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Abstract

Large language models (LLMs) are commonly evaluated on challenging bench-
marks such as AIME and Math500, where benchmark contamination can make
memorized solutions appear as genuine reasoning. Existing detection methods
largely rely on surface overlap, completion behavior, or final-output likelihood, and
often degrade when inputs are simply rephrased. In this paper, we propose Logit-
Trace (Layerwise Logit Trajectories), a framework for analyzing memorization-like
decision dynamics through intermediate logit trajectories. Instead of judging mem-
orization only from the final answer, LogitTrace examines how model preferences
emerge and stabilize across layers. We find that contaminated examples tend to
show earlier commitment, while clean examples exhibit more gradual evidence
accumulation. These trajectory signals allow a lightweight classifier to sepa-
rate contaminated and clean examples across multiple models and input variants.
Controlled LoRA injection experiments further show that repeated exposure to
target samples induces similar trajectory patterns. Overall, our results suggest that
LogitTrace provides evidence beyond surface overlap and final-output confidence,
offering a useful lens for studying memorization-like behavior in LLMs.

1 Introduction

Large language models (LLMs) have achieved remarkable performance across reasoning, dialogue,
and code generation tasks [2, 19, 22]. However, their success has raised growing concerns about
data contamination, where benchmark test data (or their transformed variants) appear in the training
corpus. Such contamination can lead models to reproduce memorized solutions while appearing
to reason, compromising claims of true generalization and raising privacy and intellectual property
risks [3, 33, 17]. Contamination has been documented in widely used datasets such as MMLU and
TruthfulQA [5]. It can yield deceptively strong outputs: models may still solve compressed or even
invalid problems, reflecting recall rather than reasoning. Alternatively, Wu et al. [24] demonstrate that
reinforcement learning gains on math benchmarks can vanish once contaminated items are removed,
underscoring the urgent need for systematic contamination detection.

Existing detection methods primarily rely on completion-based recall tests [4, 17] and distributional
probes such as perplexity and output agreement [15, 6, 21, 31, 30]. Other approaches include
adversarial compression [20] and partial probing [33, 28]. While these methods provide valuable
evidence of contamination, they often depend on surface forms, completion behavior, or final-output
statistics. As a result, their robustness can degrade when test problems are rephrased, paraphrased,
translated, or structurally altered [5, 27]. For example, Yang et al. [26] report that adding paraphrased
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Figure 1: Overview of LogitTrace. (a) Intermediate hidden states are projected through the unem-
bedding matrix to obtain layerwise digit probabilities. (b) For each sample, these trajectories form a
layer-by-channel feature matrix, with rows denoting layers and columns denoting trajectory features.
(c) The resulting matrix is fed as a multichannel sequence into a lightweight 1D-CNN detector,
followed by global average pooling and a binary classifier for clean/contaminated prediction.

MMLU items into training raises Llama 2 accuracy from 45-55% to nearly 89%, almost matching
GPT-4. Such findings reveal that contamination can persist even without verbatim overlap, motivating
more robust representation-level detection methods.

To address these challenges, we introduce LogitTrace (Layerwise Logit Trajectories), a detection
framework that identifies contamination-associated signals from layerwise logit dynamics. The
key idea is that memorization may affect not only what the model answers, but also how the
answer forms across layers. LogitTrace therefore tracks intermediate logit trajectories and tests
whether their temporal structure separates contaminated from clean examples. We find a consistent
pattern: contaminated examples tend to commit earlier, while clean examples accumulate evidence
more gradually. A lightweight classifier built on these trajectories outperforms completion- and
likelihood-based baselines under rephrasing, translation, and perturbation. Controlled LoRA injection
experiments further show that repeated exposure to target samples strengthens similar trajectory
signatures. Our contributions are threefold:

• We introduce LogitTrace, a detector that identifies contamination-associated decision dynamics
from layerwise logit trajectories.

• We show that early commitment patterns distinguish contaminated from clean examples across
multiple models and input variants.

• We use controlled LoRA injection to test whether repeated exposure induces the same type of
trajectory signal observed in contaminated examples.

2 Preliminary

2.1 A Model-Level View of Memorization

Let Σ be the vocabulary and Σ⋆ the set of all finite sequences. A causal language model Mθ defines
a conditional distribution pθ(y | x) over continuations y ∈ Σ⋆ given a prompt x ∈ Σ⋆. We define the
sequence-level log-likelihood as

sθ(y | x) ≜
|y|∑
t=1

log pθ
(
yt

∣∣x, y<t

)
. (1)

Conceptually, a sequence y⋆ is memorized by Mθ if there exists a context x under which the model
assigns y⋆ high likelihood and prefers it over plausible alternatives. Formally, for thresholds τ > 0
and κ ≥ 0,

1

|y⋆|
sθ(y

⋆ | x) ≥ τ, sθ(y
⋆ | x)−max

y ̸=y⋆
sθ(y | x) ≥ κ. (2)
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The first condition captures high likelihood, while the second imposes a margin against alternative
continuations.

This view treats memorization as a model-level behavior rather than a directly observed dataset
property. In modern LLMs, we usually cannot verify whether a benchmark item actually appeared in
training data. We therefore use operational contamination labels and controlled injection experiments
to study observable signatures associated with memorization-like behavior.

2.2 Explicit vs. Implicit Contamination

We study contamination at the data level, where benchmark items or their variants may appear in
training data and affect evaluation. Following the model-level view above, such exposure can manifest
during inference as memorization-like behavior. Since the exact training corpus is usually unavailable,
we distinguish contamination regimes by the observable relationship between an evaluated benchmark
item and a potentially exposed counterpart.

Explicit contamination. We refer to a benchmark item as explicitly contaminated when the
evaluated instance preserves substantial surface overlap with a possibly exposed training instance. In
this regime, detectors based on lexical similarity, completion behavior, or likelihood heuristics can
often provide useful evidence [5, 17].

Implicit contamination. We refer to a benchmark item as implicitly contaminated when contami-
nation effects persist even after the evaluated instance is transformed to reduce surface overlap, such
as through rephrasing, translation, or structural perturbation. Recent findings show that surface-level
signals are fragile in this setting: rephrased or translated benchmark items can still induce contamina-
tion effects even without verbatim overlap [26, 6]. This motivates detection strategies that capture
subtler memorization dynamics beyond surface-level cues.

2.3 Representation Probing

Intermediate representations can reveal predictive information that is not visible from the final answer
alone. The logit lens projects hidden states through the language modeling head to obtain layerwise
vocabulary distributions [18], while the tuned lens improves this view with learned affine probes [1].
Related inversion and representation-decoding work further shows that next-token distributions and
internal representations can preserve recoverable information about the input [16, 32]. Motivated by
these findings, LogitTrace tracks answer-relevant digit probabilities across layers and tests whether
contaminated samples exhibit distinct layerwise dynamics from clean samples.

3 Methodology

3.1 Problem Formulation

We consider an LLM M that takes a textual problem x as input and produces an answer a. Our
objective is to detect whether an example (x, a) should be classified as contaminated or clean under
an operational contamination setting. Formally, we construct a binary classification problem from a
dataset {(xi, ai, yi)}Ni=1, where yi ∈ {0, 1} denotes the operational contamination label: yi = 1 for
contaminated examples and yi = 0 for clean examples.

This formulation allows us to design a representation-based detector fθ that takes intermediate
activations from M as input and predicts a contamination score.

3.2 Representation Extraction

Building on the logit-lens view introduced in Section 2.3, we extract digit-level trajectories from
the hidden states of M . Let hℓ ∈ Rd denote the residual stream activation at layer ℓ. Applying the
language modeling head WLM yields logits and a predictive distribution over the vocabulary:

zℓ = hℓWLM, pℓ = softmax(zℓ). (3)
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Figure 2: Class-mean activation heatmaps. Average channel activations across layers for clean vs.
contaminated samples. Red regions denote stronger activation and blue denotes weaker activation.

Since we focus on numerical reasoning tasks, we restrict this distribution to digit tokens. Let Vd

denote the set of token IDs corresponding to digit d ∈ {0, . . . , 9}. The digit-only probability at layer
ℓ is defined as:

pℓ(d) =

∑
t∈Vd

pℓ(t)∑9
j=0

∑
t∈Vj

pℓ(t)
. (4)

From this digit-level distribution, we compute two scalar statistics: digit entropy Hℓ and maximum
digit probability mℓ:

Hℓ = −
9∑

d=0

pℓ(d) log pℓ(d), mℓ = max
d

pℓ(d). (5)

Together, these quantities describe how concentrated the model’s digit preferences are at each layer,
providing a compact view of layerwise commitment during answer formation.

3.3 Feature Construction

For each sample (x, a), we identify the first generation position corresponding to the answer and
extract trajectories across the first T layers. At each layer ℓ, we concatenate digit probabilities,
entropy, maximum digit probability, and their first-order differences:

X =
[
pℓ(0..9), Hℓ, mℓ, ∆pℓ, ∆Hℓ, ∆mℓ

]T
ℓ=1

, (6)

where ∆ denotes first-order temporal differences, e.g., ∆Hℓ = Hℓ − Hℓ−1. This results in a
multichannel sequence representation X ∈ RC×T , with C = 24 channels: 12 raw features and 12
difference features.

3.4 CNN-based Detector

We train a lightweight 1D convolutional neural network with hidden dimension d = 128 to classify
whether a trajectory X is labeled as contaminated or clean. The network consists of three convo-
lutional layers with ReLU activation and a global average pooling layer. The classifier produces
logits

z = CNN(X) ∈ Rd, o = Wz + b ∈ R2, ŷ = softmax(o). (7)
The training objective is the standard cross-entropy loss, where yi,c denotes the one-hot operational
label:

L(θ) = −
N∑
i=1

2∑
c=1

yi,c log ŷi,c. (8)

This detector tests whether the temporal structure of layerwise logit trajectories contains information
that separates contaminated and clean examples beyond hand-crafted rules or single-layer statistics.
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Table 1: Performance comparison of different methods across four text distributions. All numerical
results are reported to one decimal place. Cont. means contaminated.

Original Rephrased Translated Perturbed

Cont. ↑ Clean ↓ Cont. ↑ Clean ↓ Cont. ↑ Clean ↓ Cont. ↑ Clean ↓

Qwen-2.5-7B
Completion-based 100.0 11.6 16.7 3.7 12.2 2.6 15.8 3.0
TS-Guessing 92.7 14.5 21.3 15.0 3.6 0.0 17.7 14.6
Perplexity 87.6 1.1 29.2 0.4 10.8 0.7 19.0 0.0
Output Distribution 64.7 28.0 62.6 45.3 26.4 16.5 58.9 39.3
LogitTrace (Ours) 95.6 5.6 63.1 2.2 20.0 1.5 60.1 1.5

Qwen-2.5-Math-7B
Completion-based 100.0 8.7 18.3 3.7 13.6 2.6 15.4 1.9
TS-Guessing 96.4 11.4 19.5 13.9 1.5 0.0 17.1 12.4
Perplexity 96.1 3.8 38.4 3.7 30.9 3.0 26.7 3.0
Output Distribution 71.3 19.3 50.5 20.9 17.8 11.2 50.5 26.6
LogitTrace (Ours) 89.4 5.6 56.2 2.6 64.2 9.4 51.7 1.9

Llama-3.1-8B
Completion-based 100.0 14.4 4.3 6.3 3.2 3.4 2.9 4.8
TS-Guessing 98.2 17.3 29.1 0.3 0.3 0.2 0.3 0.2
Perplexity 93.7 11.2 36.1 10.6 31.5 8.7 24.9 8.1
Output Distribution 60.0 18.0 59.8 36.4 39.3 20.2 62.8 34.8
LogitTrace (Ours) 95.7 12.8 63.0 4.1 46.4 4.5 61.0 4.5

Qwen-3-8B
Completion-based 100.0 14.2 19.4 2.6 13.8 2.6 18.8 1.9
TS-Guessing 91.3 21.7 20.1 19.5 3.8 1.9 19.0 17.6
Perplexity 70.0 39.7 63.7 42.3 84.4 64.8 57.5 36.7
Output Distribution 78.0 33.0 83.8 33.3 33.1 19.1 64.4 32.9
LogitTrace (Ours) 87.5 14.8 93.1 13.1 78.1 10.1 64.4 13.9

4 Experiments

In this section, we evaluate the performance of LogitTrace on memorization detection tasks to
address the following research questions:

• RQ1: Do layerwise logit trajectories provide reliable signals for separating contaminated and clean
examples, and are these signals robust to input variations?

• RQ2: Does controlled exposure through LoRA fine-tuning increase LogitTrace’s contamination
scores and induce similar trajectory patterns?

• RQ3: How do these contamination-associated signals depend on layer depth and detector architec-
ture, and do they transfer to external benchmarks?

4.1 Experimental Setup

Models and Datasets. We evaluate four open-source LLMs including Qwen-2.5-7B, Qwen-2.5-
Math-7B, Qwen-3-8B, and Llama-3.1-8B. Contaminated samples are constructed from AIME 1983–
2024 and Math500 using a masked-completion procedure: the model is given partial problem text,
and samples are retained when the generated completion exactly reconstructs the target text. Clean
samples are constructed from AIME 2025, Minerva Math, and LiveMathBench, which were released
after these models. To evaluate robustness, we additionally introduce three variants: Rephrased
(paraphrased wording), Perturbed (surface-level edits), and Translated (French translation), by
prompting GPT-4o-mini. We report the prompt details in Appendix B.

Baselines. We compare against four prior approaches. (i) Completion-based [4]: a sample is
flagged as contaminated if the model’s greedy completion exactly reconstructs the target text. (ii)
TS-Guessing [5]: contamination is detected if the model can recover the target text from partial-
information prompts or symbolic transformations. These two are completion-driven baselines. (iii)
Perplexity [15]: computes the log-likelihood of the target text under the model; unusually low
perplexity is taken as evidence of memorization. (iv) Output Distribution [6]: measures the similarity
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Table 2: Detailed performance of LogitTrace across evaluation settings, reporting AUROC, PR-AUC,
Precision, Recall, and F1.

Model Setting AUROC PR-AUC Precision Recall F1

Qwen-2.5-7B

Original 0.982 0.985 0.973 0.956 0.964
Rephrased 0.944 0.972 0.983 0.631 0.769
Translated 0.837 0.912 0.966 0.200 0.332
Perturbed 0.948 0.974 0.988 0.601 0.748

Qwen-2.5-Math-7B

Original 0.962 0.979 0.975 0.894 0.933
Rephrased 0.918 0.961 0.980 0.520 0.679
Translated 0.900 0.953 0.944 0.642 0.764
Perturbed 0.922 0.962 0.985 0.517 0.678

Llama-3.1-8B

Original 0.958 0.925 0.855 0.929 0.890
Rephrased 0.927 0.890 0.902 0.630 0.742
Translated 0.865 0.804 0.862 0.464 0.603
Perturbed 0.925 0.885 0.899 0.610 0.727

Qwen-3-8B

Original 0.905 0.804 0.778 0.875 0.824
Rephrased 0.960 0.929 0.810 0.931 0.866
Translated 0.927 0.881 0.822 0.781 0.801
Perturbed 0.949 0.910 0.796 0.900 0.845

between greedy decoding and multiple stochastic completions; higher similarity indicates stronger
memorization-like behavior. These two are distribution-based baselines.

Metrics. We report detection metrics for the main contamination experiments. (i) Youden’s J index:
J = TPR − FPR, used to select the detector threshold by balancing contaminated detection and
clean false positives. (ii) Contamination Detection Rate: the fraction of contaminated examples
correctly flagged as contaminated at the chosen threshold. (iii) False Positive Rate: the fraction of
clean examples incorrectly flagged as contaminated.

For the LoRA injection experiment, we additionally report reconstruction metrics to measure whether
controlled exposure improves verbatim recovery of the target text. Specifically, we use a masked-
completion setup in which the model observes a partial problem statement and is asked to complete
the original text. (iv) Exact Match (EM / pass@1): the fraction of first-generation completions that
exactly match the target text. (v) Rouge-L: the longest common subsequence overlap between the
generated completion and the target text, measuring partial reconstruction.

4.2 Main Results

Quantitative Analysis. We evaluate all methods on four text distributions: original, rephrased,
translated, and perturbed. Table 1 shows clear differences across detection strategies. Completion-
based approaches (Completion-based and TS-Guessing) perform well on original problems, but
degrade sharply once the inputs are rephrased or perturbed, with contaminated detection rates often
dropping below 20%. Distribution-based methods (Perplexity and Output Distribution) are somewhat
less tied to exact completions, but remain unstable: Perplexity can produce high false positives on
clean samples, while Output Distribution varies substantially across models and input variants. In
contrast, LogitTrace generally provides a stronger trade-off between detecting contaminated examples
and avoiding false positives on clean ones. For example, on rephrased Qwen-2.5-7B data, completion-
based detection reaches only 16.7%, whereas LogitTrace reaches 63.1%; on perturbed Llama-3.1-8B
data, Output Distribution mislabels over 30% of clean cases, while LogitTrace limits this to 4.5%.

Table 2 further reports threshold-independent and classification metrics for LogitTrace. Across
most models and input variants, LogitTrace achieves high AUROC and PR-AUC, suggesting that
the trajectory scores provide useful ranking signals beyond a single threshold. Precision is also
consistently high, indicating that examples flagged as contaminated are rarely clean false positives.
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Table 3: Detection and reconstruction results under LoRA fine-tuning with varying rank r. Contami-
nation Detection Rate (CDR) denotes the fraction of target samples flagged as contaminated by the
fixed detector. EM, Rouge-L, and Contamination Detection Rate are reported as percentages.

Model Trainable-parameters EM (pass@1) RougeL CDR

Pre-trained Model 0 17.8 35.4 2.2

Fine-tuned Model
r = 8 (32 epochs) 20M 27.2 53.0 14.9
r = 16 (32 epochs) 40M 41.8 65.5 19.0
r = 32 (32 epochs) 80M 52.2 73.6 29.7
r = 64 (32 epochs) 170M 58.9 77.6 38.0
r = 128 (32 epochs) 340M 69.8 81.6 39.9
r = 256 (32 epochs) 670M 75.9 88.1 44.3
r = 512 (32 epochs) 1.3B 78.5 89.1 45.1
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Figure 3: Layer-wise activations for one sample across LoRA ranks, with layers on the x-axis, 24
feature channels on the y-axis, and color showing normalized values.

The main degradation appears in recall and F1 under translated inputs for some models, especially
Qwen-2.5-7B, suggesting that cross-lingual transformations remain more challenging than rephras-
ing or perturbation. Overall, these results indicate that layerwise logit trajectories provide robust
contamination-associated signals.

Representation Analysis. We further examine class-mean activation heatmaps to understand how
LogitTrace separates contaminated from clean examples. In Figure 2, the x-axis denotes model layers,
the y-axis denotes the 24 trajectory feature channels, and color indicates the class-mean z-scored
activation for each channel-layer pair. Compared with clean examples, contaminated examples show
more pronounced high-activation regions in the early and middle layers. This pattern supports the
layerwise-commitment hypothesis: contaminated examples tend to form answer-related preferences
earlier in the forward pass.

4.3 LoRA Injection Evaluation

To test whether LogitTrace is sensitive to trajectory changes induced by controlled fine-tuning
exposure, we conduct LoRA injection experiments. The detector fθ is trained once and kept fixed
throughout this experiment. We then fine-tune the base model Mbase on the same target samples
using LoRA with different ranks r, obtaining Mlora. A larger LoRA rank introduces more trainable
adaptation parameters, allowing the fine-tuned model to fit the target samples more strongly. After
fine-tuning, we apply the same fixed detector to the same samples under each LoRA model. If
the detector score increases with r, this indicates that LogitTrace is sensitive to trajectory changes
induced when the model has been trained on those samples.

As shown in Table 3, under Mbase, these samples are almost always classified as clean, with a
Contamination Detection Rate of only 2.2%. After LoRA fine-tuning, however, a larger fraction of
samples are identified as contaminated, with the rate increasing to 44.3% at r = 256 and 45.1% at
r = 512. This upward trend at small-to-moderate r is also aligned with reconstruction performance:
both EM (pass@1) and Rouge-L steadily improve as r grows, suggesting that fine-tuning makes the
model more capable of reconstructing the target text. Overall, the parallel increase in reconstruction
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performance and Contamination Detection Rate suggests that controlled exposure through LoRA
fine-tuning strengthens the contamination-associated trajectory signals detected by LogitTrace.

In Figure 3, we present a controlled case study tracing a single evaluation sample across LoRA
ranks. With the detector fθ and threshold fixed, the predicted contamination probability increases
systematically from 0.20 for the base model to 0.62 (r=16), 0.92 (r=64), and 0.98 (r=256). Since
the detector, prompts, and test sample remain unchanged, this monotonic increase provides controlled
causal evidence that LoRA exposure amplifies the trajectory signal used by the detector. The heatmaps
illustrate how this signal emerges: in the base model, the feature channels remain relatively diffuse in
the early layers without a clear preference. After LoRA fine-tuning, however, early-layer activations
become more concentrated, and this concentration becomes more pronounced as r grows.

4.4 Ablation Study

Layer Selection. In the main experiments, detectors use activations from the full model depth. To
assess where the relevant signal appears, we train additional detectors using only the first one-third or
first half of the layers. As shown in Figure 5, the first one-third of layers already provides meaningful
performance, with F1 scores of 68.7% on Qwen-2.5-7B and 64.5% on Llama-3.1-8B. Using the
first half improves the scores to 81.4% and 75.8%, while using the full depth gives the best results,
reaching 95.2% and 88.9%, respectively. These results suggest that contamination-associated signals
emerge early, but aggregating evidence across depth yields the most reliable detector. Grad-CAM
visualizations in Figure 4 support this trend: contaminated samples show sharper importance peaks
in shallow layers, while clean samples have smoother importance distributions.

Detector Selection. To assess sensitivity to the detector architecture, we compare three lightweight
detectors operating on the same multichannel sequence representation X under the same data split:
our 1D-CNN detector, a two-layer MLP that averages features across depth, and a small two-layer
Transformer encoder. As shown in Table 4, the 1D-CNN provides the best overall trade-off, achieving
strong AUROC/PR-AUC (0.960/0.977) and the lowest False Positive Rate (5.56%). The MLP
performs substantially worse, indicating that collapsing depth-wise trajectories discards critical
information. The Transformer achieves comparable AUROC/PR-AUC and higher Contaminated
Detection Rate, but incurs a substantially higher False Positive Rate (16.67%), suggesting a less
favorable clean-side trade-off. Architectural and training details are deferred to Appendix D.

External Benchmark Generalization. Prior work has reported substantial contamination risks in
MMLU, making it a useful external benchmark for testing whether LogitTrace captures contamination-
associated structure beyond our constructed evaluation sets. We apply the detector trained on
Qwen-2.5-Math-7B to the mathematics subset of MMLU in a zero-shot setting, without retraining or
changing the detector threshold. Since item-level contamination labels are unavailable, we use the
detector outputs for grouping: samples predicted as contaminated are referred to as seen-like, while
those predicted as clean are referred to as not-seen.

As shown in Figure 6, LogitTrace labels 94.9% of the problems as seen-like and 5.1% as not-seen,
which is consistent with prior reports that MMLU contains substantial contamination risk. More
importantly, this split corresponds to a clear behavioral difference: Qwen-2.5-Math-7B achieves
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Table 4: Detector architecture ablation using identical trajectory features. Cont. Detection Rate is the
fraction of contaminated examples correctly flagged, while False Positive Rate is the fraction of clean
examples incorrectly flagged.

Detector Params (M) AUROC PR-AUC Cont. Detection Rate (%) False Positive Rate (%)

CNN 0.079 0.960 0.977 84.09 5.56
MLP 0.003 0.504 0.632 87.88 87.04
Transformer 0.069 0.954 0.974 95.45 16.67

Seen-like 94.9% Not-seen 5.1% Top-1 MRR@60.0
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Figure 6: Dataset composition and group-level performance comparison. Left: fraction of samples
classified as seen-like (94.9%) versus not-seen (5.1%). Middle: Top-1 accuracy and MRR@6 for the
two groups. Right: effect sizes (Seen–Not) with 95% confidence intervals.

substantially higher performance on the seen-like group, with Top-1 accuracy higher by 0.33 and
MRR@6 higher by 0.23. The confidence intervals indicate that these gaps are statistically reliable.
These results suggest that LogitTrace transfers to an external benchmark and identifies a seen-like axis
that correlates strongly with model performance, supporting its use as a tool for analyzing benchmark
familiarity and contamination-associated behavior.

5 Related Work

Contamination. Benchmark results are often inflated when training and test overlap. Leakage has
been documented in MMLU and other benchmarks [34, 5], while rephrased and translated variants
can raise accuracy without verbatim overlap [26, 27]. Evaluation-side defenses attempt to mitigate
these risks: CLEAN-EVAL and inference-time filtering sanitize benchmarks [36, 35], DCQ provides
automated auditing [9], and task-level contamination undermines few-shot claims [14].

Detection and Mechanisms. Detection protocols formalize memorization as extractable or dis-
coverable and extend to compression-based probing with shorter triggers [4, 17, 20], which capture
verbatim recall yet still underestimate hidden forms under longer or rephrased inputs. Statistical
calibration methods broaden coverage: minimum-probability detectors [21] and divergence-based
scoring [31] flag anomalous likelihoods, paired confidence tests improve statistical reliability [30],
and black-box calibration extends applicability to proprietary models [28]. Interventions can offer
stronger causal evidence. For example, DICE operationalizes contamination by fine-tuning paired
contaminated and uncontaminated models and then detecting in-distribution leakage from their inter-
nal representations [23] and temporal audits tracing when benchmarks leaked into training corpora
[8]. Beyond detection, boundary studies interrogate whether high performance reflects reasoning or
memorization, through idiom understanding [11], knowledge updating [13], generalization failures
[6], and overestimation in machine translation [12]. Together, these studies suggest that, despite
advances in coverage and robustness, existing methods remain largely tied to surface cues or distri-
butional anomalies. This limitation motivates representation-level analysis that can more directly
expose the underlying dynamics of memorization.

6 Conclusion

In this paper, we introduce LogitTrace, a representation-based framework for detecting benchmark
contamination in LLMs. By analyzing layerwise logit trajectories, LogitTrace provides reliable
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signals that remain stable under rephrasing and perturbation. Our comprehensive experiments,
including controlled LoRA injection, not only confirm the robustness of this approach but also
provide causal evidence that these trajectory patterns reflect model exposure rather than surface-level
artifacts. Overall, LogitTrace offers a practical lens for studying memorization-like behavior and
reassessing benchmark contamination in LLMs.
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A Full CoT Outputs

These four examples illustrate the potential risk that memorization may masquerade as generalization.
In Table 5, the model answers the original problem correctly, which is expected. In Table 6, after
rephrasing, the model still provides the correct solution, appearing to generalize. In Table 7, however,
even when the input is reduced to a minimal set of keywords, the model produces the correct answer
together with a full chain-of-thought explanation. This behavior is unlikely to arise from genuine
reasoning and instead suggests direct recall of memorized content. In Table 8, the model attempts to
generate an answer even for an invalid input, further underscoring its reliance on pattern matching
rather than reasoning. These cases reveal that model outputs may reflect hidden memorization signals
disguised as generalization, which poses potential risks in downstream use.

Table 5: Case study 1: Original baseline question.
Case Study 1: Original Question (Baseline)

Question:
A regular pentagon is rotated counterclockwise about its center. What is the minimum number of degrees
it must be rotated until it coincides with its original position?

Model Output:
72 degrees.
To determine the minimum number of degrees a regular pentagon must be rotated counterclockwise about
its center until it coincides with its original position, we need to consider the symmetry of the pentagon. A
regular pentagon has rotational symmetry, meaning it looks the same after being rotated by certain angles
around its center.
The order of rotational symmetry for a regular pentagon is 5. This means there are 5 different positions
where the pentagon looks exactly the same when rotated. The angle of rotation for each symmetry position
is given by dividing 360 degrees (a full rotation) by the order of symmetry.
So, we calculate:

360◦

5
= 72◦

Therefore, the minimum number of degrees the pentagon must be rotated counterclockwise until it coincides
with its original position is 72 .

14



Table 6: Case study 2: Hexagon input, model outputs correct result.
Case Study 2: Core Number Changed (Hexagon)
Question:
A regular hexagon is rotated counterclockwise about its center. What is the minimum number of
degrees it must be rotated until it coincides with its original position?

Model Output:
60 degrees.
To determine the minimum number of degrees a regular hexagon must be rotated counter-
clockwise about its center until it coincides with its original position, we need to consider the
symmetry of the hexagon. A regular hexagon has rotational symmetry, meaning it looks the
same after being rotated by certain angles around its center.
A regular hexagon has 6 equal sides and 6 equal angles. The sum of the interior angles of a
hexagon is given by the formula (n− 2)× 180◦, where n is the number of sides. For a hexagon
(n = 6), the sum of the interior angles is:

(6− 2)× 180◦ = 4× 180◦ = 720◦

However, we are interested in the angles of rotation that will map the hexagon onto itself. Since
the hexagon has 6 equal sides, it can be divided into 6 equal parts. Therefore, the angle of
rotation that will map the hexagon onto itself is:

360◦

6
= 60◦

This means that if the hexagon is rotated by 60 degrees counterclockwise, it will coincide with
its original position. any multiple of 60 degrees (i.e., 120 degrees, 180 degrees, 240 degrees,
300 degrees, 360 degrees, etc.) will also map the hexagon onto itself, but the minimum positive
angle is 60 degrees.
Thus, the minimum number of degrees the hexagon must be rotated until it coincides with its
original position is 60 .

Table 7: Case study 3: Keyword-based input, model still outputs the correct reasoning.
Case Study 3: Keyword Summary Input
Question:
minimum rotation degrees, regular pentagon, symmetry

Model Output:
72◦

The minimum rotation degrees that will map a regular pentagon onto itself is 72◦. This is
because a regular pentagon has five sides, and a full rotation of 360◦ divided by five gives 72◦.
This means that rotating the pentagon by 72◦ will bring it back to a position where it looks
exactly the same as it did before the rotation.
To understand this better, let’s consider the symmetry of a regular pentagon. A regular pentagon
has five lines of symmetry, each passing through a vertex and the midpoint of the opposite side.
When the pentagon is rotated by 72◦, each vertex moves to the position of the next vertex in a
clockwise or counterclockwise direction. This rotation aligns the pentagon with itself, leaving it
unchanged.
Therefore, the minimum rotation degrees that will map a regular pentagon onto itself is 72◦ .
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Table 8: Case study 4: Input with non-integer polygon sides.
Case Study 4: Input Floating Number (4.5)
Question:
A regular 4.5-sided polygon is rotated counterclockwise about its center. What is the minimum
number of degrees it must be rotated until it coincides with its original position?

Model Output:
80 degrees.
To determine the minimum number of degrees a regular 4.5-sided polygon must be rotated
until it coincides with its original position, we start by understanding the properties of regular
polygons and their rotational symmetry.
A regular polygon with n sides can be rotated by 360◦

n degrees to coincide with its original
position. This is because a full rotation of 360◦ degrees will bring the polygon back to its starting
position, and dividing this by the number of sides gives the smallest angle of rotation that will
result in the polygon coinciding with itself.
In this problem, the polygon has 4.5 sides. However, a polygon must have an integer number of
sides. Therefore, we need to interpret the problem as referring to a polygon with a fractional
number of sides in a theoretical or conceptual sense, and we can use the same formula to find
the angle of rotation.
The formula for the angle of rotation is:

Angle of rotation =
360◦

4.5

To simplify this, we can convert 4.5 to a fraction:

4.5 =
9

2

Now, substitute this into the formula:

Angle of rotation =
360◦

9
2

= 360◦ × 2

9
=

360◦ × 2

9
=

720◦

9
= 80◦

Thus, the minimum number of degrees the polygon must be rotated until it coincides with its
original position is:

80
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B Rephrase dataset prompt

B.1 Problem Transformation Setup

We applied controlled prompting to generate different variants of math problems for our experiments.
All generations were obtained using the GPT-4o-mini model (via the chat.completions API). To
ensure variability while preserving mathematical correctness, we set the sampling temperature to 0.7.

We designed three transformation tasks:

• Rephrasing: synonym replacement or structure change without altering semantics.
• Perturbation: minor linguistic noise while keeping numbers/LaTeX fixed.
• Translation (French): translate only the surrounding text, keeping numbers/LaTeX un-

changed.

The exact prompts used for each task are shown in Table 9.

Table 9: Prompt templates used to generate rephrased, perturbed, and translated math problems. All
generations used GPT-4o-mini with temperature = 0.7.

Task Prompt Template
Rephrase Rephrase the following math problem in English. Requirements:

1. Keep ALL numbers and LaTeX expressions exactly the same.
2. Do not change the mathematical meaning.
3. Output ONLY the rephrased problem, no explanations.
Problem: {q}

Perturb Rewrite the following math problem with minor linguistic perturbations. You
may change word order, replace synonyms, or alter sentence structure. Re-
quirements:
1. Keep ALL numbers and LaTeX expressions exactly unchanged.
2. Preserve the exact mathematical meaning.
3. Output ONLY the perturbed problem.
Problem: {q}

Translate
(French)

Translate the following math problem into French. Requirements:
1. Keep ALL numbers and LaTeX expressions unchanged.
2. Translate only the surrounding text.
3. Output ONLY the translated problem, no explanations.
Problem: {q}
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C More Activation Trajectories Across Models
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Figure 7: Activation trajectories of the 10 most confidently classified samples by the detector trained
on Qwen-2.5-7B. Clean samples are shown on the left, while contaminated samples are shown on the
right.
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Figure 8: Activation trajectories of the 10 most confidently classified samples by the detector trained
on Qwen-2.5-Math-7B. Clean samples are shown on the left, while contaminated samples are shown
on the right.
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Figure 9: Activation trajectories of the 10 most confidently classified samples by the detector trained
on Llama-3.1-8B. Clean samples are shown on the left, while contaminated samples are shown on
the right.
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Figure 10: Activation trajectories of the 10 most confidently classified samples by the detector trained
on Qwen-3-8B. Clean samples are shown on the left, while contaminated samples are shown on the
right.
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D Implementation Details

D.1 Detector Training

Feature construction. For each problem–answer pair, we tokenize the prompt
“Problem: <q>\nAnswer:” with the model’s native tokenizer and run the model with
output_hidden_states=True. At every layer l, we compute (i) the normalized probability mass
over digit tokens pl(d) for d ∈ {0, . . . , 9} (token sets collected from the tokenizer vocabulary),
(ii) the entropy Hl of pl, and (iii) the maximum probability maxd pl(d). We also take first-order
differences along depth for each of these streams. Stacking gives a C × T trajectory with C = 24
channels: 10 digit channels pl(d), plus Hl and max pl, and their 12 first-order differences. We
z-score normalize per sample, per channel (NaNs → 0). For sequences with different T , we truncate
all samples to the minimal T across the batch to align time axes.

Detector architecture. We use a lightweight 1D CNN (TinyTSConv) with three Conv1d layers
(kernel size 3, channels C→ 64→ 128→ 128) and ReLU activations, followed by global average
pooling and a 2-way linear head. Inputs have shape [N,C, T ] with C = 24.

Training protocol. We perform a stratified split with validation ratio 0.2. Optimization uses
AdamW with learning rate 2 × 10−3, batch size 32, and cross-entropy loss. To address class

imbalance, we apply inverse-frequency class weights wk =
npos + nneg

2 max(nk, 1)
. We train for 15 epochs

and select the checkpoint that maximizes AUROC on the validation set. All random seeds are fixed to
42 (Python/NumPy/PyTorch). Training runs on the same device as the backbone model (CPU/GPU),
with features stored as float32.

Detector ablation. Regarding the choice of a CNN-based detector, we conducted an additional
ablation study comparing the CNN with a two-layer MLP and a lightweight 2-layer Transformer
encoder (dmodel = 64, nhead = 4), all trained on the same representation-trajectory features and under
the same train/validation split.

The MLP aggregates the [C, T ] feature map by averaging over the temporal dimension to produce a
C-dimensional vector, followed by two linear layers with a ReLU activation in between.

The Transformer detector begins by projecting each layer-wise feature vector from C to a 64-
dimensional embedding. This sequence of T embeddings is then fed into a small encoder consisting
of two 4-head self-attention layers with a 128-dimensional feed-forward block and the standard
GELU activation used in PyTorch’s implementation. After encoding, the model averages over the
temporal dimension and applies a final linear classifier. Both alternatives have comparable parameter
counts to the CNN (approximately 0.003M for the MLP and 0.07M for the Transformer versus
0.079M for the CNN).

D.2 Lora Fine-tuning Experiment

LoRA fine-tuning. We fine-tune Llama-3.1-8B using LoRA adapters applied to attention and
MLP projection layers (q_proj, k_proj, v_proj, o_proj, gate_proj, up_proj, down_proj).
Training is performed in 4-bit NF4 quantization with double quantization, and all experiments vary
the LoRA rank r while setting α = 2r and dropout 0.05. Problems are concatenated and segmented
into blocks of 1024 tokens, where the model is trained in the standard causal language modeling
objective with cross-entropy loss. We use AdamW with learning rate 1×10−4, cosine decay, warmup
ratio 0.03, batch size 2 per device with gradient accumulation 8, and train for 32 epochs. Gradient
checkpointing and TF32 are enabled. All random seeds are fixed to 0 for reproducibility.

E More Related Work

Copyright. A practical data contamination scenario is copyright. DE-COP identifies copyrighted
content in pretraining corpora [7], audits reveal explicit copyright violations in model outputs [10],
partial probing quantifies exposure risk [33], and further tests examine whether models comply with
copyright notices or reproduce licensed code [25, 29]. Such findings underscore that contamination
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is not only a technical artifact but also a legal and ethical risk: reproducing protected material can
mislead benchmark evaluations and at the same time threaten compliance with intellectual property.

F Limitations

LogitTrace uses operational contamination labels because the true pretraining corpus of each model
is unavailable, LogitTrace relies on operational contamination labels. Still, the consistency of its
trajectory patterns across models, input variants, and controlled exposure experiments suggests that
the detector captures meaningful contamination-associated signals. Its predictions should therefore
be interpreted as diagnostic evidence rather than proof that a sample appeared in training data.
The current experiments focus on numerical reasoning and digit-level trajectories, so extensions to
open-ended or non-numeric tasks may require new task-specific token sets and feature definitions.
In addition, LogitTrace requires access to intermediate model representations and layerwise logits,
which limits its direct applicability to closed-source models that expose only final outputs.
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