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Abstract

Training data attribution scores how training ex-
amples affect downstream model performance.
For models released with many intermediate
checkpoints, attribution can be computed along
the saved training trajectory, but evaluating ev-
ery checkpoint is often prohibitively expensive.
We introduce PrAM (Probe-based Attribution
Mass), a post-hoc offline checkpoint selector
for training data attribution. PrAM runs a
small attribution probe at every checkpoint, se-
lects checkpoints with high absolute attribu-
tion mass, and runs full attribution only on that
subset. Across Pythia-14M, 70M, and 160M,
PrAM closely matches a full attribution-pool
reference and outperforms heuristic rules based
on recency, spacing, learning rate, and valida-
tion loss. Beyond rank correlation, PrAM pre-
serves the domain-by-target attribution tables
and ranked training examples produced by full
saved-checkpoint attribution, enabling scalable
post-hoc analyses of checkpointed model re-
leases. We support this with application-based
analyses scaling to 410M and 1B parameter
models.

1 Introduction

Large language models (LLMs) are increasingly
being analyzed through the lens of the data they
are training on. To this end, training data attribu-
tion analyzes how different training examples (or
example subsets) contribute to downstream model
performance. Specifically, attribution methods as-
sign scores to training examples with respect to a
given validation target, making it possible to ask
which examples support, hurt, or explain a model
behavior (Koh and Liang, 2017; Pruthi et al., 2020;
Ghorbani and Zou, 2019; Ilyas et al., 2022; Park
et al., 2023; Grosse et al., 2023). Applying data
attribution to pretraining data is particularly im-
portant, as pretraining behavior depends on data
mixture and domain coverage (Xie et al., 2023;
Longpre et al., 2024; Liu et al., 2025; Magnusson
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Figure 1: An overview of PrAM: (A) sample a small
probe set; (B) compute attribution across all checkpoints
using small probe set; (C) select subset of checkpoints
with highest probe-based attribution mass; (D) compute
full attribution pass on selected checkpoint subset.

et al., 2025), topic organization and data mixing
(Peng et al., 2025; Wettig et al., 2025), and filter-
ing, licensing, and opt-out decisions (Fan et al.,
2025a; Kandpal et al., 2025). Although attribution
methods that scale to pretraining data have been
developed (Wang et al., 2025a), they are typically
deployed within the context of a specific training
run.

However, many attribution questions arise only
after a model has been trained. For example, a
benchmark or validation target may be chosen after
training, or poor downstream performance may
motivate inspection of negatively attributed training
examples, as in data-cleaning and influence-based
analyses (Hara et al., 2019; Pruthi et al., 2020).
If a training run saves intermediate checkpoints,
such as with the releases of the Pythia (Biderman
et al., 2023) and OLMo/OLMo 2 (Groeneveld et al.,
2024; Walsh et al., 2025) model families, these
questions can be studied along the saved training
trajectory rather than only at the final model.

Trajectory-aware attribution answers questions
that a final model checkpoint alone cannot. For
example, recent work demonstrates how data influ-
ence changes across training stages (Wang et al.,
2025b; Lee et al., 2026; Eichin et al., 2026) and
how different checkpoints can contain different in-
formation (Pruthi et al., 2020). However, running
an attribution pass at every saved checkpoint is pro-
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hibitively expensive (Wang et al., 2025a; Pruthi
et al., 2020). For example, the Pythia family of
models releases 154 checkpoints per model, and
the OLMo 2 family releases thousands of interme-
diary checkpoints (Biderman et al., 2023; Walsh
et al., 2025). While existing work studies the online
setting for checkpoint selection (i.e. which check-
points to keep during training) (Das et al., 2025),
we study the post-hoc version of this problem. In
this setting, which we define as offline checkpoint
selection, the training run is complete, the check-
points are fixed, and the validation target may be
selected later.

Existing methods for offline checkpoint selection
rely on simple heuristics, such as recency, spacing,
learning rate, validation loss, and validation-loss
reduction (Pruthi et al., 2020). Further, analyses
of the efficacy of checkpoint subsets for answering
attribution-based questions are limited (Pruthi et al.,
2020). Our work directly addresses these gaps.

In this work, we introduce PrAM (Probe-based
Attribution Mass), a principled offline checkpoint
selection method for post-hoc training data attribu-
tion. PrAM runs a small attribution probe across
all checkpoints, selects checkpoints with high abso-
lute attribution mass, and runs full attribution only
on the selected subset. We demonstrate that PrAM
closely matches the full saved-checkpoint refer-
ence, whereas the heuristic checkpoint-selection
baselines do not. Further, we demonstrate that
across different small probe sizes, PrAM exhibits
high correlation with PrAM-Full, a full attribution-
pool reference for the same selection rule.

Additionally, we evaluate PrAM on downstream
attribution applications, addressing the question
of whether the selected checkpoints preserve the
outputs that make attribution useful. We demon-
strate that PrAM preserves attribution insights at
both the domain and example level. Specifically,
we show that PrAM identifies the same domain-to-
target rankings, as well as the highest and lowest
contributing training examples for follow-up in-
spection.

Our contributions are as follows: 1) We de-
fine offline checkpoint selection for training data
attribution: the model has already been trained,
checkpoints are fixed, and the target can be cho-
sen after release; 2) we introduce PrAM, a probe-
based selector that chooses checkpoints with high
absolute attribution mass, and PrAM-Full, a full
attribution-pool reference for the same selection
rule; 3) we show that PrAM closely matches full

saved-checkpoint attribution and PrAM-Full across
Pythia-14M/70M/160M and outperforms existing
checkpoint selection rules; 4) we show that attribu-
tion mass is concentrated in a small part of the tra-
jectory, and the high-mass region can move across
runs; 5) we use the selected checkpoints to preserve
actionable attribution insights at both the domain
and example levels.

2 Related Work

Checkpointed training data attribution. Train-
ing data attribution methods estimate how training
examples or subsets affect model behavior by scor-
ing examples with respect to a target. Training
data attribution methods include influence func-
tions (Koh and Liang, 2017), TracIn (Pruthi et al.,
2020), Data Shapley (Ghorbani and Zou, 2019),
datamodels (Ilyas et al., 2022), and TRAK (Park
et al., 2023). Recent work scales attribution to large
language models through methods such as scaling
influence functions (Grosse et al., 2023), DataInf
(Kwon et al., 2024), DDA (Wu et al., 2024), scal-
able influence and fact-tracing (Chang et al., 2025),
and LoRIF (Li et al., 2026). For checkpointed
training runs, these scores can be evaluated along
the saved trajectory rather than only at the final
model. Importantly, influence can change across
training stages (Wang et al., 2025b; Lee et al., 2026;
Eichin et al., 2026), which the final-checkpoint
alone cannot capture. This has further motivated
the development of trajectory-aware methods such
as TracIn/TracIn-CP (Pruthi et al., 2020), SOURCE
(Bae et al., 2024) and In-Run Data Shapley (Wang
et al., 2025a).

Although trajectory-aware methods motivate us-
ing more than the final checkpoint in checkpointed
attribution, full checkpointed attribution can be
expensive when many checkpoints are available.
Existing post-hoc choices are mostly coarse heuris-
tics: use the final checkpoint, recent checkpoints,
evenly spaced checkpoints, or validation-loss prox-
ies (Pruthi et al., 2020). CheckSelect studies a
related online setting, where checkpoints are se-
lected during training for data valuation (Das et al.,
2025). Our setting is different: the run has already
finished, the checkpoints are fixed, and the target
can be chosen after release. PrAM addresses this
offline setting by using a small attribution probe
to select the saved checkpoints at which to run the
full attribution pass. PrAM-Full provides the cor-
responding full attribution-pool reference for this
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selection rule.

Pretraining data analysis and mixture design.
A parallel literature studies how to choose, weight,
or analyze pretraining data. DoReMi (Xie et al.,
2023), RegMix (Liu et al., 2025), Data Mixing
Laws (Ye et al., 2025), BiMix (Ge et al., 2025),
GRAPE (Fan et al., 2025b), and DataDecide (Mag-
nusson et al., 2025) use proxy runs, regression,
scaling laws, or robust optimization to inform
pretraining-data mixtures. MATES (Yu et al., 2024)
and Group-MATES (Yu et al., 2025) use local,
model-aware influence estimates during pretraining
to guide subsequent data selection. Complemen-
tary work studies other aspects of pretraining-data
curation. WebOrganizer (Wettig et al., 2025) stud-
ies topic- and format-based domain organization,
while Topic Over Source (Peng et al., 2025) studies
topic-based data mixing. DataComp-LM (Li et al.,
2024) and FineWeb (Penedo et al., 2024) study
large-scale filtering and dataset construction. Fan
et al. (2025a) examine the effect of web-crawling
opt-outs, while The Common Pile (Kandpal et al.,
2025) focuses on public-domain and openly li-
censed pretraining data. While PrAM does not
choose a new mixture to train or predict the effect
of changing the pretraining distribution, it can sup-
port such use cases through post-hoc attribution
analysis of domains and training examples for a
target chosen later.

3 Background: Checkpointed Attribution

Setup and goal. Let Dtr = {zi}Ni=1 be the train-
ing examples that we want to score. In our ex-
periments, each zi is a 1024-token pretraining se-
quence, but the setup applies to any attribution
unit used by the underlying attribution method. Let
Dval ≡ D(val) = {qj}Gj=1 be the held-out target set.
Each target qj can be a single validation example
or a validation slice (e.g. all validation examples
belonging to a given domain).

At checkpoint θt, the underlying attribution
method assigns a scalar attribution score τt(zi; qj)
to training example zi with respect to target qj .
Higher scores indicate greater support for the tar-
get under the attribution estimator, while negative
scores indicate interference. While this sign mat-
ters for interpreting ranked training examples, our
checkpoint-selection rule uses absolute attribution
mass and does not depend on this sign convention.

Full saved-checkpoint estimator. Assume the
completed run released checkpoints Θ =
{θ0, . . . , θT }. Let αt = lrt/

∑︁T
s=0 lrs be the nor-

malized checkpoint weight, where lrt is the learn-
ing rate at checkpoint θt. For each target qj , the
full saved-checkpoint reference score for training
example zi is

τref(zi; qj) =
T∑︂

t=0

αt τt(zi; qj). (1)

Equivalently, for a fixed target qj , the reference
vector over training examples as

τ
(qj)
ref := (τref(zi; qj))

N
i=1 . (2)

In our experiments, τt is a checkpointed gradient-
dot-product score in the style of TracIn-CP (Pruthi
et al., 2020), where

τt(zi; qj) = ⟨∇θℓ(θt; zi),∇θℓ(θt; qj)⟩ . (3)

The full saved-checkpoint estimator in Eq. 1
serves as a reference attribution estimate for a com-
pleted run across all checkpoints.

Sparse checkpointed estimator. A checkpoint
selector chooses a subset S ⊆ {0, . . . , T} with
|S| = K. The selected-checkpoint estimate keeps
only those checkpoint terms:

τS(zi; qj) =
∑︂

t∈S
αt τt(zi; qj),

τ
(qj)
S :=

(︁
τS(zi; qj)

)︁N
i=1

.

(4)

Renormalizing by
∑︁

t∈S αt does not change
rankings within a target, so our rank-based met-
rics are unaffected by this choice. For each target
qj , we compare the sparse vector τ (qj)

S with the full

saved-checkpoint reference vector τ (qj)
ref .

Importantly, the choice of S can change which
domains or training examples the attribution anal-
ysis surfaces. Section 6 evaluates whether τ (qj)

S

preserves τ
(qj)
ref across different selection meth-

ods. Section 7 then analyzes the domain-level and
example-level attribution rankings from an applica-
tion standpoint.

4 PrAM: Selecting Checkpoints by
Attribution Mass

Main idea. Intuitively, some checkpoints carry
more checkpointed attribution signal than others.
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PrAM builds on this intuition by estimating where
that signal is using a small probe. Using this small
probe, we can select a checkpoint subset S, up to
budget K, and compute full attribution as in Eq. 4.

Let Psmall ⊂ Dtr be a probe set of training ex-
amples used only to select checkpoints. Further,
let Dsel

val ⊆ Dval be the target subset used in con-
junction with Psmall. When the selector uses all
held-out targets, we have Dsel

val = Dval.
For every checkpoint, PrAM computes the abso-

lute attribution mass over the probe examples and
selected targets,

mt(Psmall, D
sel
val) =

∑︂

qj∈Dsel
val

∑︂

zi∈Psmall

|αt τt(zi; qj)| ,

(5)
and selects

SK(Psmall, D
sel
val) = TopK

t∈{0,...,T}
mt(Psmall, D

sel
val).

(6)
We then have PrAM = SK(Psmall, D

sel
val) as our

checkpoint selector. In summary, the probe set
is used to select checkpoints. Then, after check-
point selection, a final attribution pass computes
τS(zi; qj) over all training examples in the attri-
bution pool (i.e. the full attribution pool) for each
target of interest across the K selected checkpoints.

In our implementation, Eq. 5 is computed by
summing over probe examples and selected targets
before any signed target aggregation. If an im-
plementation stores unweighted checkpoint scores,
the score should be multiplied by αt. Further, if
the underlying attribution method already includes
checkpoint weighting, that scaling can be absorbed
into τt. Algorithm 1 in Appendix E summarizes
the implementation.

Full-probe reference. For evaluation purposes,
we also define

PrAM-Full = SK(Dtr, D
sel
val). (7)

PrAM-Full uses the same mass rule as PrAM, but
replaces the small probe with the full attribution
pool. We define PrAM-Full to address the question
of whether a small probe can find the same high-
mass checkpoints that full-pool access would find.
Unless otherwise stated, both PrAM and PrAM-
Full select the K−1 largest-mass checkpoints plus
the final checkpoint anchor. We include the anchor
as we are ultimately interested in attribution for
the final model. In Appendix E.1, we compare
anchored and unanchored variants and find that
they converge by K = 8.

Why use absolute mass? For a fixed target qj ,
the omitted part of the saved-checkpoint reference
is

τ
(qj)
ref − τ

(qj)
S =

(︄∑︂

t/∈S
αtτt(zi; qj)

)︄

zi∈Dtr

. (8)

Therefore,
⃦⃦
⃦τ (qj)

ref − τ
(qj)
S

⃦⃦
⃦
1
≤
∑︂

t/∈S

∑︂

zi∈Dtr

|αtτt(zi; qj)| . (9)

Summing this inequality over qj ∈ Dsel
val shows

that, when attribution mass is concentrated, select-
ing high-mass checkpoints reduces a conservative
upper bound on omitted attribution signal across
the selected targets. We note, however, that while
this motivates the score, it does not prove rank
fidelity. As rankings can depend on signs, can-
cellations across checkpoints, and the ordering of
individual examples, we evaluate rankings directly
in our experiments.

Cost. PrAM replaces a full attribution pass at
every saved checkpoint with a small attribution
probe at every checkpoint and a full attribution
pass only at the selected checkpoints. The realized
cost depends on probe size, target set, full attri-
bution pool, checkpoint-loading overhead, batch-
ing, and hardware. In Appendix C, we provide a
per-checkpoint accounting model, measured timing
calibration, and cost-matched comparison.

5 Experimental Setup

Models and datasets. For our main experiments,
we use Pythia-14M, Pythia-70M, and Pythia-160M
Standard, each with T + 1 = 154 released check-
points (Biderman et al., 2023). As the Pythia
family of models was pretrained on the Pile (Gao
et al., 2020), we construct attribution pools for the
Pythia models from a pretokenized subset of Pile-
uncopyrighted (Monology, 2023). Each training
example is a 1024-token pretraining sequence. For
Pythia-14M and 70M, the full attribution pool (Dtr)
contains 17K training examples, with 1K exam-
ples sampled from each of the 17 domains. For
Pythia-160M, we use a stratified 2K-example at-
tribution pool to fit our compute budget. Notably,
model and dataset sizes are constrained to make
the full-checkpoint references computationally fea-
sible. Unless otherwise stated, PrAM uses a 256-
example probe, |Psmall| = 256.
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Pile metadata lets us group attribution scores by
domain, including code, mathematics, legal text,
biomedical text, books, web text, and other com-
ponent domains. In addition to the 17 Pile do-
mains, for Pythia-14M and Pythia-70M, we include
three external downstream targets (“downstream
probes”) not drawn from the 17 Pile-domain target
set or attribution pool: MMLU-math (Hendrycks
et al., 2021), HumanEval-likelihood (Chen et al.,
2021), and BBH-arithmetic (Suzgun et al., 2023).
The 160M reduced-pool evaluation averages over
the 17 Pile domain targets and excludes the three
downstream probes.

All checkpoint selectors are evaluated with the
same underlying attribution method. As stated in
Section 3 (Eq. 3), we use gradient dot-product attri-
bution in the style of TracIn-CP (Pruthi et al., 2020).
Specifically, our implementation utilizes the ghost
dot-product technique from In-Run Data Shapley
(Wang et al., 2025a). Thus, the checkpoint selector
changes, but the underlying attribution method is
fixed.

Baselines. We compare PrAM with practical
checkpoint-selection rules that require either no
attribution pass or only an inexpensive validation-
loss pass. The baselines are: late-K, which selects
the K most recent checkpoints; final-only, which
uses only the final checkpoint; linear/log spac-
ing, which spreads checkpoints evenly in linear
or log index; top-K learning rate, which selects
checkpoints with the largest learning-rate weights;
top-K validation loss, which selects checkpoints
with the largest validation loss on the target pool;
top-K validation-loss reduction, which selects
checkpoints with the largest adjacent validation-
loss drop; and random selection, averaged over
seeds. As offline checkpoint selection is an under-
explored problem, our baselines are simple heuris-
tics, with the validation-loss-reduction rule follow-
ing TracIn-CP (Pruthi et al., 2020).

Metrics. Our primary metric is mean per-
target Spearman correlation between the sparse
selected-checkpoint vector τ (qj)

S and the full saved-

checkpoint reference vector τ (qj)
ref , computed across

training examples. Higher values indicate better
preservation of the full reference ranking.

6 Recovering Checkpointed Attribution
with Sparse Checkpoints

This section addresses three questions: 1) how
closely do attribution estimates computed across
sparse checkpoints (selected by PrAM) align with
attribution estimates computed across the entire
checkpointed training trajectory; 2) how concen-
trated or diffuse is attribution mass across check-
points; 3) how sensitive is PrAM to probe size and
validation target coverage?

6.1 Do sparse checkpoints match full
saved-checkpoint attribution?

First, we conduct a fidelity analysis of PrAM.
Our comparisons are: 1) attribution estimates
using baseline checkpoint selection methods; 2)
PrAM-Full (i.e. checkpoint selection with the full-
attribution pool); and 3) the full saved-checkpoint
reference (i.e. full-trajectory attribution, computed
with all 154 checkpoints).

We visualize the mean per-target Spearman cor-
relation with full saved-checkpoint attribution for
both PrAM and PrAM-Full, as well as for the base-
line checkpoint selection methods, in Figure 2 (also
reported numerically in Appendix A). PrAM not
only preserves the full saved-checkpoint attribu-
tion rankings better than the baseline checkpoint-
selection rules, but stays within 0.015 mean Spear-
man of PrAM-Full in every tested scale and check-
point budget (as a result, there is very high visual
overlap in the plots). Together, these results demon-
strate that a subset of checkpoints can preserve the
rankings of the full checkpoint set, and an effective
subset can be identified even with a small attribu-
tion probe. Notably, these results also demonstrate
that heuristic rules, such as spacing-based heuris-
tics, often significantly underperform in compar-
ison to selection based on attribution mass. We
analyze this more closely in the following subsec-
tion.

6.2 Why PrAM works: attribution mass is
concentrated

To better understand the performance of PrAM, we
visualize the normalized attribution mass of each
checkpoint, reported in Figure 3. We observe that
checkpoints with high attribution mass (i.e. with
high attribution signal) do not appear at fixed inter-
vals in the saved trajectory, nor are they consistent
across models. For instance, in Pythia-70M and
Pythia-160M-2K, the mass is mostly late in train-
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Figure 2: Mean per-target Spearman correlation (higher is better) with the full trajectory as the checkpoint budget K
changes. PrAM nearly overlaps the full-probe PrAM-Full reference and outperforms baselines across Pythia-14M,
70M, and 160M-2K. Exact values are also reported in Appendix A.

Figure 3: Normalized attribution mass across Pythia checkpoints, showing where attribution mass appears along the
training trajectory. The solid blue line indicates the probe-based attribution mass used by PrAM, mt(Psmall, D

sel
val),

and the dashed orange line indicates the full-pool attribution mass used by PrAM-Full. Vertical dotted lines mark
the largest mass checkpoint and the half-mass step.

ing. This is reflected in the performance of the
late-K baseline in Figure 2. In comparison, on
Pythia-14M there is a high attribution mass region
along the middle of the trajectory as well, reflected
in lower performance of late-K. Moreover, these
results show why baseline methods based on heuris-
tics such as spacing or recency are insufficient for
checkpoint selection. The checkpoints with large
attribution mass are not chosen by index alone; they
depend on the run and target.

6.3 Probe size and validation coverage
While the previous subsections showed that PrAM
(with a probe size of 256 examples) closely aligns
with PrAM-Full and identifies similar high-mass
checkpoints, in this subsection we ask the ques-
tion of how much probe data is needed. To ad-
dress this, we perform an ablation across probe
size and validation coverage as two dimensions.
We vary the number of training examples in the
probe set, |Psmall| ∈ {64, 128, 256, 512}, and we
vary the validation pool per domain in Dsel

val from
{8, 16, 32, 64} and report the results of this sweep
in Figure 4. Even the smallest tested probes pro-

duced useful checkpoint subsets, with minimal
variation in correlation across either dimension.
For example, on Pythia-70M, the lowest-validation
cells are about 0.05–0.06 mean Spearman below
the PrAM-Full reference. Appendix C reports the
corresponding timing calibration and cost-matched
comparisons.

Additional analyses. Appendix D provides a
small OLMo-2-1B cross-architecture check. We
also analyze how strongly PrAM depends on the
targets used by the probe. In the leave-one-domain-
out (LODO) setting, the selector is built from 16
Pile domain targets and evaluated on the held-out
domain target. In every reported cell, PrAM is
the best performing method, suggesting that the
selected checkpoints transfer better to held-out do-
main targets than recency or spacing rules. The full
table is in Appendix A.

7 Using Selected Checkpoints for
Training Data Analysis

After PrAM selects checkpoints, the underlying
attribution method returns one sparse score vector

32392



Figure 4: Probe-size sweep at K = 8. Each cell reports mean per-target Spearman after selecting checkpoints with
|Psmall| training examples and Vdomain_pool validation examples per target domain. Small probes and validation
pools across the range we tested recover useful checkpoint subsets, indicating that PrAM is robust to probe size and
validation coverage as hyperparameters.

τ
(qj)
S over training examples for each target qj . We

use these per-target vectors in two ways. First, we
aggregate example-level scores by Pile domain to
build domain-by-target attribution tables. Second,
we rank individual training examples for each tar-
get, including both top-ranked examples and exam-
ples with low attribution scores. These uses follow
the standard role of attribution scores in identifying
influential training examples for inspection (Park
et al., 2023; Grosse et al., 2023; Wang et al., 2025a;
Chang et al., 2025). We are interested in the perfor-
mance of PrAM in terms of rankings preservation
in comparison to the full reference.

For Pythia-14M, Pythia-70M, and Pythia-160M-
2K, the comparison reference is the full saved-
checkpoint reference τ

(qj)
ref . We additionally define

a union-restricted reference for use with Pythia-
410M and Pythia-1B in Appendix B. The larger-
scale results test the same application outputs be-
yond the scales where we can afford the full refer-
ence.

7.1 Domain-by-target attribution

To summarize attribution at the domain level, let Ig
be the set of training examples from Pile domain g.
We define the domain-by-target table induced by
selector S as

MS [g, j] =
1

|Ig|
∑︂

i∈Ig
τS(zi; qj). (10)

We aim to answer the question of which training
domains contribute more to different validation do-
mains. We compare MS with the reference table
Mref , formed by replacing τS with τref in Eq. 10.
Figure 5A reports row-wise Spearman agreement.

For each domain g, we compute the Spearman cor-
relation between MS [g, :] and Mref [g, :], then av-
erage across domains, where higher correlation is
better. Similar to the previous experiments, we
find that PrAM recovers the domain-by-target rank-
ings better than the baseline checkpoint selection
rules. From these results, the takeaway is that the
selected checkpoint subset can change which train-
ing domains an attribution analysis points to as
being helpful or harmful for a particular validation
domain.

7.2 Ranked training example recovery

Training data attribution can rank examples for in-
spection or follow-up analysis (Park et al., 2023;
Grosse et al., 2023; Chang et al., 2025). Related
model-aware data-selection methods use example-
level signals to select or filter training data (Ilyas
et al., 2022; Engstrom et al., 2024). While the
previous subsection demonstrated that PrAM pre-
serves domain-level insights, in this subsection
we ask whether PrAM preserves example-level in-
sights. For each downstream probe qj and selector
at K = 8, we rank examples by τ

(qj)
S , equivalently

by the scalar scores τS(zi; qj).
We report Jaccard@50 in Figure 5B between

each method’s top-50 examples and the reference
top-50 examples. In each case, PrAM matches or
exceeds the performance of baseline methods. We
again note that the results for Pythia-410M and
Pythia-1B use a union-restricted reference, leading
to particularly high scores.

We also check the lowest-ranked examples at the
other end of the ranking spectrum. These are candi-
dates for inspection in filtering or data-cleaning
studies. Figure 5C reports this comparison at
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Figure 5: A summary of application-motivated analyses, compared against the available references. A) addresses
domain-level attribution at K = 8 using row-wise Spearman agreement. B) compares the top-50 training examples
for each downstream probe using Jaccard@50. Pythia-160M-2K is excluded from Panel B because the reduced-pool
run includes only the 17 Pile domain targets. C) compares the bottom-200 lowest-ranked examples at 14M and
reports rank correlation on the recovered overlap. Across all three outputs, PrAM stays closer to the reference than
baseline checkpoint selection methods.

14M. PrAM recovers 131 of the 200 full-reference
lowest-ranked examples, compared with 48–49 for
late checkpoints, linear spacing, and validation-loss
reduction. It also better preserves the reference or-
dering on the recovered overlap.

These rankings identify concrete examples to
inspect and show why checkpoint selection matters
beyond a single correlation score. Under the check-
pointed attribution estimator, important examples
for a target do not always come from the most ob-
vious domain, so changing the checkpoint subset
can change the examples a researcher inspects first.

8 Discussion and Conclusion

In this work, we addressed the setting of offline
checkpoint selection, where the model has already
been trained, checkpoints are available, and the
attribution target is chosen after training. Specif-
ically, we introduced PrAM, a post-hoc offline
checkpoint selector that first uses a small probe
to identify checkpoints with high attribution mass,
then runs a full attribution pass on only the selected
checkpoints. Our results show that using probe-
based attribution mass as a checkpoint selection
signal is highly effective in identifying important
checkpoints for training data attribution. More-
over, PrAM shows that checkpointed training data

attribution does not always need every saved check-
point.

Additionally, our results show that checkpoint
choice can change post-hoc attribution analysis.
If checkpoints are chosen by recency, spacing,
or validation-loss heuristics, the resulting domain-
level insights or ranked examples can differ sub-
stantially from those identified when using the en-
tire checkpointed training trajectory. We demon-
strated that this occurs because the high-attribution-
mass region shifts across training runs, so spacing
and other heuristics can be ineffective, particularly
at sparse budgets when the high-mass region is not
captured by the heuristic.

Our results also suggest several directions for
future work. First, most of our models exhibited
relatively concentrated attribution mass. If attri-
bution mass is diffuse rather than concentrated,
any budget-K subset will omit more of the full
saved-checkpoint attribution, making the choice of
K more important. While K is a user-specified
checkpoint budget determined by available com-
pute, this suggests some scenarios where PrAM
may be less effective, warranting identification and
mitigation strategies in such scenarios. Second, if
large checkpoint contributions cancel each other
out, magnitude-based selection may keep high-
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mass checkpoints but still fail to preserve training-
example rankings. Future work can study when
such cancellation occurs and whether it can be
detected from a small probe. Finally, while we
utilized one underlying attribution method, future
work can look at the efficacy of checkpointed at-
tribution when using alternate attribution scores.
These research questions will become increasingly
relevant as more open-source models with diverse
training trajectories are released with their check-
points and data.

9 Limitations

Most of our experiments use Pythia-14M, 70M,
and 160M, with the 160M experiments using a fur-
ther reduced 2K-example training example pool
and 17 Pile domain targets. The 410M/1B anal-
yses use smaller comparison references, so they
should be read as application analyses after val-
idation at smaller scales. Although necessitated
by feasibility given our compute budget, we ac-
knowledge the size limitation of these experiments,
both in terms of data size and model size. Further,
as most of our experiments are conducted on the
Pythia-family of models due to the limited avail-
ability of open-source models and data at smaller
scales, it is unclear how PrAM will perform on
other model families as more are released. We also
use one underlying attribution method, and note
the dependence of PrAM on the performance of the
underlying attribution method itself. Future work
should test other checkpoint suites, learning-rate
schedules, and underlying attribution methods.
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A Additional Results

Table 1 and Table 2 give the exact numbers for the
results visualized in subsection 6.1.

B Additional Application and
Comparison-Reference Details

Pythia-410M and 1B in Figure 5 do not use the full
checkpoint reference, since computing attribution
over all released checkpoints is too expensive at
these scales. Instead, we use a union-restricted
reference. For each scale, let Sm denote the K = 8
checkpoint set selected by method m. We form a
restricted checkpoint pool

U =
⋃︂

m

Sm,

including the final-checkpoint anchor when it is
part of the compared selector sets. Reported results
are computed using only checkpoints in U .

This construction gives all methods the same re-
stricted comparison set while avoiding a reference
tied to any single selector. Accordingly, the results
for Pythia-410M and Pythia-1B should be read as
agreement results under a shared restricted check-
point pool, rather than as independent validation
against the full saved-checkpoint trajectory.

B.1 Why validation-loss reduction is strong at
1B

PrAM selects checkpoints with high attribution
mass, not necessarily late checkpoints. At 14M,
70M, and 410M, the high-mass PrAM selections
and validation-loss-drop selections fall in different
parts of the saved trajectory. At Pythia-1B, how-
ever, attribution-mass shifts earlier, and PrAM’s
K = 8 selection {2, 3, 4, 7, 8, 9, 10, 153} includes
this early high-mass region. In the restricted 1B
comparison, the validation-loss-reduction rule hap-
pens to select some of the same high-mass check-
points. This explains why the 1B validation-loss-
reduction cells in Figure 5 are unusually strong.
The result supports the adaptive mass selection
used by PrAM rather than a universal early- or
late-checkpoint rule.

C Cost-Matched and Probe-Efficiency
Details

We use a simple per-checkpoint accounting model
to analyze the cost of PrAM. A full saved-
checkpoint reference pays for one full attribution
pass at each saved checkpoint, while PrAM pays
for an inexpensive probe at all checkpoints, plus
a full pass at only the K selected checkpoints.
Let Nckpt = T + 1. For compactness, we write
Cp = Cp(Psmall, D

probe
val ) for the average per-

checkpoint probe cost and Cf = Cf (Dtr, D
full
val )

Pythia-14M Pythia-70M Pythia-160M (2K)
K=4 K=8 K=16 K=32 K=4 K=8 K=16 K=32 K=4 K=8 K=16 K=32

Baselines
late-K 0.256 0.354 0.461 0.654 0.279 0.371 0.543 0.906 0.291 0.383 0.610 0.976
top-K-LR 0.202 0.284 0.390 0.478 0.170 0.170 0.170 0.170 0.147 0.147 0.147 0.147
final-only 0.137 0.137 0.137 0.137 0.170 0.170 0.170 0.170 0.147 0.147 0.147 0.147
linear-spaced 0.194 0.296 0.404 0.566 0.178 0.240 0.312 0.449 0.148 0.221 0.325 0.384
log-spaced 0.170 0.361 0.302 0.398 0.170 0.170 0.172 0.233 0.147 0.147 0.149 0.223
random 0.207 0.281 0.379 0.531 0.109 0.148 0.250 0.383 0.116 0.194 0.307 0.467
top-K val-loss 0.137 0.138 0.252 0.489 0.170 0.170 0.346 0.787 0.147 0.147 0.353 0.724
top-K val-loss-reduction 0.174 0.218 0.299 0.537 0.170 0.170 0.182 0.394 0.147 0.147 0.219 0.567

PrAM (probe, |P|=256) 0.370 0.464 0.610 0.763 0.401 0.533 0.725 0.939 0.442 0.602 0.784 0.981
PrAM-Full (full-probe ref., |P|=N ) 0.370 0.479 0.612 0.766 0.401 0.533 0.726 0.939 0.442 0.602 0.788 0.981

Table 1: Mean per-target Spearman correlation with full-trajectory attribution for various checkpoint selectors. 14M
and 70M average over 20 validation targets; 160M (reduced 2K-chunk training pool) averages over the 17 Pile
domain targets only.

Pythia-14M (LODO Q) Pythia-70M (LODO Q) Pythia-160M (2K) (LODO Q)
K late-K linear log PrAM late-K linear log PrAM late-K linear log PrAM

4 0.241 0.162 0.154 0.377 0.291 0.187 0.179 0.362 0.291 0.148 0.147 0.442
8 0.342 0.264 0.365 0.469 0.387 0.256 0.179 0.500 0.383 0.221 0.147 0.538

16 0.447 0.371 0.268 0.610 0.540 0.329 0.181 0.695 0.610 0.325 0.149 0.719
32 0.641 0.544 0.356 0.751 0.902 0.465 0.246 0.932 0.976 0.384 0.223 0.978

Table 2: Leave-one-domain-out evaluation over the 17 Pile validation targets. Selectors are built from the remaining
16 source targets and evaluated on the held-out target.

32398



Setup 14M 70M 160M-2K
K rp speedup K′ ∆log ∆lin ∆log ∆lin ∆log ∆lin

8 0.05 9.8× 15 +0.08 +0.08 +0.36 +0.25 +0.45 +0.34
8 0.20 4.0× 38 +0.07 −0.12 +0.27 +0.03 +0.41 +0.09

32 0.05 3.9× 39 +0.35 +0.17 +0.64 +0.47 +0.79 +0.48
32 0.20 2.5× 62 +0.24 +0.06 +0.60 +0.29 +0.69 +0.34

64 0.05 2.1× 71 +0.35 +0.17 +0.66 +0.33 +0.73 +0.29
64 0.20 1.6× 94 +0.36 +0.09 +0.59 +0.30 +0.63 +0.29

Table 3: Representative exact-K ′ cost-matched gaps.
∆log and ∆lin are PrAM minus spacing baselines; posi-
tive values mean PrAM wins.

for the average per-checkpoint full-attribution cost.
Then

CPrAM = NckptCp +KCf ,

speedup =
NckptCf

NckptCp +KCf
=

1

rprobe +K/Nckpt
,

(11)

where rprobe = Cp/Cf . The ratio depends on
probe size, target-pool size, batching, checkpoint-
loading overhead, and hardware.

In Table 3, we report the cost-matched grid. It
uses Eq. 11: a spacing baseline receives the same
total attribution budget after charging the probe
pass, so it may select K ′ = K + ⌊rprobeNckpt⌋
checkpoints. PrAM remains robust on 70M and
160M. On 14M, small-budget PrAM can tie or lose
to cost-matched linear spacing when rprobe is large.

The probe heatmap in Figure 4 varies
|Psmall| ∈ {64, 128, 256, 512} and Vdomain_pool ∈
{8, 16, 32, 64} at K = 8. Each cell is evalu-
ated against the Vdomain_pool=128 PrAM-Full ref-
erence. Per-cell A100 probe-selection cost is ap-
proximately 5–10 minutes at V=8 on 14M, scaling
to approximately 1–2 hours at V=64 on 160M.
These timings cover the probe stage. The final
workflow also pays KCf (Dtr, D

full
val ) for full at-

tribution at the selected checkpoints. For calibra-
tion, full 14M saved-checkpoint attribution over
17K training examples, 154 checkpoints, and 17
domain-conditioned targets costs about 29 GPU-
hours, so a matched K=8 selected pass is roughly
(8/154) · 29 ≈ 1.5 GPU-hours plus probe and
I/O overhead. Full 70M saved-checkpoint attri-
bution under the same workload costs about 74
GPU-hours. Speedups should therefore be com-
puted from Eq. 11 for the intended workload rather
than quoted as a universal ratio.

selector K=2 K=4 K=6 K=8

late-K 0.66 0.80 0.88 0.93
linear-spaced 0.57 0.67 0.76 0.85
log-spaced 0.57 0.65 0.70 0.74
random 0.47 0.73 0.83 0.92
val-loss 0.57 0.65 0.72 0.80
val-loss-reduction 0.55 0.65 0.79 0.92

PrAM-Full (full-probe ref.) 0.66 0.80 0.88 0.94
PrAM (256) 0.66 0.79 0.88 0.94

Table 4: OLMo-2-1B cross-architecture check. Val-
ues are mean per-target Spearman correlations over the
seven Dolma source-domain targets. The reference and
selected-checkpoint estimates are computed on the 11
sampled stage-1 checkpoints.

D OLMo-2 Cross-Architecture Check

We include a small cross-architecture check on
OLMo-2-1B to test whether PrAM’s behavior trans-
fers beyond the Pythia checkpoint suite. We use the
Dolma mixture and a 1B-token pretokenized slice
grouped into seven source subsets. We evaluate
the stage-1 trajectory and report agreement over 11
sampled checkpoints.

Table 4 reports mean per-target Spearman corre-
lation with the 11-checkpoint reference for budgets
K ∈ {2, 4, 6, 8}. These budgets are smaller than
in the Pythia experiments because this check uses
a much shorter evaluated trajectory. In particular,
K = 8 covers 73% of the trained checkpoints, so
the smaller budgets provide the more informative
sparse-checkpoint comparison. The results follow
the same qualitative pattern as the Pythia experi-
ments.

This experiment is intended as a cross-
architecture check rather than a full second bench-
mark. It uses a restricted set of trained OLMo-2
checkpoints and seven Dolma-domain targets, but
it supports the main conclusion that a small attribu-
tion probe can locate the high-mass region of a re-
leased checkpoint trajectory outside the Pythia/Pile
setting.

E Implementation Details

In this section, we provide the pseudocode for our
algorithm (unanchored), as well as a comparison
between the anchored and unanchored results.

E.1 Anchored vs. Unanchored PrAM

The main PrAM rule selects the K−1 largest-mass
checkpoints together with the final checkpoint T
(§4). Table 5 reports the unanchored variant at
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Algorithm 1: PrAM checkpoint selection
for post-hoc training data attribution.

Input: Saved checkpoints {θt}Tt=0, full attribution
pool Dtr, selected target set Dsel

val, probe set
Psmall, budget K, checkpoint-level attribution
method τt

Output: Checkpoint subset S for the full attribution
pass

1 for t = 0, . . . , T do
2 compute probe attributions τt(zi; qj) for

zi ∈ Psmall, qj ∈ Dsel
val

3 mt ←
∑︁

qj∈Dsel
val

∑︁
zi∈Psmall

|αtτt(zi; qj)|
4 end
5 S ← the K checkpoints with largest mt

6 run full attribution over Dtr only at checkpoints in S

small K, which selects the K largest-mass check-
points without forcing the final one. The two vari-
ants converge by K=8 because the final checkpoint
is among the top-mass indices on its own. At K=1,
anchored PrAM is forced to the final checkpoint
and inherits the trivial-final-only floor; unanchored
PrAM instead selects whichever single checkpoint
has the largest mass, which is sometimes earlier
in training and yields higher per-target Spearman.
At K={2, 4} the gap is small and not consistent
across scales. We utilize the anchored variant be-
cause our underlying goal is attribution of a specific
model run, so the final checkpoint is a structural
inclusion.

variant K=1 K=2 K=4 K=8

14M anchored 0.137 0.331 0.370 0.479
14M unanchored 0.290 0.305 0.395 0.467

70M anchored 0.170 0.288 0.401 0.533
70M unanchored 0.209 0.282 0.394 0.533

160M (2K) anchored 0.147 0.289 0.442 0.602
160M (2K) unanchored 0.229 0.325 0.466 0.603

Table 5: PrAM with and without the final-checkpoint
anchor, mean per-target Spearman over 20 (14M, 70M)
or 17 (160M-2K) validation targets. The two variants
converge by K=8.
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