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Abstract
Process Reward Models (PRMs) have emerged
as a promising approach for guiding large lan-
guage models (LLMs) through multi-step rea-
soning by providing step-level feedback dur-
ing inference. However, our evaluation across
7 LLMs reveals a failure mode: while PRMs
improve performance for instruct mathemat-
ical models, they fail to enhance and some-
times degrade reasoning model performance.
Through systematic analysis with linear probes,
we identify distinct reward prediction patterns
that differentiate reasoning from non-reasoning
model outputs. To understand this mecha-
nism, we train Sparse Autoencoders on the
Qwen2.5-Math-PRM and analyze reasoning
features. Our analysis reveals that 80% of these
features respond to formatting artifacts (whites-
pace patterns, Unicode tokens, punctuation)
rather than mathematical content. Reasoning
model outputs exhibit distinct metacognitive
patterns absent from standard mathematical so-
lutions. This explains why they lead to unre-
liable reward estimation. Our findings expose
a fundamental limitation in applying existing
reward models to reasoning systems and pro-
vide mechanistic insights into this failure mode.
We release our trained SAEs to facilitate future
research into reward model interpretability.

1 Introduction

Reasoning remains a central challenge in artificial
intelligence, requiring models to perform multi-
step inference and deduction (Russell and Norvig,
2020; Bao et al., 2022; Li et al., 2024a). Re-
cently, large language models have demonstrated
strong performance on mathematical benchmarks
(Hendrycks et al., 2021; Lightman et al., 2024;
Shao et al., 2024; Galichin et al., 2026), with
Process Reward Models (PRMs) emerging as a
promising technique to further enhance perfor-
mance (Zhang et al., 2025). PRMs provide step-
level feedback during reasoning, enabling models
to identify and correct errors early.

In parallel, a new generation of reasoning mod-
els has emerged (OpenAI et al., 2024; DeepSeek-
AI, 2025), which employ extended inference-time
computation to tackle challenging problems. These
models develop internal verification mechanisms
during training through reinforcement learning.
This raises a natural question: can PRMs, which
explicitly provide step-level guidance, further im-
prove these reasoning models that already perform
implicit verification?

We find the answer is no. While PRMs yield
substantial improvements for standard mathemat-
ical models (up to 75% relative accuracy gain),
they consistently fail to enhance reasoning model
performance, with degradation of up to 14%, de-
spite requiring additional computational resources.
This result suggests an incompatibility between this
PRM and reasoning model outputs.

We hypothesize this failure stems from the PRM
relying on superficial stylistic features rather than
semantic content: reasoning models generate tra-
jectories with distinct formatting patterns absent
from standard mathematical outputs. To test this,
we employ two mechanistic interpretability ap-
proaches. First, we train linear probes at each
layer of Qwen2.5-Math-PRM (Zhang et al., 2025)
to predict reward values, observing that standard
models show gradual improvement across layers
while reasoning models exhibit high predictability
from early layers. Second, we train Sparse Autoen-
coders (SAEs) (Huben et al., 2024) on all 28 lay-
ers, revealing that reasoning-preferential features
predominantly respond to superficial formatting
artifacts rather than mathematical content. 1

Our findings expose fundamental limitations in
applying existing reward models to reasoning sys-
tems and provide mechanistic insights into this
failure mode.

1Code available at github.com/somvy/prm interp
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Figure 1: Relative accuracy improvement from PRM-guided inference. Reasoning models (shown in orange) exhibit
performance degradation under PRM guidance. Standard mathematical models (shown in white) demonstrate
substantial improvements, with some achieving gains exceeding 70%.

2 Related work

Chain-of-thought prompting (Wei et al., 2022) en-
abled step-by-step reasoning in language mod-
els, with recent advances incorporating data aug-
mentation (Yu et al., 2024), hybrid formats (Yue
et al., 2024), and reinforcement learning (Luo et al.,
2023). PRMs provide step-level feedback, out-
performing outcome-only supervision – Lightman
et al. (2024) achieved 78.2% on MATH using their
PRM800K dataset.

Mechanistic interpretability reverse engineers
networks into interpretable algorithms. The su-
perposition hypothesis (Elhage et al., 2022) posits
that networks encode more features than dimen-
sions through sparse representations. Sparse Au-
toencoders (SAEs) extract interpretable features
from superposition (Huben et al., 2024; Bricken
et al., 2023; Templeton et al., 2024; Korznikov
et al., 2025), while linear probes assess what infor-
mation representations encode (Alain and Bengio,
2017).

Despite their critical role in RLHF and inference-
time scaling, reward model interpretation remains
underdeveloped. Marks et al. (2024) first applied
SAEs to reward models, identifying unique features
in hidden spaces through contrastive analysis of
base and RLHF-tuned models. Probing approaches
offer complementary insights – Li et al. (2024b)
showed that linear functions on embedding spaces
can approximate KL-constrained reward maximiza-
tion.

Building on these interpretability methods, we
apply sparse autoencoders and linear probes to

PRMs, extending mechanistic interpretability to
the verification domain. By identifying which fea-
tures PRMs use to evaluate reasoning steps, this
work bridges interpretation methods and reward
modeling – advancing our understanding of neu-
ral networks and the engineering of more reliable
reasoning systems.

3 Application of PRM for reasoning
models

We begin by investigating whether PRMs can be
directly applied to improve reasoning models’ per-
formance. For this analysis, we use the state-of-the-
art QWEN2.5-MATH-PRM (Zhang et al., 2025) as
our reward model.

We evaluate 7 models across two categories:
Reasoning models: QWEN3-8B (with thinking
mode) (Yang et al., 2025), DEEPSEEK-R1-DISTIL-
LLAMA-8B (DeepSeek-AI, 2025), and GPT-
OSS-20B (OpenAI, 2025), and standard math-
ematical models: QWEN2.5-MATH-7B (Yang
et al., 2024), NUMINAMATH-7B (Beeching et al.,
2024), MATHSTRAL-7B (Albert Jiang, 2024), and
DEEPSEEKMATH-7B (Shao et al., 2024). Our
evaluation spans three benchmarks: MinervaMath
(Lewkowycz et al., 2022), MATH500 (Lightman
et al., 2024), and OlympiadBench (He et al., 2024).

We apply the reward model straightforwardly:
at each reasoning step, we provide the generating
model with the question and previous reasoning
steps, and then generate 5 candidate continuations.
We define a reasoning step as generation until a
double newline, following standard practice (Zhang
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et al., 2025; Cao et al., 2025; Xiong et al., 2025).
We score these candidates using the PRM, select
the highest-scoring step, and append it to the rea-
soning trace. Algorithm 1 provides detailed imple-
mentation specifics.

Figure 1 presents our results. For standard math-
ematical models, PRM-guided inference yields
substantial accuracy improvements (up to 70%).
However, for reasoning models, PRM guidance
provides no benefit and even degrades perfor-
mance, despite requiring additional computational
resources for reward modeling. More details in
Appendix A.

To understand this failure, we investigate the
underlying cause. We hypothesize that reasoning
model traces activate distinct feature patterns in the
PRM that were not encountered during its training.
This shift likely stems from the RL training proce-
dures used for these models, which induce distinct
reasoning patterns compared to the data used to
train the reward model. Importantly, DEEPSEEK-
MATH, which also underwent RL training but with-
out explicit thinking, does not exhibit performance
degradation. This suggests that the presence of
the thinking regime during training, rather than RL
training itself, may be the critical factor causing
this shift.

Algorithm 1 PRM Step Selection
Require: Question q, number of candidates K
Ensure: Final reasoning trace S

Initialize S ← [ ] (empty reasoning trace)
for each step i do

Generate candidates:
{s1i , . . . , sKi } ← Model(q, S)
for j = 1 to K do

Score candidates:
rj ← RewardModel([q, S, sji ])

end for
Add best candidate to the trace:
s∗i ← argmaxj rj
S ← S || [s∗i ]

end for

4 Linear probes analysis

To investigate the underlying cause of this phe-
nomenon, we analyze the internal representations
of the reward model using linear probing. Our goal
is to determine whether the reward model processes
reasoning model outputs differently from standard
mathematical reasoning traces.

Linear probes provide a direct method for exam-
ining whether model representations encode spe-
cific information. We construct a dataset of input-
output pairs [(x1, y1), ..., (xn, yn)], where xi repre-
sents a reasoning step and yi is the corresponding
reward score. By extracting internal representa-
tions z from different layers and training linear
models to predict the rewards y from these repre-
sentations, we can measure how reward-relevant
information develops across the model’s depth.
This approach has proven effective for understand-
ing model internals in various domains (Belinkov,
2022; Li et al., 2024b).

For our analysis, we sample 12,000 reasoning
steps from each model and obtain their PRM re-
wards. We extract the activations from each layer
of the reward model and then split the data into a
5:1 train-test ratio. We standardize the activations
to zero mean and unit variance, and train linear
regression models to predict rewards. We evaluate
probe performance using R2 scores on the test set.

Figure 2 reveals two distinct behavioral patterns
across different model types. For standard mathe-
matical models, R2 scores begin near zero in early
layers and gradually increase, reaching peak perfor-
mance only in the model’s latter half. In contrast,
reasoning models exhibit high scores (R2 > 0.6)
from the second layer, with continued improvement
throughout the network depth.

This difference suggests that the PRM processes
reasoning and non-reasoning outputs through dif-
ferent pathways. The high predictability from early
layers when processing reasoning traces indicates
that the reward model may be relying on superficial
features rather than on the deep semantic analy-
sis typically required for mathematical reasoning
evaluation. This early saturation of predictive sig-
nal indicates that the PRM processes these outputs
through shallow pattern matching, leading to poor
reward estimation and explaining the lack of per-
formance gains observed in the previous section.

5 SAEs analysis

5.1 Training

The linear probe analysis suggests that the PRM re-
lies on superficial features when processing reason-
ing outputs, but does not reveal which specific fea-
tures drive this behavior. To identify these features,
we employ Sparse Autoencoders (SAEs) (Huben
et al., 2024; Gao et al., 2025) to decompose the
model’s internal representations into interpretable
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Figure 2: Linear probe performance for predicting PRM
rewards across different reward model layers. The x-
axis shows PRM layer depth, and the y-axis shows R2

scores achieved by linear probes trained on activations
from each layer. Two distinct patterns emerge: standard
mathematical models (diamond markers) show gradual
R2 improvement starting from the model’s midpoint,
while reasoning models (round markers) achieve high
score from early layers and continue improving through-
out the network depth.

features. They are designed to reconstruct input
activations while enforcing sparsity constraints on
the latent representation. An SAE consists of an
encoder E and a decoder D. The encoder maps
input activations x to a sparse latent representation
y = E(x), and the decoder reconstructs the origi-
nal activations x̂ = D(y). The training objective
minimizes reconstruction error while promoting
sparsity in the latent space. The standard SAE loss
function is:

L = ∥x− x̂∥2 + λ
∑

i

|yi| (1)

where λ controls the sparsity.
We employ BatchTopK (Bussmann et al., 2024)

to enforce exact sparsity constraints. This tech-
nique selects only the top-K activations within each
batch and zeros out the remainder, ensuring a fixed
sparsity level across all inputs.

We train SAEs on all 28 layers of the Qwen2.5-
Math-PRM model. Our training dataset comprises
800 million tokens from QwenMath2.5-Instruct
and DeepSeek-R1 generations. We use a latent di-
mension of 32,768 features with a TopK parameter
of 60 active features. The trained SAEs achieve ex-
plained variance scores ranging from 0.72 to 0.92
across layers, indicating successful reconstruction
(Lieberum et al., 2024). All training details, hyper-
parameters, and metrics are in Appx. C.

We release the trained SAE weights to facilitate

further research into reward model interpretability
and mathematical reasoning evaluation.

5.2 SAE Feature Analysis
To identify features that preferentially activate on
reasoning model outputs, we analyze SAE acti-
vations at layer 15 (54% depth), where semantic
concepts typically emerge (Chen et al., 2024; Jin
et al., 2025).

We construct comparison pairs by sampling
across all combinations of 3 reasoning models ,
4 non-reasoning models , and 3 datasets. Each
pair compares traces from a reasoning model on
one dataset against traces from a non-reasoning
model on a potentially different dataset, yielding
3 × 4 × 3 × 3 = 108 total pairs, allowing cross-
dataset comparisons. For each feature f and dataset
pair, we compute mean per-token activation āf and
define a reasoning preference score:

Scoref =
ā
(reasoning)
f

ā
(reasoning)
f + ā

(non-reasoning)
f + ϵ

where scores approaching 1 indicate a strong rea-
soning preference. Since 99% of the 32,768
SAE features show minimal discriminative power
(Scoref < 0.1), we focus on features with
Scoref > 0.7.

We randomly partition the 108 pairs into 72
discovery pairs and 36 validation pairs. Candi-
date features must achieve Scoref > 0.7 in at
least 80% of discovery pairs and maintain a mean
Scoref > 0.7 across all discovery pairs. We val-
idate candidates using permutation testing with
Benjamini-Hochberg false discovery rate correc-
tion (q < 0.05). Complete methodology is in Ap-
pendix D.

5.3 Feature Interpretation
Our analysis identified 50 features that activate
on reasoning model traces with statistical signifi-
cance. These features were validated via permu-
tation testing with Benjamini-Hochberg FDR cor-
rection (q < 0.05), achieving 89% validation suc-
cess rate with medium-to-large effect size (Cohen’s
d = 0.62, p < 0.001). These features reveal the
mechanism driving the reward model’s differential
processing of reasoning vs non-reasoning outputs.

They fall into distinct categories based on activa-
tion patterns. Ten demonstrate interpretable math-
ematical content detection: three (Features 24993,
5370, 11615) show strong mathematical expression
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and terminology detection, where Feature 24993
activates strongly on mathematical expressions and
equations (e.g., “n = n︸︷︷︸”, “f(x) = 3x

x ”), Fea-
ture 5370 responds to mathematical terminology
such as “remainder”, “slope”, “perimeter,” and “nu-
merator”, while Feature 11615 detects structural el-
ements of mathematical problem-solving discourse,
and seven others respond to mathematical discourse
structure. Critically, the remaining 40 (80%) re-
spond to superficial artifacts rather than mathemat-
ical content. These features respond to whitespace
patterns, special characters, Unicode tokens, and
other presentation-level distinctions. Validation
across 36 held-out pairs confirms these patterns are
statistically significant (p < 0.001 after FDR cor-
rection) and exhibit medium-to-large effect sizes.
Examples of all activation patterns are in Appx. E.

These findings provide direct mechanistic evi-
dence that the PRM relies on superficial stylistic
signatures rather than mathematical content eval-
uation. Rather than evaluating mathematical rea-
soning, the PRM has primarily learned to detect
stylistic signatures that distinguish reasoning model
traces from its training distribution. The predom-
inance of artifact-detecting features over content-
analyzing features (80% vs 20%) explains why
PRM-guided inference fails to improve reasoning
model performance despite requiring additional
computational resources.

6 Conclusion

We investigate applying a state-of-the-art PRM to
reasoning models and identify a critical incompat-
ibility. While it improves standard mathematical
models, it fails to enhance reasoning model perfor-
mance despite additional computational cost.

Through linear probe and SAE analysis, we iden-
tify the underlying mechanism. Linear probes re-
veal high reward predictability from early layers
(R2 > 0.6 at layer 2) for reasoning outputs versus
gradual emergence for standard outputs, indicating
shallow processing. SAE analysis shows that 80%
of reasoning-preferential features (40 of 50 vali-
dated features) respond to superficial formatting
artifacts – whitespace patterns, Unicode tokens,
and punctuation – rather than mathematical con-
tent. This demonstrates that this PRM has learned
to detect stylistic signatures rather than evaluate
mathematical validity.

Our findings highlight critical limitations in ap-
plying existing evaluation frameworks to reasoning

models and provide mechanistic insights into re-
ward model behavior.

7 Limitations

While our work provides mechanistic evidence
for incompatibilities between the analyzed PRM
(Qwen2.5-Math-PRM) and reasoning models, sev-
eral limitations warrant discussion. Our analysis
focuses on a single state-of-the-art PRM and three
reasoning models. Examining additional reward
models would strengthen claims about generality.
We lack access to the full PRM training distribu-
tion, so our claims about distribution mismatch
are based on observed behavioral patterns (early-
layer reward prediction, superficial feature activa-
tion) rather than direct distribution comparisons.
Our interpretation of the 50 identified SAE fea-
tures, while validated through statistical testing and
manual inspection of activation patterns, remains
subject to the inherent subjectivity of feature inter-
pretation in this emerging research area. We do not
extensively explore potential solutions such as re-
training PRMs on reasoning outputs or alternative
step-selection algorithms, which represent impor-
tant future directions. Despite these limitations, our
work establishes a methodology for investigating
reward model behavior using interpretability tools
and provides evidence for systematic failure modes
that we hope will enable the community to develop
more robust evaluation frameworks for reasoning
systems.

8 Ethics Statement

This work analyzes existing reward models and
reasoning systems without collecting personal data
or training new models on sensitive information.
No foreseeable negative societal impacts arise from
this research, as it focuses on technical analysis of
model internals.
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Marjorie Janiewicz Mickaël Seznec Nicolas Schuhl
Niklas Muhs Olivier de Garrigues Patrick von Platen
Paul Jacob Pauline Buche Pavan Kumar Reddy Perry
Savas Pierre Stock Romain Sauvestre Sagar Vaze
Sandeep Subramanian Saurabh Garg Sophia Yang
Szymon Antoniak Teven Le Scao Thibault Schueller
Thibaut Lavril Thomas Wang Théophile Gervet Tim-
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A Full evaluation results

For LLM inference, we use recommended sam-
pling parameters (different for each model) and the
vLLM (Kwon et al., 2023) engine. For each pair
of LLM and PRM the evaluation took in average
30 hours on single Nvidia A100 80 Gb. In total,
we spend 30× 7 = 210 GPU-hours on evaluation.
Results in Table 2.

B Generation examples

Here we present examples of generations of differ-
ent models. We highlight the traces of the reason-
ing models with blue color - DeepSeekR1-Llama at
Table 10, Qwen3-8B at Table 9 and Gpt-Oss-20B
at Table 8, and of the non-reasoning with green -
NuminaMath-7B at the Table 4, DeepSeekMath-7B
- Table 5, Mathstral7B - Table 6 and QwenMath2.5-
7B - Table 7.

C SAE training details

We train a suite of SAEs on all of the 28 layers
of the QwenMath2.5-PRM-7B. The training is per-
formed on 800 million tokens from the combined
QwenMath2.5-Instruct and DeepSeek-R1 genera-
tions with a context lenght of 1024. We use the
AdamW optimizer with learning rate of 7× 10−5,
β1 = 0.9, β2 = 0.999 and the batch size of 16384.
We use a latent dimension of 32768 and the TopK
parameter of 60. The achieved R2 (also known
as explained variance) metrics are reported in the
Table 3. Training was performed on 3 Nvidia A100
GPUs for approximately 100 hours, requiring a to-
tal of 300 GPU-hours. We release the weights of
these SAEs under the MIT License to open source
for advancing the interpretability of the reward
models.

D Feature Scoring Methodology

To identify features that preferentially activate on
reasoning model outputs, we analyze SAE acti-
vations at layer 15 (54% depth), where semantic
concepts typically emerge (Chen et al., 2024; Jin
et al., 2025).

Experimental Design. We construct compari-
son pairs by sampling across all combinations of
reasoning models (3), non-reasoning models (4),
and datasets (3). Each pair compares traces from a
reasoning model on one dataset against traces from
a non-reasoning model on a potentially different
dataset, yielding 3 × 4 × 3 × 3 = 108 total pairs.

This cross-dataset sampling ensures our findings
generalize beyond specific dataset characteristics.
We randomly partition these into 72 discovery pairs
for candidate identification and 36 validation pairs
for statistical testing.

Feature Scoring. For each feature f and trace
type D ∈ {Dreasoning, Dnon-reasoning}, we compute
mean activation per token across all generated to-
kens:

ā
(D)
f =

1

|TD|
∑

t∈TD

af (t)

where af (t) represents feature f ’s activation at to-
ken position t, and TD denotes all token positions
in dataset D. This per-token normalization ensures
longer reasoning traces do not artificially inflate
activation scores.

We define a reasoning preference score:

Scoref =
ā
(reasoning)
f

ā
(reasoning)
f + ā

(non-reasoning)
f + ϵ

where ϵ = 10−12 prevents division by zero when
both activations are negligible. Scores approaching
1 indicate strong reasoning preference; scores near
0.5 suggest equal activation across trace types.

Feature Selection. Initial analysis reveals that
99% of the 32,768 SAE features exhibit minimal
discriminative power (Scoref < 0.1). We therefore
focus on highly discriminative features using an
empirically determined threshold Scoref > 0.7,
which effectively selects the top 50 most reasoning-
preferential features.

Candidate features must satisfy two discovery
criteria: (1) Scoref > 0.7 in at least 80% of the
72 discovery pairs, ensuring cross-pair consistency,
and (2) mean Scoref > 0.7 across all discovery
pairs, ensuring substantial effect magnitude.

Statistical Validation. For each candidate fea-
ture, we apply permutation testing on the 36 held-
out validation pairs. For each validation pair, we
randomly permute the reasoning/non-reasoning la-
bels 1,000 times and compute empirical p-values by
comparing observed scores against the null distribu-
tion. We apply Benjamini-Hochberg false discov-
ery rate correction (q < 0.05) to control for mul-
tiple testing across features. Features are retained
as robust reasoning indicators only if they main-
tain Scoref > 0.7 on validation data and achieve
statistical significance after correction.
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E SAE Feature Activation Patterns

Table 1 presents representative activation patterns
for the three interpretable features identified in our
analysis. These features demonstrate the reward
model’s ability to detect legitimate mathematical
content including expressions, terminology, and
discourse structure.

The remaining 40 features exhibit activation pat-
terns on superficial formatting artifacts rather than
mathematical content. Statistical validation across
36 held-out pairs confirms these patterns are sta-
tistically significant (p < 0.001 after Benjamini-
Hochberg FDR correction). Representative exam-
ples include:

• Features activating on Unicode characters
and special symbols (mathematical symbols,
Greek letters, special operators)

• Features responding to specific whitespace
patterns and indentation (nested reasoning
blocks, paragraph structure)

• Features detecting punctuation sequences and
bracket arrangements (parenthetical asides, el-
lipses for reasoning continuity)

• Features triggered by tokenization artifacts
unique to reasoning model outputs (capital-
ization patterns in metacognitive discourse,
formatting from model templates)

These artifact-detecting features suggest that
the reward model’s reasoning-preferential behavior
stems from surface-level pattern recognition rather
than semantic evaluation of mathematical reason-
ing quality. The prevalence of such features (80%
of reasoning-preferential features) provides strong
evidence that the PRM relies on superficial pat-
tern recognition when processing reasoning model
outputs, leading to unreliable reward estimation.
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Feature Activation Patterns
5370 is needed here because the concentration is given in atoms per

-4)), the remainder (R(x))
Therefore, I think the slope is -3/2
working in integers, the remainder is actually 0?
Wait, perhaps the perimeter of the buffer is the
, and (

√
a2 + ...

Compute numerator :(-6 - 4
√
2)

(-1)2 = 3), (m
v2/c2 = 0.0

11615 in which each term after the first is obtained from the
The smallest distance between the origin and a point on
We can add the first and third equations to
unit squares. At the midpoints of some of
sit in a row with the two boys sitting next to
for all y. Since f(y) ≥ 9
in logarithmic form. Taking the logarithm (base
think of the following: If Sergey asks for subsets
:**- We need ( n )
! =6, which matches. So, in that

24993 defined as n = n︸︷︷︸
If f(x)=3x

x
(x+ 1) = x2−
12 =1
12
2 =6
5, b =16/5
+bc+ bd =2023
(x2 =y−3/4

02) =10 Therefore
So, in n =2, the
PQR=

√
3

fraction of turns. The gardener can increase at most
, it’s 90°. Therefore, triangle
are in A2. So,
set. However, if I can have multiple terms divisible

Table 1: Activation patterns of the found features. We highlight the strongest feature activation with bold text.
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Model OlympiadBench Math500 MinervaMath
Pass@1/2/4 PRM Pass@1/2/4 PRM Pass@1/2/4 PRM

QwenMath2.5-7B 0.30/0.36/0.42 0.364 0.66/0.70/0.72 0.688 0.24/0.29/0.33 0.251
DeepSeek-R1-Llama-8B 0.24/0.28/0.32 0.415 0.54/0.60/0.65 0.494 0.15/0.19/0.24 0.140
Qwen3-8B 0.51/0.54/0.56 0.484 0.74/0.75/0.75 0.728 0.34/0.37/0.39 0.298
Gpt-Oss-20B 0.47/0.52/0.55 0.461 0.72/0.76/0.78 0.700 0.15/0.19/0.21 0.143
Mathstral-7B 0.17/0.24/0.31 0.246 0.40/0.50/0.58 0.546 0.11/0.17/0.22 0.162
NuminaMath-7B 0.19/0.26/0.33 0.216 0.43/0.52/0.60 0.522 0.10/0.14/0.20 0.147
DeepSeekMath-7B 0.11/0.16/0.22 0.188 0.36/0.44/0.53 0.480 0.11/0.16/0.20 0.195

Table 2: Model Performance Comparison Across Benchmarks

Layer number Explained Variance
0 0.79
1 0.89
2 0.91
3 0.91
4 0.89
5 0.87
6 0.86
7 0.85
8 0.82
9 0.82

10 0.82
11 0.80
12 0.79
13 0.77
14 0.76
15 0.73
16 0.72
17 0.72
18 0.72
19 0.70
20 0.72
21 0.75
22 0.75
23 0.75
24 0.75
25 0.78
26 0.85
27 0.91

Table 3: The explained variances of SAEs, trained on
the QwenMath2.5-PRM.

Problem: Compute
1− 2 + 3− 4 + 5− · · ·+ 99− 100.
Generation:
1. Recognize that the series
1− 2 + 3− 4 + 5− · · ·+ 99− 100 can be
rearranged into pairs of terms, each
pair being the sum of two consecutive
numbers, and then add the last number,
100.
2. Group the terms in pairs:

(1− 2) + (3− 4) + (5− 6) + · · ·+ (99− 100)

3. Each pair sums to −1:

1− 2 = −1, 3− 4 = −1, . . . , 99− 100 = −1

4. Since there are 50 pairs (from 1 to
100, there are 100 numbers, and each
pair consists of 2 numbers), the sum of
all pairs is:

−1× 50 = −50

5. Add the last number, 100, to the sum
of the pairs:

−50 + 100 = 50

6. Thus, the sum of the series
1− 2 + 3− 4 + 5− · · ·+ 99− 100 is 50 .

Table 4: An example of solution of the task from
Math500 generated by NuminaMath-7B
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Problem: Compute 1− 2 + 3− 4 + 5− · · ·+ 99− 100.
Generation: The given expression is an arithmetic series with a common difference of −1 or
1. We can split this series into two separate series: one for the odd numbers and one
for the even numbers.
The odd numbers in the series are 1, 3, 5, . . . , 99. This is an arithmetic series with first
term a1 = 1, common difference d = 2, and last term a50 = 99. We can find the sum of this
series using the formula for the sum of an arithmetic series, which is Sn = n

2
(a1 + an),

where n is the number of terms.
The number of terms in this series is n = 99−1

2
+ 1 = 50. So, the sum of the odd numbers is

S50 = 50
2
(1 + 99) = 25× 100 = 2500.

The even numbers in the series are 2, 4, 6, . . . , 100. This is also an arithmetic series, but
with first term a1 = 2, common difference d = 2, and last term a50 = 100. The number of
terms in this series is also n = 50. So, the sum of the even numbers is
S50 = 50

2
(2 + 100) = 25× 102 = 2550.

Finally, we can find the sum of the entire series by subtracting the sum of the even
numbers from the sum of the odd numbers: 2500− 2550 = −50.
So, the answer is −50 .

Table 5: An example of solution of the task from Math500 generated by DeepSeekMath-7B

Problem: Compute 1− 2 + 3− 4 + 5− · · ·+ 99− 100.
Generation:
Sure, let’s break this down step by step. This is an alternating series of integers
from 1 to 100. We can group the terms in pairs to simplify the calculation:
(1− 2) + (3− 4) + (5− 6) + ...+ (99− 100)
Each pair of terms in the parentheses simplifies to −1. There are 50 pairs in total
(since we’re pairing 100 numbers), so we have:
−1 + (−1) + (−1) + ...+ (−1) (50 times)

This simplifies to: −1 ∗ 50 = −50 So, the final answer is −50 .

Table 6: An example of solution of the task from Math500 generated by Mathstral-7B

Problem: Compute 1− 2 + 3− 4 + 5− · · ·+ 99− 100.
Generation:
To compute the sum 1− 2 + 3− 4 + 5− · · ·+ 99− 100, we can observe that the series alternates
between positive and negative terms. Let’s break it down step by step. First, we can
group the terms in pairs:

(1− 2) + (3− 4) + (5− 6) + · · ·+ (99− 100)

Each pair sums to:
1− 2 = −1

3− 4 = −1

5− 6 = −1

...

99− 100 = −1

Next, we need to determine how many such pairs there are. Since the series starts at 1
and ends at 100, and each pair consists of 2 terms, we can find the number of pairs by
dividing the total number of terms by 2:

100

2
= 50

Now, we multiply the number of pairs by the sum of each pair:

50× (−1) = −50

Therefore, the sum of the series 1− 2 + 3− 4 + 5− · · ·+ 99− 100 is:

−50

.

Table 7: An example of solution of the task from Math500 generated by QwenMath2.5-Instruct
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Problem: Compute 1− 2 + 3− 4 + 5− · · ·+ 99− 100.
Generation: analysis
We need compute alternating sum from 1 to 100:

∑100
k=1(−1)k+1k. That is

1− 2 + 3− 4 + ...+ 99− 100. Let’s compute pairwise: (1− 2) = −1, (3− 4) = −1, ..., (99− 100) = −1.
There are 100 terms, 50 pairs.
Each pair gives -1. So total = 50 ∗ (−1) = −50.
Alternatively compute formula:

∑100
k=1(−1)k+1k = −50.

So answer: -50. Provide in boxed

1− 2 + 3− 4 + · · ·+ 99− 100

= (1− 2) + (3− 4) + · · ·+ (99− 100)

= (−1) + (−1) + · · ·+ (−1) (50 terms)

= 50(−1) = −50.

−50

Table 8: An example of solution of the task from Math500 generated by Gpt-Oss-20B
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Problem: Compute 1− 2 + 3− 4 + 5− · · ·+ 99− 100.
Generation: <think> Okay, so I need to compute this series: 1 - 2 + 3 - 4 + 5 - ... + 99
- 100. Let me think about how to approach this. First, let me write down the series to
visualize it better. It starts with 1, then subtracts 2, adds 3, subtracts 4, and so
on, alternating between adding and subtracting each subsequent integer. The last term
is -100. So the pattern is +1 -2 +3 -4 +5 -6 ... +99 -100. Hmm, since the signs are
alternating, maybe I can group the terms in pairs? Let me try that. If I group them
as (1 - 2) + (3 - 4) + (5 - 6) + ... + (99 - 100). Each pair seems to follow the same
pattern. Let me check the first few pairs: 1 - 2 = -1 3 - 4 = -1 5 - 6 = -1 ... 99 -
100 = -1 So each pair of terms adds up to -1. Now, how many such pairs are there in the
entire series? The series starts at 1 and goes up to 100. Since each pair consists of
two numbers, the total number of pairs would be 100 divided by 2, which is 50. So
there are 50 pairs. If each pair is -1, then the total sum would be 50 multiplied by
-1. Let me compute that: 50 * (-1) = -50. Wait, is that correct? Let me verify with
a smaller example. Let’s take the first 4 terms: 1 - 2 + 3 - 4. According to my
method, grouping them as (1 - 2) + (3 - 4) = (-1) + (-1) = -2. If I compute directly:
1 - 2 + 3 - 4 = (1 - 2) + (3 - 4) = -1 + (-1) = -2. That matches. Another example:
first 2 terms: 1 - 2 = -1. According to the formula, number of pairs is 1, so 1*(-1)
= -1. Correct. How about first 6 terms: 1 - 2 + 3 - 4 + 5 - 6. Grouping as (1 - 2) +
(3 - 4) + (5 - 6) = (-1) + (-1) + (-1) = -3. Which is 3 pairs, so 3*(-1) = -3. Correct
again. So seems like my approach is working. Therefore, applying this to the original
problem with 100 terms, which is 50 pairs, each summing to -1, total sum is -50. But
let me think again. Is there another way to approach this problem? Maybe using
formulas for arithmetic series? The original series is an alternating series. Let me
recall that for an alternating series, sometimes you can separate the positive and
negative terms.
...
skipped ≈ 800 tokens
...
Alternatively, think of the entire series as:

∑100
k=1(−1)k+1k But maybe using generating

functions or other methods? Probably overkill. Alternatively, consider pairing terms
as I did first. But all methods lead to -50. Therefore, I think the answer is
definitely -50. Wait, let me check once again with actual calculation for a slightly
bigger number. Let me take n=10. Compute 1 -2 +3 -4 +5 -6 +7 -8 +9 -10. Grouping as
(1-2)+(3-4)+(5-6)+(7-8)+(9-10) = (-1)*5 = -5. Which is -10/2 = -5. Correct.
Alternatively, compute directly: 1 -2 = -1; -1 +3 = 2; 2 -4 = -2; -2 +5 = 3; 3 -6 = -3;
-3 +7 = 4; 4 -8 = -4; -4 +9 = 5; 5 -10 = -5. Yep, same result. So all checks out.
Therefore, I can be confident that the answer is -50. **Final Answer** The value of the
series is −50 . </think>
To compute the value of the alternating series: 1− 2 + 3− 4 + 5− 6 + · · ·+ 99− 100 we can
approach this by recognizing the structure of the sequence and grouping terms in a way
that simplifies the computation. ---
Step 1: Grouping Terms We notice that the series alternates between positive and
negative integers. That is: (1− 2) + (3− 4) + (5− 6) + · · ·+ (99− 100) Each pair of terms
follows the same pattern: 1− 2 = −1, 3− 4 = −1, 5− 6 = −1, . . . So, every pair contributes
a value of −1. ---
Step 2: Counting the Pairs. The series consists of 100 terms, and since each pair
consists of two terms, the total number of pairs is: 100

2
= 50 Thus, the total sum is:

50× (−1) = −50 ---
Step 3: Confirming with an Alternative Approach. We can also consider the series as
the sum of two separate sequences: - **Positive terms (odd numbers):** 1 + 3 + 5 + · · ·+ 99 -
**Negative terms (even numbers):** −2− 4− 6− · · · − 100 The sum of the first n odd numbers
is given by: Sum of odd numbers = n2 There are 50 odd numbers from 1 to 99, so:
Sum of positive terms = 502 = 2500 The sum of the first n even numbers is:
Sum of even numbers = n(n+ 1) There are 50 even numbers from 2 to 100, so:
Sum of even numbers = 50× 51 = 2550 Then the total sum is: Total sum = 2500− 2550 = −50 ---
Step 4: General Formula. For a general alternating sum of the form:

∑n
k=1(−1)k+1k - If

n is even, the sum is −n
2

- If n is odd, the sum is n+1
2

Here, n = 100 (even), so:

Sum = −100

2
= −50

---
Final Answer −50

Table 9: An example of solution of the task from Math500 generated by Qwen3-8B
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Problem: Compute 1− 2 + 3− 4 + 5− · · ·+ 99− 100.
Generation: Okay, so I have this problem to solve: Compute the sum of the series 1 - 2 + 3
- 4 + 5 - 6 + ... + 99 - 100. Hmm, let me think about how to approach this.
First, I need to understand the pattern of the series. It starts at 1, then subtracts
2, adds 3, subtracts 4, and so on, alternating between addition and subtraction. Each
pair of numbers seems to follow the pattern: positive odd number minus the next even
number. So, it’s like (1 - 2) + (3 - 4) + (5 - 6) + ... + (99 - 100).
Let me write this out for a few more terms to see if the pattern continues. The first
pair is 1 - 2 = -1, the next is 3 - 4 = -1, then 5 - 6 = -1, and this should continue
all the way up to 99 - 100. So, each of these pairs gives me -1.
Now, how many such pairs are there? Well, starting from 1 to 100, there are 100
numbers in total. Since each pair consists of two numbers, the number of pairs is 100
divided by 2, which is 50. So, there are 50 pairs, each adding up to -1.
Therefore, if each pair is -1 and there are 50 pairs, the total sum should be 50
multiplied by -1. Let me compute that: 50 * (-1) = -50. Wait, let me double-check
that. Maybe I made a mistake in the number of pairs. So, starting from 1, each pair
is (1,2), (3,4), (5,6), ..., (99,100). Each of these is indeed two numbers, so 100
numbers make 50 pairs. That seems right.
Alternatively, I can think of it as grouping the terms as (1 - 2) + (3 - 4) + ... + (99
- 100). Each of these is -1, and since there are 50 such terms, the sum is 50*(-1) =
-50.
Is there another way to think about this? Maybe using the formula for arithmetic
series? Let me recall that the sum of an arithmetic series is given by n/2*(first term
+ last term). But wait, in this case, the signs are alternating. So, is this series
arithmetic?
Wait, no, it’s not exactly arithmetic because the signs alternate. So, it’s not a
straightforward arithmetic series. It’s an alternating series where the signs
alternate between positive and negative. So, perhaps I can’t apply the regular
arithmetic series formula here.
Alternatively, maybe I can express this series as the sum of two separate series: the
sum of the positive terms and the sum of the negative terms. Let me try that. The
positive terms are 1, 3, 5, ..., 99. How many terms are there in this positive series?
Since we’re adding all odd numbers from 1 to 99, the number of terms is (99 - 1)/2 + 1
= 50 terms. So, the sum of positive terms is the sum of the first 50 odd numbers.
Wait, the sum of the first n odd numbers is known to be n2. So, the sum of the first 50
odd numbers is 502 = 2500. Okay, that seems right.
Now, the negative terms are -2, -4, -6, ..., -100. This is an arithmetic series as
well, where each term is negative and even. The number of terms here is 50 because
we’re taking the even numbers from 2 to 100, which is 50 terms. The sum of an
arithmetic series is (n/2)*(first term + last term). So, the sum of the negative terms
is (50/2)*(-2 + (-100)) = 25*(-102) = -2550.
Alternatively, maybe I can think...
...
(skipped ≈ 1000 tokens)
...
Alternatively, maybe I can use the formula for the sum of an alternating series. Wait,
but that’s more for infinite series, and this is a finite one.
I recall that for the sum from k=1 to n of (−1)k+1 ∗ k, the formula is (−1)n+1 ∗ (n+ 1)/2.
Wait, is that correct? Let me check for small n. For n=1: sum=1. The formula would
be (−1)2 ∗ (2)/2 = 1 ∗ 1 = 1. Correct.
n=2: 1 -2= -1. Formula: (−1)3 ∗ (3)/2 = −3/2. That’s not equal to -1. So, that can’t be
the formula.
Wait, maybe the formula is different. Let me think.
Wait, actually, the sum S = 1− 2 + 3− 4 + 5− 6 + ...+ (−1)n+1 ∗ n.
There’s a formula for this, but I think it’s a bit more complicated. For even n, the
sum is -n/2, and for odd n, it’s (n+1)/2. Let me test that.
For n=1: S=1. Formula for odd n: (1+1)/2=1. Correct.
n=2: 1 -2= -1. Formula for even n: -2/2= -1. Correct.
n=3: 1 -2 +3=2. Formula for odd n: (3+1)/2=2. Correct.
n=4: 1 -2 +3 -4= -2. Formula for even n: -4/2= -2. Correct.
So, yes, the formula seems to be:
If n is even, S = -n/2.
If n is odd, S = (n+1)/2.
So, in this case, n=100, which is even. So, the sum should be -100/2= -50. Therefore,
the sum is -50. That’s another way to see it, using the formula for the alternating
series of integers. So, that confirms the result again. Wait, so n=100, so S= -50.
So, several different methods lead to the same result, so I’m pretty confident that the
answer is -50. **Final Answer** The sum is −50 . </think>
To compute the sum of the series 1− 2+ 3− 4+ 5− 6+ · · ·+99− 100, we observe that the series
can be grouped into pairs: (1− 2) + (3− 4) + (5− 6) + · · ·+ (99− 100) Each pair equals -1.
There are 50 such pairs because there are 100 terms in total, and each pair consists of
two terms. Therefore, the sum of the series is: 50× (−1) = −50 We can also verify this
by considering the series as the sum of two separate series: the sum of the positive
terms and the sum of the negative terms.
- The positive terms are 1, 3, 5, . . . , 99, which are the first 50 odd numbers. The sum of the
first n odd numbers is n2, so the sum is 502 = 2500. - The negative terms are
−2,−4,−6, . . . ,−100, which form an arithmetic series. The sum of the first n even numbers
is n(n+1), so the sum is 50× 51 = 2550. Since these are negative, the sum is −2550.Adding
these together: 2500 + (−2550) = −50 Using the formula for the sum of an alternating
series of integers, we find that for n = 100 (which is even), the sum is −n/2 = −50.

Thus, the final answer is −50 .
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