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ABSTRACT

Modern large language models are pretrained on massive datasets, making it difficult to prevent
benchmark data from entering their training sets and undermining the reliability of evaluation
results. Reliable evaluation is particularly challenging for base models, whose limited instruction-
following ability complicates task-based assessment. We introduce Uncheatable Eval, a dynamic
benchmark that regularly collects newly published text to evaluate base language models and reduce
the risk of data contamination. Drawing on the relationship between a model’s predictive ability
and its ability to compress data losslessly, we use compression rate to evaluate how well models
predict new text. We evaluate 80 models across 14 text categories, study how compression changes
with context length, and examine the correlation between compression rate and zero-shot MMLU
accuracy. Our results yield three main findings: (1) compression performance follows a consistent
scaling trend with model size; (2) attention-based, hybrid, and recurrent models differ in how their
compression performance changes as more context becomes available; and (3) lower compression
rates are strongly associated with higher zero-shot MMLU accuracy. Code is available at https:
//github.com/Jellyfish042/uncheatable_eval.

Keywords language model evaluation · data contamination · dynamic benchmarks · data compression

Figure 1: Overview of Uncheatable Eval. Left: Data construction and compression-rate evaluation. Right: Compression rates of six
representative models across five text types.
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Uncheatable Eval

1 Introduction

Effective evaluation is essential to the development of large language models. However, the vast internet corpora used
to train these models may contain benchmark questions, answers, and solutions. Such contamination can inflate scores
through memorization, making it difficult to distinguish genuine generalization from recall. Longitudinal studies using
model training cutoffs find evidence of this effect in code and mathematics data [1]; surveys and controlled studies
show that contamination occurs at several semantic levels and is difficult to detect reliably [2, 3, 4].

Dynamic benchmarks reduce this risk by collecting newly published data or generating new test examples. LiveBench
and LiveCodeBench use recently released questions and code problems [5, 6]. Other recent benchmarks continuously
update their evaluation data to reflect changes in facts and knowledge [7, 8, 9]. Newer test data reduce contamination risk,
while task-based evaluation can obscure base-model capabilities because base models have limited instruction-following
ability.

We introduce Uncheatable Eval, a dynamic benchmark that measures how well pretrained language models predict
newly published text (Figure 1). Drawing on the relationship between prediction and lossless compression, we view
each language model as a lossless compressor: its next-token probabilities can guide arithmetic coding, assigning
shorter codes to more probable continuations [10]. A model that predicts the observed text more accurately therefore
requires fewer bits to encode it. We evaluate this ability through compression rate, calculated from the ideal code length
relative to the original text size. This directly evaluates base models on new text without task instructions or reference
answers.

To apply this approach across diverse forms of text, we collect newly published fiction, source code, scientific papers,
news, and encyclopedia articles within specified time windows. We then process these texts through a data curation
pipeline that combines quality filtering, deduplication, and text normalization, with balanced sampling across languages
for the multilingual subset. Results for 80 models on the resulting datasets reveal a systematic relationship between
model size and compression rate, well described by a power law with an additive constant. A 54-model analysis on
longer scientific documents shows different changes in CR across attention-based, hybrid, and recurrent models as more
preceding text becomes available. A comparison with zero-shot MMLU further reveals a strong association between
better compression of technical text and higher MMLU accuracy.

Our main contributions can be summarized as follows:

1. We introduce Uncheatable Eval, a dynamic benchmark that evaluates base language models through compression of
newly published text collected from diverse sources and curated using a data processing pipeline developed for the
benchmark.

2. We report 80 models spanning attention-based, hybrid, and recurrent families across 14 text categories, providing a
broad comparison of compression performance across model sizes and text domains.

3. We analyze how CR varies with model size and document position and how it correlates with zero-shot MMLU
accuracy.

2 Related Work

Data contamination. Benchmark questions and answers can enter model training data and inflate test scores
[3, 11, 12]. Contamination ranges from exact copies to semantic overlap, so lexical matching alone is insufficient
[2, 13]. Comparisons across training cutoffs and controlled leakage experiments reveal score effects and detection
limits [1, 14]. Yet overlap does not have the same performance effect for every model, and inflated scores need not
reorder leaderboards [15, 16]. Other approaches detect contamination from model behavior [17, 4], score multiple
contamination levels [18], or control screening errors [19]. Proposed defenses vary test instances or interactions
[20, 21, 22, 23], limit benchmark exposure [24], or design contamination-resistant datasets [25]. These studies motivate
collecting new evaluation data and show that publication recency alone does not establish a clean test set.

Dynamic benchmarks. Dynamic benchmarks regularly add new test data to reduce the risk of contamination.
LiveBench and LiveCodeBench collect recently released questions and programming problems [5, 6], while AntiLeak-
Bench constructs questions using new real-world knowledge [26]. Related benchmarks test whether models can use
updated evidence, track changing facts, and adapt to new knowledge [7, 8, 9].

FreshBench is the closest prior work to ours. It measures the probabilities models assign to text published at different
times and their accuracy in predicting future events [27]. Its main question is how performance varies with the age of
the data relative to a model’s release, including whether models perform worse on more recent data. Uncheatable Eval
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also evaluates newly published text, but focuses on comparing base models through compression rate. We also examine
compression by model size and document position.

Compression-based evaluation. Language models can be evaluated directly by measuring how well they predict
text. Paloma measures perplexity across diverse domains under consistent evaluation conditions [28]. Delétang et al.
explain the connection between prediction and lossless compression: a model that assigns higher probabilities to the
observed text can encode it using fewer bits [10]. Li et al. use compression to evaluate models on text published after
their training cutoffs and examine how performance changes across time periods [29]. Huang et al. find that models
that compress text better also tend to score higher on knowledge, code, and mathematics benchmarks [30]. Uncheatable
Eval extends this approach to a regularly updated benchmark covering diverse text types and model families.

3 Uncheatable Eval

3.1 Data Collection and Curation

Uncheatable Eval collects newly published text for each evaluation to reduce the risk that models have already
encountered the test data during training. The collection covers fiction, news, encyclopedia articles, scientific papers,
source code, and documentation from publicly available sources. Table 1 lists the evaluation categories; Other groups
source-code files outside the named language categories.

The collected text is processed through a curation pipeline to improve quality and limit repetition. Quality filters remove
samples that are too short or contain anomalous character sequences, while near-duplicate removal uses MinHash
locality-sensitive hashing to limit repeated content. Unicode text is standardized using NFC normalization. For the
non-English encyclopedia subset, sampling is balanced across languages to prevent the results from being dominated by
a single language.

Because tokenizers can assign different numbers of tokens to the same text, a length limit based on one tokenizer may
leave samples too long for another. We therefore check each sample with a diverse set of tokenizers and truncate it to
meet a common token budget under all of them. This produces a shared text sample for evaluation while accounting for
differences in tokenization.

Table 1: Evaluation categories and labels used in the result tables.

General text Scientific Paper Code

English fiction (EF) Biology preprints (Bio) C++
News Computer science papers (CS) JavaScript (JS)
English encyclopedia (EE) Mathematics papers (Math) Markdown (MD)
Non-English encyclopedia (NEE) Other scientific papers (Sci-O) Other

Physics papers (Phys) Python (Py)

3.2 Compression-Based Evaluation

Uncheatable Eval measures how well a model predicts text by treating the model as a lossless compressor. In arithmetic
coding, the model’s next-token probabilities determine how the text is encoded: more probable sequences require fewer
bits [10]. A model that predicts the observed text more accurately can therefore compress it more efficiently. We
measure this efficiency using the ideal code length implied by the model’s probabilities.

Specifically, let s be a document and x1:T its token sequence under the evaluated model’s tokenizer. The model predicts
each token from the preceding tokens, assigning the document the probability

pθ(x1:T ) =

T∏
t=1

pθ(xt | x<t). (1)

The corresponding ideal code length, in bits, is

Bθ(s) = − log2 pθ(x1:T ) = −
T∑

t=1

log2 pθ(xt | x<t). (2)
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Thus, code length is the next-token negative log-likelihood expressed in base 2, linking the evaluation directly to the
pretraining objective. It can be computed from the probabilities of the observed tokens without asking the model to
follow instructions or generate an answer. We use this theoretical code length throughout; it excludes finite-precision
coding overhead and the storage cost of model parameters.

To compare documents of different lengths and models with different tokenizers, we normalize the code length by the
original document’s UTF-8 size. If nbyte(s) is the number of UTF-8 bytes in s, its uncompressed size is 8nbyte(s) bits.
We define the compression rate (CR) as the percentage of this size needed for the ideal encoding:

CRθ(s) = 100 · Bθ(s)

8nbyte(s)
, (3)

For example, a CR of 10% means that the ideal encoding occupies one tenth of the original UTF-8 size. Lower CR
indicates better compression and, on the same text, better prediction. The UTF-8 denominator puts models on a common
scale; each score reflects the model–tokenizer pair.

For a collection of documents S , compression rate is the ratio of their total ideal code length to their total original size:

CRθ(S) = 100 ·
∑

s∈S Bθ(s)

8
∑

s∈S nbyte(s)
. (4)

We use this byte-weighted rate to summarize performance within each category. To compare models across categories,
we report an Overall score that takes the unweighted arithmetic mean of the category rates. This gives each category
equal weight, so categories containing more bytes do not dominate the overall comparison.

3.3 Long-Context Evaluation

Long-context evaluation examines how compression changes as a model processes more of a document. We retain the
loss assigned to each token and align it to the token’s UTF-8 bytes. Let ℓs,t = − ln pθ(xs,t | xs,<t) be the token loss
for document s, and let ms,t be the number of UTF-8 bytes produced by that token. We assign ℓs,t/ms,t to each of its
bytes. The byte-wise compression rate at position i is then

CRθ,i =
100

8 ln 2
· 1

Ni

∑
s: i≤|s|

ℓs,ts(i)

ms,ts(i)
, (5)

where ts(i) is the token containing byte i and Ni is the number of documents that reach that position. This construction
compares the same byte positions across models with different tokenizers.

4 Experiments and Results

4.1 Experimental setup

Data and models. We evaluate 80 models on a July 2026 dataset with 14 text categories collected from publicly
available sources. Each category contains 500 samples, for a total of 7,000 samples. During data preparation, each
sample is truncated to at most 3,584 tokens under each of eight tokenizers, producing a shared text sample for all
evaluated models. Table 2 presents 25 popular models, and Appendix A reports all 80.

Evaluation metrics. We report compression rate (CR) as a percentage, with lower values indicating better compression.
Within each category, CR is computed from the total ideal code length and total UTF-8 size using Eq. 4. For the scaling
analyses, we instead combine code lengths and byte counts across categories before computing CR. We also analyze
five text types separately: Scientific Paper, Code, Encyclopedia, News, and English Fiction. These contain five, five,
two, one, and one categories, respectively.

Long-context evaluation. The main evaluation truncates each July 2026 document to at most 3,584 tokens under
each tokenizer. For long-context evaluation, we retain up to 32,768 UTF-8 bytes of the same documents. We evaluate
54 models on 500 documents from each of four scientific-paper categories: computer science, mathematics, physics,
and other scientific papers. All four categories contain documents reaching 32 KiB. We compute byte-wise CR within
each category using Eq. 5; pooled curves weight each category by its number of contributing documents at each byte
position.
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4.2 Main results

Table 2: Main results of Uncheatable Eval. All score cells are compression rate (CR, %); lower is better.

Model Params.
General text Scientific Paper Code Overall

EF News EE NEE Bio CS Math Sci-O Phys C++ JS MD Other Py Overall

>20B
Gemma-4-31B 31.3 9.17 7.46 6.98 6.09 6.43 6.59 5.98 6.16 6.31 3.16 3.70 7.86 3.98 4.15 6.00
Qwen3.5-35B-A3B-Base 34.7 9.73 8.25 7.61 7.49 6.43 6.52 5.78 6.09 6.24 3.33 3.75 7.92 4.04 4.24 6.24
Gemma-4-26B-A4B 25.8 9.52 7.68 7.22 6.41 6.62 6.92 6.22 6.44 6.56 3.29 3.87 8.34 4.17 4.38 6.26
Mistral-Small-24B 24.0 9.36 7.85 7.34 6.82 6.44 6.79 6.08 6.30 6.33 3.44 4.04 8.39 4.30 4.49 6.28
Seed-OSS-36B-Base 36.2 9.61 8.02 7.48 8.51 6.52 6.83 5.97 6.36 6.57 3.26 3.89 8.12 4.07 4.28 6.39
Nemotron-3-Nano-30B-A3B 31.6 9.70 7.96 7.33 7.40 6.60 6.84 6.19 6.43 6.49 3.44 4.15 8.49 4.44 4.50 6.43
OLMo-3-32B 32.2 9.60 8.05 7.71 9.24 6.58 6.87 6.18 6.42 6.60 4.09 4.85 8.88 5.07 4.91 6.79

∼14B
RWKV7-G1J-13.3B 13.3 9.30 8.01 7.45 6.87 6.62 6.68 6.13 6.32 6.48 3.59 4.07 8.14 4.30 4.42 6.31
Ministral-3-14B 13.9 9.86 8.22 7.64 6.99 6.44 6.80 6.03 6.33 6.36 3.55 4.21 8.60 4.46 4.65 6.44

∼7B
Qwen3.5-9B-Base 9.0 10.15 8.60 8.02 8.24 6.67 6.76 6.06 6.34 6.50 3.65 4.08 8.28 4.33 4.51 6.59
Ministral-3-8B 8.9 10.20 8.42 7.90 7.34 6.64 7.02 6.25 6.54 6.58 3.71 4.42 8.93 4.66 4.84 6.68
RWKV7-G1J-7.2B 7.2 9.69 8.34 7.84 7.48 6.94 7.05 6.54 6.67 6.84 3.91 4.44 8.75 4.67 4.81 6.71
Meta-Llama-3.1-8B 8.0 9.89 8.01 7.66 7.45 6.83 7.35 6.36 6.73 6.77 3.94 4.73 9.39 4.88 5.08 6.79
Qwen3-8B-Base 8.2 10.21 8.61 8.19 8.12 6.92 7.22 6.15 6.68 6.80 3.63 4.33 8.99 4.57 4.74 6.80
Falcon-H1-7B-Base 7.6 10.16 8.33 8.00 9.09 6.88 7.23 6.17 6.65 6.71 3.96 4.69 9.41 4.90 5.12 6.95
marin-8b-base 8.0 9.91 8.02 7.86 10.45 6.91 7.25 6.44 6.75 6.75 4.33 5.17 9.63 5.25 5.46 7.16

∼3B
Qwen3.5-4B-Base 4.2 10.65 9.05 8.49 8.95 6.99 7.07 6.41 6.66 6.83 3.98 4.43 8.79 4.66 4.83 6.98
RWKV7-G1J-2.9B 2.9 10.02 8.67 8.22 8.05 7.28 7.44 6.96 7.05 7.23 4.25 4.86 9.36 5.05 5.21 7.12
Ministral-3-3B 3.8 10.89 8.90 8.41 8.10 6.98 7.44 6.69 6.94 7.00 4.08 4.87 9.62 5.08 5.25 7.16
Falcon-H1-3B-Base 3.1 10.84 8.87 8.65 10.25 7.44 7.72 6.64 7.12 7.22 4.52 5.27 10.27 5.53 5.68 7.57

< 2B
RWKV7-G1J-1.5B 1.5 10.56 9.16 8.76 8.84 7.71 7.91 7.46 7.50 7.69 4.69 5.35 10.10 5.53 5.67 7.64
Qwen3.5-2B-Base 1.9 11.51 9.84 9.28 10.09 7.62 7.75 7.08 7.30 7.51 4.67 5.14 9.82 5.35 5.52 7.75
Falcon-H1-1.5B-Deep-Base 1.6 11.27 9.36 9.18 11.33 7.90 8.24 7.10 7.58 7.83 5.07 5.88 11.06 6.16 6.20 8.16
Qwen3.5-0.8B-Base 0.8 12.52 10.81 10.23 11.47 8.38 8.50 7.81 8.01 8.23 5.42 5.94 10.95 6.12 6.27 8.62
Falcon-H1-0.5B-Base 0.5 12.96 10.35 10.53 18.95 9.00 9.29 8.18 8.58 8.92 6.20 7.27 13.10 7.54 7.47 9.88

Abbreviations: EF, English fiction; EE/NEE, English/non-English encyclopedia; Bio, biology preprints; CS, computer science papers;
Sci-O, other scientific papers; JS, JavaScript; MD, Markdown; Py, Python. Other denotes source code outside C++, JavaScript,
and Python. Params. gives total parameters in billions. Overall is the unweighted mean of the 14 category CRs. Within each
parameter-size group, bold marks the lowest displayed CR in each column, including ties.

Table 2 presents compression rates for 25 representative models across the 14 text categories, together with their Overall
scores; Appendix A reports the complete results for all 80 models. Qwen models [31, 32] are consistently strong on
scientific papers and code: Qwen3.5-35B-A3B-Base leads several scientific categories, while Qwen3.5 and Qwen3
remain among the strongest code compressors at their respective scales. RWKV7-G1J [33] shows the complementary
pattern. Its models perform particularly well on general text, including the non-English encyclopedia category, where
the family often leads similarly sized alternatives.

Mixture-of-experts models also perform competitively with far fewer active parameters than total parameters. Qwen3.5-
35B-A3B-Base, Gemma-4-26B-A4B [34], and Nemotron-3-Nano-30B-A3B [35] reach compression rates comparable
to dense models with similar total sizes, and Qwen3.5-35B-A3B-Base approaches the best Overall score in the table.

4.3 Long-context evaluation

We evaluate 54 models on documents from four scientific-paper categories and report the complete long-context
results in Appendix B. We focus here on Qwen3-8B-Base, Falcon-H1-7B, and RWKV7-G1J-7.2B as representatives
of attention-based, hybrid, and recurrent architectures, respectively [31, 36, 33]. Figure 2 compares the three models’
byte-wise CR as document position increases from 1 to 32 KiB, both in absolute terms and relative to Qwen3-8B-Base.

Figure 2 shows that all three models achieve lower CR at later positions, but at different rates. To quantify this trend,
we summarize the byte-wise rates in five non-overlapping intervals: 1–2, 2–4, 4–8, 8–16, and 16–32 KiB. Within each
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Figure 2: Long-context compression for Qwen3-8B-Base, Falcon-H1-7B, and RWKV7-G1J-7.2B on four scientific-paper categories.
(a) Byte-wise CR pooled over documents that reach each position, shown in logarithmically spaced bins from 1 to 32 KiB. (b) CR
differences from Qwen3-8B-Base.

Table 3: Long-context slopes for similar-sized models near 7–8B on four scientific-document categories.

Architecture Model CS Math Physics Other Pooled Gain

Attention Qwen3-8B-Base -0.377 -0.528 -0.396 -0.415 -0.426 1.700
Hybrid Falcon-H1-7B -0.404 -0.562 -0.424 -0.440 -0.454 1.807
Recurrent RWKV7-G1J-7.2B -0.232 -0.461 -0.280 -0.293 -0.314 1.266

interval, we again weight every byte position by its document count. We then fit

CRj = α+ β log2 xj , (6)

where CRj is the weighted mean for interval j and xj is its geometric midpoint. Ordinary least squares assigns equal
weight to the five interval means. The slope β measures the change in CR, in percentage points, for each doubling of
byte position. We exclude positions below 1 KiB, where little preceding context is available. Table 3 reports these
slopes.

Among the representative models at 7–8B, Falcon-H1 improves most rapidly, followed by Qwen3 and RWKV7-G1J,
with slopes of −0.454, −0.426, and −0.314, respectively. Their CR decreases by 1.807, 1.700, and 1.266 percentage
points between the first and last fitted intervals. This ordering holds in all four categories; each representative model
improves most rapidly on mathematics and most slowly on computer science.

Relative to Qwen3-8B-Base, Falcon-H1-7B shifts from 0.025 CR points higher in the 1–2 KiB interval to 0.082 points
lower at 16–32 KiB. RWKV7-G1J-7.2B shifts from 0.067 points lower to 0.367 points higher. RWKV’s short-context
advantage therefore decays as document position grows, even though its absolute CR continues to improve. Our
observation is consistent with von Oswald et al. [37], who find that all evaluated linear language models outperform
attention-based models at early sequence positions but gradually lose this advantage as the sequence grows.

To examine the role of training context, we additionally evaluate older RWKV7-G1A-1.5B/2.9B and RWKV7-G0A2-
7.2B/G0A3-13.3B checkpoints trained with 4,096-token contexts, alongside matched-size RWKV7-G1J checkpoints
trained with 16,384 tokens. The short-to-long increase in RWKV’s CR gap relative to Qwen3 is smaller for G1J
(0.33–0.55 percentage points) than for the older checkpoints (0.41–0.65), indicating that longer training contexts reduce
relative decay in these comparisons.

4.4 Scaling Laws for Compression Rate

We fit CR as a power law in total parameter count P (in billions) with an additive constant, following a common
scaling-law form [38]:

CR(P ) = aP b + c. (7)
We estimate a, b, and c by minimizing squared errors. The exponent b controls how quickly CR declines with model
size, while c is the asymptotic CR as P increases. For mixture-of-experts models, P counts all experts. We fit the 80
models’ byte-weighted CR across all 14 categories and separately for each text type.
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Figure 3: CR versus total parameters for 80 models. Each panel shows a power-law-plus-constant fit. For each text type, CR is
computed from the total code length and UTF-8 bytes across its categories.

For the aggregate score, we obtain

ĈR(P ) = 3.200P−0.290 + 5.328, R2 = 0.915. (8)
The fitted curve accounts for 91.5% of the cross-model CR variation and has a root mean squared error of 0.293
percentage points. The fitted CR curve flattens as model size grows (Figure 3).

Table 4: Power-law-plus-constant fits to all 80 models by data type. All types use byte-weighted CR within the included categories.

Type Cats. a b c R2 RMSE

All categories 14 3.200 -0.290 5.328 0.915 0.293
Scientific Paper 5 2.783 -0.309 5.543 0.897 0.299
Code 5 3.140 -0.317 4.040 0.834 0.454
Encyclopedia 2 4.776 -0.293 5.755 0.721 0.901
News 1 3.624 -0.214 6.124 0.871 0.323
English fiction 1 5.743 -0.146 5.996 0.872 0.366

Parameters correspond to CR(P ) = aP b + c, with P measured in billions. RMSE is measured across all 80 models in CR
percentage points.

Scaling strength varies by text type: code has the steepest exponent (−0.317), while English fiction has the shallowest
(−0.146). The fits account for 72.1%–89.7% of the cross-model variation (Table 4), showing that model size explains
substantially more variation for some types than for others.

At the category level, fit quality varies widely: R2 ranges from 0.594 for non-English encyclopedia articles to 0.935 for
biology preprints (Appendix C).

We also fit Eq. 7 to the parameter–CR Pareto frontier, retaining models for which no evaluated model has at most as many
parameters and lower CR. The all-category frontier contains 20 models and follows ĈR(P ) = 3.244P−0.304 + 5.016
(R2 = 0.992). Across text types, the frontier exponent ranges from −0.575 for encyclopedia articles to −0.244 for
English fiction. These fits describe the best observed CR at each scale within our model pool; the frontier and its fitted
asymptote may change as new models are evaluated (Appendix D).
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4.5 Correlation with MMLU

We evaluate all 80 models on zero-shot MMLU. For each question, we choose the answer with the highest next-token
logit among A–D and compute accuracy over 14,042 questions. We compare this accuracy with each model’s CR
pooled across five Scientific Paper and four Code categories.

We measure the association with Spearman correlation. We obtain 95% confidence intervals by bootstrapping models
10,000 times for the pooled score and 5,000 times for each category.
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Figure 4: Cross-model correlations. (a) Technical-text CR versus zero-shot MMLU accuracy for 80 base models. (b) Pairwise
Spearman correlations of residual CR across five text types and the same 80 models, after separate fits against log parameter count.

Across 80 models, lower technical-text CR is associated with higher zero-shot MMLU accuracy (Spearman ρ = −0.884,
95% confidence interval [−0.942,−0.783]; Figure 4(a)). The correlation is similar when CR is pooled across all 14
categories (ρ = −0.871), and each of the nine technical categories shows the same pattern (ρ = −0.883 to −0.853).

4.6 Correlation analyses across text types

We compute pairwise Pearson correlations among the five text types across 80 models. All ten correlations are positive,
ranging from r = 0.803 to 0.969. Scientific Paper and Code correlate most strongly (r = 0.969), followed by News
and English fiction (r = 0.963).

We then fit each type’s CR against Overall CR and examine model residuals. A negative residual means better
compression on that type than the model’s Overall score predicts.The cross-type residual correlations reveal two
strongly related pairs: Scientific Paper and Code (ρ = 0.838), and News and English fiction (ρ = 0.812; Figure 4(b)).
Encyclopedia lies between them, correlating with both pairs but more strongly with News and English fiction (ρ = 0.484–
0.550) than with Scientific Paper and Code (ρ = 0.315–0.412). Code and News show almost no residual correlation
(ρ = −0.015).

5 Conclusion

We introduce Uncheatable Eval, a dynamic benchmark that evaluates base language models through lossless compression
of newly published text. By converting next-token probabilities into code lengths, it measures predictive ability without
task instructions or reference answers. Across 80 models and 14 text categories, CR declines with model size and varies
across text types. Our long-context analysis shows that attention-based, hybrid, and recurrent models differ in how their
CR changes as more context becomes available. Lower CR on technical text is also strongly associated with higher
zero-shot MMLU accuracy. These results support compression of newly published text as a direct way to compare base
models across domains.
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6 Limitations

Although newly published text reduces contamination risk, we cannot guarantee its absence from training: publication
dates and model training cutoffs may be incomplete, and models may have seen copies of the same content. Our
raw-text prediction protocol also limits evaluation to base models, because compression rate does not capture the
instruction-following abilities acquired through post-training. Moreover, this contamination risk grows as the dataset
ages: new models may train on its public texts, so we must refresh the evaluation data regularly.
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A Complete Model-by-Category Results

Table 5 reports category-level results for the 80-model cohort used in the main cross-model analyses.

Table 5: July 2026 category-level results for the 80-model analysis cohort. All score cells are compression rate (CR, %); lower is
better.

Model Params.
General text Scientific Paper Code Overall

EF News EE NEE Bio CS Math Sci-O Phys C++ JS MD Other Py Overall

>20B
Gemma-4-31B 31.3 9.17 7.46 6.98 6.09 6.43 6.59 5.98 6.16 6.31 3.16 3.70 7.86 3.98 4.15 6.00
Qwen3.5-35B-A3B-Base 34.7 9.73 8.25 7.61 7.49 6.43 6.52 5.78 6.09 6.24 3.33 3.75 7.92 4.04 4.24 6.24
Gemma-4-26B-A4B 25.8 9.52 7.68 7.22 6.41 6.62 6.92 6.22 6.44 6.56 3.29 3.87 8.34 4.17 4.38 6.26
Mistral-Small-24B 24.0 9.36 7.85 7.34 6.82 6.44 6.79 6.08 6.30 6.33 3.44 4.04 8.39 4.30 4.49 6.28
Gemma-3-27B 27.4 9.53 7.64 7.15 6.35 6.62 6.90 6.07 6.39 6.44 3.46 4.08 8.58 4.41 4.61 6.30
Seed-OSS-36B-Base 36.2 9.61 8.02 7.48 8.51 6.52 6.83 5.97 6.36 6.57 3.26 3.89 8.12 4.07 4.28 6.39
Nemotron-3-Nano-30B-A3B 31.6 9.70 7.96 7.33 7.40 6.60 6.84 6.19 6.43 6.49 3.44 4.15 8.49 4.44 4.50 6.43
Qwen2.5-32B 32.8 9.69 8.10 7.74 7.64 6.62 6.96 5.84 6.40 6.52 3.41 4.11 8.55 4.29 4.47 6.45
Qwen3-30B-A3B-Base 30.5 9.82 8.33 7.86 7.57 6.69 7.04 5.90 6.47 6.54 3.41 4.07 8.76 4.35 4.53 6.52
OLMo-3-32B 32.2 9.60 8.05 7.71 9.24 6.58 6.87 6.18 6.42 6.60 4.09 4.85 8.88 5.07 4.91 6.79
marin-32b-base 32.5 9.47 7.72 7.40 9.63 6.78 7.23 6.33 6.63 6.74 4.13 4.90 9.18 5.02 5.11 6.88

∼14B
RWKV7-G1J-13.3B 13.3 9.30 8.01 7.45 6.87 6.62 6.68 6.13 6.32 6.48 3.59 4.07 8.14 4.30 4.42 6.31
Ministral-3-14B 13.9 9.86 8.22 7.64 6.99 6.44 6.80 6.03 6.33 6.36 3.55 4.21 8.60 4.46 4.65 6.44
Qwen3-14B-Base 14.8 9.89 8.35 7.90 7.66 6.68 6.98 5.93 6.45 6.55 3.44 4.10 8.62 4.35 4.52 6.53
Mistral-Nemo-Base-2407 12.2 9.36 7.93 7.51 7.23 6.59 7.12 6.33 6.57 6.65 3.75 4.41 8.98 4.66 4.86 6.57
gemma-3-12b-pt 12.2 9.81 7.81 7.45 6.83 6.85 7.13 6.35 6.63 6.67 3.68 4.32 8.94 4.64 4.82 6.57
Qwen2.5-14B 14.8 9.82 8.15 7.84 7.83 6.77 7.14 6.03 6.57 6.69 3.59 4.31 8.85 4.48 4.66 6.62
Gravity-16B-A3B-Base 16.2 10.22 8.58 8.38 9.88 6.82 7.25 6.62 6.78 7.01 4.02 4.88 9.25 5.05 5.17 7.14
Llama-2-13b-hf 13.0 9.85 7.99 7.71 8.38 7.26 7.79 7.07 7.22 7.31 4.37 5.24 10.02 5.37 5.62 7.23

∼7B
Qwen3.5-9B-Base 9.0 10.15 8.60 8.02 8.24 6.67 6.76 6.06 6.34 6.50 3.65 4.08 8.28 4.33 4.51 6.59
Ministral-3-8B 8.9 10.20 8.42 7.90 7.34 6.64 7.02 6.25 6.54 6.58 3.71 4.42 8.93 4.66 4.84 6.68
RWKV7-G1J-7.2B 7.2 9.69 8.34 7.84 7.48 6.94 7.05 6.54 6.67 6.84 3.91 4.44 8.75 4.67 4.81 6.71
Meta-Llama-3.1-8B 8.0 9.89 8.01 7.66 7.45 6.83 7.35 6.36 6.73 6.77 3.94 4.73 9.39 4.88 5.08 6.79
Qwen3-8B-Base 8.2 10.21 8.61 8.19 8.12 6.92 7.22 6.15 6.68 6.80 3.63 4.33 8.99 4.57 4.74 6.80
gemma-4-E4B 7.9 10.13 8.11 7.90 7.24 7.24 7.43 6.90 7.00 7.20 3.82 4.44 9.10 4.71 4.92 6.87
Falcon-H1-7B-Base 7.6 10.16 8.33 8.00 9.09 6.88 7.23 6.17 6.65 6.71 3.96 4.69 9.41 4.90 5.12 6.95
Mistral-7B-v0.1 7.2 9.87 8.03 7.78 9.14 6.94 7.47 6.59 6.89 6.97 4.10 4.85 9.47 4.99 5.24 7.02
Qwen2.5-7B 7.6 10.34 8.56 8.33 8.70 7.17 7.53 6.37 6.94 7.10 3.86 4.65 9.42 4.81 4.96 7.05
marin-8b-base 8.0 9.91 8.02 7.86 10.45 6.91 7.25 6.44 6.75 6.75 4.33 5.17 9.63 5.25 5.46 7.16
Hunyuan-7B-Pretrain 7.5 10.70 8.80 8.35 8.40 7.35 7.60 6.81 7.13 7.34 4.04 4.72 9.36 4.89 5.04 7.18
Apertus-8B-2509 8.1 10.48 8.46 7.95 7.05 7.44 7.89 7.55 7.43 7.75 4.17 5.00 9.70 5.15 5.42 7.25
Minitron-8B 8.3 10.11 8.39 8.11 8.55 7.22 7.75 7.38 7.28 7.49 4.17 5.17 10.03 5.35 5.47 7.32
Olmo-Hybrid-7B 7.4 10.27 8.55 8.27 10.60 7.03 7.34 6.64 6.87 7.09 4.61 5.46 9.74 5.65 5.40 7.39
ZAYA1-base 8.8 10.65 8.76 8.44 9.64 7.42 7.78 7.12 7.32 7.45 4.32 5.19 10.01 5.35 5.54 7.50
OLMo-3-7B 7.3 10.41 8.67 8.37 11.08 7.13 7.45 6.77 6.99 7.22 4.71 5.58 9.93 5.77 5.50 7.54
Llama-2-7b-hf 6.7 10.18 8.23 8.03 8.98 7.59 8.14 7.47 7.57 7.67 4.66 5.59 10.55 5.70 5.96 7.59
Falcon3-7B-Base 7.5 10.64 8.98 8.67 12.74 7.07 7.48 6.52 6.89 6.98 4.24 5.13 10.29 5.24 5.53 7.60

Continued on next page
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Table 5: July 2026 category-level results for the 80-model analysis cohort. All score cells are compression rate (CR, %); lower is
better. (continued)

Model Params.
General text Scientific Paper Code Overall

EF News EE NEE Bio CS Math Sci-O Phys C++ JS MD Other Py Overall

∼3B
Qwen3.5-4B-Base 4.2 10.65 9.05 8.49 8.95 6.99 7.07 6.41 6.66 6.83 3.98 4.43 8.79 4.66 4.83 6.98
Spark-X2.5-4B-Base 4.1 10.94 9.03 8.49 8.54 7.24 7.31 6.62 6.94 7.16 3.96 4.39 8.53 4.56 4.61 7.02
RWKV7-G1J-2.9B 2.9 10.02 8.67 8.22 8.05 7.28 7.44 6.96 7.05 7.23 4.25 4.86 9.36 5.05 5.21 7.12
Nanbeige4.2-3B-Base 4.2 11.13 9.01 8.29 10.41 7.01 7.13 6.47 6.71 6.86 4.00 4.64 8.79 4.79 4.81 7.15
Qwen3-4B-Base 4.0 10.66 9.03 8.63 8.79 7.24 7.52 6.40 6.96 7.11 3.87 4.60 9.45 4.84 4.98 7.15
Ministral-3-3B 3.8 10.89 8.90 8.41 8.10 6.98 7.44 6.69 6.94 7.00 4.08 4.87 9.62 5.08 5.25 7.16
gemma-3-4b-pt 4.3 10.54 8.28 8.14 7.79 7.45 7.72 6.98 7.20 7.28 4.22 4.94 9.88 5.24 5.40 7.22
Llama-3.2-3B 3.2 10.45 8.46 8.25 8.37 7.38 7.89 6.97 7.28 7.34 4.43 5.31 10.23 5.43 5.59 7.38
gemma-4-E2B 5.1 10.77 8.51 8.38 7.84 7.72 8.03 7.55 7.55 7.79 4.44 5.17 10.09 5.41 5.60 7.49
Nanbeige4-3B-Base 3.9 11.43 9.18 8.78 10.78 7.27 7.50 6.77 7.04 7.18 4.21 4.90 9.46 5.21 5.23 7.50
Qwen2.5-3B 3.1 10.85 9.00 8.80 9.50 7.61 7.99 6.82 7.38 7.57 4.25 5.11 10.14 5.25 5.37 7.55
Falcon-H1-3B-Base 3.1 10.84 8.87 8.65 10.25 7.44 7.72 6.64 7.12 7.22 4.52 5.27 10.27 5.53 5.68 7.57
MiniCPM5-2B-Base 2.5 11.55 9.51 8.92 9.62 7.67 7.75 7.19 7.35 7.66 4.20 4.99 9.66 5.25 5.31 7.62
SmolLM3-3B-Base 3.1 10.48 8.78 8.51 9.39 7.71 8.17 7.57 7.65 7.95 4.39 5.40 10.41 5.66 5.64 7.69
Llama-3.1-Minitron-4B-Width 4.5 10.47 8.67 8.39 10.45 7.49 8.03 7.62 7.55 7.76 4.38 5.43 10.45 5.61 5.69 7.71
gemma-2-2b 2.6 10.74 8.53 8.59 8.82 7.62 8.28 7.54 7.67 7.77 4.60 5.45 10.84 5.79 5.98 7.73
Minitron-4B-Base 4.2 10.66 8.77 8.59 9.45 7.62 8.20 7.97 7.74 8.01 4.53 5.65 10.77 5.84 5.91 7.84
stablelm-3b-4e1t 2.8 10.46 8.56 8.38 10.03 7.68 8.35 7.71 7.76 7.89 4.60 5.67 11.07 6.02 6.01 7.87
Index-1.9B 2.2 11.04 9.19 8.96 8.79 7.87 8.32 7.11 7.68 7.71 4.99 6.33 11.42 6.36 6.45 8.02
Llama-3.1-Minitron-4B-Depth 4.5 10.82 9.02 8.77 11.41 7.87 8.42 8.05 7.93 8.18 4.65 5.77 10.98 5.96 6.03 8.13

< 2B
RWKV7-G1J-1.5B 1.5 10.56 9.16 8.76 8.84 7.71 7.91 7.46 7.50 7.69 4.69 5.35 10.10 5.53 5.67 7.64
Spark-X2.5-1.7B-Base 1.7 11.69 9.68 9.19 9.56 7.82 7.95 7.21 7.54 7.76 4.48 5.03 9.51 5.18 5.22 7.70
Qwen3.5-2B-Base 1.9 11.51 9.84 9.28 10.09 7.62 7.75 7.08 7.30 7.51 4.67 5.14 9.82 5.35 5.52 7.75
Qwen3-1.7B-Base 1.7 11.33 9.58 9.24 9.80 7.78 8.08 6.95 7.49 7.67 4.32 5.15 10.29 5.37 5.49 7.75
Qwen2.5-1.5B 1.5 11.36 9.39 9.27 10.46 8.03 8.41 7.22 7.77 7.99 4.56 5.49 10.74 5.61 5.72 8.00
Youtu-LLM-2B-Base 2.0 12.12 9.81 9.12 12.77 7.85 7.93 7.41 7.54 7.77 4.43 5.21 9.85 5.32 5.31 8.03
Falcon-H1-1.5B-Deep-Base 1.6 11.27 9.36 9.18 11.33 7.90 8.24 7.10 7.58 7.83 5.07 5.88 11.06 6.16 6.20 8.16
Llama-3.2-1B 1.2 11.26 9.08 8.98 9.50 8.08 8.65 7.73 8.00 8.09 5.11 6.08 11.40 6.19 6.32 8.18
Falcon-H1-1.5B-Base 1.6 11.44 9.48 9.33 11.56 8.05 8.39 7.28 7.73 7.99 5.24 6.07 11.31 6.35 6.40 8.33
SmolLM2-1.7B 1.7 10.82 9.15 9.15 13.40 8.12 8.65 7.86 8.04 8.36 4.85 5.82 11.36 6.08 6.13 8.41
stablelm-2-1_6b 1.6 11.06 9.01 8.89 10.77 8.24 8.89 8.11 8.27 8.42 5.36 6.28 11.63 6.35 6.55 8.42
Qwen3.5-0.8B-Base 0.8 12.52 10.81 10.23 11.47 8.38 8.50 7.81 8.01 8.23 5.42 5.94 10.95 6.12 6.27 8.62
MiniCPM5-1B-Base 1.1 12.23 10.30 9.82 12.16 8.41 8.64 7.93 8.15 8.40 5.11 6.14 11.38 6.38 6.76 8.70
Qwen3-0.6B-Base 0.6 12.41 10.65 10.30 11.66 8.65 8.91 7.74 8.29 8.53 5.01 5.96 11.53 6.15 6.28 8.72
gemma-3-1b-pt 1.0 11.80 9.15 9.30 9.17 8.81 9.29 9.07 8.76 8.99 6.46 7.23 12.39 7.58 7.30 8.95
RWKV7-G1D-0.4B 0.5 11.63 10.15 9.90 10.49 8.98 9.26 8.73 8.79 9.00 5.84 6.81 12.06 6.96 6.97 8.97
Qwen2.5-0.5B 0.5 12.64 10.55 10.53 12.72 9.24 9.54 8.30 8.87 9.16 5.42 6.50 12.27 6.57 6.64 9.21
ERNIE-4.5-0.3B-Base-PT 0.4 13.22 11.15 10.95 13.63 9.29 9.74 8.92 9.17 9.35 6.18 7.16 12.72 7.26 7.47 9.73
SmolLM2-360M 0.4 12.30 10.36 10.40 16.50 9.23 9.76 8.97 9.11 9.47 5.98 7.01 13.13 7.37 7.26 9.77
Falcon-H1-0.5B-Base 0.5 12.96 10.35 10.53 18.95 9.00 9.29 8.18 8.58 8.92 6.20 7.27 13.10 7.54 7.47 9.88
RWKV7-G1D-0.1B 0.2 12.82 11.35 11.19 12.50 10.16 10.40 9.93 9.90 10.19 6.98 8.05 13.65 8.23 8.14 10.25
gemma-3-270m 0.3 13.45 10.54 10.96 11.70 10.34 10.78 10.21 10.15 10.33 8.37 9.45 14.79 10.00 8.83 10.71
SmolLM2-135M 0.1 13.38 11.44 11.44 18.72 10.37 10.97 10.53 10.36 10.72 6.93 8.39 14.58 9.44 8.77 11.15

Abbreviations follow Table 2. Overall is the macro-average of the 14 category CRs. Rows are grouped by total parameter count and
sorted by unrounded Overall within each group. Bold marks the best displayed value in each group, including ties at the shown
precision. Params. is total parameters in billions.
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B Long-Context Results across Model Sizes
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Figure 5: Long-context CR for 33 models in the first three size groups. Each row shows absolute CR (left) and the difference from
the Qwen3 model in that size group (right), pooled across four scientific-paper categories.
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Figure 5: Long-context CR for 21 models in the last two size groups. Each row shows absolute CR (left) and the difference from the
Qwen3 model in that size group (right), pooled across four scientific-paper categories.
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C Complete Category-Level Scaling Results
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Figure 6: Category-level scaling curves. Each panel shows CR for all 80 models and the fit defined in Eq. 7.
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Table 6: Category-level power-law-plus-constant fits to all 80 models in the July 2026 cohort.

Category Median CR a b c R2 RMSE

Biology preprints 7.315 2.801 -0.301 5.546 0.935 0.229
C++ code 4.252 2.653 -0.311 2.599 0.828 0.386
Computer science papers 7.720 2.827 -0.305 5.878 0.884 0.321
English encyclopedia 8.380 4.057 -0.217 5.487 0.928 0.266
English fiction 10.550 5.743 -0.146 5.996 0.872 0.366
JavaScript code 5.122 2.972 -0.317 3.184 0.808 0.469
Markdown documents 9.781 4.845 -0.266 6.556 0.830 0.610
Mathematics papers 6.924 2.652 -0.336 5.281 0.816 0.429
News 8.669 3.624 -0.214 6.124 0.871 0.323
Non-English encyclopedia 9.155 5.602 -0.329 5.768 0.594 1.549
Other code 5.249 2.565 -0.395 3.792 0.819 0.473
Other scientific papers 7.165 2.693 -0.309 5.459 0.894 0.294
Physics papers 7.293 2.906 -0.302 5.465 0.891 0.316
Python code 5.397 2.731 -0.321 3.670 0.833 0.400

Parameters correspond to CR(P ) = aP b + c, with P measured in billions. RMSE is measured across all 80 models in CR
percentage points.

D Pareto-Frontier Scaling Results

For the all-category score and each text type, we fit Eq. 7 only to models on the parameter–CR Pareto frontier. A model
lies on the frontier unless another evaluated model has at most as many parameters and lower CR.
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Figure 7: Pareto-frontier scaling by text type. Diamonds mark frontier models, circles mark other models, and dashed lines fit the
frontier models.
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Table 7: Pareto-frontier scaling fits by data type on the July 2026 80-model cohort.

Type Cats. Frontier a b c R2 RMSE

All categories 14 20 3.244 -0.304 5.016 0.992 0.125
Scientific Paper 5 23 2.638 -0.349 5.410 0.992 0.110
Code 5 17 2.853 -0.372 3.831 0.991 0.148
Encyclopedia 2 17 2.421 -0.575 6.661 0.960 0.454
News 1 18 2.657 -0.313 6.636 0.993 0.105
English fiction 1 12 3.611 -0.244 7.475 0.984 0.176

The all-category frontier contains 20 models from 0.135B to 31.3B parameters. Fitting these 20 models gives
ĈR(P ) = 3.244P−0.304 + 5.016 (R2 = 0.992; RMSE: 0.125 CR percentage points). Type-level frontiers contain
12–23 models, with exponents from −0.575 for encyclopedia articles to −0.244 for English fiction.

E Tokenization Statistics

Table 8: Native-token segmentation diagnostics for the 80-model analysis cohort. Residual ρ is the Spearman correlation between
the residuals of CR and bytes per token after each is regressed on log10 parameter count with an intercept.

Category Median bytes/token Minimum Maximum Residual ρ

Biology preprints 4.506 3.705 4.808 0.025
C++ code 3.357 2.719 3.731 -0.194
Computer science papers 4.775 4.058 4.999 0.002
English encyclopedia 4.173 3.586 4.458 -0.244
English fiction 4.305 3.755 4.498 0.114
JavaScript code 3.425 2.725 3.773 -0.135
Markdown documents 3.607 2.884 3.871 -0.207
Mathematics papers 3.576 3.144 3.864 0.228
News 4.601 3.991 4.830 0.100
Non-English encyclopedia 3.375 1.878 4.166 -0.527
Other code 3.335 2.752 3.681 -0.175
Other scientific papers 4.624 3.991 4.899 0.080
Physics papers 4.259 3.707 4.555 0.063
Python code 3.686 2.964 4.042 -0.245
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