alarms of at most 0.05 (the written criterion says neither per bucket nor on average; we
read it on average) and at most 16 MB of state; 12 with a balanced accuracy of at least 0.90 at 32 KiB; I4
with a retention loss of at most 0.5 points of F1 and a recall of far reuses of at least 0.90 at false alarms of
at most 0.02; the cost with at most 25 % more time per byte. Fach instrument can be solved exactly by a
short program (a regular expression for the role or the identifier and a table of the strings seen); the
instruments test whether a learned block attached to a frozen body can do what such a program does,
on real bytes, without being told the rule. The designs h2 to h10 of Table 26 were developed on the
same eight evaluation documents of I1 (the coverage feature of h9 was designed from an earlier design’s
errors on them), so their figures are the best of about nine designs, not held-out estimates, and their
seeds vary only the training run.
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Figure 22: I1, recall by distance on streams of 1 MiB (trained on 16 KiB): balanced accuracy in each of seven
distance buckets, 64 positives and 32 of each negative kind per bucket, eight documents. (a) Among the designs
that trained, none without an exact memory stays far above chance (0.5) beyond 32 KiB; the sliding attention
window did not train in 3,000 steps, and the exact-memory design h9 is repeated for reference. (b) The exact-
address designs, on an axis from 0.84; the band is the range of h9 over three seeds.

9.3 Results

Measured

Streams of 1 MiB, balanced accuracy over seven distance buckets from 128 B to 512 KiB, 64 positives
and 32 of each negative kind per bucket, eight documents (Table 26 and Figure 22). The best design,
h9, holds a balanced accuracy of at least 0.966 in every bucket (mean 0.977; near-copy false alarms
0.027 on average, 0.062 at most) with seed 0, and at least 0.969 and 0.958 with two more seeds,
whose near-copy false alarms average 0.054. The pre-registered I1 criterion therefore holds for
seed 0 only, and only with its near-copy limit read on average (per bucket no seed meets it; seed 0
reaches 0.062): seeds 1 and 2 meet its accuracy and state limits but not its near-copy limit of 0.05. A
variant with bounded state, h10, reaches at least 0.961 (mean 0.978) with 0.49 MB of state on 1 MiB
streams, a state that stays bounded as the stream grows; it pays in noise, flagging 205 bytes of filler
per MiB (h9: 0.8), and its near-copy false alarms average 0.040 and reach 0.125 in one bucket. On
one constructed stream of 16 MiB (one document and one seed; 16, 16, 16 and 12 reuses at 1, 4, 8
and 15 MiB of distance; filler from the training split, because the held-out split holds about 11 MiB),
both recall every reuse (12 of 12 at 15 MiB, a 95 % lower bound of 0.74); h10 ends with 3.0 MB of
state (h9: 84 MB). Removing the memory at inference drops recall to 0. Of the other criteria, 12 was
met only with an exact association table, 14 in part for secrets-code and not for pii (Section 9.4),
and the cost was met (about 8 % more time per byte on one thread).

Three results stand out. First, the fixed-size state of our 1.9-million-parameter body does not recall
far: neither the frozen body read as one stream nor a body retrained with full backpropagation through
16 KiB discriminates beyond 32 KiB; truncated backpropagation through time is needed to stream, but it
does not give recall. Second, learned keys confuse many values (the learned key-value memory reached
0.91 at 16 KiB and fell to 0.66 at 1 MiB with 4,096 or 65,536 entries), while exact addresses do not. Third,
what closed the gap to the criterion was not a larger network but exact features: coverage of the token
by one contiguous copy is what separates a reuse from a near-copy whose change falls outside the
matching k-grams.

For key-value binding (I12), the learned comparison between stored value and current state was not
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enough (balanced accuracy 0.74-0.85, with 0.50-0.95 false alarms on the value of another key); an exact
association table (address: the previous word of at least three bytes; content: the first token that followed
it) reached 0.94-0.98. On real logs (I3), false alarms on first occurrences were 0.0, and exact recall was
0.63 and 0.66 for reuses 512 B-2KiB and 2-8 KiB away (1,164 and 342 positives), 0.51 at 8-32 KiB (151),
and 0.34 and 0.29 at 32-128 KiB and beyond (44 and 7 positives: the last is 2 of 7); addresses of 4 and 8
bytes together made it worse (recall 0.59, false alarms 0.033), because short k-grams repeat too often in
logs.

9.4 Attached to a released specialist, and a lesson from real data

Attached to secrets-code with its body and heads frozen, the memory and its lookahead together
raised the specialist’s gated span F1 on its generated test windows from 0.880 to 0.905 (one seed); the
lookahead alone may explain part of this gain, and we trained no lookahead-only control. In constructed
documents of 1 MiB, the attached model tagged 80-100 % of the long-distance reuses that the specialist
alone missed. The 14 criterion was met for retention and only in part for those reuses: the attached
model’s recall of all the reuses it should tag was 0.62 to 0.85 below 128 KiB, 0.90 at 128 KiB and 1.00 at
512 KiB, with false alarms of 0.030 at 8 KiB, 0.052 at 512 KiB and at most 0.013 elsewhere, so both limits
held together only at 128 KiB. Attached to pii, the memory kept retention within the criterion (a loss of
0.4 points) but failed on far reuses: recall 0.45 to 0.64, false alarms 0.20 to 0.67 (some of them may be
personal data that the metric does not credit, since the negatives include new personal values). In the
constructed documents, moreover, a plain string search did as well or better: run the specialist, then
mark every later exact occurrence of every value it tagged (recall 0.88 to 1.00 of the reuses the specialist
missed, with no false alarm, against 0.80 to 1.00 with up to 0.052 for the memory).

We then measured that “consistency pass” on real data: the complete TEST half of CredData [150]
(all 168 repositories, 5,295 labeled credential lines; Section 8 also reports the published figures, which
leave out four repositories that overlap the training corpus), with the flags of the released model (the
published seed at its stored bias of 0.0). We scored about ten variants: copying to every other occurrence
in a file or only to later ones, values of at least 8 or 16 bytes, within a file or across a repository, and
the flags of the published seed or of a vote of three seeds, all at bias 0.0 (Figure 23 shows those of the
published seed). None raised F1 by more than 0.002. The pass over whole files with values of at least 8
bytes, the only variant whose interval excludes zero, lowered F1 from 0.7525 to 0.7427 (paired bootstrap
over repositories, 95 % interval of the change [—0.024, —0.001]): it added 11 true positive lines and 141
false positive lines, and 135 of the false positives came from copying a value that the model had flagged
on a line labeled as a non-credential (the other 6 from unlabeled lines). Copying only later occurrences,
as a one-pass memory would, changed F1 by —0.003 [—0.006, +0.000]. Real files repeat their placeholder
passwords and example keys more often than their real secrets. A perfect judge that copied only correct
flags would gain little: an estimated +0.001 in F1 within a file and 4+0.009 across the files of a repository
for the published seed (+0.003 and +0.012 for the vote), with 95 % upper bounds of +0.002 and +0.029
(+0.010 and +0.034). A cheap judge (the three seeds agreeing) does not filter the errors, because the
seeds share them.

Limits of the claim

The memory is lexical: it recalls identical bytes, not paraphrases or transformed values. Most of 11
is built from real bytes with planted values. In short source files, where the window already sees
most repetitions, attaching a memory cannot add much, and copying decisions copies errors. We
therefore do not ship it. Where it might help is where the evidence is far away or cannot be read
again: streams of logs and telemetry, long documents, database dumps and key-value consistency.
That is a hypothesis: on real logs our block’s recall fell to about 0.3 beyond 32 KiB, and key-value
binding needed an exact table. Such a memory must be trained with real repetitions that are negative,
not only with “copy what you saw”.
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new new false
change [95 % interval] hits alarms
Within one file
every other occurrence, values > 8 B —— -0.010 [-0.024, -0.001] 11 141
every other occurrence, values > 16 B e -0.002 [-0.007, +0.001] 11 45
later occurrences only, values > 8 B e+ -0.003 [-0.006, 0.000] 11 52
Across the files of a repository
no judge, values =8B | ° { -0.010 [-0.033, +0.014] 70 249
three seeds agree, values > 16 B led 0.000 [-0.002, +0.002] 9 14
Ceiling: a perfect judge
within one file, values = 8 B o +0.001 [0.000, +0.002] 6 0
across a repository, values = 8 B —e&———A +0.009 [0.000, +0.029] 67 1

-0.02 0 +0.02

Change in F1 with the pass
(published seed alone: 0.7525)

Figure 23: The consistency pass on the complete TEST half of CredData (168 repositories, files up to 4 MB,
5,295 labeled credential lines), with the published seed of secrets-code (F1 0.7525 alone): change in line F1
with its 95 % interval (paired bootstrap over repositories, 1,000 resamples), and the lines it adds. Copying flagged
values within a file or across a repository adds more false alarms than hits; only the first interval excludes zero.
A perfect judge that copies only correct flags would gain an estimated +0.001 within a file and +0.009 across a
repository (95 % upper bounds +0.002 and +0.029).

10 Discussion

10.1 SLMs are the future, in a precise sense

The title makes a claim about the future, so it must say what it means. By small language models (SLMs)
we mean small learned models of sequences, in the broad sense of models of sequences of symbols; Al
Specialists are byte-level and non-generative, which puts them at the small end of the family, two to
three orders of magnitude below the generative SLMs of a few billion parameters [10, 12, 13]. The claim
is not that small models will replace large ones, and it is not that small task-specific models are new:
counted by decisions, spam filters, fraud scores and ranking models already make most of them. It is a
claim about the decisions over data that are now made by rules, or by calls to general models, and about
where the new ones will go:

Thesis. SLMs are the future

The decisions over data that Al makes at scale (deciding, scoring, labeling, locating and filtering)
are repetitive, narrow and high-volume. They are best made by small models trained for each job,
run where the data are, and made by larger models or by people with the help of larger models.
Generalists will remain the authors of specialists and the fallback for the inputs a specialist cannot
decide; specialists will do the work. The thesis is wrong if small shared generalists with a small
adapter per job reach the specialists’ quality at a similar cost per decision, on the same machines.

Three arguments support it. First, the measurements of this paper: models of two to fifty-four
million parameters, trained in minutes to an hour on one consumer GPU, that beat a mature rule set on
recall on CredData (under the conditions of Section 8.2) and, trained on the sources of four of the PII
benchmark’s six tasks, score above some models with hundreds of times their total parameters, while
twelve larger models, the smallest of 68 million parameters, score above pii; they answer a 64-byte
input in 0.8 to 1.5 ms with eight threads of a desktop CPU, 3 to 6 ms on one core (Sections 5 and 8).
Second, independent arguments that small models suffice for many of the calls inside agentic systems
and are cheaper to run [3], and measurements showing that multi-purpose generative models spend
far more energy per task than task-specific models on the same tasks [1]. Third, the economics of
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Section 7: in waiting time, a specialist is repaid after 7 x 10* to 4 X 10° decisions against a quoted hosted
decision API (from 8 x 10% against an assumed model that reasons for 2 s) under the assumptions of
Section C, later in money; and against gitleaks on CredData it pays off through the errors it avoids once
a missed credential costs more than about ten to twelve seconds of a person’s time, with a false alarm at
a minute (one benchmark, one rule set, false alarms counted on labeled lines). A fallback to a generalist
needs calibrated confidence or an answer that abstains, which the released models do not have yet.
The evidence has limits, listed in Section 11: three examples, one machine, and no measurement yet of
agents building specialists.

10.2 The competing future

The strongest alternative to this thesis is that generalists absorb these jobs from the small end. One
small general model on each device, with a small adapter per job, could do the work of many specialists:
Program-as-Weights turns natural-language specifications into adapters for a 0.6-billion-parameter
model [124], on-device foundation models ship with low-rank adapters for their tasks [206], and local
models already answer most real single-turn queries, a share that grew quickly between 2023 and 2025
[224]. Running many separate models also has an engineering cost that a single shared model avoids
[225]. Where that future arrives first, specialists trained from scratch lose their main argument.

They keep it where a shared model does not fit or cannot be trusted: on machines with no accelerator
and megabytes of memory, on bytes that no pretrained model has read (machine code, protocol traces),
where an audit needs the same bits every time, and wherever the cost per byte matters more than the
cost per model, as in scanning whole repositories or data exports. The observation that would settle it is
a comparison we have not made: a small generalist with per-job adapters and a specialist trained from
scratch, on the same examinations and the same processor, with their cost per decision. Small pretrained
encoders fine-tuned for one job, which we count as specialists, already sit between the two (Section 3.3).

10.3 The ARM of Al: an analogy and its limits

The phrase we use for PureByte’s ambition is the ARM of AL By Arm’s own account, ARM did not win
by making the fastest processor [164]: it won with an architecture designed for efficiency (the first ARM
chip ran on about 0.1 W [165]), licensed so that others could build on it, and small enough to go into
every device; more than 350 billion Arm-based chips had been shipped by March 2026. The analogy
maps point by point:

« Efficiency as the design goal. ARM optimized work per watt; PureByte optimizes work per
decision: a model the size of the job, one linear pass over bytes, kernels that use the CPU’s vector
units, no accelerator required; its ternary weights and 4-bit tables shrink the bytes a device must
hold (Sections 4 and 5).

« An architecture that others build on. ARM licenses its instruction set for a fee; PureByte
publishes its model format, its runtime and its training stack under Apache-2.0, as RISC-V publishes
its instruction set, so that anyone can train a specialist (Section 6), or have an agent train one
(Section 7), and ship it as a file that any conforming runtime executes. The weights of the
three released examples are under a separate model license that allows their use but not their
redistribution, models derived from them or a hosted service whose main value is the model: what
is open is what others need to build their own.

« Everywhere. ARM runs in phones, cars and sensors. An Al Specialist runs on servers and laptops,
is built for x86-64 and arm64 Linux devices such as some routers and small robots (not yet tested
there), and, with the changes we quantify, could run in a microcontroller (Section 5.8.1).

« An ecosystem. ARM’s value is in its partners’ chips; PureByte’s will be in the specialists that
others train for their own jobs and data, of which the three released examples are the first.
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The analogy has limits, and we state them. ARM is hardware intellectual property with decades of
silicon and an industry behind it; PureByte is a young software architecture with one runtime, one
training stack and three example specialists. ARM’s efficiency is measured in silicon per watt; ours in
operations and milliseconds per decision on existing processors. And on the smallest devices efficiency
comes from integer arithmetic on neural accelerators and vector units, which runtime 1.0.0’s binary32
contract cannot use: an integer profile would need its own contract and its own validation, since an int8
path we measured changed spans (Section 4.11). “The ARM of AI” is therefore a design principle and
an ambition, not a description of where we are: efficiency first, an open format, every device, and an
ecosystem built by others.

10.4 Origin: a laboratory for efficient training

PureByte began as a laboratory question: how small can a useful model be, and how cheaply can it
be trained, if every number is measured with its conditions? The answers so far are in this paper:
networks of two to four million parameters (plus lookup tables) for three real jobs; training from scratch,
with no pretrained body, on one consumer GPU, from 7.5 minutes per seed to 58 minutes for six seeds
and a control; about 2.5 GPU-hours for the three examples with all their checks; and a factory that
refuses some of the shortcuts that make small models look better than they are and records the rest.
The laboratory stance explains the paper’s style: criteria written before measuring, with every change
to them reported; controls for every result and rivals where they could be run; the failures reported next
to the successes; and a published withdrawal (Section 9.4).

10.5 Your data, your device

The practical meaning of train with your data, not a generalist is that the organization that has the
data can own the model. A specialist trained on an organization’s own labeled logs, forms or binaries
answers questions that no public model was trained for, never sends the data anywhere, and runs on the
organization’s own machines. Our examples were trained on public and generated data; a model trained
on private personal data carries information about it in its weights and tables, and should be kept where
the data are. The same property reaches small devices: a gateway that screens its own configuration
files and logs, a robot that classifies its own messages, an industrial controller that checks its own inputs.
Each is a byte job with local data and a processor with megabytes to a few gigabytes of memory, at rates
far below those of full network traffic: the throughput measured on a desktop, about 131 kB/s with 23
threads, is two orders of magnitude below a router’s line rate, so traffic would have to be sampled, and
for a robot the worst-case latency, which we have not measured, matters more than the median. The
runtime is built for x86-64 and arm64 Linux machines of that class (tested in continuous integration
on the server versions of those architectures, not on such devices), and Section 5.8.1 quantifies what a
microcontroller would additionally require. We present microcontrollers as the next target, not as a
result.

10.6 Privacy, energy and cost

Three consequences follow from size. Privacy: a model that runs in the process that holds the data needs
no network, and the runtime opens no outgoing connection except to download a model (Section 5);
detectors of secrets and personal data that send what they inspect to a remote service defeat their
purpose. Any local model shares this property; what the specialist adds is that it fits where a local
generalist does not. Energy: the operations per byte of Table 2 are 400 to 800 times fewer than those of a
small generative model before it generates any answer; across hardware, our rough estimate puts the
energy per byte 7 to 28 times lower, and we did not measure energy (Section 3.4). Cost: the marginal
cost of a decision is a few milliseconds of a processor the user already owns. None of these is a new idea;
what is new is that small models built for the job make them available to jobs that until now needed a
large model or a set of brittle rules.
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We collect here what limits the claims of this paper, so that a reader can weigh each result against it.

Scope of the evidence. Three example specialists, two of them about credentials and one about
personal data, are the whole empirical base for the claims about specialists. Two of their jobs have
public benchmarks and widely used tools; the third, credentials in binaries, has neither that we know of.
They are not a sample of all byte jobs, and all three answer the same type (byte ranges with a gating
decision); the other answer types run in the runtime but have no trained model. Jobs whose answers
need knowledge of the world, free-text answers, or inputs unlike anything in the training data are
outside what we measured (Section 3.3).

The pre-registration record. None of the three released models met every pre-registered criterion
as first written. secrets-code failed its two false-alarm guards on a clean-repository examination and
was trained on three seeds instead of six; its released seed was chosen on that examination, among seeds
within 0.01 of the ensemble’s CredData F1, with the three seeds’ scores on CredData’s test half already
known. secrets-bin failed its probe-recall floor on two of six seeds. The criterion of pii was moved to
another operating point after it was written, and fails its precision floor at the point first written; its
data mix shipped against the pre-registered tie rule. The dates of the criteria are the author’s record, not
an external time stamp; today’s factory freezes the thresholds of a version, not the conditions under
which an examination is read, and the released recipes predate that check (Section 8).

Examinations. Several examinations were also used during development to compare variants: Cred-
Data’s test half steered the data steps of secrets-code, a clean-repository examination chose its learning
rate and its released seed, the PII Masking Benchmark chose among variants of pii, and the clean-binary
sets chose options of secrets-bin. With about forty versions compared on the same examinations,
their figures are those of survivors, not of untouched test sets. CredData randomizes only the values it
labels as credentials, and secrets-code learned from such values in the benchmark’s other half; on the
original values, which we measured, its recall falls from 0.729 to 0.583 and its F1 from 0.797 to 0.694,
mostly on passwords that are ordinary words, while gitleaks barely moves. Its figures leave out four
test repositories that overlap its training corpus, which favors the model, and nine repositories of its
clean-repository examinations were in its training data. pii was trained on the sources of four of the
benchmark’s six tasks and masks by the benchmark’s broad policy; its main rival has a narrower policy,
and its model card names no training data. The planted-credential probe of secrets-bin is synthetic
and in-distribution, and some of its examinations use binaries that cannot be redistributed. Rival tools
were run in the same harness on CredData and the probe; on the PII benchmark their figures are the
leaderboard’s.

Missing comparisons. We did not run CredSweeper’s rules without its validator, the strongest rule
baseline for CredData’s categories, nor any rival on the clean code and binary sets; nor did we compare
classical learned baselines (logistic regression or gradient boosting over character features, fastText
[226]) on the same data, nor a candidate extractor with a learned verifier, nor a small generalist with
per-job adapters, nor large generative models on our examinations. The evidence supports “train a small
model on the job’s data”; it does not isolate the contribution of this architecture against every learned
alternative.

One machine. Every speed, latency and memory figure we measured comes from one desktop (AMD
Ryzen 9 5900X, 12 cores), on Windows for the runtime’s timings and on Linux under WSL2 for the
memory figures and the start-and-load times; figures quoted from others are marked. Continuous
integration builds and tests the runtime on Linux, macOS and Windows, x86-64 and armé64, but it checks
correctness, not speed, and no router, robot or microcontroller was tested.
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Training hardware and reproducibility. The released specialists were trained on one AMD Radeon
RX 6800 XT; a rented NVIDIA RTX 5090 was used only to time training steps. Training on NVIDIA
GPUs and on Apple silicon uses the same stock PyTorch code in float32; a device-parity test exists but
has not been run on those devices, and no recipe has been trained on them. On a CPU the public trainer
computes, bit for bit, what the code that trained the released models computes, which can be verified
on the machine that recorded the fingerprints; GPU runs are not bit-reproducible, so a retraining is a
new draw from the recipe’s seeds, not the released weights, and no retraining with the public code has
yet been scored on the examinations. Some data cannot be rebuilt from the repositories (the negative
binaries of secrets-bin; the code corpus of the release was not pinned), and the data the releases were
trained on overlap examination sets that today’s factory refuses unless the overlap is dropped (Section 6).

What the factory enforces. Leak checks against examinations of role test, the gate, the control,
runtime equivalence, criteria frozen per version and the immutability of releases are enforced in code.
Other rules are recorded but do not block a release: a failed pre-registered criterion, a choice made with
an examination in view, an override of a pre-registered rule, and “six seeds decide”, which is a checklist
item. The released examples took some of these exceptions, as the paragraphs above and Section 6
report.

Vibe Training. The argument of Section 7 rests on measurements of the specialists and on a cost
model whose build costs and prices are assumptions. We did not measure agents building specialists
(time, attempts, human interventions), nor large generative models answering our examinations. The
account of this project’s development is the author’s.

The theses. “SLMs are the future”, “the ARM of AI” and “train with your data” are positions. We
argue them with the evidence above and with independent work, and we state where each stops and
what would refute it (Sections 3.3 and 10); they are not results.

The document memory. The memory of Section 9 is unreleased research, measured mostly on
constructed documents with real bytes, and on one real examination set where it did not help; its
pre-registered criteria held only in part: I1 for one of three seeds (its near-copy limit read on average),
I2 only with an exact association table and I4 in part; its designs were developed on the evaluation
documents of I1.

12 Conclusion

PureByte is a bet on the small end of AL Its Al Specialists read raw bytes, answer with decisions, scores,
labels and byte ranges, and are sized for one job: two to fifty-four million parameters, one to twenty-nine
mebibytes, 3 to 6 ms per short (64-byte) decision on one core of a desktop CPU and 0.8 to 1.5 ms with
eight of its threads, the same bits every time on a platform. They are trained from scratch in minutes
to an hour on one consumer GPU by a factory that blocks leaked examinations, silent options and
unverified exports and records failed criteria, while some of its rules are written rather than enforced
(its leak checks came after the three released examples, whose overlaps we measured); and they can be
trained by an Al agent from a description of the job, which is what we call Vibe Training.

The three released examples show that the approach holds on three real jobs, two of them with widely
used rival tools, within the conditions we state for each. On 164 of the 168 repositories of CredData’s
test half, a 1.9-million-parameter model finds three and a half times as many labeled credential lines
as a mature rule set with its default rules, at a close precision on labeled lines (3.1 times on all 168),
after learning partly from the benchmark’s other half, and 2.9 times on the original values, which the
benchmark obfuscates. An 8.3-million-parameter model scores F2 0.769 on the PII Masking Benchmark,
13th of 36 and above a privacy filter with 170 times its parameters (6 times its active parameters) and a
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narrower policy, after training on the sources of four of the benchmark’s six tasks (on the other two
tasks the two models are level); the best small pretrained encoders remain ahead at a few times its
cost per byte. None of the three met every pre-registered criterion as first written, and we report each.
The research on an attachable document memory shows the architecture’s modularity, with an exact
memory that recalled reuses 15 MiB away on one constructed stream, and a real-data test that stopped
us from shipping it where it would have copied errors.

The theses of the paper go further than its measurements, and we have marked where and what
would refute them. We believe that most of the decisions over data now made by rules or by calls to
general models will be made by small models made for their jobs, often by larger models; that efficiency,
an open format and every device are the right principles for that world, which is what we mean by
the ARM of AI; and that the organization that owns the data should own the model. The next steps
are measurable: specialists for jobs and answer types beyond the three examples, comparisons with
learned baselines and with small generalists with adapters, a benchmark of agents doing Vibe Training,
microcontroller targets, and an exact memory trained on real negative repetitions. The code, the model
format and the training stack are open, so that others can check the numbers and build the specialists
we have not.
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rule set, not of rules written by an agent for the job, which we did not measure.

(a) Rules

(b) A general model at
run time

(c) A trained Al
Specialist

Cost to build

Time per decision

Where the data go

Same input, same answer

Patterns without a fixed form

Patterns with a fixed form

A new question

low, grows with every
exception

microseconds (gitleaks
reads bytes roughly 80
times faster than
secrets-code)

nowhere

yes

weak: gitleaks recall
0.207 overall on
CredData (0.201 on its
original values)

strong for private keys
(recall 0.84), weak for
provider tokens with
default rules (0.28, a gap
not explained,

Section 8.2)

a new program

a prompt, and an
examination to know its
quality

measured: Laya, a

421 M-parameter
decision model, 373 ms
on the same CPU;
quoted by Laya’s model
card: 33-40 ms on a T4
GPU, and a hosted
decision API 236-276 ms
(third-party median)

to the provider if hosted;
nowhere if local

not guaranteed by
hosted APIs;
reproducible locally
with greedy decoding
and batch-invariant
kernels [207]

strong in principle; not
measured here

strong in principle; not
measured here

a new prompt

data, criteria, one
training run (25 minutes
on one consumer GPU
for three seeds of
secrets-code)

0.82 ms for a 64-byte
input on eight threads of
a desktop CPU

nowhere

yes, bit for bit on a
platform (Section 5)

strong: secrets-code
recall 0.729 overall at
precision 0.879 (0.583 on
the original values)

strong (0.90 and 0.85)

a new training run

98



PureByte: SLMs Are the Future References

Table 18: The three released Al Specialists. Parameters without heads: the network (byte embedding, blocks
and final normalization) plus the n-gram tables and their projection where there are any; the two heads add

34,439 to each (Table 6).

secrets-code 1.0.0 pii 1.0.0 secrets-bin 1.0.0

Job credentials in code, personal data in any text, credentials in executables,
configuration and other text masked as one type libraries, bytecode, firmware

Input text files up to 4,000,000 bytes;  any file up to 64 MiB, of any any file up to 64 MiB; archives
under 24 bytes not analyzed length opened; under 24 bytes not

analyzed

Preset; blocks of nano; 4 ssm_v2 nano_n15; 4 ssm_v2 tiny_n18; 8 ssm_v2

width 256

n-gram tables none 3% 21 x 64 3% 218 x 64

(4-bit)

Parameters: 1,927,520; 1,961,959 8,268,128; 8,302,567 54,170,048; 54,204,487

without heads;

with heads

Model file 1,028,704 bytes (0.98 MiB) 4,764,864 bytes (4.5 MiB) 30,163,488 bytes (28.8 MiB)

Windows and 512 bytes every 384; a two-class window head with max pooling gates a span head with

heads BIOES labels of one type (secret, PII, secret)

Stored bias; profile 0.0; secrets-code —0.5; redact 0.0; secrets-binary

Seeds + controls; 3 + 1; fewest findings on 6 + 2; best F1 on select 6 + 1; best F1 on select

released seed code-fp-b, CredData TEST in
view

Headline CredData F1 0.797 [0.719-0.860]  PIIMB mean F2 0.7689; four of false alarms on 193 clean files: 1,
on 164 of 168 TEST repositories,  six tasks from its training 9, 12, 4 and 2; synthetic probe
obfuscated values (0.694 on the  sources recall 1.000 (360 of 360)

original values)

Table 19: Exams that also informed development decisions. Their figures in this section are partly in-sample.

Exam What it also decided during development

CredData TEST (complete the data steps of the secrets-code recipe, scored at each of its last four versions against

half) per-family recall targets (short passwords, Authorization headers, URL credentials, values
with no name); the rejection of a recalibration of confidences (Section 6.7); the released seed,
chosen with TEST in view

code-fp-b the learning rate and the rejection of a pretrained body (Section 6.5); the rejection of a late
attention layer and of larger bodies (Section 4.11); the released seed of secrets-code

bin-fp-a the n-gram memory and the cost of ternary weights (Section 4.11); the rate of the output

bin-fp-b, Windows part
bin-fp-b, bin-fp-c

Binary probe

PIIMB

projections, against tail seeds (Section 6.5)

the share of real negatives in each batch (Section 6.5)

chosen after earlier models failed on them; the recipe’s negatives were built to fix those
failures, and the profile’s rule for JAR digests was written after bin-fp-c showed them

the recall of development models, among them those of the n-gram ablation; a seed chosen on
it was the worst on real libraries (Section 8.5)

the direction of the body, the preset and the size of the public pool (Section 8.5); the data mix,
compared on it (Section 8.3)
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Table 20: secrets-code on CredData TEST (commit c@9c@c5, obfuscated values): the published scope without
the four repositories that overlap the training corpus, and the complete TEST half for reference. Files up to
4 MB; the CredData line rule, on labeled lines only; F1 with its 95 % bootstrap interval over repositories, which
covers the sampling of repositories, not the variation between training runs (see the three seeds’ row). All tools
run by us on the same machine (AMD Ryzen 9 5900X, Linux under WSL2, 6 threads per tool) and scored by
the same code: the model at its stored operating point and the ensemble with two of three votes, on regions of
the files around the labels that give them the same windows as the whole files (checked on a sample of files);
gitleaks with its default rules and TruffleHog without verification, on the whole files.

Tool Found (TP) False pos. Missed Precision Recall F1 [95% interval]
Published scope: 164 repositories, 4,737 files, 4,219 positive line units

secrets-code 1.0.0 3,077 422 1,142 0.879  0.729 0.797 [0.719-0.860]
secrets-code, ensemble of three 3,128 429 1,091 0.879  0.741 0.805 [0.731-0.863]
secrets-code, the recipe’s three seeds - - - - - range 0.788-0.799
gitleaks 8.30.1 875 92 3,344 0.905 0.207 0.337 [0.263-0.421]
TruffleHog 3.97.6, no verification 104 76 4,115 0.578  0.025 0.047 [0.017-0.092]

Complete TEST half, for reference: 168 repositories, 5,262 files, 5,295 positive line units

secrets-code 1.0.0 3,491 492 1,804 0.876  0.659 0.753 [0.665-0.841]
secrets-code, ensemble of three 3,564 545 1,731 0.867  0.673 0.758 [0.675-0.844]
gitleaks 8.30.1 1,119 100 4,176 0.918  0.211 0.344 [0.263-0.413]
TruffleHog 3.97.6, no verification 106 86 5,189 0.552  0.020 0.039 [0.014-0.078]

Table 21: secrets-code beyond the headline. (a) Operating points, chosen on the 51 DEV repositories that fed
no training window, before the released model was scored on TEST; TEST is the published scope. (b) False alarms
on public repositories without live credentials, pinned by commit, scanned by the release’s CLI with default
options (one model, 6 threads): every finding counts; warnings are findings in test, example and documentation
paths; errors are the rest. The indented rows leave out the nine repositories that were in the training data (see
the text). code-fp-b also chose the learning rate and the released seed, so its counts are development figures;
gitleaks and TruffleHog were not run on these sets.

(a) Operating points

Point Rule on DEV DEVP/R TEST P/ R/ F1 [95 % interval]
--bias 0 (default) the best F1 0.876/0.728  0.879/0.729 / 0.797 [0.719-0.860]
--bias -2 the highest recall with precision > 0.90  0.920/0.662  0.932/ 0.663 / 0.775 [0.683—0.848]

(b) False alarms on repositories without live credentials

Set Repositories  Files scanned  Findings Warnings  Errors
code-fp-a 6 1,219 93 90
without tornado 5 931 73 70
code-fp-b 18 4,823 408 392 16
without starlette, got and devise 15 4,322 339 323 16
code-fp-c 12 4,778 138 49 89
without the five overlapping repositories 7 2,046 51 27 24
All three 36 10,820 639 531 108
without the nine overlapping repositories 27 7,299 463 420 43
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Table 22: CredData TEST, published scope (164 repositories, 4,219 labeled credential lines), scanned as distributed
(obfuscated values) and with the original values restored. Paired 95 % interval of the change in recall, bootstrap
over repositories.

Tool Recall, obfuscated — original [change] Found F1

secrets-code 1.0.0 0.729 — 0.583 [-0.189, —0.114] 3,077 — 2,460 0.797 — 0.694
Ensemble of three 0.741 — 0.597 [-0.187, —0.115] 3,128 — 2,517  0.805 — 0.704
gitleaks 8.30.1 0.207 — 0.201 [-0.027, +0.019] 875 — 850 0.337 — 0.329
trufflehog 3.97.6 0.025 — 0.046 [+0.004, +0.036] 104 — 195 0.047 — 0.087

Table 23: pii on PIIMB (revision 7d797b9f, sentences subset, 150,022 sentences): F2 per task and the means
over the six tasks of F2, precision and recall. pii measured by us with the purebyte CLI 1.0.0 (AMD Ryzen
9 5900X, Windows 10, 3 threads) at the operating point stored in its file, together with a file of each of the
recipe’s six seeds; “PIIMB mode” (the released seed at bias 2.0, gate off) is computed in PyTorch; the criterion
as first written was read there, and since its move it is reported, not judged. The last column leaves out the
1,018 sentences that share a 64-byte block with the training pool (recall not reported). openai/privacy-filter
and the leader (the leaderboard’s first, OpenMed/privacy-filter-multilingual-v2, a fine-tune of it), both of 1.4 B
parameters with about 50 M active per token, are quoted from the public leaderboard (retrieved 2026-09-23).

pii 1.0.0 sixseeds  sixseeds  PIIMB openai/ masking  pii 1.0.0,
Task (released) mean min-max  mode privacy-filter leader everything no overlap
aidprivacy-en 0.9569 0.9624 0.9569-0.9643 0.9716 0.8426 0.9754 0.5883 0.9568
ai4privacy-multi 0.9498 0.9569 0.9498-0.9602 0.9686 0.8052 0.9701 0.5867 0.9495
nemotron-pii 0.8918 0.9003 0.8918-0.9050 0.9334 0.6068 0.9070 0.4300 0.8902
gretel 0.9463 0.9522 0.9463-0.9563 0.9622 0.8687 0.9727 0.6443 0.9464
privy 0.5360 0.5183 0.4834-0.5462 0.6694 0.5362 0.8176 0.2679 0.5360
mapa-eur-lex 0.3325 0.3744 0.3325-0.4002 0.4069 0.3129 0.3728 0.1364 0.3325
Mean F2 0.7689 0.7774 0.7689-0.7853 0.8187 0.6621 0.8359 0.4423 0.7686
Mean precision 0.773 0.765  0.759-0.773 0.680 0.751 0.832 0.157 0.773
Mean recall 0.770 0.782  0.769-0.794 0.892 0.655 0.839 1.000 -

Table 24: secrets-bin on binaries that hold no credential (every finding is a false alarm) and on the probe.
Left: the released file with the purebyte CLI 1.0.0, default options (containers opened; findings must touch a
printable string of at least 16 characters) and with --all-bytes. Right: the recipe’s six seeds with the research
code (the same weights with the n-gram tables at 32 bits; every span reported; containers scanned as they are),
without the files that overlap the binary training corpus. The exams are partly not redistributable; the probe is
synthetic, made with the training generator (see the text).

Released file, CLI Six seeds, research code
Exam Files Default --all-bytes Mean Worst Released
bin-fp-a: extension modules of scipy 1.18.1 and 24 (38 MiB) 1 1 2.7 6 2
scikit-learn 1.9.1 (Linux x86-64 wheels)
bin-fp-b (Linux part): libraries and executables (Ubuntu 25 (93 MiB) 92 9 35b 8P oP
26.04 packages, PyTorch and NumPy wheels)
bin-fp-b (Windows part): DLLs (system, DirectX, MFC, a 15 (80 MiB) 12 12 13.2 27 12
graphics driver)
bin-fp-c: 14 formats absent from the training corpus of 69 (109 MiB) 4° 7¢ 13.0° 32P ob
the first binary models
Held-out extension modules: 60 modules of 18 Python 60 (34 MiB) 2 2 0.8 2 2
packages, set apart before training
Probe: recall on the 360 decidable credentials 2,000 windows 1.000 1.000 0.995 0.989 1.000

2 All in 4 of the 8 files that overlap the training corpus; 0 in the other 17. ® Without the overlapping files: 17 Linux files and 67
files of bin-fp-c. ¢ With --no-archives: 0 by default and 1 with --all-bytes.
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Table 25: What a synthetic or development signal said, and what the real exam said, in the development of the

three recipes.

Signal during development

The real exam

An earlier credential model: recall 0.98 on generated windows

A seed with a validation F1 of 0.867

Released secrets-code seed: lowest validation F1 of three (0.883)
Bidirectional pii body (an earlier recipe): validation F1 0.913 against

0.84-0.85

Released pii seed: the best select F1 of six
The binary seed with the best F1 on the planted-credential probe
An ensemble chosen on one false-alarm set: zero false alarms there

recall 0.31 on CredData

catastrophic on real data

CredData F1 0.797; the three seeds 0.788-0.799
tied on PIIMB at the “PIIMB mode” point

(—0.005 in mean F2)

the lowest of the six on PIIMB (span 0.0164)
the worst on real shared libraries

148 on the next set

Table 26: 11: recall by distance with a role, eight streams of 1 MiB (trained on 16 KiB), seed 0. Balanced accuracy:
minimum over the seven buckets unless noted; chance is 0.5.

Model

What it is

Balanced accuracy

No memory

Frozen body in stream
Body retrained in stream

Sliding window

Learned key-value memory

h2

hé6
h9

h10

h10, body in stream

the body and a trained head only
the body’s state carried over the
whole document

full backpropagation
16 KiB

attention over the last 1KiB; did
not train in 3,000 steps (chance
even inside its window)

learned keys, 4,096 entries (65,536:
the same)

through

exact 8-byte address, gated writes,
copy length; near-copy false
alarms 0.53-0.66

h2 + causal mixer + copy breaks

h6 + exact presence + token cover-
age + hard negatives

h9 with bounded state (0.49 MB af-
ter 1 MiB)

the same memory, body state car-
ried; twice as slow

0.43 (mean)
0.43 (mean)

0.57-0.63 to 32 KiB, then chance

0.47 (mean)

0.91 at 16 KiB, 0.66 (mean) at 1 MiB
0.86 (mean 0.88)

0.92 (mean 0.95)

0.966 (mean 0.977)

0.961 (mean 0.978)

0.958 (mean 0.974)
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A Notation

Symbol Meaning

B, B* byte values {0, . .., 255}; finite byte strings

J=(Y,P;,t) abyte job: output space, data distribution, loss (Definition 1)

fo a specialist with parameters 0; |0y| its network (byte embedding, blocks and final
normalization), without lookup tables and heads

T,d window length in bytes; model width (d_model)

h; hidden state of the body at byte ¢

Dy, Ms, cs build cost, maintenance cost and cost per decision of approach s (Equation (31))

Mg, fs, €s misses and false alarms per decision, and their cost e; = msCjiss + fsCra

Ts(N), N* total cost over N decisions; break-even number of decisions (Equation (32))

B Configurations of the released specialists

Table 27 lists what the three released model files declare (read from their metadata) and Table 28 the
settings of the recipes that trained them. All three are causal (they read left to right), use the same heads
and read windows of 512 bytes every 384.

Table 27: The released model files. Parameter counts: network = embedding, blocks and final normalization;
tables = hashed n-gram tables at 4 bits and their projection; heads = the tag and choice heads (34,439 parameters).
Quantization scales (one per group of 128 ternary weights, one per row of a 4-bit table) are derived and not
counted. Of the table parameters of secrets-bin, 12,582,912 are never read (Section 4.10).

secrets-code 1.0.0 pii 1.0.0 secrets-bin 1.0.0
Size preset nano nano_n15 tiny_n18
Blocks (ssm_v2) 4 4 8
Width d 256 256 256
SSM heads X head width 8 X 64 8 X 64 8 X 64
State size, groups 64, 2 64, 2 64, 2
Convolution width 4 4 4
Ternary group 128 128 128
n-gram orders none 2,3,4 2,3,4
Rows per order X columns - 32,768 X 64 262,144 X 64

Heads

Window, stride

tag: BIOES, one type, gated by the choice head; choice: 2
classes, max pooling, hidden width 128

512, 384

512, 384 (minimum 1)

512, 384

Post-processing profile secrets-code redact secrets-binary
Network parameters 1,927,520 1,927,520 3,789,248
Table parameters 0 6,340,608 50,380,800
Head parameters 34,439 34,439 34,439
Total 1,961,959 8,302,567 54,204,487
File size (bytes) 1,028,704 4,764,864 30,163,488
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Table 28: Training settings of the released recipes. Each step draws batch generated windows and appends a
share (real_frac) of real windows: labeled windows of CredData’s development half for secrets-code (spans),
real negative windows of public binaries for secrets-bin (neg). All use AdamW (f; = 0.9, 2 = 0.95), weight
decay 0.05 on matrices only, a warm-up of 30 steps, a plateau and a linear decay to zero over the last 20 % of the
steps, gradient-norm clipping at 1.0, and the loss CE,s + 0.5 CEchoice-

secrets-code pii secrets-bin
Steps 12,000 12,000 6,000
Generated windows per step 16 16 16
Real windows per step 4 (real_frac 0.25) 0 7 (real_frac 0.45)
Peak learning rate 3x107% 3x107¢ 1x1073
Output-projection learning-rate multiplier 1 1 0.25
Seeds 3 6 6

C Parameters of the cost model

Figure 13 evaluates Equation (31) with e; = M; = 0, in hours of waiting time over N decisions, for
three approaches; Figure 14 adds the error terms against rules. Parameters we measured are marked
(m), figures published by others and quoted (q), and assumed ones (a), which are ranges chosen for
illustration.

Table 29: Parameters of Figures 13 and 14.

Approach

Build cost Dy

Cost per decision ¢, and errors e;

(a) rules written by
an agent

(b) a general model
at run time

(c) an AI Specialist
trained by an agent

(a) 1 to 8 hours of an agent’s and a person’s
time

(a) zero (a prompt), plus an examination to
know its quality, not counted

(a) 4 to 24 hours of an agent’s and a person’s
time, plus (m) 25 minutes to 1 hour of one
consumer GPU

(m) a pattern scanner reads bytes roughly
80 times faster than the specialist: 5.9 ps per
64-byte input, about 0.04 ms per window of
384 bytes (busy machine, approximate); (m)
on CredData, 3.5 X 10”3 missed credentials
and 9.7 x 107> false alarms per window
(q) 236-276 ms for a hosted decision API
(third-party median, quoted by Laya’s
model card); (a) 2 s, a separate scenario for
a generative model that reasons before an-
swering; errors not measured

(m) 0.82ms per short decision on eight
threads of a desktop CPU, 2.9 ms per win-
dow of 384 bytes on the whole desktop; (m)

on CredData, 1.2 X 10~3 missed credentials
and 4.4 x 10™* false alarms per window

The error rates are those of the published scope of CredData’s test half (4,219 labeled credential lines
in about 9.5 X 10°> windows) as the benchmark distributes it; on its original values the specialist misses
more, which moves the threshold of Figure 14 from about ten to about twelve seconds (Section 7.2).
Their false alarms are those on labeled lines, as CredData’s precision counts them, for both tools. A
false alarm is assumed to cost 60 s of a person’s triage, and the cost of a miss is the variable of Figure 14.
The specialist’s build cost assumes that the training stack, the data sources and an examination already
exist: it is at the low end of what this project observed while building them (Section 7.5). Money and
energy follow Equation (31) with other units: a provider’s price per call for ¢y, a few milliseconds of
CPU cores for cgpec. Prices of language models are falling fast [111], which lowers ¢y, and raises N*
against run-time reasoning; the latency, the privacy and the determinism of Section 7.4 do not change
with price.
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D Data and licenses

Table 30 lists every dataset behind the released specialists and their examinations: its pin, its license,
what it was used for and whether it can be redistributed. Datasets are never stored in the repositories:
the data scripts download them from the pinned sources and check their SHA-256.

Table 30: Data behind the released specialists and their examinations.

Data Pin License Use
OpenPII-1M, TRAIN split revision ecfdc547 CCBY 4.0 training of pii
[209]

Nemotron-PII, TRAIN split revision b70ffaf5s CCBY 4.0 training of pii
[210]

Gretel PII masking EN v1, revision e@6eb149 Apache-2.0 training of pii
TRAIN [211]

Gretel synthetic PII finance, revision 7b844d16 Apache-2.0 training of pii
TRAIN [212]

INE name and surname
tables [227]; Tatoeba
sentences [228]

gitleaks v8.30.1 and
trufflehog v3.97.6 catalogs
[145, 146]

Public code repositories

Binaries

CredData [150]

PII Masking Benchmark
[161]

Clean code repositories
(code-fp)

Clean binaries and the
probe

SHA-256

commiits of the tags

cloned on 19
September 2026 for
the release; the

scripts pin the heads

of 23 September

the training
machine’s system
folders for the
release; the scripts
pin public packages
by SHA-256
commit c@9c0c5

revision 7d797b9f

commits

packages by
SHA-256, partly
internal

CC BY 4.0; CC BY
2.0 FR

MIT;
AGPL-3.0-only

permissive
licenses

per package

Apache-2.0; each
file under its
project’s license

CCBY-NC 4.0

their licenses

per package

generators of pii

formats and example strings for the credential
generators (never their code); built locally,
never committed

context windows of secrets-code and code
windows of pii; not redistributed

context and negative windows of secrets-bin;
the release corpus cannot be redistributed

examination (test half) and training (labeled
lines of the development half, with CredData’s
obfuscated values)

examination, and during development a
comparison of variants (Table 19); never
training material; scores published, texts never

false-alarm examinations of secrets-code

examinations of secrets-bin; partly not
redistributable

The attributions that the licenses require: “Ai4Privacy / Ai Suisse SA OpenPII-1M, CC BY 4.07;

“NVIDIA Nemotron-PII, CC BY 4.0”; “Gretel.ai datasets, Apache 2.0”; “Contains data from the Instituto
Nacional de Estadistica (INE), www.ine.es, CC BY 4.0”; “Sentences from Tatoeba (tatoeba.org), CC BY
2.0 FR”. The model cards of the released specialists carry the same lines. The code of the runtime and of
the training stack is Apache-2.0; the weights of the three released specialists are under the PureByte
Model License 1.0, which allows their use, commercial use included, but not their redistribution, models
derived from them or a hosted service whose main value is the model itself.
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E Reproducing the numbers

The runtime and its tests, the evaluations of secrets-code and pii on public data, and the training
recipes of secrets-code and pii can be rerun from the two public repositories and public data (that of
secrets-bin cannot: no script builds its negative windows). The released weights cannot be rebuilt bit
for bit (they were trained on a GPU, and a retraining is a new draw from the recipe’s seeds); the negative
binaries and the examinations of secrets-bin are not public; and the data stage refuses the release
data of secrets-code and pii unless they are rebuilt without their overlap with the examinations
(Section 6). The design ablations of Section 4.11, the six seeds of secrets-bin, the “PIIMB mode” figures
and the document memory of Section 9 were computed with research code that is not released, and are
reported as such. Only the released file of each model is published (with the two extra members of the
secrets-code ensemble), so the six-seed figures of pii and secrets-bin, and the criteria read on them,
cannot be rerun on the released seeds. The runtime and the evaluations live in purebyte-ai/purebyte,
the training stack in purebyte-ai/purebyte-train; their documentation gives every option.

The runtime and its exactness tests.
git clone https://github.com/purebyte-ai/purebyte && cd purebyte

cmake -S . -B build -DCMAKE_BUILD_TYPE=Release
cmake --build build --config Release --parallel
ctest --test-dir build --build-config Release --output-on-failure

The suite compares the engine with the NumPy reference on random models generated from the
specification, checks bit-identity across kernels and thread counts, and refuses malformed model files
(Section 5).

The released models. purebyte models pull NAME downloads a released model (pii, secrets-code,
secrets-code-ensemble or secrets-bin) and verifies its SHA-256 against the catalog compiled into the
runtime; purebyte bench measures a machine’s latency and throughput.

CredData (Section 8.2). The snapshot we measured, prepared by CredData’s own script:

git clone https://github.com/Samsung/CredData.git && cd CredData

git checkout c@9c@c52fc6dae4ae5438ae69bad86f98059f0d

python3 -m pip install -r requirements.txt

python3 download_data.py --data_dir data --jobs 8

python3 /path/to/purebyte/benchmarks/creddata/score.py split --creddata .

bash /path/to/purebyte/benchmarks/creddata/run.sh /path/to/CredData test

MODEL=secrets-code-ensemble bash /path/to/purebyte/benchmarks/creddata/run.sh \
/path/to/CredData test

The script prints both published tables: without the four repositories that overlap the training corpus
(164 repositories, the headline figures; --exclude-repo training-overlap in score.py) and for the
complete test half of 168 repositories. It runs gitleaks and trufflehog when they are installed; we used
gitleaks 8.30.1 with its default rules and trufflehog 3.97.6 without verification. The paired interval of the
overlap’s effect uses score.py score --paired --drop-lines with a list of lines that is not published.
The figures on the original values (Table 22) come from a script that fetches third-party credential values
and is not published.

Clean repositories (Section 8.2). In a purebyte-train checkout, python data/fetch_exams.py --set
code-fp-a --set code-fp-b --set code-fp-c fetches the three sets at their pinned commits, and
specialists/secrets-code/eval/count_findings.py counts what the CLI reports on each (--models
DIR --exam PATH --out FILE).
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PII Masking Benchmark (Section 8.3).

mkdir piimb && cd piimb

curl -LO "https://huggingface.co/datasets/piimb/pii-masking-benchmark/resolve/\
7d797b9fc8dc1942cef60fbe532e7d1a0e31b655/data/test_sentences. jsonl"

bash /path/to/purebyte/benchmarks/piimb/run.sh /path/to/piimb pii

The benchmark is licensed CC BY-NC 4.0: it is used to measure, never to train. The other models’
figures are those of the benchmark’s public leaderboard. With EXCLUDE=PIIMB_OVERLAP. json before
run. sh, the score leaves out the sentences that share a 64-byte block with the training pool; python
data/build_pii_pool.py --piimb-overlap writes that list in a purebyte-train checkout, and it is kept
local because it is derived from the benchmark.

Training a released recipe (Section 6).

git clone https://github.com/purebyte-ai/purebyte-train && cd purebyte-train

# first install PyTorch for your hardware (pytorch.org/get-started/locally)

pip install -e "training[test]"

python -m pbtrain doctor

python -m pytest -q training/tests # the training contract, the factory on a CPU

# data scripts (data/README.md): examinations first, then corpora

python data/build_creddata_stream.py --exam-overlap drop

python -m pbtrain run specialists/secrets-code/recipes/secrets-code-1.0.0.yaml \
--device auto --parallel 3

The data scripts of the training repository must run first, examinations before corpora; the repository’s
documentation lists them in order. The result is a new draw of the recipe, not the released weights:
expect results within the spread of the recipe’s seeds, not the released figures (Section 6). No retraining
with the public code has yet been scored on the examinations.

The document memory (Section 9). The memory is research code that is not part of the release;
the measurements of Section 9 were taken with it on the same machine and are reported as research
results.

F Glossary

Al Specialist
A small model trained for one job, which reads bytes and answers with decisions, scores, labels or
byte ranges (Definition 2).

Vibe Training
Training an Al Specialist by describing the job to an Al coding agent, through a factory that blocks

leaks, silent options and unverified exports and records failed criteria; some of its rules are written
rather than enforced (Definition 10).

Body
The embedding, the n-gram tables and the stack of blocks that turn bytes into hidden states.

Head
A layer that turns hidden states into one kind of answer (Section 3.2).

Profile
Post-processing of the runtime that merges, filters, masks or redacts the spans of a model.

Window

The unit the body reads at once (512 bytes every 384 in the examples); a stream context reads inputs
of any length.
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Examination, exam
A held-out real evaluation set, fingerprinted so that the data stage refuses training windows that
share a 64-byte block with an examination of role test; the released examples predate part of this
check (Section 6).

Control
The same recipe trained on labels shuffled between windows; it must score about zero.

Rival
A classic rule-based baseline for the same job, tuned on held-out data; the gate requires the mean of
the seeds to beat it by more than the spread between seeds, a sanity check rather than a significance
test.

Operating point
The label bias chosen on held-out data that trades precision for recall.
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