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Abstract

Fine-tuning large language models (LLMs) on chain-of-thought (CoT) data shows
that a small amount of high-quality data can outperform massive datasets. Yet,
what constitutes “quality” remains ill-defined. Existing reasoning methods rely
on indirect heuristics such as problem difficulty or trace length, while instruction-
tuning has explored a broader range of automated selection strategies—but rarely
in the context of reasoning. We propose to define reasoning data quality using
influence functions, which measure the causal effect of individual CoT examples on
downstream accuracy, and introduce influence-based pruning, which consistently
outperforms perplexity and embedding-based baselines on math reasoning within a
model family.

1 Introduction

Large language models (LLMs) show strong reasoning gains when fine-tuned on chain-of-thought
(CoT) data (DeepSeek-Al and Others| [2025)). Recent studies suggest that data quality often outweighs
quantity (Rodchenko et al., 2025} |Yuan et al.,[2025}; Ye et al., 2025)), yet what constitutes “quality”
remains unclear.

Prior work on reasoning has used proxies for data quality, such as question difficulty (Chen et al.|
2025)) or CoT length (Yuan et al., [2025), which offer only indirect signals of downstream perfor-
mance. In contrast, instruction-tuning studies have systematically evaluated automated data selection
methods—perplexity filtering, embedding similarity, gradient-based scoring (Yin and Rush| 2025}
Ivison et al.,[2025)—but these have not been fully applied to reasoning data.

What ultimately matters is not whether an example appears challenging or diverse, but whether
fine-tuning on it causally improves reasoning performance. Influence functions (IFs) provide a
principled way to capture such causal effects by estimating the contribution of individual training
examples to downstream accuracy. While IFs have been explored in instruction tuning and knowledge
tracing, they remain unused for reasoning-specific pruning.

In this work, we extend IFs to define reasoning data quality through causal impact on downstream
accuracy. We introduce IF-based pruning, which surpasses common baselines on math reasoning
within a model family. However, transfer across families remains inconclusive, raising the open
question of whether data quality is intrinsic or model-specific.

2 Related Works

Let D denote a training dataset and ) a validation set sampled from the evaluation distribution. Data
selection methods assign scores to examples in D in order to prune/reweight the training pool. These
methods either (1) score examples directly, s : D — R, or (2) compute pairwise scores with respect
toV,s:V x D — R, then aggregate across v € V to obtain s(d) for each d € D. We group existing
approaches accordingly.
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Reasoning heuristics Heuristic methods define scores s(d) directly from inherent properties of
each training example d € D, independent of V or a specific model. Recent works take into account
heuristics such as estimated question difficulty, CoT length, and problem diversity (Ye et al.| 2025}
Muennighoff et al., 2025). LIMO (Ye et al., 2025)) also incorporates human evaluation, selecting
solutions that exhibit desirable behaviors such as elaboration and self-verification. Select2Reason
(Yang et al.,|2025) provides a systematic study, showing that higher s(d) assigned to examples with
longer traces and harder problems yields stronger downstream performance, whereas diversity has
limited benefit.

Perplexity based These methods score each example s(d) by its negative log-likelihood under the
base model. Top-PPL selects high-perplexity (hard) cases, while Mid-PPL favors mid-range examples
to avoid trivial or outlier data. These scores are cheap to compute and have shown to improve sample
efficiency in the instruction tuning setting (Yin and Rushl| 2025 |/Ankner et al.| 2024).

Embedding based Embedding-based methods use data representations to assign scores. S1 (Muen-
nighoff et al.|2025)) enforces coverage by classifying problems into topics with an LLM and sampling
across them. RDS+ (Ivison et al., 2025)) computes pairwise scores s(v, d) = (E(v), E(d)) between
validation and training examples, selecting examples most relavent to each v € V in a round-robin
fashion.

Gradient based Gradient and influence based methods compute s(v, d) by estimating the causal
contribution of training examples on validation loss. TracIn (Pruthi et al.,|2020) sums gradient inner
products across training checkpoints and LESS (Xia et al.| 2024) scales this approach to large models
using gradient datastores. InfDist (Nikdan et al.| [2025) learns optimal per-example weights so that a
single gradient step minimizes validation loss.

Our influence function approach Unlike gradient-similarity methods that track training dynamics,
influence functions measure the effect of a training example on converged model parameters and
downstream objectives f(6*). Formally, the influence of a training example d € D is Z;(d) =
—Vof(0*)TH1VyL(d,0*) where H is the Hessian of the training objective at §*. Approximations
such as EK-FAC have made this tractable for LLMs (Grosse et al., [2023)). [Ruis et al.| (2025)) shows
that examples with high estimated influence on cross-entropy loss also causally affect downstream
accuracy, and their removal causes larger performance drops than random pruning or Tracln.

We extend this idea to reasoning, scoring examples by their influence on whether fine-tuning improves
or harms correctness. This approach yields scores s(d) that capture how each training example d € D
steers the model toward or away from correct reasoning behavior.

3 Methods

3.1 Influence Functions Scoring

Let 6 be a pretrained model and D the LIMO training dataset (Ye et al.,2025)). We fine-tune 6 on D
for 10 epochs following the settings of |Ye et al. (2025), obtaining §*™Y. We then evaluate on the
MATH500 benchmark V for both model parameters § and #“™© (Hendrycks et al.,[2021).

To analyze how fine-tuning changes behavior, we compare correctness before and after fine-tuning
for each query (q,a) € V. This yields two disjoint subsets C, I C V:

C ={(q,a) €V : Acc(f(q;0),a) = 0 A Acc(f(g;6"™°),a) =1}
I'={(q,a) €V:Acc(f(g;:0),a) =1 AAcc(f(g;6"™°),a) = 0}

Here Acc(f(g;0), a) is a binary indicator of whether the model f(-; 0) greedy sampling completion
for query g matches the ground-truth answer a. Thus, C' collects queries where fine-tuning degrades
correctness, while I collects queries where fine-tuning improves correctness.

Our goal is to estimate the causal influence of training examples d € D on these outcome sets.
Because influence functions require a differentiable proxy, we follow |Grosse et al.| (2023) and
compute influence with respect to cross-entropy loss on completions. For each validation query
v € C'U I with completion y., the influence of a training point d is:

I(d; (¢, a)) = —VoLer(f(g; 0-M°),0) H1V,Leg(d, 0-MO)
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where Lcg(f(q; 0"™0), 0) is the cross-entropy loss on the generated completion and Lcg(d, 0“™9)
is the training loss of d at convergence.

By aggregating Z(d; v) across queries v € C' and v € I, we obtain scores s(d) that quantify whether
training on d tends to push the model toward correct completions (beneficial influence) or toward
incorrect completions (harmful influence). These scores provide a principled, influence-based ranking
of reasoning examples in D.

3.2 Data Pruning

We first aggregate influence scores across vali-
dation queries v:

sc(d) = ﬁ S T(d50), si(d) = %Zz(d; v).

velC vel

To prevent bias from queries with disproportion-
ately large scores, we complement raw influence
scores s(d) with rank-based measures r(d). For
each query v, we sort training examples by their
influence values in descending order and assign
ranks. The final rank for a datapoint is its aver-

Retained

Influence on incorrect completions s,(d)

age position across queries: —0.51
1 1 Pruned (Correct)
ro(d) = i Z rank(Z(d;v)), rr(d) = m Zrank(l(d; v)). Pruned (Incorrect)
e vel . -1.0{ =« Pruned (Combined)
Pruning is then performed by intersecting ] ; |
thresholds on both scores and ranks, ensuring =2 -1 0 1
. . . 1le9
that selected datapoints are consistently high or Influence on correct completions sc(d)
low influence across queries, rather than domi-
nated by outliers. Figure 1: Influence scores sc¢(d), sy(d) for train-

We evaluate three pruning strategies (See Fig- ing examples d € D. Points f'arther'left cgntribute
ure[T). (i) Correct: prune the bottom 20% of less to correct answers, while points higher up
examples by intersecting low s¢(d) and r¢(d), push the mo.del' toward wrong answers. Interest-
removing examples that contribute least to cor- ingly, the majority of outliers appear in the top-left
rect completions; (i) Incorrect: prune the top quadrant, where lie the datapoints we pred}ct to
10% of examples by intersecting high s;(d) and be most harmful. Note: as the final pruning is
r7(d), removing examples that most strongly affected also by rank scores r(d), few unpruned
push the model toward incorrect completions; P0ints may also be found in such quadrant.

(iili) Combined: prune 10% of examples that

satisfy both of the above criteria.

Interestingly, histograms of the score distributions in Figure [2 show long tails: in the correct case,
many examples have negligible or negative benefit, while in the incorrect case, outliers with high
influence dominate harmful behavior.

4 Experiments and Results

We perform supervised fine-tuning (SFT) on pruned versions of the LIMO dataset, using
two models: LLaMA-3-8B-Instruct (Grattafiori et al., 2024), also used during pruning, and
Qwen2.5-Math-7B-Instruct (Yang et al.| 2024), external to the pruning process. We ran full finetuning
following the training settings from LIMO for 10 epochs, saving checkpoints at every other epoch.
Given that we already were optimizing for MATHS500, we treated it as a validation set and chose
the checkpoint which performed best on MATHS500. We chose this strategy as for different datasets,
optimal checkpoints were not consistent.

Evaluation focuses on the math reasoning benchmarks: AIME24, AMC23, OlympiadBench (He et al.
2024), GSM8k (Cobbe et al.,[2021). Additionally we include GPQA (Rein et al., [2024)) to assess
transfer to non-math reasoning. We compare three IF-based pruning strategies (Correct, Incorrect,
Combined) against Random, Mid-PPL , and RDS+ (Ivison et al.,[2025)), and report also the unpruned
dataset and the base model for reference. All results use the unbiased pass@ 1 metric (Chen et al.,
2021) with V=8 samples in a zero-shot chain-of-thought setting, following the LIMO protocol. Full
training and evaluation details are provided in the Appendix.
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Table 1: Results on LLaMA-3-8B-Instruct. Pass@1 with N=8 samples, zero-shot CoT. We fine-
tune on math-pruned subsets selected by influence functions (Correct, Incorrect, Combined) and
compare against baselines (Random, Mid-PPL, RDS+), as well as the unpruned dataset and base
model. Evaluation covers math reasoning benchmarks (AIME24, AMC23, OlympiadBench, GSM8k)
and GPQA for non-math transfer. Best in bold; best-after-SFT underlined. Amount of samples not
pruned in [brackets].

LLAMA3-8B-INSTRUCT

PRUNING GSMS8K OLYMPIADBENCH AMC23 AIME24 GPQA
Combined [90%] (ours)  0.8113 0.0880 0.1156 0.0000 0.1654
Incorrect [90%] (ours) 0.7878 0.0798 0.1094 0.0042 0.1439
Correct [80%] (ours) 0.7922 0.0691 0.0719 0.0083 0.1496
RDS+ [90%] 0.8015 0.0880 0.0813 0.0042 0.1553
Mid-PPL [90%] 0.8052 0.0796 0.0781 0.0000 0.1244
Random [90%] 0.7839 0.0865 0.1094 0.0042 0.1509
None 0.7722 0.0685 0.0813 0.0000 0.1199
W/o SFT 0.5958 0.0498 0.0781 0.0000 0.2973

Within-model IF pruning is effective. On Llama3-8B-Instruct (Table[I), our IF-selected subsets
match or outperform Random/Mid-PPL baselines and RDS+. Results on AIME24 remain neglibigle
across all methods, reflecting the benchmark’s difficulty and indicating that SFT on small pruned
subsets cannot recover performance. On GPQA, math SFT tends to degrade general scientific reason-
ing; our selections mitigate but do not eliminate this effect. Even when pruning more aggressively
50% of the data, IF-based selection improves upon or at least remains competitive with baselines (see
Appendix, Table[3).

Cross-family transfer is non-conclusive. When fine-tuning Qwen2.5-Math-7B-Instruct with data
subsets selected using Llama3-8B-Instruct (Appendix, Table[2)), winners vary by task and no pruning
strategy consistently outperforms the baselines. This suggests that improvements from subsets
selected with one model do not straightforwardly carry over to a different model family.

5 Limitations and Future Work

While our study demonstrates the promise of influence-function—based pruning for reasoning, several
limitations and opportunities for future work remain.

Experimental variance. Our results are based on a single training run per setting. Future work
should include multiple seeds and confidence intervals to account for evaluation variance.

Dataset scope. We focus on LIMO, which is already pruned and curated for questions
Qwen2.5-Math-7B-Instruct cannot solve. This may underestimate the potential of influence functions
on larger, less filtered datasets such as Open-R1.

Comprehensive evaluation. We evaluate only a limited set of baselines and a single model size. We
are planning a comprehensive study comparing influence-based pruning against reasoning heuristics
and other methods such as InfDist, while spanning different datasets and model scales, to better
understand when each approach is effective.

Computational cost. Influence-function estimation is expensive, and we do not account for the addi-
tional compute required for data selection. Future work should explore more efficient approximations,
such as gradient datastores or training LLMs to predict influence scores directly.

Evolving data quality. Finally, we treat data quality as static, but in practice it may evolve as models
improve. An open question is how influence scores shift with scale and training stage—for example,
whether higher-quality examples track increasingly difficult problems as models become stronger.
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A Training and Evaluation Details

Training. Our SFT adopts the same training setup as LIMO (Ye et al., 2025). All experiments are
run on 8 xH100 GPUs, with full-parameter fine-tuning for 10 epochs. We use a cosine learning rate
schedule with peak learning rate 5 x 1075,

Evaluation. We follow the evaluation setup of LIMO [2025), with the addition of the
GSMS8Kk test set manually added. We report the unbiased pass@ 1 metric (Chen et al, [2021)), estimated
from N=8 sampled generations. Sampling uses temperature 0.6, top-p = 0.95, top-k = 1, and a
maximum generation length of 16,384 tokens.

B Notes on influence functions computation

To compute influence function scores, we follow the derivation and approximations described in

Grosse et al.| (2023). Following (2025)),we perform the computation considering only MLP

layers.

C Further details on our pruning strategies
In Figure we report full details on the distribution of influence scores s¢(d), sy(d) and rank scores
d

rc(d), rr(d) over the over all data points d € D. We notice how the distributions display long tails
where we expect pruning to be more effective.

(a) Correct influence score s¢(d). (c) Correct rank score rc(d).

»»»»» 25th percentile (score) E ----- 75th percentile (rank)

I o [H1 [ dl__ma A
92.0 -1.5 -1.0 =05 0.0 0.5 1.0 1.5 0300 350 400 450 500 550
Average Influence Score 1e9 Average Rank (higher = worse)
(b) Inorrect influence score sy (d). (d) Incorrect rank score r1(d).

fffff 85th percentile (rank)

y Lol |

Count

10 H
5
0..hhdeMm. Il
250 300

I
350 400 450 500
Average Influence Score le6 Average Rank (higher = worse)

Figure 2: Histograms of the influence and rank scores measured across the training set D.
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D Results on Qwen2.5-Math-7B-Instruct

We evaluate whether the dataset pruned using a specific model (LLaMA-3-8B-Instruct) would transfer
its benefits when applied to a different model family. We report the full results on Qwen2.5-Math-7B-
Instruct in Table

Table 2: Results on Qwen2.5-Math-7B-Instruct. Pass@1 with N=8 samples, zero-shot CoT. Same
setup as Table [T} but we fine-tune Qwen2.5-Math-7B-Instruct on pruned subsets selected using
LLaMA-3-8B-Instruct, testing their transfer across model families. Best in bold. Amount of samples
kept in [brackets].

QWEN2.5-MATH-7B-INSTRUCT

PRUNING GSM8K OLYMPIADBENCH AMC23 AIME24 GPQA
Combined [90%] (ours) 0.9567 0.4635 0.5781 0.1917 0.3220
Incorrect [90%] (ours) 0.9584 0.4643 0.5719 0.1667 0.3232
Correct [80%] (ours) 0.9566 0.4637 0.6000 0.1458 0.3245
RDS+ [90%] 0.9566 0.4669 0.6094 0.1583 0.3201
Mid-PPL [90%] 0.9571 0.4619 0.6125 0.1583 0.3169
Random [90%] 0.9575 0.4596 0.5781 0.2042 0.3295
None 0.9576 0.4687 0.5469 0.1542 0.3340
W/o SFT 0.9538 0.3876 0.5813 0.1125 0.2929

E More aggressive pruning (50% of data)

E.1 Pruning strategy

We experiment with a more aggressive IF-based pruning strategy, removing 50% of the training data.

Pruning is performed based on the following function:
Als(o.dy) — SENC)scld)? _ sign(sr(d)si(d)?

ac or

taking the top 50% of the resulting ranking, as illustrated also in Figure 3]

le6
2 1.0
o
=]
(%]
[}
>
O 05
9]
£ “
S
c 0.0
C
<)
]
Q05
[}
3
€ Pruned (bottom 50%)
-1.0 Kept (top 50%)

-20 -15 -1.0 -05 0.0 05 1.0 1.5
Influence on Correct Questions le9

Figure 3: Influence scores sc(d), s;(d) for training examples d € D with aggressive 50% data
pruning strategy (combined).

E.2 Results

The results for our Combined strategy and all baselines confirm our main findings even under more
aggressive pruning. As shown in Table 3] IF-based pruning remains competitive with strong baselines:



242
243
244
245

246

247
248

Combined (50%) is best on GSM8k, AMC23, and MATHS500, while Random (50%) is slightly ahead
on OlympiadBench. On GPQA, performance improves compared to lighter pruning, confirming
that reducing the amount of math-focused fine-tuning lessens the degradation of general scientific
reasoning.

Table 3: Results on LLaMA-3-8B-Instruct, pruning 50% of the data. Pass@1 with N=8 samples,
zero-shot CoT. We fine-tune on math-pruned subsets selected by influence functions (Correct,
Incorrect, Combined) and compare against baselines (Random, Mid-PPL, RDS+), as well as the
unpruned dataset and base model. Evaluation covers math reasoning benchmarks (AIME24, AMC23,
OlympiadBench, GSM8k) and GPQA for non-math transfer. Best in bold. Amount of samples not
pruned in [brackets].

LLAMA3-8B-INSTRUCT

PRUNING GSM8K OLYMPIADBENCH AMC23 GPQA
Combined [50%] (ours) 0.7981 0.0831 0.0969 0.1648
RDS+ [50%] 0.7962 0.0767 0.0813 0.1768
Mid-PPL [50%] 0.7797 0.0678 0.0938 0.1679
Random [50%] 0.7799 0.0843 0.0875 0.2134
None 0.7722 0.0685 0.0813 0.1199
W/o SFT 0.5958 0.0498 0.0781 0.2973

F Further plots

Figure [] visualizes how our pruning strategy outperforms other baselines for Llama3-8B-Instruct,
while results are inconclusive on cross-family transfer with Qwen2.5-Math-7B-Instruct.

LLaMA-3-8B-Instruct (A vs Random’ Qwen?2.5-Math-7B-Instruct (A vs Random
0.03 0.03
g 0.02 g 0.02
8 s
E 001 A ERE
& &
2 0.00 2 0.00
© _0.01  EEE Combined (ours) © _9,01 - HEEE Combined (ours)
g EXH Incorrect (ours) g EXH Incorrect (ours)
<t =0.02 1 BEZA Correct (ours) <1 ~0.02 | ZZA Correct (ours)
~0.03 RS 003 RDS:
== Mid-PPL == Mid-PPL
—0.04 T T T T —0.04 T T T T
X » > N N » > N
W o R &Q W o R *Q
Q\S“\Q Q\i“\v
(a) LLaMA-3-8B-Instruct (b) Qwen2.5-Math-7B-Instruct

Figure 4. Apass@1 vs. Random pruning on benchmarks. (a) For LLaMA-3-8B-Instruct, our IF-
based Combined pruning achieves larger gains than baselines, particularly on GSM8k and Olympiad-
Bench. On GPQA, Combined mitigates this degradation more effectively than other pruning strategies.
(b) For Qwen2.5-Math-7B-Instruct ( 10% pruning), improvements do not transfer reliably: all meth-
ods remain close to Random, with AMC23 showing inconsistent deviations.
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