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Abstract

While mechanistic interpretability tools like
Sparse Autoencoders (SAEs) can uncover
meaningful features within Large Language
Models (LLMs), a critical gap remains in trans-
forming these insights into practical actions for
model optimization. We bridge this gap with
the hypothesis that data selection guided by
a model’s internal task features is a effective
training strategy. Inspired by this, we propose
Interpretability-Guided Data Selection (IGDS),
a framework that first identifies these causal
task features through frequency recall and in-
terventional filtering, then selects “Feature-
Resonant Data” that maximally activates task
features for fine-tuning. We validate IGDS on
mathematical reasoning, summarization, and
translation tasks within Gemma-2, LLaMA-3.1,
and Qwen3 models. Our experiments demon-
strate exceptional data efficiency: on the Math
task, IGDS surpasses full-dataset fine-tuning
by a remarkable 17.4% on Gemma-2-2B while
using only 50% of the data, and outperforms
established baselines focused on data quality
and diversity. Analysis confirms a strong posi-
tive correlation between feature amplification
and task performance improvement. IGDS thus
provides a direct and effective framework to en-
hance LLMs by leveraging their internal mech-
anisms, validating our core hypothesis.

1 Introduction

Large Language models (LLMs) have demon-
strated increasingly superior performance across
diverse downstream tasks (Liu et al., 2025b; Yang
et al., 2025; Zhang and Xiong, 2025; Liu et al.,
2024; Peng et al., 2025; Shi et al., 2026). Recent re-
search in mechanistic interpretability has revealed
that LLMs are not entirely black boxes; instead,
they contain disentangled, human-understandable
components (Gao et al., 2024a; Arditi et al., 2024).
Discoveries such as steering vectors for factual
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Figure 1: Conceptual illustration of the IGDS paradigm.
The diagram depicts the closed loop from internal in-
sight to optimization action, showing how model fea-
tures are leveraged to guide data selection.

knowledge (Ferrando et al., 2024) and sparse fea-
tures for cross-modal entities (Lou et al., 2025)
have provided invaluable insights into model mech-
anisms. However, while these insights are power-
ful for analysis, a critical gap remains in translat-
ing them into practical actions for model optimiza-
tion (Rai et al., 2024; Sharkey et al., 2025).

We bridge this gap with the hypothesis that data
selection guided by a model’s internal, causally-
validated task features is a highly effective train-
ing strategy. To operationalize this, we propose
Interpretability-Guided Data Selection (IGDS),
a framework that transforms interpretability in-
sights into a tangible optimization pipeline. This
conceptual loop, which we term Insight2Action,
is visualized in Figure 1. Our core idea is to first
identify the model’s beneficial internal mechanisms
and then select data that maximally activates them,
which is called “Feature-Resonant Data”, to rein-
force these mechanisms through fine-tuning.

Specifically, IGDS operationalizes this vision
through a two-stage process. The first stage, Task
Feature Identification, moves from a broad high-
frequency recall of candidate features using an
SAE to a rigorous causal intervention filtering step,
which isolates the potent subset directly impact-
ing task performance. The second stage, Feature-
Based Data Scoring, then uses this validated set of
causal features to construct a highly effective utility
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Figure 2: An overview of our Interpretability-Guided Data Selection (IGDS) framework.

function, selecting data that “resonates” with and
reinforces the model’s internal problem-solving
structure.

We validate IGDS on mathematical reason-
ing, summarization, and translation tasks across
Gemma-2, LLaMA-3.1, and Qwen3 models. Our
experiments show that our method achieves the
highest data efficiency across all settings. Notably,
on the Math task, IGDS surpasses full-dataset fine-
tuning by a remarkable 17.4% on the Gemma-2-2B
model while using only 50% of the data, and consis-
tently outperforms established baselines focused on
data quality and diversity. Furthermore, our analy-
sis confirms a strong positive correlation between
the targeted amplification of these internal features
and the improvements in downstream task perfor-
mance, providing strong mechanistic evidence for
our method’s success.

In summary, our key contributions are:

• We propose a novel optimization strategy that
leverages a model’s causally validated internal
features to guide data selection, offering a di-
rect path to efficient capability enhancement.

• We introduce IGDS, a general and practical
framework that transforms descriptive inter-
pretability insights into a prescriptive pipeline
for identifying and selecting high-utility train-
ing data, effectively closing the loop from
analysis to optimization.

• We provide extensive empirical validation
across multiple models and tasks, demon-
strating that IGDS surpasses both competitive
baselines and full-dataset fine-tuning while
utilizing only a fraction of the data.

2 Related Work

Mechanistic Interpretability Mechanistic inter-
pretability (MI) aims to reverse-engineer Large
Language Models (LLMs) to uncover the causal
mechanisms behind their behaviors (Dunefsky
et al., 2024; Sharkey et al., 2025). Recent break-
throughs have revealed that fine-grained seman-
tic information is encoded within model represen-
tations, from neurons corresponding to specific
concepts (Niu et al., 2024; Fang et al., 2024), to
steering vectors that control high-level attributes
like factuality and safety (Ferrando et al., 2024;
Yi et al., 2025), and sparse features that relevant
to downstream tasks (Lu et al., 2025; Shu et al.,
2025). However, most MI research currently stops
at the explanatory level, further exploration into
how these insights can proactively build better mod-
els is often neglected (Rai et al., 2024; Sharkey
et al., 2025). While prior research has begun to
explore applications, such as controlling model be-
havior via inference-time interventions (Wu et al.,
2024; Ghosh et al., 2025) or refining reward mod-
els specifically for safety alignment (Zhang et al.,
2025; Liu et al., 2025a), a general pipeline for lever-
aging these insights to guide the broader training
process remains absent. This work aims to bridge
this gap, establishing a framework that turns de-
scriptive interpretability findings into a prescriptive
guide for model optimization.

Sparse Autoencoders Sparse Autoencoders
(SAEs) have emerged as a pivotal tool in MI for
addressing the superposition hypothesis (Sharkey
et al., 2025). This premise suggests that densely
parameterized models frequently superimpose mul-
tiple independent semantic signals onto individ-
ual neuronal activations. Such polysemanticity
obscures interpretability at both the single-unit
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and embedding-vector scales (Elhage et al., 2022;
Gurnee et al., 2023). By untangling these entangled
representations into a sparse basis of semantically
coherent dimensions, SAEs markedly improve ar-
chitectural transparency (Cunningham et al., 2023;
Gao et al., 2024b). Current applications of SAEs
typically focus on identifying task-specific features
to enable precise, post-hoc interventions on model
behavior (Templeton et al., 2024; Farrell et al.,
2024; Wu et al., 2026). While effective for chang-
ing outputs, such interventional approaches can
suffer from high latency and instability in practical
applications. Departing from this paradigm, we
leverage SAE-identified features to guide the data
selection process, establishing a new pathway from
internal insight to optimization action.

Data Selection Training data remains a critical
determinant of model efficacy (Sun et al., 2024;
Yang et al., 2026; Pan et al., 2025). The paradigm
for post-training data selection has shifted from
prioritizing quantity to emphasizing quality (Zhou
et al., 2023), giving rise to automated methods that
score data based on data quality using external
models (Chen et al., 2024) or self-assessed met-
rics (Li et al., 2024; Xia et al., 2024a). Beyond
quality, data diversity is recognized as crucial for
model robustness, with frameworks like ZIP pro-
posed to balance this trade-off (Bukharin et al.,
2024; Yin et al., 2024). However, the efficacy of
these methods is scrutinized at scale, as recent stud-
ies suggest they often yield negligible gains over
simple random selection (Xia et al., 2024b). De-
parting from prior approaches that rely on external
signals and treat the model as a black box, we posit
that a direct and more potent signal for data utility
resides within the model itself.

3 Methodology

In this section, we detail the proposed
Interpretability-Guided Data Selection (IGDS)
framework, which operationalizes interpretability
insights into a rigorous data selection strategy. As
illustrated in Figure 2, the framework proceeds in
two main stages: (1) Task Feature Identification,
where we isolate features that are not merely corre-
lated with, but causally linked to task performance;
and (2) Feature-Based Data Scoring, where
we leverage these validated features to quantify
data utility and curate high-quality subsets for
supervised fine-tuning.

3.1 Preliminaries: Activation Extraction via
SAEs

Our framework leverages Sparse Autoencoders
(SAEs) to transform compact neural activations
into a sparse, expansive representation where indi-
vidual dimensions carry distinct semantic meaning.
Given an input sequence, we first extract the hid-
den state h(l) ∈ Rdmodel from a specific layer l via
a forward pass. The SAE then projects this dense
representation into a sparse feature activation vec-
tor a(h(l)) ∈ Rdsae using an encoder parameterized
by the weight matrix W enc:

a(h(l)) = ReLU(W T
ench

(l) + benc), (1)

where dsae � dmodel. Each dimension p in this
vector corresponds to a feature fl,p, with its value
indicating the feature’s activation magnitude. Our
goal is to navigate this vast feature space and pin-
point the precise subset of features that exert a
causal influence on the target task.

3.2 Stage 1: Task Feature Identification
To identify these features, we employ a coarse-to-
fine filtering strategy that distills the vast feature
space through two sequential steps: high-frequency
recalling and interventional filtering.

Recalling High-Frequency Candidate Features
A feature fundamental to a specific task is ex-
pected to activate consistently during task execu-
tion (Geiger et al., 2024). Based on this principle,
we begin by identifying candidate features that ex-
hibit a strong correlation with the target task. Utiliz-
ing a small corpus of N prior task-related samples,
denoted as Dprior = {xi}Ni=1, we monitor feature
activations at the critical token position (e.g., the fi-
nal token of the prompt), with specific positions for
each task listed in Appendix 9. Let al,p(xi) denote
the activation magnitude of feature fl,p for sample
xi at this step.

A feature fl,p is selected as a candidate if its acti-
vation frequency, defined as the proportion of sam-
ples in Dprior where the feature is active, exceeds
a predefined threshold τfreq (e.g., 80%). Formally,
we define the set of candidate features, Ccand, as
follows:

Ccand =

{
fl,p |

1

N

N∑

i=1

I(al,p(xi) > 0) ≥ τfreq

}
,

(2)
where I(·) is the indicator function, returning 1 if
the condition holds and 0 otherwise. This initial
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step effectively filters out the vast majority of irrel-
evant features, yielding a manageable candidate set
for subsequent rigorous validation.

Interventional Filtering for Causal Validation
High activation frequency implies correlation, but
not necessarily causation. A feature that consis-
tently activates on task data might merely capture
general linguistic patterns rather than task-specific
mechanisms (Deng et al., 2025). To isolate features
with genuine causal efficacy, we perform a rigorous
filtering step via targeted interventions on a small
validation set of M samples, Dval = {xi}Mi=1.

For each candidate feature f ∈ Ccand, we quan-
tify its causal impact by measuring how amplifying
its activation affects the model’s performance. This
is achieved by adding the feature’s influence vec-
tor to the model’s residual stream and evaluating
the resulting change in task-specific performance.
Specifically, for each validation sample xi, we com-
pute the feature’s influence vector vf,i as the prod-
uct of its current activation and its corresponding
SAE decoder weight:

vf,i = a(hi) ·W dec,f , (3)

where a(hi) denotes the scalar activation of feature
f on the hidden state hi, and W dec,f represents
the decoder weight vector for feature f . We then
generate two outputs: one from the original model,
and one from an “amplified” counterpart where the
feature’s influence vector is directly added to the
residual stream:

hampl = hori + vf,i, (4)

Let Pori(xi) and Pampl(xi) denote the task perfor-
mance scores (e.g., COMET for translation) for the
original and amplified outputs, respectively. The
causal impact of feature f is defined as the average
performance gain across the validation set:

∆(f) =
1

M

M∑

i=1

[
Pampl(xi)− Pori(xi)

]
, (5)

A significantly positive ∆(f) indicates that ampli-
fying the feature consistently enhances the model’s
task capability, validating the feature as a positive
causal driver. Finally, we rank all candidates by
∆(f) and select the top-K features to form the final
validated set of task features, Ftask. This interven-
tional filtering ensures the retention of features that
are demonstrably beneficial for the target task.

3.3 Stage 2: Feature-Based Data Scoring and
Selection

With the causally-validated set of task-relevant fea-
tures Ftask identified, we leverage this subset as an
intrinsic lens to quantify the utility of each candi-
date data point from a large pool Dpool. Our cen-
tral hypothesis posits that the most valuable data
for fine-tuning are those that maximally activate
the model’s internal causal mechanisms associated
with the task.

To operationalize this, we introduce the Feature-
Resonant Score (FRS), denoted as S(x). This
score is computed for each data point x by aggre-
gating the activation magnitudes of all task features
at the same critical token position, t∗, consistent
with the identification phase in Stage 1. Formally,
the score is defined as:

S(x) =
∑

f∈Ftask

af (x, t
∗), (6)

where af (x, t
∗) represents the activation of task

feature f at position t∗ for input x. By design,
this formulation directly prioritizes data that elic-
its a strong, collective response from the specific
features underpinning the desired capability.

Finally, we rank all data points in Dpool by their
FRS and select a subset based on a predefined ra-
tio. This process yields our final training dataset,
DSFT, a high-potency subset of the original corpus,
densely packed with targeted, task-relevant signals.

4 Experiments

To validate the effectiveness and robustness of
our Interpretability-Guided Data Selection (IGDS)
framework, we conducted a comprehensive set of
experiments across diverse tasks, models, and com-
petitive baselines.

4.1 Tasks and Evaluation

For each task, we strictly enforced data separation
to prevent information leakage. Specifically, we
distinctively defined three subsets: the task-related
set for feature identification (Stage 1), a large candi-
date pool for selection (Stage 2), and a held-out test
set for final evaluation. Detailed prompt templates
for these stages are provided in Appendix A.3. The
specific setup for each task is detailed below:

Mathematical Reasoning The selection pool
(Dpool) comprises 93.7K samples from the OpenR1-
Math-220k dataset. For feature identification, we
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Table 1: Results of the task feature identification. For each model and task, we report the proportion of high-
frequency candidates in basis points (Recalled (�), where 100�= 1%), the specific feature with the top-1 positive
impact (Feature), and its corresponding performance gain (∆).

Math Summarization Translation

Model Recalled (�) Feature ∆(ACC) Recalled (�) Feature ∆(ROUGE-1) Recalled (�) Feature ∆(COMET)

Gemma-2-2B-it 9.20 l14_p11575 +12 8.89 l25_p3017 +0.025 4.82 l11_p892 +1.12
LLaMA-3.1-8B-it 2.76 l19_p16897 +1.5 3.40 l31_p15962 +0.022 4.91 l8_p2083 +4.98
Qwen3-8B 1.33 l16_p36564 +1.8 0.35 l18_p61304 +0.018 2.94 l12_p43296 +8.34

utilized the training set of gsm8k (Zeng et al., 2023).
Final model performance was evaluated on the
MATH-500 benchmark.

Summarization We utilized the DialogSum
dataset (Chen et al., 2021). The official training
split (12.5K samples) served as the selection pool
(Dpool), while the validation split (500 samples)
was employed for feature identification. Perfor-
mance was measured on the official test split (1.5k
samples).

Machine Translation The selection pool (Dpool)
consists of 10K English-to-Chinese pairs randomly
sampled from the WMT24 dataset (Kocmi et al.,
2024). From the same source, a separate set of
500 samples was randomly held out to serve as
the set for feature identification. Evaluation was
conducted on the WMT24++ test set (Deutsch et al.,
2025) (997 samples).

Evaluation Metrics We report performance us-
ing standard, task-specific metrics. For Mathemat-
ical Reasoning, we employ pass@8 accuracy. For
Summarization, we report ROUGE-1 scores in the
main text, with full ROUGE-1/2/L results provided
in the Appendix A.2. For Machine Translation, we
utilize the COMET score (Rei et al., 2020).

4.2 Models and SAEs

Our experiments encompass three model fami-
lies: Gemma-2 (Team, 2024a), LLaMA-3.1 (Team,
2024b), and Qwen3 (Team, 2025). We adopted a
strategic two-stage setup: task features were identi-
fied using the publicly available instruction-tuned
versions, as these models possess the requisite task
awareness for meaningful feature discovery (Xia
et al., 2024a). The subsequent fine-tuning was then
performed on the corresponding base models to
cleanly evaluate the impact of the selected data.
This setup ensures that any observed performance
gains are attributed directly to the quality of the
selected data, rather than confounding factors from
the initial instruction tuning.

For feature extraction, we utilized SAEs spe-
cific to models. For Gemma-2 and LLaMA-
3.1, we leveraged publicly available pre-trained
SAEs (Lieberum et al., 2024; He et al., 2024). In
the absence of publicly available SAEs for Qwen3,
we trained a custom instance using the JumpReLU
architecture (He et al., 2024). Full training details
for this custom SAE are provided in Appendix A.1.

4.3 Baselines

To comprehensively evaluate the IGDS framework,
we benchmarked it against a spectrum of data selec-
tion baselines and standard controls. We compared
IGDS against three distinct selection strategies: (1)
Quality-based methods, including IFD (Li et al.,
2024) targeting instruction-following difficulty, and
Loss, a perplexity filter prioritization samples with
the lowest Cross-Entropy; (2) A Diversity-based
approach, ZIP (Yin et al., 2024), designed to maxi-
mize semantic coverage; and (3) Random selection,
which serves as a robust, data-agnostic baseline to
validate the necessity of intelligent selection met-
rics. To contextualize performance, we establish
two standard controls: Original, evaluating the
zero-shot capabilities of the base model without
SFT, and Full, utilizing the entire training pool as
a reference for data efficiency.

4.4 Main Results

Results of Task-Specific Features Identification
We initiate our analysis by examining the efficacy
of the feature identification stage, with key statis-
tics summarized in Table 1. The process begins
by applying a frequency filter to the vast search
space comprising millions of potential SAE fea-
tures. This initial step proves highly selective,
drastically reducing the vast search space. As
shown in the Recalled column, high-frequency can-
didates represent a minute fraction of the total, of-
ten amounting to just a few basis points (�).

From this condensed pool, our causal validation
step consistently identifies task features whose am-
plification yields a positive performance impact
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Table 2: Performance comparison across three tasks: Math (pass@8), Summarization (ROUGE-1), and Translation
(COMET). The best result among all fine-tuning methods for each model-task pair is in bold. The subscript denotes
the gap relative to the performance of full SFT.

Standard Controls Data Selection Baselines

Task Model Original Full Random Loss IFD ZIP IGDS

Math
Gemma-2-2B 11.2 32.2 29.2−9.3% 24.6−23.6% 30.0−6.8% 29.4−8.7% 37.8+17.4%

Llama-3.1-8B 26.6 45.0 40.8−9.3% 37.2−17.3% 36.8−18.2% 35.4−21.3% 45.8+1.8%

Qwen3-8B-Base 55.7 60.8 58.7−3.5% 59.4−2.3% 60.5−0.5% 60.3−0.8% 61.1+0.4%

Sum
Gemma-2-2B 0.220 0.450 0.439−2.4% 0.448−0.6% 0.440−2.2% 0.449−1.2% 0.452+0.4%

Llama-3.1-8B 0.011 0.260 0.254−2.3% 0.254−2.3% 0.258−0.8% 0.245−5.8% 0.261+0.4%

Qwen3-8B-Base 0.312 0.489 0.482−1.4% 0.474−3.1% 0.488−0.2% 0.485−0.8% 0.490+0.2%

Trans
Gemma-2-2B 26.92 65.93 62.92−4.6% 55.31−16.1% 64.19−2.6% 63.37−3.9% 68.14+3.4%

Llama-3.1-8B 31.11 77.68 70.78−8.9% 72.29−6.9% 76.82−1.1% 74.49−4.1% 78.45+1.0%

Qwen3-8B-Base 81.30 82.71 82.61−0.1% 82.66−0.1% 82.69−0.0% 82.57−0.2% 83.07+0.4%
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Figure 3: Correlation between feature activation and
task performance on the Math task for Gemma-2-2B.

on the validation set. The magnitude of this im-
pact, reported in the ∆ column, is often substantial.
We observe particularly striking efficacy in specific
cases: for instance, Gemma-2-2B achieves a per-
formance increase of 12 points on the Math task,
while Qwen3-8B sees a massive gain of +8.34 on
Translation. The consistent discovery of such high-
impact features across diverse models and tasks
provides compelling evidence that our framework
reliably identifies features that are not merely corre-
lated with, but causally instrumental to, the model’s
task-solving capabilities.

Performance of IGDS framework Utilizing the
identified features, we selected the top 50% of the
candidate pool to fine-tune base models. Table 2
provides a comprehensive comparison against all
baselines and controls.

The results show IGDS consistently and substan-
tially outperforms all other data selection meth-
ods across every tested model and task. Further-

more, our method surpasses the performance of
full-data fine-tuning in multiple scenarios. As
indicated by the positive subscripts in Table 2,
IGDS even achieves a striking +17.4% relative
gain for Gemma-2-2B on Math. This phenomenon
strongly validates our core hypothesis: selecting
data through the lens of the model’s own causally-
validated mechanisms is a effective strategy for
targeted model improvement.

4.5 Validating the Role of Task Features

To corroborate the link between our identified fea-
tures and downstream task proficiency, we ana-
lyzed the post-fine-tuning activation distributions
of a key task feature. Figure 3 shows the results for
the top-ranked Math feature, l14_p11575, in the
Gemma-2-2B model. We plot its activation distribu-
tion across the training set for the base model and
for models fine-tuned with various data selection
strategies, alongside the final task performance.

Two key observations emerge from our analysis.
First, even baseline strategies that do not explicitly
target this feature (e.g., Random, IFD) implicitly
enhance its activation levels compared to the base
model. This suggests that the feature is intrinsically
aligned with the underlying optimization mechan-
ics of the Math task. Second, and most crucially,
there is a strong positive correlation between el-
evated activation magnitude and optimized task
performance. The IGDS-trained model not only
exhibits the highest median feature activation but
also achieves the superior performance score of
37.8. Furthermore, a consistent trend is evident
across all methods: the hierarchy of median fea-
ture activations closely mirrors the ranking of final
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Table 3: Ablation study of the IGDS framework on the
Gemma-2-2B model.

Method Math Sum Trans

Full IGDS (k=1) 37.8 0.452 68.14

Ablation on Feature Identification Stage

w/o Frequency Recalling 29.2 0.439 63.19
w/o Causal Filtering 33.0 0.434 64.52

Ablation on Data Selection Stage (Varying k)

k = 3 37.2 0.447 66.81
k = 5 31.8 0.435 62.83

performance. Collectively, these findings provide
compelling evidence that the features identified
by our framework are causally instrumental to the
model’s task-solving capabilities.

5 Robustness Analysis

Beyond standard performance benchmarks, we
further investigate the practical viability of the
IGDS framework. This section demonstrates the
method’s consistent superiority across varying data
budgets, validates the contribution of its core com-
ponents via ablation studies, and confirms its com-
putational efficiency, solidifying its standing as a
practical and reliable solution.

5.1 Effect of Different Sampling Ratios
To assess the robustness of our method under vary-
ing data budgets, we conducted experiments us-
ing sampling ratios of 20%, 50%, and 80% of the
full training set, specifically on the Math task with
Gemma-2-2B. We benchmarked the proposed IGDS
against all competitive baselines.

As illustrated in Figure 4, our IGDS exhibits
overwhelming superiority across all tested sam-

Table 4: Time cost comparison of data selection strate-
gies on LLaMA-3.1-8B. The raw time costs (in hours)
are normalized relative to the Loss strategy (100%).

Method Math Sum Trans

Loss 3.0 0.9 0.5
IDF 6.5 (+167%) 1.2 (+33%) 0.7 (+40%)
ZIP 1.6 (-47%) 0.4 (-56%) 0.2 (-60%)
IGDS 2.5 (-17%) 0.7 (-22%) 0.4 (-20%)

pling ratios. Notably, at every data budget, IGDS
not only outperforms all other selection baselines
by a significant margin but also consistently sur-
passes the performance of fine-tuning on the Full
dataset. These findings underscore the superior
data efficiency of IGDS, demonstrating its capabil-
ity to curate smaller, yet higher-utility subsets for
effective and economical model training.

5.2 Ablation Study

To dissect the contributions of our framework’s
key components, we conducted an ablation study
on the Gemma-2-2B model, with results presented
in Table 3. First, we first assess the impact of
the feature identification pipeline. Replacing our
frequency-based recalling with random selection
(w/o Frequency Recalling) leads to a sharp per-
formance decline, underscoring the necessity of
pre-screening the vast search space for relevant
candidate features. Similarly, removing the causal
filtering step (w/o Causal Filtering) and instead
using all recalled features for scoring also signif-
icantly degrades performance. This confirms that
causal validation is indispensable for distinguish-
ing genuine task features from merely correlated
noise.

Next, we examined sensitivity to k, the number
of top features used for scoring. While our default
setting (k = 1) yields the best results, performance
remains robust at k = 3. However, increasing k
further to 5 results in a noticeable drop. This ob-
servation suggests that a highly focused feature set
is preferable, as including less impactful features
likely introduces introduce noise and dilutes the
selection quality.

5.3 Time Cost of Data Selection

In addition to model performance, the computa-
tional efficiency of a data selection strategy is a
critical determinant for its practical application. To
evaluate this, we conducted a runtime analysis on
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Figure 5: Distribution of positive features across layers
and positions for Gemma-2-2B model. Each point repre-
sents a feature, plotted by its layer (x-axis) and position
(y-axis, log scale).

the LLaMA-3.1-8B model by sampling 50% of the
data across three distinct tasks: Math, Summariza-
tion, and Translation. We measured the time cost
of each strategy and normalized it relative to the
Loss strategy, which serves as our 100% baseline
as it requires a single forward pass per sample.

As shown in Table 4, the model-free ZIP strat-
egy is naturally the most efficient (almost -60%),
whereas IFD incurs substantial overhead (+167%)
due to its need for extra inference in Math task.
Our IGDS method demonstrates high efficiency,
reducing the computational cost by approximately
20% overhead. This is because its computation
is integrated directly into the single forward pass
required for gradient calculation. This result con-
firms that IGDS provides a practical solution for
data selection without compromising on efficiency.

6 Interpretability Analysis

In this section, we analyze the structural distri-
bution of the identified task-specific features and
demonstrate their stability, confirming that they
represent robust and intrinsic model properties.

6.1 Distribution of Task-Specific Features
To investigate where task-specific knowledge is en-
coded within the model, we visualize the distribu-
tion of identified features for Math, Summarization,
and Translation tasks on the Gemma-2-2B model.
As shown in Figure 5, we plot each feature’s layer
against its position. Due to the vastness of the
SAE’s feature space, the position axis is presented
on a logarithmic scale. The results reveal distinct,
task-dependent structural preferences. Specifically,
Math features are widely dispersed across all lay-

Table 5: Stability of identified task features for Math
on Gemma-2-2B-it using different prior datasets. The
top-5 features with the highest positive impact are listed.

Dataset GSM8K Math500 OpenR1

Top-1 F14,11575 F14,11575 F14,11575

Top-2 F18,4651 F24,14448 F18,4651

Top-3 F23,7783 F10,5717 F24,14448

Top-4 F24,14448 F25,10550 F10,5717

Top-5 F10,5717 F11,892 F5,4341

ers, indicating that mathematical reasoning is a full-
stack capability engaging the entire model depth.
Conversely, Summarization and Translation fea-
tures are concentrated in the middle-to-late layers,
indicating a reliance on deep semantic processing.
This differential distribution highlights that distinct
cognitive abilities are localized in different struc-
tural regions of the model, underscoring the value
of our fine-grained, task-specific analysis.

6.2 Stability of Task-Specific Features

A crucial question for interpretability is whether
identified features represent intrinsic model capa-
bilities or are merely dataset-specific biases derived
from the discovery source. To rigorously evaluate
this stability, we performed independent feature
identification runs on the Math task with Gemma-
2-2B-it, utilizing three distinct datasets, GSM8K,
Math500, and OpenR1, as separate identification
sources. The results, presented in Table 5, reveal
a remarkable degree of consistency across these
diverse contexts.

Most strikingly, the top-ranked feature,
F14,11575, consistently emerges as the most
impactful driver for mathematical reasoning,
irrespective of the source dataset. Furthermore,
we observe a significant overlap within the top-5
ranks, with three specific features (F14,11575,
F24,14448, and F10,5717) persisting across all three
settings. This high degree of stability across
varying data distributions provides compelling
evidence that our framework is not simply finding
patterns specific to one dataset’s style or content.
Instead, it successfully identifies features that are
fundamental and intrinsic to the model’s core
mechanism for mathematical reasoning.
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Figure 6: Word clouds showing the terms with the most significant frequency increase after amplifying the top-
ranked task feature for each task. The size of a word corresponds to the magnitude of its frequency change.

6.3 Correlation Analysis of Task Feature
Identification

To better elucidate the semantic roles of the iden-
tified features, we qualitatively examine lexical
shifts in the model’s output when amplifying the
top-ranked feature for each task. Figure 6 visual-
izes the vocabulary exhibiting the most pronounced
frequency increases, revealing a clear alignment
with the underlying task semantics. For instance,
amplifying the Translation feature consistently el-
evates language-specific terms such as “english”
and “chinese” (Figure 6a). Likewise, strengthening
the Summarization feature drives up the promi-
nence of structural cues like “summary” and “topic”
(Figure 6b), whereas activating the Math feature
yields a marked increase in solution-oriented vo-
cabulary such as “answer” and “final” (Figure 6c).
This qualitative evidence appears consistent with
our quantitative findings, supporting the notion that
our data selection strategy is guided by features
that encode meaningful, task-relevant concepts.

7 Conclusion

In this work, we have established and validated
a new principle for LLM optimization: the most
potent signals for data selection reside within the
model’s own internal causal mechanisms. We have
presented Interpretability-Guided Data Selection
(IGDS), a practical framework that operationalizes
this principle by first identifying causally-validated
task features, and subsequently selecting “Feature-
Resonant Data” that maximally activates them. Our
empirical results are compelling: IGDS not only
consistently outperforms competitive baselines but
can surpass full-dataset fine-tuning, achieving a re-
markable 17.4% gain on the Math task using only
half the data. Ultimately, IGDS pioneers a new
class of optimization techniques that leverage in-
terpretability, effectively bridging the gap between
mechanistic understanding and practical model im-

provement.

Limitations

While IGDS presents a promising paradigm for
data selection, we acknowledge that its perfor-
mance is inherently linked to the quality of the
underlying Sparse Autoencoders (SAEs). This de-
pendency is empirically reflected in our results pre-
sented in Table 2, where model performance cor-
relates strongly with the maturity of the available
SAE ecosystems.

Specifically, for Gemma-2-2B, we utilized the
high-quality, officially released Gemma-Scope
SAEs. This resulted in the most significant perfor-
mance improvements, with a particularly striking
gain of +17.4% on the Math task. In contrast, due
to computational constraints, our custom SAE train-
ing for Qwen3-8B was restricted to a limited subset
of layers. We hypothesize that this partial coverage
of the model’s layers is the primary reason for the
more modest gains observed for Qwen3-8B, which
were among the lowest across all tasks.

This performance disparity underscores that the
quality and comprehensiveness of the SAEs are
critical factors that directly influence the efficacy
of our method. To address this bottleneck and
to contribute to the broader research community,
we plan to train SAEs for the remaining layers of
Qwen3-8B in our future work. We are committed
to open-sourcing these artifacts upon completion
to facilitate further research in this area.
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A Appendix

A.1 Implementation Details

This section provides additional details regarding
our experimental setup to ensure the reproducibility
of our work.

All experiments, including the training of our
custom SAE for Qwen3 and all model fine-tuning
runs, were conducted on a server equipped with
8 NVIDIA H100 GPUs. The implementation was
based on the PyTorch framework, leveraging the
sae_lens and LLaMA-Factory libraries for effi-
cient model handling and training. The use of this
powerful hardware enabled the comprehensive eval-
uation of our framework across multiple models,
tasks, and baselines.

Model Parameters To ensure the reproducibil-
ity of our work, we provide detailed specifications
for the Large Language Models (LLMs) and their
corresponding Sparse Autoencoders (SAEs) in Ta-
ble 6. This includes architectural details of the base
models and the configuration of the SAEs applied
to them.

Supervised Fine-tuning All models were fully
fine-tuned using the LLaMA-Factory framework
on a high-performance computing cluster equipped
with 8 NVIDIA H100 GPUs. For each data subset
selected by a given method, we trained the corre-
sponding base model for one full epoch. We used
a consistent learning rate of 2× 10−5 and a global
batch size of 64 across all experiments. The com-
putational efficiency of our IGDS framework in
comparison to these baselines will be analyzed in a
subsequent section.

Training SAEs As no pre-trained SAE was pub-
licly available for the Qwen3-8B model, we trained
the classical SAE to facilitate our analysis. The
training was implemented using the sae_lens li-
brary (v6.6.0), employing a JumpReLU architec-
ture on the residual stream outputs of layers 12
through 18. The dictionary size was set to 65,536,
corresponding to an 16x expansion factor over the
model’s hidden size. Key training hyperparameters
included a context size of 512 tokens, a batch size
of 2048, a learning rate of 5 × 10−5, and a care-
fully tuned L1 coefficient for each layer to balance
reconstruction loss and sparsity. The process was
resource-intensive, requiring approximately 7 days
of computation on a single NVIDIA H100 GPU to
train the SAE for one layer.

Table 6: Detailed parameters of the LLMs and their
corresponding SAEs. Model names in the header are
abbreviated for space.

Parameter Gemma-2-2B LLaMA-3.1-8B Qwen3-8B

LLM Parameters

Total Layers 26 32 36
Hidden Size (dmodel) 2,304 4,096 4,096

SAE Parameters

SAE Source Gemma-scope Llama-scope Self-trained
Dict. Size (dsae) 18,432 32,768 65,536
Exp. Factor 8x 8x 16x
Applied Layers [0–25] [0–31] [12–18]

Table 7: Detailed ROUGE-1/2/L results for the summa-
rization task across different models.

Model Method Rouge-1 Rouge-2 Rouge-L

Gemma-2-2B

Base 0.2203 0.0731 0.1698
Full 0.4501 0.2038 0.3630
Random 0.4394 0.1954 0.3494
Loss 0.4480 0.2003 0.3589
IFD 0.4400 0.1999 0.3565
ZIP 0.4491 0.1932 0.3607
IGDS 0.4522 0.2089 0.3627

Llama-3.1-8B

Base 0.0107 0.0039 0.0084
Full 0.2600 0.1230 0.2145
Random 0.2542 0.1174 0.2155
Loss 0.2539 0.1158 0.2148
IFD 0.2578 0.1166 0.2149
ZIP 0.2451 0.1080 0.2109
IGDS 0.2606 0.1187 0.2198

Qwen3-8B-Base

Base 0.3118 0.1243 0.2515
Full 0.4892 0.2247 0.3954
Random 0.4823 0.2185 0.3892
Loss 0.4741 0.2126 0.3817
IFD 0.4884 0.2232 0.3939
ZIP 0.4849 0.2198 0.3916
IGDS 0.4901 0.2274 0.3968

A.2 Supplementary Results for Full
ROUGE-1/2/L Metrics

Table 7 details the ROUGE-1, ROUGE-2, and
ROUGE-L metrics for the summarization task, sup-
plementing the main results in Table 2. Across
all three models (Gemma-2-2B, Llama-3.1-8B, and
Qwen3-8B-Base), our IGDS method consistently
outperforms other data selection baselines (Ran-
dom, Loss, IFD, and ZIP). Notably, IGDS fre-
quently achieves superior performance compared
to training on the Full dataset—securing the high-
est scores on all metrics for Qwen3-8B-Base and
leading in most metrics for the other models—
demonstrating its effectiveness in selecting high-
quality samples for text generation.
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Table 8: Performance results of general capabilities on MMLU and TruthfulQA benchmarks.

Math Sum Trans

MMLU TruthfulQA MMLU TruthfulQA MMLU TruthfulQA

Base 54.12% 36.23% 54.12% 36.23% 54.12% 36.23%

IGDS 53.25% 36.46% 53.18% 33.57% 54.05% 35.88%
Full 53.75% 36.00% 52.67% 34.00% 53.12% 34.35%
Random 53.77% 35.63% 53.23% 31.74% 52.98% 36.12%
ZIP 53.39% 36.41% 51.84% 34.12% 53.67% 33.91%
IFD 53.21% 38.33% 52.45% 35.06% 51.33% 34.72%
Loss 53.84% 37.63% 54.01% 33.44% 52.19% 35.21%

A.3 Prompt Template for Task Feature
Identification

Table 9 presents the detailed prompt templates em-
ployed across three distinct phases of our experi-
ments: Task Feature Identification (Stage 1), Super-
vised Fine-tuning, and Evaluation. These templates
cover the three downstream tasks: Mathematical
Reasoning (Math), Text Summarization (Sum), and
Machine Translation (Trans).

In the table, text enclosed in curly braces and
formatted in italics (e.g., {Question}, {Solution})
represents data-specific placeholders. These are
replaced by the actual content of the corresponding
samples from the dataset during processing.

For the Task Feature Identification stage, we
specifically mark the position used for feature ex-
traction. The colon symbol highlighted with a
yellow background and red font ( : ) indicates the
exact token index where the model’s internal hid-
den states (activations) are computed and extracted.
This position serves as the final representation of
the input context before the generation of the target
sequence begins.

For the Evaluation stage, we employ a 4-shot
setting for the Math task to ensure stable reasoning
performance, while the Summarization and Trans-
lation tasks are evaluated in a zero-shot setting to
test the model’s direct instruction-following capa-
bilities.

A.4 Detailed Topology of Task-Specific
Features

While Figure 5 provides a macroscopic view of
the structural distribution, illustrating where task-
specific knowledge is generally concentrated, it
is equally crucial to identify what these features
specifically are to confirm they represent stable,

intrinsic model properties. To this end, we visual-
ize the fine-grained topological signatures of the
identified Task-Specific Features for the Math,
Summarization, and Translation tasks in Figure 7.

A.5 Evaluation of General Capabilities
To assess the impact of various methods on fun-
damental performance, we evaluated Gemma-2-
2B and its different fine-tuning version across
MMLU (Hendrycks et al., 2021) and Truth-
fulQA (Lin et al., 2022) benchmarks (Table 8). The
results demonstrate that SFT does not adversely af-
fect general capabilities: across all methods (IGDS,
Full, Random, ZIP, IFD, Loss), performance fluc-
tuations remain within a narrow margin, typically
between −3% and +1% relative to the Base model.
The models maintain high accuracy in reasoning
and truthfulness across Math, Summarization, and
Translation tasks, showing no signs of catastrophic
forgetting. The result confirms that our fine-tuning
strategies successfully preserve the core knowledge
and logical proficiency of the foundation models
while achieving task alignment.
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Table 9: Prompt used in Different stages for different tasks.

Stage Task Prompt

Task
Feature
Identifi-
cation

Math {Question} \n Please reason step by step, and put your final answer within \boxed{}. \n Solution :
{Solution} \n The final answer is \boxed{{Golden Answer}}.

Sum Use a sentence to summarize this following text: \n {Dialogue} \n Summarization : {Summary}
Trans Please translate the following text into {Target_language}.\n Text:{Source_text} \n Translation : {Tar-

get_text}

Super-
vised
Fine-
tuning

Math Instruction: {Question} \n Please reason step by step, and put your final answer within \boxed{}. \n
Input:
Output: Solution: {Solution} \n The final answer is \boxed{{Golden Answer}}.

Sum Instruction: Use a sentence to summarize this following text.
Input: {Dialogue}
Output: {Summary}

Trans Instruction: Please translate the following text into {Target_language}.
Input: {Source_text}
Output: {Target_text}

Evalua-
tion

Math Please reason step by step, and put your final answer within \boxed{} as the following format. \n Here
are some examples: {4-Shots} \n ### Problem:\n {Question}\n### Solution:

Sum Use a sentence to summarize this following text: \n {Dialogue} \n Summarization:
Trans Please translate the following text into {Target_language}.\n Text:{Source_text} \n Translation:

L0 L5 L9 L10 L14 L16 L18 L23 L24 L25

11794 4341 7482 5717 11575 463 7373 7783 14448 10550

(a) Topological signature of features for Math Task, which exhibits a globally distributed topology. Features are activated across
the entire depth (L0-L25).

L9

L10

L14 L15 L16 L19 L20

L25

1060

4472

5717

16225 10716 463 1910 1692

3017

7248

(b) Topological signature of features for Summarization Task, in which features are absent in early layers and emerge primarily
from L9 onwards.

L11 L12 L13 L17 L18 L24

L25

892 2291 3517 14856 9392 16200

348

1689

14186

(c) Topological signature of features for Translation Task, which shows a sparse, localized activation pattern concentrated in
middle (L11-L18) and late layers.

Figure 7: Fine-Grained Topology of Task-Specific Features in Gemma-2-2B. This figure serves as a microscopic
supplement to the macroscopic distribution shown in Figure 5.
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