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Abstract

Running LLMs with extended reasoning on every problem is expensive,
but determining which inputs actually require additional compute remains
challenging. We investigate whether a model’s likelihood of success is re-
coverable from its internal representations prior to generation, and whether
this signal can guide more efficient inference. We train linear probes on
pre-generation activations to predict policy-specific success on math and
coding tasks, substantially outperforming surface features such as question
length and TF-IDF. Using E2H-AMC, which provides both human and
model performance on identical problems, we show that models encode
a model-specific notion of difficulty that is distinct from human difficulty,
and that this distinction increases with extended reasoning. Leveraging
these probes, we demonstrate that routing queries across a pool of models
can match the performance of the best-performing model whilst reducing
inference cost by up to 70% on MATH, showing that internal representa-
tions enable practical efficiency gains even when they diverge from human
intuitions about difficulty.

1 Introduction

Large Language Models (LLMs) have achieved remarkable performance on mathematics
and programming tasks (Hendrycks et al., 2021; Cobbe et al., 2021; Jain et al., 2024). Because
model outputs are typically generated via stochastic decoding, performance is naturally
characterized by a success rate—the probability that a model will correctly answer a given
query. Accurately estimating success rates is critical for model routing systems that direct
queries to the model most likely to succeed (Chen et al., 2024; Ding et al., 2023), but obtaining
low-variance estimates requires multiple costly rollouts per input. This invites the question:
Can we predict whether a model will succeed before it generates any output?

We show that LLMs internally encode estimates of their own success in pre-generation
activations, and that these estimates can be efficiently extracted using linear probes. Prior
work has shown that models contain correctness-related signals (Kadavath et al., 2022;
Azaria & Mitchell, 2023; Burns et al., 2024), but it remains unclear what notion of difficulty
these signals represent and whether they are reliable enough for practical decision-making.

We conduct an empirical study across mathematics (MATH, GSM8K, AIME, E2H-AMC)
and coding (LiveCodeBench) domains, training linear probes on pre-generation activations
to predict success under various decoding policies. Our investigation reveals that LLMs
encode a model-specific notion of difficulty that differs systematically from human judgments
and varies with the inference-time policy. We demonstrate that probe-guided routing can
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match high-compute accuracy at 70% cost reduction, while identifying critical failure modes
where probe reliability becomes the bottleneck.

Main Contributions.

¢ Human and model difficulty are encoded differently in LLMs. Using the AMC subset of
Easy2Hard-Bench (E2H-AMC), which provides both human difficulty labels (estimated
via Item Response Theory, IRT) and model accuracy on identical questions, we show
that linear probes can extract both signals from pre-generation activations (Spearman
p = 0.83-0.87 for human difficulty, 0.40-0.64 for model difficulty). Crucially, these
represent distinct information: model-derived difficulty proves more predictive of actual
performance, and as models solve harder problems through extended reasoning, their
internal representations increasingly diverge from human difficulty judgments (Section 3).

e Probes reliably predict model performance across decoding settings and reasoning
modes. Binary classification of success under fixed decoding policies (greedy, Maj@K)
achieves strong discrimination (AUROC > 0.7 for several models) and remains stable
across sampling temperatures and majority voting thresholds. However, probe reliability
degrades with extended test-time compute, though this is partially recoverable with
non-linear MLP probes (Section 3).

* Probe-guided routing achieves substantial cost savings with minimal accuracy loss.
Simple threshold-based and utility-maximizing routing policies match the highest-
capability single-model performance at 70% lower inference cost on MATH, with similar
gains on AIME and GSMS8K. In some configurations, our router exceeds the best base-
line while approaching oracle-level accuracy, demonstrating that reliable difficulty esti-
mates—not routing sophistication—are the key to effective model allocation (Section 5).

2 Related Work

Predicting model correctness. For routing, abstention, and compute allocation decisions,
we need estimates of whether a model will answer correctly. Prior work shows that LLMs
contain correctness-related signals. Kadavath et al. (2022) demonstrate that models can pre-
dict their own correctness when explicitly prompted for P(True)-style self-assessments, but
this requires generation overhead unsuitable for routing. A complementary line identifies
"truthfulness” or ”correctness directions” in internal activations (Azaria & Mitchell, 2023;
Burns et al., 2024; Li et al., 2023), which implicitly estimate confidence by predicting correct
responses (Geng et al., 2024). Most directly related, Cencerrado et al. (2025) extract correct-
ness directions via difference-of-means between pass and fail activation centroids, then test
whether these directions transfer to predict success on new questions. They find strong
performance in factual settings but substantially weaker results on mathematical reasoning
(GSMBK AUROC = 0.6-0.7). We take a different approach: rather than extracting unsuper-
vised directions, we train supervised linear classifiers directly on labeled pass/fail examples
to predict binary success. This supervised formulation achieves stronger discrimination
on reasoning tasks (AUROC > 0.7 for several models) and enables us to systematically
investigate: (1) what notion of difficulty these probes encode, and (2) how probe reliability
varies with extended reasoning.

Difficulty estimation. Recent work shows that pre-generation activations contain linearly
decodable difficulty signals (Lugoloobi & Russell, 2025; Lee et al., 2025), but it remains un-
clear whether these represent human difficulty, model-specific difficulty, or both. Lugoloobi
& Russell (2025) demonstrate that models encode problem difficulty but focus primarily on
correlation with IRT (Embretson, 2000; Woodruff & Hanson, 1996) scores—psychometric
measures calibrated from large-scale human performance data.Lee et al. (2025) probe dif-
ficulty perception mechanisms without systematically comparing human versus model
difficulty or evaluating routing applications. We provide the first direct comparison using
the AMC subset of Easy2Hard-Bench (Ding et al., 2024), where human IRT scores and model
performance are available, establishing that these are distinct signals. Critically, we show this
divergence intensifies with extended reasoning—models allocate computation according to
human difficulty even when reliably solving those problems.
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Test-time compute scaling. Sampling-based methods like self-consistency (Wang et al.,
2022) aggregate k reasoning paths through majority voting (maj@k) to improve accuracy
on complex reasoning tasks. Cobbe et al. (2021) train verifiers to re-rank generated solu-
tions, substantially improving performance on math tasks. Recent models with extended
reasoning capabilities (e.g., DeepSeek-R1, ol-series) scale test-time compute by generating
longer chain-of-thought responses Guo et al. (2025); OpenAl (2024). While prior work
focuses on the accuracy-compute tradeoff, we provide the first systematic investigation of
how test-time scaling—both through majority voting and extended reasoning—affects the
linear accessibility of difficulty information in pre-generation activations. Our finding that
probe quality degrades with increased reasoning budget (AUROC: 0.78 — 0.64) despite
improved accuracy (86.6% — 92.0%) has implications for adaptive inference systems that
rely on difficulty estimates extracted before generation.

Model routing. Prior routing work relies on indirect proxies such as input length, per-
plexity, or heuristic confidence measures (Chen et al., 2024; Ding et al., 2023). Chen et al.
(2024) use multiple API calls to estimate confidence, while Ding et al. (2023) route based on
input complexity heuristics. Song et al. (2025) propose an IRT-based approach that models
question difficulty and model ability via learned latent traits from embeddings. In contrast,
our probe-based method directly predicts model-specific success from pre-generation repre-
sentations, requiring no additional generation or separate embedding models at routing
time. This yields 17-70% cost savings while matching high-capability model performance.
Critically, we find that routing effectiveness is limited by the reliability of the underlying
success estimates, not the routing policy itself.

3 Predicting Difficulty

Difficulty is subjective: it depends on the actor facing the task. Just as students in a class find
different questions hard, models have their own strengths and weaknesses. Difficulty also
depends on what we count as success; a task that is hard on a single attempt may be much
easier when several are allowed. Given this subjectivity, we consider a range of human- and
model-derived difficulty definitions, and introduce activation probes as a tool for examining
how a model perceives each of them.

3.1 Different Notions of Difficulty

Human difficulty. IRT models question difficulty in a similar manner to Elo in games such
as chess. The IRT difficulty score b(g) € [0, 1] ranks questions from easiest (0) to hardest (1).

Model difficulty: Expected success rate. Another notion of difficulty is that of the expected
success rate, which captures the probability of a stochastic agent succeeding at a task or
challenge. For a model with a stochastic decoding policy 7t and question g with a ground-
truth answer y*, we define the expected success rate as

s(m,q) = ]ann(-\q) [I[(Parser(a) = y*)]r @

where parser(-) extracts a final answer from response a. We estimate s(7t,q) with K Monte
Carlo rollouts:

K
Sme(m,g) = Z parser(ax) = y*), )

with ay ~ 7t(- | g) i.i.d. This formulation provides a continuous measure of model-specific
difficulty that ranks questions by expected performance under stochastic decoding.

Model success: Binary outcome under specified decoding. Difficulty can also be thought
of from a binary perspective; thus we also consider binary success under different determin-
istic aggregation rules commonly used by LLMs. Specifically, we evaluate:

¢ Greedy: The model either succeeds or fails on a single deterministic generation.



Published as a conference paper at COLM 2026

e Maj@K (Majority voting): Select the most frequent parsed answer from K samples and
verify correctness.

¢ Pass@K: The question is considered answered if at least one of the K sampled answers is
correct (Chen et al., 2021).

Whilst both the binary and expected success metrics capture the probability of a model
being successful, they are different transformations of the full answer distribution and thus
capture different information about model capacity, serving as distinct prediction targets.

3.2 Activation Probes

Example suffixes:

Qwen2.5: <|im_end|>\n<|im_start|>assistant\n
DeepSeek-R1: <|Assistant|><think>\n
GPT-0OSS: <|end|><|start|>assistant

Figure 1: Example chat-template suffixes for several model families.

Let hf € RP be the residual-stream activation, where D is the size of the hidden dimension,
¢ the layer index of the model, and i € [S] the sequence position of a prompt with length
S. Depending on the notion of difficulty we are probing we use different linear probe
setups. For expected success rate and human IRT difficulty we use the MSE loss and for
binary success under different decoding strategies we use a logistic regression probe with a
cross-entropy loss. Across all objectives we include an L2-regularization term in the loss.

During training we perform 5-fold cross validation on the probe, and sweep three hyperpa-
rameters: the layer index ¢, the L2 regularisation weight «, and the token position i, selected
from the final P non-padding tokens of the chat template (Arditi et al., 2024); see Figure 1.

4 Experiments

4.1 Experimental Setup

Models. We evaluate on a heterogeneous pool of models spanning sizes and reasoning capa-
bilities: GPT-OSS-20B (low /medium/high reasoning) (OpenAl, 2025), DeepSeek-R1-Distill-
Qwen-7B (Guo et al., 2025), Qwen2.5-Math (1.5B, 7B) (Yang et al., 2024), Qwen2.5-Coder (3B,
7B) (Hui et al., 2024), and Qwen2.5-1.5B (Team, 2024). Full generation configurations are
provided in Appendix E.

Datasets. We construct a range of datasets to train model-difficulty probes. For E2H-AMC,
GSMS8K, MATH, AIME (1983-2024), and LiveCodeBench (Ding et al., 2024; Cobbe et al.,
2021; Hendrycks et al., 2021; Veeraboina, 2023; Balunovi¢ et al., 2025; Jain et al., 2024); we
generate multiple answers for each of the models above. Using these answers we construct
a label for each prompt, as defined in Section 3.1. Given the quantity of data and expense
of generating multiple rollouts for the larger GPT-OSS model, we set K=5 (the number of
Monte Carlo rollouts per prompt) for this model, and K=50 for the smaller Qwen based
models. For LiveCodeBench we use temporal splits based on each model’s release date to
control for data contamination in our analysis. Where test and validation splits are available
we use those provided, otherwise we split the data into test splits using an 80/20 ratio.
AIME-2025 (Balunovi¢ et al., 2025) is used only as a test set. Full dataset details can be found
in Appendix B.

A particularly important dataset in our analysis is the E2H-AMC dataset Ding et al. (2024),
which contains 4k mathematics problems annotated with an IRT difficulty score b(qg), cal-
ibrated from large-scale student performance data from secondary school students who
sat the AMC. This provides a model-agnostic measure of human difficulty. This dataset is
central to our experiments as it uniquely allows us to compare the representations of human
and model perceived difficulty on the same set of questions.



Published as a conference paper at COLM 2026

Metrics. To evaluate the performance of our probes, we report the Spearman rank cor-
relation for the linear regression probe used on the expected success rate, §jsc. The rank
ordering of questions by difficulty is often a key requirement for downstream tasks such
as difficulty-routing, see Section 5. For binary success predictions, we report the AUROC,
which measures discrimination quality irrespective of cutoff.

Baselines. Alongside the linear probes described in Section 3.2 we also evaluate a naive
question-length baseline, a TF-IDF linear model, and a more complex MLP probe. We
provide full details for all of these models in Appendix A.

4.2 Results

Table 1: Human and Model notions of difficulty are both linearly represented within the
model activations. We report the Spearman correlation coefficient for probes trained on the
E2H-AMC Dataset with both human IRT and expected success rate labels. We note that: i)
For both notions of difficulty the linear probe outperforms the TF-IDF and length baselines;
ii) The Human IRT difficulty is more linearly accessible within the model than expected
success rate difficulty; iii) the expected success rate probe performance monotonically
decreases as the reasoning level of GPT-OSS increases.

Qwen2.5-Math GPT-OSS-20B
Method 1.5B 7B Low Med High
Human IRT difficulty b(q)
Linear Probe 0.85 0.87 0.84 0.83 0.83
MLP Probe 0.83 0.87 0.77 0.79 0.80
TF-IDF 0.72 0.72 0.74 0.74 0.74
Length 0.15 0.15 0.15 0.15 0.15
Model difficulty $yc
Linear Probe 0.64 0.64 0.58 0.50 0.40
MLP Probe 0.65 0.61 0.44 0.44 0.11
TF-IDF 0.47 0.47 0.42 0.31 0.25
Length 0.27 0.27 0.30 0.24 0.19

Human and model difficulty are both linearly decodable but encode different information.
Table 1 shows that linear probes can predict both human IRT difficulty and model success
rates from identical pre-generation activations, but with different levels of accessibility.
Human difficulty is consistently more linearly decodable (Spearman p = 0.83-0.87) than
model success rate (0 = 0.40-0.64) across all models, suggesting that models robustly
encode what humans find difficult, even when that differs from their own performance
characteristics.

Critically, the model success rate becomes less recoverable as reasoning capability increases.
For GPT-OSS5-20B, probe performance drops from p = 0.58 (low reasoning) to p = 0.40 (high
reasoning), despite higher task success rate. Non-linear MLP probes do not recover this loss,
and in fact degrade more rapidly than linear probes under increased reasoning. Together,
these results suggest that while human-aligned difficulty is stably encoded, model-specific
success signals are more fragile and sensitive to inference-time computation.

Binary success under specified decoding policies is more predictable than success rate.
While success-rate prediction shows moderate correlation (Table 1), binary classification
of success under fixed decoding policies achieves substantially stronger discrimination.
Table 2 shows that probes predicting Maj@5 or greedy success achieve AUROC > (.7 across
most settings, with several exceeding 0.8.

We observe three key patterns:
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Table 2: We report the AUROC for probes and baselines trained on the binary notion of
difficulty under different decoding procedures. The results are grouped by task: Math or
Code, and decoding regime: Maj@5, Greedy, and Pass@5. Math results show the AUROC
averaged over the MATH, GSMS8K, and AIME-2025 datasets, Code reports the AUROC
on LiveCodeBench with correctness defined w.r.t Pass@5 success. We also report the task
success rate (Task Succ.) for each model to provide context on the number of positive and
negative samples in training each probe.

Model Inference Regime Task Succ. T Lineart MLP1 TF-IDF{ Lengtht
Math: Greedy vs. Maj@5
Greedy 0.724 0.84 0.83 0.64 0.61
Qwen2.5-Math-1.58 Maj@5 0.763 076 075  0.63 0.6
Greedy 0.809 0.79 0.79 0.68 0.67
Qwen2.5-Math-7B Maj@5 0.827 080 077 072 0.66
Greedy 0.525 0.68 0.75 0.63 0.73
Qwen2.5-1.58 Maj@3 0.583 085 077 065 0.69
Math: Maj@5 with Variable Reasoning Budget
Reasoning: Low 0.866 0.78 0.79 0.68 0.62
GPT-0SS-20B Reasoning: Medium 0.914 0.70 0.67 0.63 0.55
Reasoning: High 0.920 0.64 0.76 0.58 0.46
Code: LiveCodeBench (target = Pass@5)
Qwen2.5-Coder-3B Pass@5 0.14 0.91 0.56 0.86 0.64
Qwen2.5-Coder-7B Pass@5 0.15 0.90 0.89 0.84 0.61
DeepSeek-R1-Distill-Qwen-7B  Pass@5 0.30 0.81 0.80 0.83 0.59
GPT-OSS-20B (low) Pass@5 0.77 0.71 0.65 0.66 0.64
GPT-0SS-20B (medium) Pass@5 0.77 0.67 0.59 0.64 0.60
GPT-OSS-20B (high) Pass@5 0.79 0.69 0.64 0.64 0.62
Probe-human difficulty alignment Predicting Maj@5 failure
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Figure 2: Human and model difficulty diverge with increased reasoning. We analyse how
reasoning efforts affect the probe-able notions of human and binary difficulty on the E2H-
AMC dataset using the GPT-OSS model. Left: We plot the Spearman correlation between IRT
difficulty scores and the probe predicted difficulty across reasoning levels. As the reasoning
level increases the correlation between probe-predicted model difficulty and human IRT
difficulty labels decreases reflecting the diverging capabilities of the student examinees
and model capabilities at higher reasoning levels. Right: Here we plot the AUROC of the
probe and human IRT ground truth labels, which reflect probability of success on a question,
against the model success at Maj@5, across reasoning levels. The difference between the
human and probe scores indicates the probe is likely using an internal representation of
model difficulty different from the human scores.

1. Greedy vs. sampling: Greedy decoding generally yields higher probe AUROC than
Maj@5 for the same model (e.g., Qwen2.5-Math-1.5B: 0.84 vs 0.76), likely because deter-
ministic generation reduces noise in the prediction target.

2. Model capability matters: Smaller or less capable models (e.g., Qwen2.5-1.5B, base vari-
ant) show stronger probe performance for Maj@5 than greedy, suggesting that sampling-
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based aggregation helps models solve problems they find marginally difficult, and this
regime is easier to predict.

3. Reasoning budget degrades probe quality: For GPT-OSS-20B, increasing the reasoning
level from low to high decreases AUROC from 0.78 to 0.64 even under fixed Maj@5
decoding. However, unlike in the success-rate setting, this degradation is partially
recoverable with non-linear probes: MLPs match or exceed linear probe performance at
higher reasoning levels (e.g., 0.76 vs 0.64 at high reasoning). This suggests that while
extended reasoning introduces representation drift, the underlying success signal remains
present but becomes less linearly separable.

Human and model difficulty diverge with increased reasoning. Figure 2 illustrates how
the relationship between human and model difficulty changes as GPT-OSS-20B’s reasoning
budget increases. Figure 2 [Left] shows that alignment between probe-predicted model
difficulty and human IRT difficulty decreases monotonically with reasoning level (Spearman
p drops from ~0.65 to ~0.45). This indicates that as models become better at solving human-
hard problems through extended reasoning, the notions of difficulty diverge.

Figure 2 [Right] demonstrates that despite this divergence, probe-based predictions of model
difficulty consistently outperform human difficulty for predicting Maj@5 failures across all
reasoning modes. This confirms that models encode a model-relative notion of difficulty
that is distinct from, and more predictive of their own performance than, human difficulty.

GPT-0SS (low) GPT-0SS (medium) GPT-0SS (high)
1.0 1.0 1.0

0.8 0.8 0.8
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—— Human difficulty (IRT) —— Predicted success (probe; trained on Maj@5)
Empirical success (SR@5) —— Empirical success (Maj@5)

Figure 3: Chain-of-thought length tracks human difficulty but diverges from model
success. On E2H-AMC, we plot binned chain-of-thought length (total output tokens, log-
scale) against mean normalized human IRT difficulty, empirical success, and probe-predicted
success (SR@5 and Maj@5) for GPT-OSS-20B across low, medium, and high reasoning modes.
Across all settings, output length increases with human difficulty but decreases with both
empirical and predicted success. This effect strengthens with higher reasoning budgets,
indicating that generation length increasingly reflects human-aligned difficulty rather than
model-relative likelihood of failure.

Reasoning length reflects human difficulty rather than model uncertainty. To under-
stand why human and model difficulty decouple under extended reasoning, we examine
how chain-of-thought length (total output tokens) relates to human difficulty, empirical
success, and probe-predicted model success across reasoning budgets. Figure 3 shows that
as reasoning depth increases, output length becomes increasingly correlated with human
IRT difficulty, while simultaneously becoming negatively-correlated with both empirical
success and probe-predicted success. For GPT-OSS, this pattern is consistent across reason-
ing modes and strengthens at higher budgets: the model spends more tokens on problems
humans find difficult, even when those problems are well within the model’s competence.
This observation aligns with concurrent work by Chen et al. (2026), which finds that longer
chain-of-thought traces are not a reliable indicator of correctness. Our results provide a
complementary perspective: we show that this disconnect arises because reasoning length
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tracks human-aligned difficulty, while model-relative success remains predictable from
pre-generation representations.

As such, extended reasoning amplifies a human-aligned difficulty signal that is distinct
from the model’s own likelihood of success, helping explain why probe-predicted model
difficulty remains useful even as alignment with human difficulty deteriorates.

5 Practical Applications: Probe-Guided Routing

Prior work on routing between models with different capabilities and inference costs
typically relies on indirect proxies for difficulty, such as input length, perplexity, or heuristic
confidence measures Chen et al. (2024); Ding et al. (2023). We demonstrate that probe-
derived success estimates enable effective routing decisions, yielding meaningful performance-cost
tradeoffs in both cascade and utility-based settings.
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Figure 4: Probe-based routing generalizes across diverse reasoning benchmarks. On the
hardest benchmark (AIME 2025), the router matches GPT-OSS-20B-high’s 93.3% accuracy at
37% lower cost, tracing a Pareto frontier that dominates all single-model and IRT Router
baselines. On the saturated benchmark (GSM8K), it pivots to cost minimization, identifying
Math-7B as the cost-optimal choice and avoiding expensive models that offer no accuracy
gain. On the intermediate benchmark (MATH), it achieves a Pareto improvement over all
baselines, matching GPT-OSS-20B-high accuracy while reducing cost by approximately
70%. Together, these results show that a single probe-based routing mechanism adapts to
difficulty distributions across benchmarks without retraining. All results use maj@5 with
K=5 generations. For full results, see Appendix F.

51 Routing Strategies

We evaluate a probe-based utility routing strategy that uses predicted success probabilities
pm(x) to allocate queries across a set of models M, with different capabilities and costs. A
cascading strategy is explored within the Appendix F.2.

Utility-Based Probe Routing For routing among a heterogeneous pool of models, we
use a simple utility-based rule. Let { My, ..., Mg} denote available models with expected
costs {¢j, ..., cx} based on the average output cost from the training set. We normalize the
expected cost ¢; to be between [0-1] such that for a prompt x, we select:

NI(x) = arg max (p;(x) - A¢)

where p;(x) is the probe-estimated success probability for model M;, and A trades off success
probability against cost. This requires training separate probes for each model in the pool.

5.2 Routing Experiment Setup

We evaluate using a pool of five models: Qwen2.5-Math-7B-Instruct (Yang et al.,
2024), Deepseek-R1-Qwen-7B (Guo et al., 2025), and GPT-OS5-20B (OpenAl, 2025) with
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low /medium /high reasoning budgets. We vary A to trace the performance-cost frontier.
Following prior routing work that uses API pricing to estimate deployment costs (Chen
et al.,, 2024; Ding et al., 2023), we use Fireworks Al’s inference pricing to emulate realistic
conditions, see Appendix F. All experiments use maj@5 accuracy with K=5 generations on
the MATH Hendrycks et al. (2021) dataset, and probes trained to predict maj@5 success as
described in Section 3.

Baselines We compare against three baselines: an IRT router baseline, random routing,
and an oracle with perfect knowledge of model success. Random routing assigns each
problem uniformly at random to one of the available models, independent of difficulty or
cost. The IRT router follows prior work on modeling question difficulty and model ability
via latent trait estimation using learned embeddings (Song et al., 2025). Unlike our approach,
which directly extracts model-specific success signals from internal representations, IRT-
based routers rely on learned item and model embeddings and require additional training
to estimate these latent variables.

For utility-based routing, the oracle replaces probe predictions with ground-truth correctness
labels (p(x) = [correct;(x)]) and selects M(x) = arg max;(I[correct;(x)] — A¢;) sweeping A
to trace the theoretical best-case Pareto frontier.

We report additional routing configurations, including the Self-Consistency(SC)-Entropy
baseline and routing considering input-prompt costs, in Appendix F.1.

5.3 Results

Utility routing achieves strong cost-accuracy tradeoffs and adapts to benchmark diffi-
culty. Figure 4 shows that utility routing yields strong gains across benchmarks, achieving
substantial cost reductions while maintaining accuracy. On MATH, the router matches
GPT-OSS-20B-high’s 92% accuracy at a 70% cost reduction. This behavior generalizes across
benchmarks with different difficulty distributions. On AIME 2025, where model perfor-
mance varies widely (40%-93%), the router matches the strongest model’s performance at a
37% cost reduction ($1.15 vs $1.75). In contrast, on GSM8K, where performance saturates
across models (85%-95%), the router identifies the cost-optimal model, selecting Math-7B
(94.5% at $0.34) over significantly more expensive high-reasoning models (GPT-OSS-20B-
high: 94.4% at $2.4). These results demonstrate performance-aware allocation: routing
preferentially uses stronger models when task difficulty varies, and shifts toward efficient
models when accuracy plateaus. See Appendix F for full results.

5.4 Discussion

Reasoning changes what difficulty means, not just performance Our results show that
increased test-time reasoning fundamentally changes how difficulty is represented in LLMs.
While extended reasoning improves task success rate, it consistently reduces the linear
accessibility of pre-generation success signals. Across reasoning modes in GPT-OSS-20B, the
linear probe AUROC drops monotonically as reasoning budgets increase, even as accuracy
improves. Analysis of chain-of-thought length reveals a key mechanism: with deeper
reasoning, generation length becomes increasingly correlated with human difficulty rather
than the model’s own likelihood of failure. As a result, reasoning traces amplify human-
aligned difficulty signals that decouple from model-relative uncertainty, explaining why
probes degrade precisely when reasoning is most effective.

Human difficulty and model difficulty are distinct—and diverge with capability The
divergence between human and model difficulty has broader implications beyond routing.
Using E2H-AMC, we show that LLMs robustly encode human psychometric difficulty even
when that signal no longer predicts model failure. As reasoning capability increases, models
increasingly solve problems that humans find difficult, yet their internal representations
continue to track human-aligned difficulty through longer reasoning traces. This creates
a growing mismatch: human difficulty remains linearly accessible, while model-relative
difficulty becomes harder to extract during extended reasoning. For applications such as
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curriculum learning, data selection, or evaluation, this suggests that human difficulty labels
may increasingly mischaracterise what models actually find challenging.

Routing effectiveness is mediated by probe reliability. Probe-guided routing approaches
oracle-utility performance when probes achieve high discrimination (AUROC), but exhibits
substantial gaps when probe quality degrades. This suggests routing effectiveness is con-
strained by the reliability of success estimates rather than model capability alone. Even
in lower-quality regimes, the probe consistently identifies cost-effective models, selecting
cheaper models on saturated benchmarks (GSM8K) and higher-capability models on harder
tasks (AIME). Unlike embedding-based approaches such as IRT router (Song et al., 2025),
which depend on learned latent representations from another model, probe-based routing
from the very model whose performance it is predicting.

6 Conclusion and Limitations

We show that a model’s likelihood of success is encoded before generation begins and
can be extracted with simple linear probes. These signals reflect a notion of difficulty that
differs from human judgments but more reliably predicts model performance. While they
generalize across decoding strategies, they become harder to access as test-time compute
increases. When accessible, they enable routing strategies that approach oracle performance.

Limitations. We focus on linear probes at a single post-instruction position. While effective
for base and lightly instruction-tuned models, probe performance degrades under extended
reasoning, and we do not probe during generation or do cross-domain transfer (e.g., math
to code). Our probes are sensitive to token position, and our routing policies use fixed-k
majority voting rather than learned or adaptive selection of k.
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A Probe and Baseline Formulation

Linear probe. Leth! € RP denote the residual-stream hidden state at layer ¢ and token
position i from the frozen language model. These are the internal representations we probe.

Finding end-of-instruction positions. We identify where instructions end by applying
the model’s chat template to a placeholder input, then tokenizing the post-instruction suffix.
This gives us P token positions relative to the last non-padding token: {—P, ..., —1}. These
are our candidate positions to probe, see Figure 1.
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Training linear probes. For each candidate pair (¢, p) € £ x P, where L spans all trans-
former layers and P the post-instruction suffix positions, we train a single linear probe on the

activation vector hf,. The probe has no bias term, just a linear map from the D-dimensional
activation to predictions.

The task type is determined automatically: for continuous success-rate targets we use Ridge
regression (evaluated with Spearman’s p); for binary correctness labels we use ¢;-regularized
logistic regression (evaluated with ROC-AUC). The regularisation strength « is tuned via

grid search on validation data over the range o € {10_3, 1072,1071,1, 10,102,103, 104}.

Data and evaluation. We hold out 20% of the original training set as validation. The best
configuration (¢*, p*, a*) is selected by validation performance. For classification, we apply
Platt scaling on validation data to calibrate probabilities. Test evaluation happens exactly
once with the selected probe.

MLP probes. While our main results use linear probes for efficiency and interpretabil-
ity, we also implement MLP-based probes to capture non-linear relationships in internal
representations.

For each candidate pair (¢, p) € £ x P, we train a small 2-layer MLP on the activation
vector hf, € RP. The architecture consists of:

¢ Input layer: D dimensions (matching model hidden dimension)
e Hidden layer: 256 dimensions with ReLU activation
* Output layer: 1 dimension (for regression or binary classification)

For regression tasks (success-rate prediction), we use MSE loss with output activation
identity. For binary classification (majority vote correctness), we use binary cross-entropy
loss with sigmoid output activation.

MLP training details. We apply ¢, regularization with strength « tuned via grid search:
S {10’4, 1073,1072,10° 1, 1}. Optimisation is performed with Adam (learning rate 1073)
for up to 100 epochs with early stopping on validation loss (patience=10). Data is split
80/20 for train-validation. For classification, we apply Platt scaling on validation data to
calibrate probabilities. Best configuration (£*, p*, a*) is selected by validation performance
and evaluated exactly once on a held-out test set.

TF-IDF probe. Using spaCy, we preprocess each prompt with lemmatisation and stop-
word removal, then represent it using TF-IDF features. We train Ridge regression for
continuous targets and logistic regression for binary targets. We select the regularisation
strength on the validation set using the same grid and metrics as the linear probes, then
evaluate once on the test set.

Length probe. We represent each prompt using a single feature: its whitespace-separated
word count. We train Ridge regression for continuous targets and logistic regression for
binary targets. Regularisation is selected on the validation set using the same procedure as
the TF-IDF probe, followed by evaluation on a held-out test set.

Comparison. Comparing linear and MLP probes, three patterns emerge: (1) for human
IRT difficulty prediction, the two probe types perform comparably, suggesting this signal
is robustly linear; (2) for binary success prediction under standard decoding, MLP probes
offer marginal or no improvement; (3) under variable reasoning with GPT-OSS, MLP probes
partially recover discrimination lost by linear probes (e.g., AUROC 0.76 vs 0.64 for GPT-
0SS-20B-high on Maj@5), suggesting that reasoning transforms representations in ways that
break linear separability while preserving the signal in a nonlinear subspace. However, this
recovery is task-dependent: for continuous success-rate regression, MLP probes degrade
more severely than linear probes at high reasoning (Table 1), indicating that the underlying
signal may become genuinely less accessible rather than merely nonlinear.
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B Dataset Statistics

Table 3: Train, validation, and test split sizes for each dataset.

Dataset Train Val Test
MATH 6,000 1,500 5,000
E2H-AMC 640 160 2,975
AIME-1983-2024 598 149 30
AIME-2025 - - 30
GSMS8K 4,784 1,195 1,319
LiveCodeBench 458 114 341

C Probe Layer Sweep

Qwen/Qwen2.5-Math-1.58-Instruct — DigitalL {_MATH-lighteval

Qwen/Qwen2.5-Math-7B-Instruct — DigitalLearningGmbH_MATH-lighteval

Figure 5: The validation performance of the linear and MLP probes at different layers for
the QWEN2.5-MATH-1.5B-INSTRUCT and QWEN2.5-MATH-7B-INSTRUCT models on the
MATH dataset. In both models the linear probe outperforms the MLP probe. The linear
probe performance tends to increase as the layer index increases.
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Table 4: Best probe layer and token position selected on validation, with the corresponding
validation and test scores. Note the best token position is indexed backward from the final
token.

Model Dataset Layer Pos. Valscore Testscore
MATH 21 4 0.891 0.846

AMC 22 4 0.881 0.848

Qwen2.5-Math-7B-Instruct AIME 28 1 0.867 0.679
GSMS8K 20 4 0.754 0.767

MATH 27 2 0.793 0.739

DeepSeek-R1-Distill-Qwen-7B  AIME 13 1 0.753 0.701
GSMS8K 23 1 0.647 0.640

MATH 15 0 0.850 0.860

. AMC 16 2 0.757 0.691

gpt-0ss-20b (high) AIME 10 2 0.761 0.286
GSMS8K 17 0 0.701 0.686

MATH 17 0 0.845 0.845

-055-20b (low) AMC 12 0 0.810 0.793
&P AIME 24 0 0.825 0.778
GSMS8K 17 0 0.790 0.761

MATH 15 0 0.840 0.850

. AMC 13 1 0.784 0.735

gpt-0ss-20b (medium) AIME 19 2 0.778 0.568
GSMS8K 16 1 0.921 0.629
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D Additional Probe Results

Table 5: AUROC for Predicting Accuracy under Different Decoding Strategies

Linear Probe
Decoding Dataset Qwen2.5-Math-1.5B Qwen2.5-Math-7B

MATH 0.838 0.845
Maj@5 AIME 0.712 0.765
GSMS8K 0.717 0.784
MATH 0.837 0.827
Greedy AIME 0911 0.753
GSM8K 0.762 0.778
MLP Probe
Decoding Dataset Qwen2.5-Math-1.5B Qwen2.5-Math-7B
MATH 0.834 0.846
Maj@5 AIME 0.712 0.703
GSM8K 0.692 0.77
MATH 0.825 0.827
Greedy AIME 0911 0.753
GSMS8K 0.762 0.778
Tfidf Probe
MATH 0.771 0.761
Maj@5 AIME 0.529 0.840
GSM8K 0.582 0.568
MATH 0.762 0.760
Greedy AIME 0.589 0.741
GSMS8K 0.581 0.537
Length Probe
MATH 0.70 0.68
Maj@5 AIME 0.66 0.72
GSMS8K 0.62 0.59
MATH 0.70 0.70
Greedy AIME 0.83 0.66
GSMS8K 0.66 0.62
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Table 6: Maj@5 Probe Performance Comparison across GPT-OSS5-20B thinking modes

Linear Probe

Difficulty Dataset Low Medium High
MATH-lighteval 0.848 0.842 0.855
t-055-20b AMC 0.793 0.735 0.691
gpLoss AIME 0731  0.600 0375
GSMS8K 0.767 0.660 0.680

MLP Probe
Difficulty Dataset Low Medium High
MATH-lighteval 0.831 025  0.823
toss20b  AMC 0793 0735  0.691
gpt-oss AIME 0769 0504  0.858
GSMS8K 0.763 0.691 0.610

Tfidf Probe
MATH-lighteval 0.771 0.781 0.783
tosso0p  AMC 0692 0649  0.625
ep AIME 0.602 0528 0339
GSMS8K 0.670 0.580 0.627

Table 7: Benchmark Performance across Different Models

GPT-OSS-20B Performance

Difficulty Dataset Low Medium  High
MATH-lighteval  0.866 0914 0.920
AMC 0.603 0.778 0.837
gpt-oss-20b  AIME 0.620 0.913 0.963
GSMS8K 0.900 0.933 0.944
AIME2025 0.400 0.833 0.933
Other Models Performance
Decoding Model Dataset Maj@5 Greedy
MATH-lighteval 0.583 0.525
Qwen2.5-1.5B AIME 0.072 0.059
-Instruct GSMS8K 0.758 0.687
AIME2025 0.033 0.000
MATH-lighteval 0.763 0.724
Comparison Qwen2.5-Math AIME 0.320 0.278
-1.5B-Instruct GSMS8K 0.855 0.835
AIME2025 0.167 0.067
MATH-lighteval 0.827 0.809
Qwen2.5-Math AIME 0.340 0.281
-7B-Instruct GSMS8K 0.945 0.937
AIME2025 0.100 0.100
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Table 8: Cross-dataset transfer. Each probe is trained on one dataset and evaluated on all
three. Bold on the diagonal marks in-distribution evaluation.

Model Trainedon MATH GSMS8K AIME Avg. £ 5D
MATH 0.844 0.727 0931 0.834 +0.084
Qwen2.5-1.5B-Instruct GSMS8K 0.796 0.762 1.000 0.853 +0.105
AIME 0.783 0.709 0.931 0.808 £ 0.092
MATH 0.841 0.730  0.654 0.742 +0.077
Qwen2.5-Math-1.5B-Instruct GSMS8K 0.760 0.758 0.538 0.685+0.104
AIME 0.740 0.605 0.712 0.686 + 0.058
MATH 0.846 0.720 0901 0.822+0.076
Qwen2.5-Math-7B-Instruct GSMS8K 0.794 0.767 0.877 0.813 4+0.047
AIME 0.745 0.640 0.679 0.688 +0.043
MATH 0.739 0.515 0.643 0.632 +0.092
DeepSeek-R1-Distill-Qwen-7B  GSM8K 0.589 0.640 0.502 0.577 £0.057
AIME 0.634 0.511 0.701 0.615+0.079
MATH 0.845 0710 0.611 0.722 4+0.096
gpt-0ss-20b (low) GSMSK 0.662 0.761  0.361 0.595+0.170
AIME 0.650 0.614 0.778 0.681 £ 0.070
MATH 0.850 0.725 0504 0.693 +0.143
gpt-oss-20b (medium) GSMS8K 0.540 0.629 0504 0.558 4 0.053
AIME 0.558 0.577  0.568 0.568 + 0.008
MATH 0.860 0.692 0.679 0.744 4+ 0.082
gpt-0ss-20b (high) GSMS8K 0.656 0.686 0.214 0.519+0.216
AIME 0.594 0522 0.286 0.467 +0.132

Table 9: Probe performance across Qwen2.5-7B variants with different degrees of post-
training.

Qwen2.5-7B MATH AIME GSMS8K
Base 0.7694 - 0.6661
Math 0.8463 0.6790 0.7665
Instruct 0.8375 0.7284 0.7766

Reasoning (R1-Distill)  0.7391 0.7014  0.6401

E Optimal Model Settings

All rollouts were performed using VLLM Kwon et al. (2023) with the following configura-
tions:

Model Max Length  Temperature k
GPT-0OSS-20B 131,072 1.0 5
DeepSeek-R1-Distill-Qwen-7B 32,768 0.6 5
Qwen2.5-Math-1.5B-Instruct 3,000 0.7 5
Qwen2.5-Math-7B-Instruct 3,000 0.7 5
Qwen2.5-Coder-XB-Instruct 4,096 0.2 5

Table 10: Hyperparameters used for model rollouts. All models were evaluated using VLLM
with maj@k sampling, where k denotes the number of samples generated per problem. For
expected success rate math datasets the Qwen series models use K=50.
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F Additional Routing Results and Data

Table 11: Fireworks Al Pricing for routed model costs. Note GPT-OSS-20B has more than
16B params but uses its own pricing structure.

Model Size / Type Price (USD per million tokens)
Less than 4B parameters $0.10

4B - 16B parameters $0.20

More than 16B parameters $0.90

OpenAl gpt-0ss-20b $0.07 (input), $0.30 (output)

Table 12: Routing strategies comparison on MATH.

Strategy Model Accuracy Cost
Single-model baselines

Math-7B Qwen2.5-Math-7B-Instruct 0.827  3.28
gpt-oss-20b-low gpt-0ss-20b (low) 0.866  4.00
gpt-0ss-20b-medium gpt-0ss-20b (medium) 0914 11.78
R1-Qwen-7B DeepSeek-R1-Distill-Qwen-7B 0.914 1843
gpt-0ss-20b-high gpt-0ss-20b (high) 0.920 40.00
Routing strategies

Random Routing ensemble 0.889 1543
Oracle (Perfect Knowledge) ensemble 0957  6.37
Probe router

Probe Router (A = 0.00) ensemble 0.930 28.37
Probe Router (A = 0.20) ensemble 0917 10.35
Probe Router (A = 0.40) ensemble 0.909 8.29
Probe Router (A = 0.60) ensemble 0902 7.02
Probe Router (A = 0.80) ensemble 0.894 5098
Probe Router (A = 1.00) ensemble 0.890 534

Table 13: Routing strategies comparison on AIME 25.

Strategy Model Accuracy Cost
Single-model baselines

Math-7B Qwen2.5-Math-7B-Instruct 0.100 0.04
gpt-oss-20b-low gpt-0ss-20b (low) 0.400 0.07
R1-Qwen-7B DeepSeek-R1-Distill-Qwen-7B 0.567 043
gpt-oss-20b-medium gpt-0ss-20b (medium) 0.833  0.49
gpt-oss-20b-high gpt-oss-20b (high) 0933 174
Routing strategies

Random Routing ensemble 0.433 0.52
Oracle (Perfect Knowledge) ensemble 0933 0.55
Probe router

Probe Router (A = 0.00) ensemble 0933 1.57
Probe Router (A = 0.20) ensemble 0.867 0.74
Probe Router (A = 0.40) ensemble 0.800 0.50
Probe Router (A = 0.60) ensemble 0.733 0.44
Probe Router (A = 0.80) ensemble 0.733 043
Probe Router (A = 1.00) ensemble 0.700 0.39
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Table 14: Routing strategies comparison on GSM8K.

Strategy Model Accuracy Cost
Single-model baselines

gpt-oss-20b-low gpt-0ss-20b (low) 0.900 0.39
Math-7B Qwen2.5-Math-7B-Instruct 0.945 0.43
gpt-oss-20b-medium gpt-0ss-20b (medium) 0933 0.82
R1-Qwen-7B DeepSeek-R1-Distill-Qwen-7B 0.884 1.39
gpt-0ss-20b-high gpt-0ss-20b (high) 0944 214
Routing strategies

Random Routing ensemble 0.918  0.99
Oracle (Perfect Knowledge) ensemble 0978 0.40
Probe router

Probe Router (A = 0.00) ensemble 0940 0.95
Probe Router (A = 0.20) ensemble 0.946 0.55
Probe Router (A = 0.40) ensemble 0945 047
Probe Router (A = 0.60) ensemble 0942 043
Probe Router (A = 0.80) ensemble 0.941 042
Probe Router (A = 1.00) ensemble 0939 041

E1 Full-Cost Routing with an SC-Entropy Baseline

We revisit the routing results under more complete cost accounting. Under this formulation
for probe-based routing, we include the input-token cost of obtaining activations from each
candidate model, in addition to the selected model’s generation cost. This captures the cost
of computing the routing signal itself. Based on our observations, this cost is minimal, as
we perform only one forward pass per model per question.

SC-Entropy Routing. This baseline replaces the probe-estimated success probability p;(x)
with a confidence score derived from self-consistency entropy (SC-Entropy), while keeping
the utility-based routing formulation of Section 5.1 unchanged. For model M;, we compute
the Shannon entropy H;(x) over the answers extracted from its K sampled outputs and
define

H:(x
csc,i(x) =1~ loZgErK)'

The selected model is therefore

~

Msc(x) = argmax (csc,i(x) — &)

Unlike the probe score, this confidence signal is available only after all K outputs have been
generated for every candidate model. We therefore charge the SC-entropy baseline for the
full generation cost across the model pool. It serves as an expensive, output-based reference
rather than a practical cost-saving router.

E2 Cascade Routing

Let M; denote a base model and M; a stronger model with higher inference cost. For each
input x, we use a threshold-based rule:
(M ifps(x) <T
M(x) = {Ms otherwise
where p;(x) is the probe’s estimated probability that M will answer correctly, and T € [0,1]

controls the tradeoff between performance and cost. We evaluate using Qwen2.5-Math-1.5B
as Mg and Qwen2.5-Math-7B as M,;.
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Table 15: GSM8K routing results. Model columns give the fraction of queries routed to each
model.

Routing distribution

Strategy Cost ($)  Acc.

Math-7B R1-Qwen-7B oss-low oss-med oss-high
Oracle 0.4223 97.8% 6% 1% 92% 1% 0%
Probe (A =1.00) 0.4318 94.1% 39% 0% 60% 1% 0%
Probe (A =0.59) 0.4588 94.4% 47% 0% 51% 2% 0%
Probe (A =0.53) 0.4713 94.5% 47% 0% 49% 3% 0%
Probe (A =0.37) 0.5170 94.5% 49% 0% 43% 8% 0%
Random 0.9986 92.0% 20% 21% 19% 21% 19%
SC-Entropy 52471 95.8% 94% 3% 1% 2% 1%
MIRT Router 2.0130 94.1% 14.4% 1.5% 0.3% 6% 77.8%

Table 16: AIME routing results. Model columns give the fraction of queries routed to each
model.

Routing distribution

Strategy Cost (3)  Acc.

Math-7B R1-Qwen-7B oss-low oss-med oss-high
Oracle 0.5490 93.3% 17% 17% 30% 27% 10%
Random 0.5187 43.3% 30% 30% 17% 10% 13%
SC-Entropy (best)  2.7740 93.3% 0% 30% 3% 33% 33%
Probe (A = 0.98) 0.4216 66.7% 3% 10% 30% 57% 0%
Probe (A = 0.27) 0.5401 83.3% 0% 13% 3% 77% 7%
Probe (A = 0.08) 0.8607 86.7% 0% 7% 0% 57% 37%
Probe (A = 0.04) 1.1288 93.3% 0% 3% 0% 43% 53%
MIRT Router 0.9460 80.0% 0% 0% 3% 70% 27%

Our oracle in this setting iterates through models from cheapest to most expensive and
routes to the cheapest model that solves the problem correctly, escalating only on actual
failures. If no model succeeds, it defaults to the cheapest.

MATH

Oracle

0.94 4 ¥

gpt-oss-20b-medium
0.92 4

c o
© ©
© o
1 1

Accuracy

0.86

0.84 4

scade (0.1)

0.82 ath-7B

@ Single % Oracle =% Cascade (threshold sweep)
¢ Random

Figure 6: The cascade strategy (left) routes between Qwen2.5-Math-7B and GPT-OSS-20B-
medium, substantially outperforming random allocation across the Pareto frontier. At
7=0.6, the cascade matches GPT-OSS-20B-medium’s 91.2% accuracy while reducing cost by
17%.
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Table 17: MATH routing results. Model columns give the fraction of queries routed to each
model.

Routing distribution

Strategy Cost (3)  Acc.

Math-7B R1-Qwen-7B oss-low oss-med oss-high
Oracle 6.4429 95.7% 87% 1% 9% 3% 0%
Random 15.7569 88.7% 20% 20% 20% 21% 20%
SC-Entropy (best) 77.8804 92.4% 74% 20% 2% 2% 2%
Probe (A = 1.00) 5.5612 89.2% 61% 1% 35% 3% 0%
Probe (A = 0.10) 12,5633 92.1% 40% 16% 23% 21% 1%
Probe (A = 0.02) 20.4636 92.8% 28% 25% 12% 27% 9%
Probe (A = 0.00) 26.1820 93.1% 19% 26% 5% 16% 33%
MIRT Router 38.5990 92.0% 2% 4% 0% 0% 94%
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