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Abstract

Data attribution methods using gradient similarity are widely used to analyze
and select training data for large language models, but what gradient similarity
actually measures is debated. Some interpret it as identifying task-relevant skills,
while other work reports that surface form is the main factor. We resolve this
debate for supervised fine-tuning examples by varying task and answer format
independently. Specifically, we render benchmarks in different answer formats,
such that datasets can share a task without a format or a format without a task.
We find that gradient alignment follows the answer format, as benchmark pairs
sharing an answer format align strongly (disattenuated cosine near 0.4), while
same benchmarks rendered with different answer format classes show no alignment
(near 0.0). We demonstrate that this ordering holds from the earliest pretraining
checkpoints through post-training, and across model scales and families. We then
analyze the released selections of LESS, a gradient-based data selection method for
instruction tuning, and find that each target’s selections over-represent the target’s
own answer format. Hence, we demonstrate that gradient-based attribution methods
track format similarity more than task semantics, meaning that such methods, as
well as the semantic interpretation of the gradient, should be tested on data where
answer format and task vary independently for greater robustness and reliability.

1 Introduction

Various data attribution methods have been developed to improve the analysis of training data for
deep learning models such as transformer-based large language models (LLMs). Many such methods
leverage the loss gradient to measure the influence of training data [[IH5]]. A representative method
upon which many other methods are based on is TracIn, which uses the raw similarity, or dot product,
between loss gradients of data points to calculate the influence of a training data point on a test data
point [3].

The literature disagrees on why these methods work and what the gradient actually represents. Xia
et al. [4] state that the gradient signal “goes beyond surface form cues to identify data that exemplifies
the necessary reasoning skills,” while Wang et al. [[6] report that answer format dominates over the
semantic content of the task in the fine-tuning gradient. The confusion has persisted because format
and semantics are spuriously correlated in data, especially benchmarks, so observation alone cannot
separate them; for example, factual knowledge benchmarks tend to share the same multiple-choice
format, so a gradient that matches format and a gradient that matches knowledge make the same
predictions. The confusion is pertinent to fargeted instruction tuning, where the gradient signal is
used to pick training examples intended to exemplify the capabilities a target requires, based on the
assumption that the gradient encodes semantics [4]. We resolve the confusion by varying the taskﬂ

Note that we use the terms task and benchmark interchangeably, as the benchmarks used assess unique capabilities.
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Figure 1: Overview of method used to extract pairwise cosine similarities between datasets.

and the answer format of the same questions independently, and measuring each factor’s effect on
gradient alignment.

Our contributions are threefold:

* We show that answer format, not task content, governs gradient similarity in LLMs, meaning
that influence as measured by gradient-based data attribution methods does not imply task
relatedness.

* We find that such dominance of format over content is consistent across pre-training and
post-training steps, as well as across model scales.

* We analyze the selection resulting from an existing gradient-based data selection method,
namely LESS [4]], to demonstrate that the resulting selection is skewed towards same-format
samples.

2 Related Work

Gradient-based attribution and its semantic reading. The representative gradient-based data
attribution method is Tracln, which estimates the influence of a training example on a test example
by accumulating dot products of their loss gradients over training checkpoints [3)]. Later work
scales this approach to larger models and corpora [3} 1} 2 [7]]. LESS applies it to data selection and
interprets the signal as identifying data that exemplifies the necessary reasoning skills [4]. This
semantic reading of gradient geometry is widely shared: gradients are described as task-sensitive
representations of knowledge [8]], and gradient clusters are treated as task experts [9], task-agnostic
coresets [10], separable basic abilities [11], or attributions of reasoning ability [12]]. The closest
supporting evidence, which are influence analyses that find increasingly abstract relationships between
influential documents and model generations [13|[1]], concerns a different object: the influence of
pretraining documents on model generations, not the gradients of supervised fine-tuning examples. In
short, there is prior work that assumes that gradient alignment between fine-tuning examples reflects
shared task content, and we test this assumption.

Evidence for surface form. Other research suggests the gradient encodes surface format more
strongly than content. At the outcome level, LESS fails to beat random selection at large pool scales
[14], lexical baselines remain competitive with gradient attribution at fact tracing [7], and gradient
similarity fails to indicate task relatedness in multi-task classification [[15]]. At the signal level, the
only direct gradient measurement is confined to a single dataset: Wang et al. [6] shuffle one dataset’s
labels and find that early fine-tuning gradients track the format. Whether format organizes the
gradients between datasets, the comparison that attribution and selection actually perform, remains
unmeasured. The confound surfaces in deployed pipelines as well. Influence magnitudes track
completion length inside LESS itself [[16]], gradient-matched selections of harmful data turn out to be
lists, bullet points, and math questions [[17]], and influence retrieval for verbalized confidence latches
onto surface markers of certainty rather than content [[18]]. We isolate the confound with a controlled
design, varying task and answer format independently in the setting attribution methods operate in,
where candidate and target come from different datasets.



3 Method

3.1 Preliminaries

Per-example loss gradients. Let fy be a language model with parameters 6, and let a supervised
example z = (z,y) consist of a prompt = and an answer y. The loss ¢(z; 6) is the mean cross-entropy
of the answer tokens given the prompt, and the per-example gradient is g(z; 0) = Vy £(z; 0). Because
the loss is masked to the answer span, g is the update that the example would contribute during
instruction tuning, and it is the basic object of gradient-based attribution.

Gradient-based influence. TracIn [5]] estimates the influence of a training example on a test exam-
ple as a learning-rate-weighted sum of gradient dot products over training checkpoints 61, ..., 0.
LESS [4] adapts this score to instruction tuning: Notably, gradient alignments are calculated by
cosine so that long answers do not dominate through gradient norm. The training pool is ranked by
the aggregated similarity score with a target set across checkpoints, and the top 5% is selected for
fine-tuning. We analyze the selections this method produces in Section[3.3]

3.2 Our Method: Measuring Dataset-wise Gradient Alignment

We measure gradient alignment between datasets in three steps as shown in Figure[T}

Step 1: Render datasets. We create a dataset by rendering the questions of a benchmark into one
answer format, keeping the questions themselves fixed. We cross five benchmarks, TriviaQA [[19],
SQuAD [20]], GSM8K [21], ARC-Challenge [22], and CRUXEval [23]], with seven answer formats
spanning three structure classes: binary judgment (True/False, Yes/No), four-option selection (A-D,
1-4, W-Z, a—d), and structured generation (JSON); details in Appendix [C] The resulting 35 datasets
let any two be compared while changing only the task or only the answer format.

Step 2: Compute gradients for each dataset. For n = 64 examples per dataset we compute the
per-example answer-span gradient g(z; 6) of Section[3.1] taken with respect to the transformer body
only; excluding the embedding and unembedding tables ensures that vocabulary overlap between
answer tokens cannot drive similarity. Each gradient is compressed with a seeded CountSketch
projection [24] to & = 16,384 dimensions, which preserves inner products in expectation. Each
dataset becomes a matrix in R%4* 16,384,

Step 3: Compute pairwise cosines. The inter-dataset alignment of datasets A and B is the mean
cosine over all cross-dataset example pairs:

N 1 /.
¢(A,B) = TATIB| Z Z cos(g(z;0), g(z';0)). (1)

z€A 2’€B

The same statistic measured within a dataset gives the intra-dataset coherence c4 = ¢(A, A),
evaluated over distinct question pairs. We disattenuate by coherence, as datasets differ in how noisy
their example gradients are, so raw values of Equation [I] are not comparable across pairs. If each
example gradient is a dataset-level signal u plus independent noise, the measured mean is attenuated
by exactly \/cacg, so dividing it out recovers the alignment of the signals themselves [25]:
Eé(A,B) = cos(pa, i) vVeacs — ©¢(A,B) = C(Ai’B) 2)
VCACB
More details on disattenuation may be found in Appendix [B} As a reference for zero, the 280
dataset pairs that share neither task nor format class have mean —0.001 and standard deviation 0.008
(maximum 0.03), so we read values within £0.02 as null. Note, error bars in figures are £1 standard
error across benchmark identities, so that they reflect whether the effect is consistent across tasks
rather than estimator noise (Appendix [E)).

3.3 Experimental Setup

Models. To test whether the format ordering is a property of fully trained models only, we repeat the
measurement at ten OLMo pretraining checkpoints (1B to 4T tokens) [26], at ten Pythia checkpoints
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Figure 2: Gradient alignment follows answer format, not task. (a) Disattenuated cosine between
all 35 datasets, averaged over four model families. Boxes mark the three answer-structure classes:
alignment is high inside a class whatever the task, and at zero across classes even for the same task.
Cells on the diagonal denote alignment for same answer format, different task pairs, while cells
off-diagonal denote same task, different answer format pairs. (b) The same two contrasts measured
per model, spanning 1B to 13B and four families.

[27]], and at the base, SFT, DPO, and Instruct stages of OLMo. To test whether it is specific to a scale
or model family, we repeat it at three OLMo scales (1B, 7B, 13B) and on Llama 3.1 and Qwen3
[29] models, both base and instruction-tuned.

LESS selections. We analyze the selections released by Xia et al. [4] at princeton-nlp/less_data:
the top 5% (13,533 examples) of a 270K-example pool for each of three targets (MMLU [30], BBH
[31]], TydiQA [32]) and three seeds. We label every selected example and the pool by answer format
with a rule-based classifier (~90% agreement with manual labels on a held-out sample), and report
enrichment as the share of a format among selected examples divided by its share of the pool. Refer to
Appendix [A] for more details on the classifier and Appendix [D]for more details on pool composition.

4 Results

4.1 Answer Format, Not Task, Governs Gradient Alignment

Figure [2a] shows cross-dataset cosine similarity while Figure [2b] shows the same, aggregated for each
model. The heatmap shows that same format class dataset pairs have high alignment, while dataset
pairs with different format classes have near zero alignment. This implies that the gradient encodes
more for answer format than task semantics. Figure [2b]shows that format dominance in the gradient
is consistent across model scale and family.

4.2 Format Dominance Holds Throughout Pretraining and Post-Training

We show that surface form dominance in gradient similarity is not an artifact of the amount of model
pre-training or post-training in Figure[3] The figure shows that different benchmark, same answer
class cosine similarity stays above the same benchmark, different answer class similarity.

4.3 LESS Selects for the Target’s Answer Format

We analyze the selections that Xia et al. [4] released for each target benchmark as shown in Figure 4]
Although the pool contains no data from any of the three target benchmarks, each target’s selections
are enriched in the target’s own answer format: letter answers are selected at 3.7 times their pool
share for MMLU, chain-of-thought at 2.4 times for BBH, and short answers at 1.9 times for TydiQA.
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Figure 3: Answer form decides gradient similarity at every pre-training checkpoint.
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Figure 4: LESS’s released selections, by answer format, for the three target formats. Each cell is the
share of a format among a target’s selections divided by its share of the pool; teal boxes mark each
target’s own format.

The figure including analysis of other answer formats are in Figure[5] The pattern is stable across the
three released seeds.

5 Discussion & Future Work

Our results bear on the reliability and robustness of gradient-based attribution and selection: their
efficacy may partly be an artifact of format coinciding with semantics in current evaluation settings,
and may not transfer to pools where the two decouple. More broadly, researchers should test gradient-
based data attribution and selection methods against format-controlled baselines before relying on
them. Future work includes interventional studies: For example, whether unifying a pool’s answer
format makes selection more content-driven and fine-tuning more effective. Additionally, using
learned parameter weightings that separate style from content may remove format dominance.

6 Limitations

We assume that task relatedness is a desirable factor in data attribution and especially selection.
However, format-matched data often genuinely improves benchmark scores in the context of targeted
instruction tuning; we falsify the semantic interpretation behind gradient-based selection to question
its robustness, not its measured gains. Additionally, the scope of our experiments may be enlarged:
the measurement basis is five English question-answering benchmarks and seven answer formats in
three structure classes, with JSON as the only structured-generation member. The answer format
classifications are also our choices rather than the result of rigorous analysis.
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Claims. Answer: Yes. The abstract and introduction state the three contributions, each
matched by a results subsection.

. Limitations. Answer: Yes. See the Limitations section.

. Theory, assumptions and proofs. Answer: Yes. The one identity used (Eq. 2) states its

assumption in the text; the derivation is in Appendix

. Experimental result reproducibility. Answer: Yes. All models are open-weight, all
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dataset, projection, parameter scope, masking); classifier rules are in Appendix [A]

. Open access to data and code. Answer: No. All datasets and models used are publicly

available and cited; our measurement code is not yet released.

. Experimental setting/details. Answer: Yes. See Method and Experimental Setup.

. Error bars. Answer: Yes. Error bars are £1 standard error over benchmark groups, defined

in Experimental Setup; the LESS analysis reports all three released seeds.

. Compute resources. Answer: Yes. See Appendix [F (Compute).
. Code of ethics. Answer: Yes.
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LLM usage. Answer: NA. LLMs are not a component of the methodology; the format
classifier is rule-based.

A Post-hoc Classifier Details

Each example is labeled by rules applied to its assistant turn (and its user turn, to detect offered
options), in priority order: (1) a bare yes/no/true/false answer is binary; (2) an answer longer than 25
words containing reasoning markers or a trailing “the answer is (X)” is chain of thought, checked
before the letter rule so that rationales ending in a letter are not misrouted; (3) a bare option letter,
with options present in the prompt, is choice; (4) a bare number is numeric; (5) an answer that parses
as JSON is JSON; (6) an answer of at most 12 words is short answer; (7) anything else is long
generation. Numeric is merged into short answer in all reported results, as both are short constrained
spans. On 30 randomly sampled examples labeled by hand, the classifier agreed on 27 (90%). Pool
base rates are computed from 5,000 sampled examples per source, weighted by the true source sizes.
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B Disattenuation Identity

Assume each unit-normalized example gradient of dataset A decomposes as g; = /C4 fia +
v 1 —camn;, where [i4 is the unit dataset-level direction and the noise terms 7); have mean zero and
are independent across examples and datasets. Then for examples ¢ # j within A, E(g;, g;) = ca, so
ca is by construction the expected within-dataset cosine of Equation[I] Across datasets, all noise
cross-terms vanish in expectation, leaving E{g#, gf ) = +/cacp cos(pa, j1p), which is Equation
dividing the measured mean by ,/c4cp therefore recovers cos(ji4, (1B).

C Benchmarks and Answer Formats

Table[I]lists the five benchmarks and Table 2] the seven answer formats and their structure classes.

Table 1: The five benchmarks we cross with the answer formats of Table each crossing of answer
format with a benchmark serves as a dataset, totaling 35 datasets. For the four-option renderings,
ARC supplies its own hand-written distractors and GSM8K uses near-miss arithmetic values; the rest
draw distractors from other answers in the same dataset, so the options are always in-distribution.

Benchmark Ability probed Native answer ~ Example

TriviaQA open-domain recall short entity PULSAR

SQuAD reading comprehension span of passage 1852

GSMSK grade-school math integer 109

ARC-Challenge science reasoning short phrase a lightning strike
CRUXEval code output prediction  Python value True

Table 2: The seven answer formats we cross with each benchmark, grouped by the structure of the
answer the model must produce.

Structure class Answer formats Example answer

Binary judgment True/False, Yes/No True

Four-option selection A-D, 1-4, W-Z,a-d B

Structured generation JSON {"answer": "Paris"}

D The LESS Selection Pool

Table 3] gives the composition of LESS’s 270,679-example selection pool: the four source datasets,
their sizes, and the answer-format shares our classifier assigns within each source. The bottom row
is the source-weighted pool base rate, the denominator of every enrichment in Figure 4] Note that
our classifier labels only 6% of the CoT source as chain-of-thought format, since rationales without
explicit reasoning markers fall under long generation. Relabeling every CoT-source example as
chain-of-thought instead gives BBH 1.7 x on its own format (versus 2.4 x under the rule-based labels),
leaves the diagonal of Figure ] the maximum of every row, and changes no other conclusion.

E Aggregation and Error Bars

The trajectory and per-model figures reduce the full grid to two contrasts, and their error bars are
designed to answer one question: Does the format effect depend on which benchmark was used?
Each contrast is therefore aggregated in two stages, first averaging within a grouping unit defined by
benchmark identity, then reporting the mean and 41 standard error across those units.

Same class, different task. This contrast compares datasets from two different benchmarks that
share a format class, so the grouping unit is a benchmark pair. With five benchmarks there are ten
pairs. Within each pair we average the disattenuated cosine over every same-class format combination
(for the pair GSM8K-ARC, for example, GSMS8K rendered as A—D against ARC rendered as 1-4,
GSMSK as True/False against ARC as Yes/No, and so on), yielding one value per pair; the plotted
point is the mean over the ten pairs and the error bar their standard error.
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Table 3: Composition of the LESS selection pool [33H33]]. Format shares are estimated from 5,000
sampled examples per source and weighted by true source sizes. Formats are labeled by the rule-based
classifier of Appendix [A} rationales without explicit reasoning markers fall under long generation, so
the chain-of-thought base rate is conservative.

Multiple Short  Chain of Long
Source Size  Share | choice Yes/no JSON answer thought generation
Flan V2 100,000  36.9% 1.6% 8.1% 03% 54.4% 0.5% 35.0%
CoT 100,000  36.9% 07% 0.0% 0.0% 4.4% 6.4% 88.5%
Dolly 15,011 5.5% 0.0% 02% 0.0% 25.7% 1.4% 72.7%
OASST1 55,668  20.6% 00% 0.1% 0.0% 9.7% 2.6% 87.6%

Pool (weighted) 270,679 100.0% | 09% 3.0% 0.1% 251% 3.2% 67.7%

Target formats Other formats 7%

MMLU (multiple choice) IEIAS 0.7x 0.0x 0.2x ax S
o
>
o
3

BBH (chain of thought) 0.8 2.4% 0.4x% 1.0x 1.7x 1.2x R £

_ox S
c
w
TydiQA (short answer)  0.5x 1.1x 1.9x% 1.3x 0.2x 0.7x
-=1x
Multiple  Chain of Short Yes/no JSON Long
choice thought  answer generation

Figure 5: Enrichment of LESS’s selections over all six answer formats; the left block is Figure
Formats outside each target’s structure class are depleted (for MMLU, long generation at 0.2x and
JSON at 0.04 x).

Different class, same task. This contrast compares a benchmark with itself rendered in different
format classes, so no benchmark pair is involved and the grouping unit is the single benchmark.
With five benchmarks there are five units. Within each we average over every cross-class format
combination (for GSM8K, A-D against True/False, JSON against Yes/No, and so on), and the plotted
point is the mean and standard error over the five.

Grouping by benchmark identity is deliberate. Each cell already averages 64 x 64 example pairs, so
a standard error over example pairs would be very small and would measure only estimator precision.
The standard error over benchmarks instead measures whether the finding generalizes across task
content, which is the uncertainty relevant to our claim; the ten-versus-five asymmetry simply reflects
how many benchmark identities each contrast involves.

F Compute

All gradient measurements ran on NVIDIA RTX A6000 GPUs (48 GB), using at most three con-
currently. Measuring the full grid for one 7B-scale checkpoint takes about one GPU-hour; the 29
reported checkpoints total roughly 30 GPU-hours. The analysis of LESS’s released selections runs
on CPU only.
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