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Abstract

Training data attribution is increasingly used
to filter, reweight, and prioritize rollouts in re-
inforcement learning with verifiable rewards
(RLVR). However, these interventions often as-
sume that individual samples, transitions, or
trajectories can be attributed independently of
the other data used in the same update. We
show that this assumption is not merely a prop-
erty of the attribution estimator, but a structural
property of the training objective. We recast
training data attribution as individual treatment
effect estimation and use the Stable Unit Treat-
ment Value Assumption (SUTVA) to determine
when a proposed attribution unit is well-defined.
This yields a simple criterion that attribution
is only valid at the level where the algorithm
assigns a stable contribution to that unit. Ap-
plying this criterion to RLVR, we show that the
PPO objective admits trajectory-level attribu-
tion, whereas naive trajectory-only attribution
is not well-defined for GRPO unless peer con-
text is modeled. Experimental results support
this distinction and provide preliminary evi-
dence for group-level attribution under GRPO.

1 Introduction

Reinforcement Learning with Verifiable Rewards
(RLVR) has emerged as a pivotal paradigm for un-
locking the complex reasoning capabilities of large
language models (LLMs), especially in domains
such as mathematics and code where outputs can
be automatically checked (Schulman et al., 2017;
Shao et al., 2024). Unlike supervised fine-tuning,
RLVR optimizes over sampled reasoning trajecto-
ries, allowing the model to explore alternative solu-
tion paths and learn from verifier feedback. Among
recent RLVR methods, Group Relative Policy Op-
timization (GRPO) and its variants have become
especially prominent because they avoid a learned
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value model and estimate advantages from groups
of sampled responses (Shao et al., 2024).

Recently, training data attribution is increasingly
being used as an optimization tool rather than only
a diagnostic tool. Recent methods score rollouts,
transitions, or prompts by estimated influence and
then use these scores to filter, reweight, replay, or
prioritize training data (Hu et al., 2025b; Zhu et al.,
2026; Shu et al., 2026). This line of work inherits
the intuition from supervised learning attribution:
if we can estimate which training units help or hurt
a target objective, we can intervene on those units
to make training more efficient.

As illustrated in Figure 1, this intuition relies on
a structural assumption that is often left implicit:
the attributed unit must be a meaningful unit of opti-
mization. Under the trajectory-local PPO objective
studied here, this assumption holds because each
trajectory receives an advantage estimate computed
independently from that trajectory’s own reward
and value function. A trajectory-level influence
score can therefore be interpreted as approximating
the effect of changing the weight of that trajectory.
However, this interpretation breaks down under
group-relative optimization.

GRPO violates this condition because it does not
assign credit to a trajectory in isolation. For each
prompt, GRPO samples a group of responses and
normalizes every reward against the rewards of the
other responses in the same group. The resulting
advantage of one trajectory therefore changes when
its peers change, even if the trajectory itself is fixed.
This group coupling means that the optimization
effect of a trajectory is not an intrinsic property of
that trajectory. And it is a property of the trajectory
together with the sampled group.

This tension leads to our central question: Can
trajectory-level attribution remain well-defined
under group-relative optimization without mod-
eling peer context? At first glance, the answer
may appear to be yes. A trajectory-level score can
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Figure 1: Overview of the attribution unit mismatch studied in this work. Under the trajectory-local PPO objective
studied here, each trajectory receives an independently defined advantage, so trajectory-level attribution is well-
defined. In GRPO-style optimization, the advantage of each trajectory depends on peer responses sampled for the
same prompt, so the trajectory-only TD-ITE varies with peer context. Our framework formalizes this distinction
through SUTVA and shows that the group level serves as the natural level of attribution for standard GRPO unless

peer interference is explicitly modeled.

still correlate with short term validation loss or re-
ward improvement, and such local property seems
to justify filtering or reweighting individual trajec-
tories. We show that this reasoning is misleading
because a locally predictive score need not identify
an actionable unit of optimization under GRPO.

We make this failure precise by recasting train-
ing data attribution as an individual treatment ef-
fect (ITE) problem from the perspective of causal
inference. In this view, attribution asks how the
validation objective would change under an inter-
vention on the weight of a training unit. Such a
per-unit effect is meaningful only when the unit sat-
isfies the Stable Unit Treatment Value Assumption
(SUTVA) (Rubin, 1986) that changing one unit’s
weight should not change the contribution assigned
to another unit. The trajectory-local PPO objec-
tive satisfies this condition at the trajectory level,
whereas standard GRPO does not satisfy it because
the contribution of each response is defined through

group-level reward statistics.

This formulation yields a simple criterion for
choosing the right attribution unit: unit-only attri-
bution is valid only at a level where the train-
ing objective satisfies the SUTVA. We show that
supervised learning satisfies this condition at the
sample level and the trajectory-local PPO objective
satisfies it at the trajectory level, whereas standard
GRPO satisfies it at the group level. We then prove
that a trajectory-level influence score under GRPO
is a biased estimator of the corresponding leave-
one-out effect, with a bias term induced exactly by
the peer trajectories used in group normalization.

Our experiments confirm this proposition by
comparing the same attribution protocol under PPO
and GRPO. Under PPO, where the trajectory is
a valid attribution unit, trajectory-level reweight-
ing behaves consistently with the attribution sig-
nal. Under GRPO, the same protocol becomes
unreliable because scores change when only the
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peer trajectories are resampled, rankings are unsta-
ble under regrouping, and trajectory-level filtering
or reweighting does not yield consistent optimiza-
tion gains. These results support the central claim
that the problem is not attribution noise alone, but
a mismatch between the attribution unit and the
credit-assignment structure of the algorithm.

The key results and main contributions are three-
fold:

* We identify attribution-unit mismatch as a
structural failure mode in RLVR: trajectory-
level attribution is well aligned with PPO-
style objectives, but becomes ill-defined under
standard GRPO.

* We formulate training data attribution as an
ITE estimation problem and use SUTVA to
characterize the valid attribution unit of a train-
ing objective. This framework classifies su-
pervised learning, PPO, and GRPO-family ob-
jectives under a common perspective.

We provide theoretical and empirical evidence
that standard GRPO naturally supports unit-
only attribution at the group level, and the
trajectory-local PPO objective supports it at
the trajectory level.

2 Related Work
2.1 RLVR

With the rapid advancement of large language
models, reinforcement learning has become a cru-
cial paradigm in their post-training (Ziegler et al.,
2019; Stiennon et al., 2020; An et al., 2025; Bai
et al., 2022). Early LLM reinforcement learning
largely adopted PPO as the default optimizer for
RLHEF, following its role as a stable policy gradient
method and its use in instruction following sys-
tems (Schulman et al., 2017; Ouyang et al., 2022).
However, in reasoning oriented RLVR, verifiable
outcome rewards and large rollout batches make
critic-based PPO increasingly expensive. Thus
GRPO becomes the core algorithm, which removes
the learned value model by estimating advantages
from multiple responses sampled for the same
prompt (Shao et al., 2024). And DeepSeek-R1
further demonstrated that verifier driven RL can
elicit strong reasoning behavior at scale (DeepSeek-
Al, 2025). Recent work has therefore refined this
critic-free, group-relative family: REINFORCE++
stabilizes critic-free optimization with global ad-
vantage normalization (Hu et al., 2025a), DAPO

improves large scale GRPO training through dy-
namic sampling and clipping changes (Yu et al.,
2025), Dr. GRPO analyzes biases in R1-zero-like
training (Liu et al., 2025), and GSPO moves opti-
mization to the sequence level (Zheng et al., 2025).
Our work studies this same shift toward group-
relative RLVR, but asks a different question: what
attribution unit is valid when the optimizer itself
assigns credit through a response group?

2.2 Data Attribution for RL

Training data attribution traces model behavior or
validation performance back to the data used dur-
ing training. Classical methods such as influence
functions and Tracln estimate the effect of individ-
ual training examples through either local sensitiv-
ity at an optimum or gradient similarity along the
training trajectory (Koh and Liang, 2017; Pruthi
et al., 2020). These methods were developed pri-
marily for supervised learning, where examples
enter the objective as separable terms. RL com-
plicates this picture because the data distribution
changes with the policy, and because a training unit
may be a transition, a trajectory, a prompt, or a
rollout group rather than a static example. Hu et al.
(2025b) adapt attribution to online RL by scoring
recent rollout-buffer records and using the scores
for influence based filtering. Following this line of
research, subsequent works tailored attribution ap-
proaches to the distinct phases of RLVR for LLMs.
For example, CROPI (Zhu et al., 2026) utilized off-
policy influence guidance for data selection to en-
able more efficient RLVR training. Operating at the
trajectory level, IPPO (Shu et al., 2026) leverages
influence based attribution to filter or reweight tran-
sitions to improve training efficiency. These works
show that attribution can be used inside RL training
loops, but it does not by itself specify which unit re-
mains valid under a given RL objective. We further
study this question in RLVR, where PPO-style and
GRPO-style objectives provide a concrete setting
for analyzing when trajectory-level attribution is
well-defined.

2.3 Causal Inference and Interference

Causal inference provides the tool for asking when
a unit-level effect is well-defined. In the potential
outcomes framework, causal effects are defined by
comparing the outcomes that would be observed
under different treatments for the same unit (Ru-
bin, 1974; Holland, 1986). This view underlies
a large body of work on treatment effect estima-
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tion, including propensity score methods for ob-
servational studies (Rosenbaum and Rubin, 1983).
A key assumption in this framework is that each
unit’s potential outcome is unaffected by the treat-
ment assignment of other units, commonly for-
malized through SUTVA (Rubin, 1986). When
this assumption fails, causal effects are no longer
purely unit-wise objects. Prior work on interfer-
ence studies this setting in randomized and obser-
vational designs, including housing-mobility ex-
periments, partial-interference models, and more
general exposure mappings (Sobel, 2006; Hudgens
and Halloran, 2008; Tchetgen and VanderWeele,
2012; Aronow and Samii, 2017). We borrow this
perspective for training data attribution. The treat-
ment is the weight assigned to a training unit, and
interference arises when the contribution of one
unit depends structurally on other units in the same
optimization group.

3 A Causal Inference Perspective on
Training Data Attribution

In this section, we first give a causal interpretation
of training data attribution. The key idea is to view
the weight assigned to a training unit as a treatment
and the validation objective as the outcome. Under
this view, attribution estimates how the outcome
would change if we intervened on the weight of
a unit. We then identify the no-interference con-
dition required for such a unit-level effect to be
well-defined, and use it to determine the valid attri-
bution unit of different training objectives.

3.1 Training Data Attribution as an
Individual Treatment Effect

Training data attribution methods aim to answer
a counterfactual question: how would the valida-
tion loss at z, change if training sample z; were
removed or upweighted? To formalize this as a
causal estimand, we adopt the standard reweight-
ing parameterization (Koh and Liang, 2017). Let
D = {z1,...,2,} denote a training dataset and
Lya(0; z,) a validation loss at z,. We treat each
training sample as a unit whose treatment is its in-
clusion weight w; € R, and consider the weighted
training problem:

L (0; w) = Zwi-f(ziﬁ),
i=1 )
0 (w) = argmeinLe(H; w),

where w = 1 denotes the standard training process
0 := 6*(1), w = 1 — e; corresponds to leave-
one-out retraining, and w; = 1 + € corresponds to
infinitesimal upweighting of training sample z;.

The reweighting parameterization in Eq. 1 re-
casts removal or upweighting as an intervention
on the inclusion weight w;. In the potential out-
comes framework (Rubin, 1974), each training sam-
ple is a unit, w; is a continuous treatment, and
Ly (6*(w); 2 ) is the outcome under treatment vec-
tor w. The infinitesimal unit-level effect at the
observed training run is therefore the derivative
of the validation loss with respect to w;. We call
this quantity the training data individual treatment
effect (TD-ITE):

Definition 1 (TD-ITE) For training sample z;
and validation point z,,

0Ly (0% (w); 2y)
8’(1]1'

ITE(z;; ) = (2)

w=1

For standard supervised objectives, ITE(z;; zy)
is the local first-order version of the discrete leave-
one-out retraining effect Ly, (0*(1 — €;); z,) —
Lval(é; zy). This is the causal object that many
attribution methods implicitly approximate. Differ-
ent attribution methods estimate this same underly-
ing quantity with different approximations:

* Influence functions (Koh and Liang, 2017)
use the implicit function theorem at the trained
optimum, yielding a closed-form estimator
in terms of the validation gradient and the
inverse Hessian of the training loss.

* Tracln (Pruthi et al., 2020) accumulates per-
step inner products of training and validation
gradients along the SGD trajectory.

* TRAK (Park et al., 2023) combines random
projections of per-sample gradients with a
kernel-based scoring rule, scaling influence-
style attribution to large models.

Despite these methodological differences, all three
can be viewed as estimators of the TD-ITE in Eq. 2.
Training data attribution can therefore be formal-
ized as individual treatment effect estimation.

3.2 SUTVA as the Identifiability Prerequisite

The TD-ITE in Eq. 2 is a per-unit effect. Such an
effect is meaningful only if the chosen unit is a sta-
ble optimization unit. This means that intervening
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on one unit’s weight should not change the contri-
bution assigned to another unit. In causal inference,
this is the no-interference component of the Stable
Unit Treatment Value Assumption (SUTVA) (Rubin,
1986). The SUTVA requires that unit ¢’s potential
outcome depend only on its own treatment 7}, not
on the treatment assignments of other units.

In the training data attribution setting, the vali-
dation loss is the common outcome shared by all
training units. We therefore express SUTVA as a
no-interference condition on the unit contribution
inside the weighted training objective. After dif-
ferentiating the objective with respect to a unit’s
intervention weight, the resulting contribution must
be determined by that unit and the common model
state alone.

Definition 2 (SUTVA for Data Attribution) Let
U ={ui,...,un} be a candidate attribution unit
level, and let w,, denote the intervention weight
assigned to unit u;. A training regime (A, L)
satisfies SUTVA at level U if, for every unit u; € U,
there exists a function g,,, such that

= Gu; (Zum 0)7 3)
w=1
where g, depends only on the data of unit u; and
the model state 0, and not on the data or weights
of any other unit u; with j # 1.

Definition 2 gives a criterion for when an attri-
bution unit is well-defined. We call attribution at
level U valid if the TD-ITE of each unit u; € U is
determined by z,,, and the common trained state,
rather than by the other units that happen to share
the same update or group. In this paper, “valid
attribution” strictly refers to the unit-only TD-ITE
that is invariant to peer context. This definition
applies solely to attributions interpretable as indi-
vidual causal effects. And it does not deny that the
utility of cross-unit attribution methods or heuristic
scores for ranking may still be useful.

Proposition 1 (Validity of Per-Unit Attribution)
Under the regularity conditions stated in Ap-
pendix D, a training regime (A, L) admits valid
unit-only attribution at level U if and only if it
satisfies SUTVA (Definition 2) at that level. When
SUTVA holds, the ITE for each unit u; € U is
given by
ITE(24,5 20) = —VoLyu(0%; 20) " Hgi' Vogu, (2u,,0%).
(C))
When SUTVA fails, the TD-ITE at level U depends
on the data of other units in the interfering cluster

containing u;, so no estimator that only observes
zy,; can identify the unit-level effect.

The forward direction follows the standard in-
fluence function derivation of (Koh and Liang,
2017). When the unit contribution is separable, dif-
ferentiating the optimality condition yields Eq. 4.
The converse follows the logic of partial interfer-
ence (Hudgens and Halloran, 2008). If the contri-
bution assigned to u; changes with peer units, then
two contexts with the same z,,, can induce different
TD-ITEs. Thus, when SUTVA fails, attribution at
that level is not merely noisy, the unit-level esti-
mand is undefined unless the interfering context is
included in the unit. (Full proofs in Appendix D.)

3.3 SUTVA of Common Training Regimes

Proposition 1 reduces the question “at what level is
attribution valid?” to “at what level does SUTVA
hold?” This level is determined by the structure of
the training objective, not by the attribution esti-
mator alone. As a result, the same trajectory-level
score can estimate a stable unit-only effect under
one algorithm but become invalid under another.
Table 1 summarizes this distinction.

4 Trajectory-Level SUTVA in RL
Training

We now apply the framework to two representative
RL training regimes: GRPO (Section 4.1) and PPO
with per-trajectory GAE (Section 4.2). They differ
in the level at which the advantage is defined. In
GRPO, the advantage of a trajectory is normalized
against peer responses from the same prompt group.
In PPO, the advantage is computed from the reward
of the trajectory itself and a value function. This
yields the central contrast that trajectory-level at-
tribution is valid for PPO-style objectives, but
not for GRPO-style objectives.

4.1 GRPO: A SUTVA-Failure Case

We first formalize GRPO in the weighted form
of Eq. 1. For a prompt-conditioned group
g ={m,..., 7} with trajectory rewards {r; }icq.
GRPO computes group statistics and assigns each
trajectory a normalized advantage:

1 1
/‘Lg:ﬁzrjagg: EZ(Tj—Ng)Q»

Jj€yg Jj€g 5)

i — b
A; = 9
2(9) og+e

43046



Table 1: SUTVA structure of common training regimes for training data attribution. The atomic unit at which per-unit
attribution is valid coincides with the level at which SUTVA holds. Supervised learning losses are decomposable
across samples, whereas PPO’s advantage depends solely on the current trajectory. Therefore, SUTVA holds at
the sample level and trajectory level, respectively. In standard GRPO, the advantage depends on peer rewards.

Consequently, SUTVA does not hold at the trajectory level, but rather is satisfied exclusively at the group level.

Regime L. structure lsnggsvﬁt At‘g;?(;l;lto n Work family
Supervised learning . wif(z:, 0) per-sample per-sample  (Koh and Liang, 2017; Ilyas et al., 2022)

PPO family
GRPO family

>, wrA-(0)logw(T) per-trajectory per-trajectory
>y Lg({wi, ritieg, ) per-group only per-group only

(Hu et al., 2025b; Shu et al., 2026)
(Zhu et al., 2026; Yang et al., 2026)

The corresponding weighted GRPO loss is

=22

1€g

LERPO (9. ) g) log mo(7).
(0)
which recovers the standard GRPO objective at
w=1.
This objective does not satisfy SUTVA at the
trajectory level.

Proposition 2 (GRPO violates SUTVA) For the
weighted GRPO loss in Eq. 6, for any trajectory T;

in group g,

8L§RP0(0; w)

T — —Ai(g)log mo(7:)

w=1

(7
where A;(g) depends on the rewards {r;};cq
through g and og4. The contribution assigned to T;
therefore changes when its peer trajectories change.
Consequently, GRPO does not satisfy SUTVA (Def-

inition 2) at the trajectory level.

Proposition 2 and Proposition 1 together imply
that naive per-trajectory attribution in GRPO is
not well-defined as an individual causal effect in-
dependent of the peer group. The TD-ITE of 7; is
not a function of 7; alone, but of the entire prompt
conditioned group containing it. By contrast, if the
whole group is treated as the unit, the contribution
is determined by that group and SUTVA is restored.

4.2 PPO: A SUTVA-Holding Case
We next consider PPO with per-trajectory GAE and

no cross-trajectory normalization as the contrasting
case. For a batch of trajectories {71, ...,7x}, the
weighted PPO loss is

N
- ZwiA
=1

LPO(0; w) = 0)log mg(:), (8)

where A, (6) is the generalized advantage esti-
mate (Schulman et al., 2015) computed from tra-
jectory T;:

T,—1
A7'1<6) = Z (’Y/\)t@?, 9
= ©)
o =rf 7V9(5t+1) — Vo(s").

The key contrast with GRPO is that A, is com-
puted from 7; and the common model state 6 only.
It does not depend on the rewards, states, or weights
of any other trajectory 7; with j # 1.

Therefore, under this decomposed objective,
PPO satisfies SUTVA at the trajectory level.

Proposition 3 (PPO satisfies SUTVA) For the
weighted PPO loss in Eq. 8, for any trajectory T;,

OLPPO(0; w)

= _AT' 1 i)
- (0)log mo(,)

w=1

(10)

where A.,(0) depends only on T; and the common
model state 0, the contribution assigned to T; is
invariant to changes in other trajectories. Conse-
quently, PPO satisfies SUTVA (Definition 2) at the
trajectory level.

In contrast to GRPO (Proposition 2), PPO assigns
each trajectory a stable contribution. Therefore,
PPO is suited for trajectory-level attribution.

S Empirical Experiments

5.1 Experimental Setup

Model and Dataset. We fine-tune Qwen2.5-
1.5B-Instruct (Yang et al., 2024) and Gemma 3-
1B (Team, 2025) on the GSM8K math reasoning
benchmark (Cobbe et al., 2021) using the verl
framework. Training uses all 7,473 GSMS8K train-
ing problems, and evaluation is performed on the
1,319 test problems. We evaluate model perfor-
mance using GSM8K Acc@1 at each training
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Figure 2: Trajectory-level attribution is effective under
PPO. PPO with attribution guided reweighting improves
sample efficiency over the PPO baseline, which is con-
sistent with our framework’s prediction that the studied
PPO objective supports trajectory-level attribution.

checkpoint using sampling temperature 1.0. To
verify the consistency across different test datasets,
we further evaluate the trained checkpoints on
MATHS00 (Hendrycks et al., 2021).

Training Regimes. We compare a matched set of
four training configurations: PPO, PPO with attri-
bution guided reweighting, GRPO, and GRPO with
attribution guided reweighting. The PPO runs use
per-trajectory GAE, while the GRPO runs sample
n = 5 responses per prompt and compute group
relative advantages. All runs follow the standard
verl implementation, using KL regularization and
a rule based verifier based on boxed answer match-
ing with math verify. For more details, please
refer to the Appendix.

Attribution score. For every rollout trajectory 7;,
we compute a TracIln-style (Pruthi et al., 2020) in-
fluence score by measuring the alignment between
its training loss gradient and a held-out validation
gradient:

Score(r;) = <V@£:¥iin<7—i; 0), 9V>7 (11)
where E?ﬁin(n; 0) is the per-trajectory loss term

of Eq. 8 (PPO) or Eq. 6 (GRPO), and the validation
gradient gy = VyE(, )p,, [~ logmg(y | x)] is
the supervised gradient on a held out reasoning
set Dya1 of Ny, GSM8K prompt response pairs
disjoint from training data. Scores are recomputed
every training steps.

5.2 Trajectory-Level Attribution Improves
PPO

As established in Sec 4.2, our framework predicts
that PPO is compatible with trajectory-level attri-
bution. Figure 2 shows the GSM8K Acc@1 over

GSMB8K test acc@1

—eo- GRPO baseline
—— GRPO + attribution

0 50 100 150 200 250
Training step

Figure 3: Trajectory-level attribution fails under GRPO.
In contrast to PPO, applying the same trajectory-level
attribution protocol to GRPO does not yield reliable
optimization gains, which is consistent with the predic-
tion that standard GRPO does not admit trajectory-level
attribution unless peer context is modeled.

training checkpoints. As can be seen, attribution
guided reweighting improves Acc @1 relative to the
PPO baseline, which is consistent with trajectory-
level attribution being well-defined under the stud-
ied PPO objective. This behavior is consistent
with Proposition 3 and helps explain the empirical
success of trajectory-level attribution in PPO-style
training (Hu et al., 2025b; Shu et al., 2026).

5.3 Trajectory-Level Attribution Fails for
GRPO

In contrast to PPO, our framework predicts that
standard GRPO does not admit trajectory-level
attribution unless peer context is modeled (Sec-
tion 4.1). Figure 3 reports GSM8K Acc@]1 for
the corresponding GRPO runs. As can be seen,
applying the same trajectory-level attribution and
reweighting protocol to GRPO fails to improve over
the GRPO baseline and instead degrades Acc@]1.
This contrast with PPO supports Proposition 2.
And it shows that when a trajectory’s contribution
is defined relative to its peer responses, a trajectory-
level attribution score is not a stable intervention
signal for GRPO optimization.

5.4 Consistency across Test Datasets

To verify whether our findings are consistent
across test datasets, we evaluate the Qwen2.5-1.5B-
Instruct checkpoints trained on GSM8K using the
MATHS00 test set. As shown in Table 2, trajectory-
level attribution fails to improve Acc@1 over the
GRPO baseline, whereas group-level attribution
improves Acc@1 by 5.90 percentage points to
54.80%. These results indicate that our main find-
ing holds across the various test datasets.
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Table 2: Cross-dataset evaluation of the Qwen2.5-1.5B-
Instruct checkpoints trained on GSMS8K. TA and GA
denote trajectory-level and group-level attribution, re-
spectively. A are computed relative to GRPO.

Method Unit Acc@1 A
GRPO - 48.90% -
GRPO + TA trajectory 48.80% —0.10%
GRPO +GA  group  54.80% +5.90%

5.5 Consistency across Model Backbones

To verify the consistency of our findings across
various model backbones, we repeat the GRPO
comparison using Gemma 3-1B on GSMS8K. As
can be seen in Table 3, trajectory-level attribu-
tion reduces the best Acc@1 from 64.90% to
61.71%, whereas group-level attribution improves
it to 66.26%. These results demonstrate that the
observed attribution-unit mismatch is not specific
to a specific model backbone.

Table 3: GRPO attribution comparison using Gemma 3-
1B on GSMS8K. TA and GA denote trajectory-level and
group-level attribution, respectively. A are computed
relative to GRPO.

Method Final Acc@1 Best Acc@1 A
GRPO 64.90% 64.90% -
GRPO + TA 60.12% 61.71% —3.19%
GRPO + GA 65.96% 66.26% +1.36%

6 Discussion

Mechanism behind GRPO degradation. The
structural origin of the performance degradation
caused by trajectory-level attribution in GRPO is
biased intervention estimation. In standard GRPO,
reweighting or removing a trajectory changes not
only its own loss contribution but also the ad-
vantages assigned to its peers through the group
statistics. Trajectory-level scores ignore these peer-
induced changes, thereby incorrectly estimating the
magnitude or direction of the actual intervention
effect. This bias does not necessarily mean that
trajectory ranking is entirely invalidated. While
attribution scores might still retain partial rank-
ing information, they still yield flawed filtering
or reweighting decisions. As these flawed deci-
sions are repeatedly applied throughout training,
the resulting errors can compound across policy
updates and ultimately degrade the overall training

performance.

Extension to Other RLVR Algorithms. Our
analysis is not specific to the exact GRPO objec-
tive in Section 4.1. Applying SUTVA-based crite-
ria, Table 4 compares representative RLVR algo-
rithms in terms of their credit-assignment structures
and attribution units. Methods such as DAPO (Yu
et al., 2025), Dr. GRPO (Liu et al., 2025), and
GSPO (Zheng et al., 2025) modify the details
of sampling, clipping, or normalization, but they
still define the model parameter update of one re-
sponse through statistics computed from other re-
sponses in the same prompt conditioned group. As
long as this group-relative dependence remains,
the contribution assigned to a single trajectory
is not determined by that trajectory alone. The
SUTVA diagnosis therefore extends beyond stan-
dard GRPO and suggests that unit-only attribu-
tion for this family should operate at the group
level unless peer context is explicitly modeled. Be-
yond the GRPO family, other RLVR algorithms
exhibit distinct dependency structures. For exam-
ple, REINFORCE++ (Hu et al., 2025a) normal-
izes advantages over the global optimization batch,
causing the contribution assigned to each trajec-
tory to depend on batch-level statistics. There-
fore, it does not satisfy the condition required for
trajectory-level attribution. In contrast, PPO is
compatible with trajectory-level attribution under
the trajectory-local assumptions. These analyses
demonstrate that our theoretical framework is ap-
plicable to RLVR algorithms with varying credit-
assignment structures, rather than being confined
to standard GRPO.

Reconciling existing attribution for RL suc-
cesses. This distinction also helps reconcile our
negative GRPO result with prior attribution guided
RL successes. When the optimizer treats the inter-
vened records as separable update units, trajectory-
or transition-level scores can be meaningful, which
is the regime targeted by PPO based attribution
methods such as Shu et al. (2026) and local online
RL attribution methods such as Hu et al. (2025b).
In contrast, attribution guided data selection under
GRPO family training is better understood as act-
ing on coarser units, such as prompts or prompt
conditioned rollout groups, rather than as an in-
tervention on a single trajectory in isolation (Zhu
et al., 2026; Yang et al., 2026). These successes
therefore do not contradict our SUTVA analysis.
They instead suggest that attribution is most reli-
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Table 4: SUTVA-based attribution-unit analysis of representative RLVR algorithms. “Conditional” assumes a fixed
critic, normalization statistics, and loss-reduction convention, without recomputing cross-sample statistics.

Algorithm

Credit-assignment

Trajectory-level Suggested

structure SUTVA attribution unit
PPO (Schulman et al., 2017) Trajectory-local rewards and value Conditional Trajector
” predictions through GAE J y

GRPO (Shao et al., 2024) AdYagtage normalized by tk.u? mean and standard Prompt-conditioned

deviation of a prompt-conditioned response group rollout group
Dr. GRPO (Liu et al., 2025) Group-mean .re\.Nard baseh.ne Wlthout No Prompt-conditioned

standard-deviation normalization rollout group
DAPO (Yu et al., 2025) GRP_O—style grc?up—rel_atl\{e advantage with . Prompt-conditioned

modified sampling, clipping, and loss aggregation rollout group
GSPO (Zheng et al., 2025) .Group—relatlve.advantagfe Wlth sequence-level No Prompt-conditioned

importance ratios and clipping rollout group
REINFORCE++ (Hu et al., 2025a) Global.ad.van.tage normalization over No unde.r glpbal Normalization

the optimization batch normalization batch

Table 5: Multi-seed preliminary comparison of attribution units under GRPO. TA denotes trajectory attribution, and

GA denotes group attribution.

Method Attribution unit Final Acc@1 Best Acc@1 A (Best vs. Base)
(mean =+ std) (mean =+ std)
GRPO - 79.76% £+ 0.23% 79.80% =+ 0.19% -

GRPO + TA trajectory
GRPO + GA group

76.55% + 3.05% 78.77% % 0.50%
80.40% =+ 0.19% 80.86% + 0.05%

—1.03%
+1.06 %

able when the intervention unit is aligned with the
optimizer’s credit assignment unit.

What group-level attribution implies. Moving
from trajectory-level to group-level attribution does
not simply mean averaging trajectory scores within
a group. Rather, it changes the intervention being
estimated. Under the GRPO advantage estimator,
the relevant counterfactual is how the validation
loss would change if a prompt-conditioned roll-
out group were reweighted, removed, or resam-
pled as a whole. This perspective preserves the
group-relative normalization structure used by the
optimizer and avoids assigning an intrinsic effect
to a trajectory whose contribution is defined only
relative to its peers.

As a preliminary validation, we additionally eval-
uate group-level attribution for GRPO by reweight-
ing prompt-conditioned rollout groups as whole
units. Table 5 reports the best GSM8K Acc@1
under the fixed-seed protocol. Compared with
trajectory-level attribution, group-level attribution
improves the best Acc@1 of GRPO, providing ini-
tial empirical support for the unit-alignment prin-
ciple suggested by our SUTVA analysis. The ad-
ditional evaluations with MATH500 and Gemma

3-1B (Tables 2 and 3) provide further evidence for
this unit-alignment principle across various model
backbones and test datasets. We provide the corre-
sponding extension of influence functions to group-
level interventions in Appendix E. These prelimi-
nary results suggest that future data selection meth-
ods for GRPO should prioritize prompts, rollout
groups, or group construction policies rather than
isolated responses.

7 Conclusion

In this paper, we recast training data attribution
as individual treatment effect estimation and iden-
tified SUTVA as the structural condition that de-
termines whether attribution at the unit is valid.
Our proposed framework illustrates that under the
objectives studied here, trajectory-level attribution
is well-defined for trajectory-local PPO, whereas
trajectory-level attribution is invalid under standard
GRPO. And our experiments provide empirical sup-
port for both predictions. The framework further
suggests group-level attribution as a constructive
direction for the GRPO family, and offers a default
diagnostic for choosing the right attribution unit in
any new training regime.
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Limitations

In this section, we honestly discuss several lim-
itations of our work, including empirical scope,
applicability to large-scale RL training, scope of
trajectory-only attribution under GRPO, and theo-
retical assumptions.

Empirical scope. Our experiments focus on
math oriented RLVR with a fixed model scale, ver-
ifier reward, and attribution protocol. Although
this setting directly reflects the GRPO-style train-
ing regime that motivates our analysis, it does not
cover the full range of RLVR tasks, model sizes,
reward functions, or attribution estimators. There-
fore, our empirical results should be interpreted
as evidence for the predicted unit mismatch in the
studied setting, rather than as a universal claim
about the quantitative behavior of all attribution
methods under all group-relative algorithms.

Applicability to large-scale RL training. Our
SUTVA diagnostic focuses on the structure of the
optimization objective. As long as the algorithm
defines the credit assigned to a trajectory through
its peer responses, the trajectory-level contribution
inherently depends on its peer responses regardless
of model scale. However, this structural conclu-
sion does not guarantee that group-level attribution
will always yield practical benefits across all large-
scale training regimes. In large-scale RL training,
distributed optimization, larger and more hetero-
geneous rollout batches, estimation variance, non-
stationary sampling, and the computational cost of
group-level estimation can all impact its practical
utility. As our current experiments have not yet
covered larger-scale models or extended training
schedules, evaluating the effectiveness and scala-
bility of group-level attribution in these settings
remains an important direction for future research.

Scope of trajectory-only attribution under
GRPO. Our framework shows that trajectory-
level attribution is not well-defined for GRPO-style
objectives unless peer context is modeled, because
the contribution of a trajectory depends on the peer
responses in its sampled group. Therefore, this pa-
per does not propose a trajectory-level attribution
method for GRPO. Instead, it suggests that future
attribution methods for GRPO should operate at
the group level or explicitly model within group
interference. And our framework does not deny
that the utility of cross-unit attribution methods or
heuristic scores for ranking may still be useful.

Theoretical scope and idealized assumptions.
Our theoretical analysis has two main limitations.
First, the attribution quantities studied in this pa-
per are local. The TD-ITE formulation follows
the standard infinitesimal reweighting view used
in influence based attribution. Therefore, it ana-
lyzes first-order sensitivity around the local training
buffer rather than the effect of large data interven-
tions or full retraining. Second, the derivations
rely on idealized regularity assumptions, including
differentiability of the weighted objective, the ex-
istence of a well-defined local optimum, and the
nonsingular Hessian matrix. These assumptions
are standard in influence-style analyses and help
isolate the structural role of the attribution unit,
but they ignore the finite-step optimizer dynamics,
rollout sampling noise, and other non-asymptotic
effects in practical RLVR training.
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A Additional Results with TRAK

To verify the consistency of our findings across dif-
ferent attribution estimators, we repeat the GRPO

comparison using TRAK-style scores. As can
be seen in Table 6, trajectory-level attribution re-
duces the best Acc@1 from 77.25% to 76.65%,
whereas group-level attribution improves it to
78.17%. These results indicate that the observed
attribution-unit mismatch is not unique to any spe-
cific attribution estimator.

B Experimental Setup Details

Tables 7 and 8 present the key hyperparameters
used for PPO and GRPO training.

C Random seed and reporting protocol

To reduce confounding effects from stochastic
training dynamics, all reported training runs use
a fixed random seed of 1234 under each experi-
mental configuration. The curves in the main text
therefore report single-run Acc@1 values under
this fixed-seed protocol. We use the same seed
across compared methods to make the PPO/GRPO
and attribution/no-attribution comparisons as con-
trolled and reproducible as possible.

D Proofs for the Causal Attribution
Framework

Regularity assumptions. All statements in this
appendix are local around the unweighted train-
ing run w = 1 and 0 = 0*(1). We assume
that L.(0; w) is twice continuously differentiable
in € and continuously differentiable in w in a
neighborhood of (6*,1), that 6*(w) is an isolated
local minimizer defined by the first-order condi-
tion VgL (6*(w);w) = 0, and that the Hessian
Hy- := V2ZL.(0%;1) is nonsingular. We also as-
sume that the validation loss L., (6; 2,) is differen-
tiable at 6*.

D.1 Proof of Proposition 1
Let u; be a candidate attribution unit and define

0L (0;w)
o Ow,,

i (0;w) : (12)

The optimality condition for the weighted training
problem is

VoL (6% (w);w) = 0. (13)

Differentiating this identity with respect to w,,, at

w = 1 gives

00* (w)
Owy,

Hp- + Vo (0%1) = 0. (14)

w=1
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Table 6: GRPO attribution results using TRAK-style scores over 100 training steps.. TA denotes trajectory attribution,
and GA denotes group attribution.

Method Attribution Estimator Best Acc@1 A
GRPO - 77.25% -
GRPO + TA TRAK 76.65% —0.60%
GRPO + GA TRAK 78.17% +0.92 %
Table 7: Key Hyperparameters for PPO Training.

Hyperparameter Baseline + attribution

backbone Qwen2.5-1.5B-Instruct

train / mini batch 256 / 128 prompts

rollouts per prompt 5

actor / critic Ir le—6/1e—5

advantage estimator GAE (y=X=1.0)

value clip / grad clip 0.5/1.0

KL regularization
temperature (train / eval)
total epochs / steps

eval cadence

in reward, Sk, = 0.01
1.0/0 (greedy)
6/150

every b steps on full test set

attribution mode

score type

validation gradient samples
shaping 3 / weight clip

inner product (TracIn-style)
Nyal = 200
0.1/10.5, 2.0]

Table 8: Key Hyperparameters for GRPO Training.

Hyperparameter Baseline + attribution
backbone Qwen2.5-1.5B-Instruct
train / mini batch 256 / 128 prompts

rollouts per prompt
actor Ir

advantage estimator
grad clip

KL regularization
temperature (train / eval)
total epochs / steps

eval cadence

)
le—6 (critic-free)
group-relative GRPO (y=A=1.0)
1.0
in loss, Bk, = 0.001
1.0/ 0 (greedy)
10/ 250
every b steps on full test set

attribution mode

score type

validation gradient samples
shaping 3 / weight clip

inner product (TracIn-style)
Nya1 = 200
0.3/10.5, 2.0]

Since Hy-+ is nonsingular, Applying the chain rule to the validation loss yields
OLya1 (0% (w); 2y)

0wy,

w=1
= —VoLya(0%;2,) " Hy: Vo (0% 1).
(16)

(15)
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If SUTVA holds at the unit level, then by Defini-
tion 2,

%(97 1) = gui(zu“ 9)7 (17

where g,,, depends on the data of unit u; and on
#, but not on the data or weights of other units.
Substituting this expression into Eq. 16 gives

ITE(ZUI7 Zv) = _VHLval(H*; ZU)T

_ . (18)
He*lv(;gui(zui,é? ).

which is the influence-form expression in Propo-
sition 1. The only unit-specific term in this ex-
pression is gy, (zy,;, 0*); the Hessian and validation
gradient are common to all attribution units for the
fixed trained model and validation point. Thus, the
per-unit effect is well-defined at the chosen unit
level.

Conversely, suppose SUTVA fails at the same
unit level. Then there exist two admissible contexts,
with the same focal unit z,,, but different peer units
or peer weights in the interfering cluster, such that

19)

is not determined by z,, and 6 alone. In
the nondegenerate case where this difference is
not annihilated by the common linear functional
VoLya(0*;2,) T H,.', Eq. 16 assigns different
treatment effects to the same focal unit under dif-
ferent peer contexts. Therefore no estimator that
is only a function of z,,, can identify the unit-level
effect across both contexts. The attribution target
at that level is not a unit-only estimand; it must ei-
ther include the interfering context or be lifted to a
coarser unit for which the no-interference condition
holds.

A degenerate cancellation can make the numer-
ical derivative coincide for a particular validation
point even when SUTVA fails. Such cancellation
does not restore a well-defined unit-level estimand,
because the contribution assigned to the unit by the
training objective remains structurally dependent
on peer units. This proves the proposition under
the stated local regularity and nondegeneracy con-
ditions.

D.2 Proof of Proposition 2

For a GRPO group g, the group-relative advantage
is

T — KW
Ailg) = —7
g
1
Hg = 7 T,
’ lg|%J (20)

1
7= W > 0 )
Jjeg
The weighted GRPO objective in Eq. 6 is
LERPO(0;w) = = > " widy(g) log mo(Ts).

g i€y

1)

Taking the partial derivative with respect to the
weight of trajectory 7; gives

0LS‘RPO(9; w)

ow; = —Ai(g) logmy(7i). (22)

w=1

Although this expression is linear in wj, its coeffi-
cient is not a function of 7; alone. The term 4;(g)
depends on the peer rewards {r; : j € g, j # i}
through both 14 and o,. Hence the contribution
assigned to 7; changes when the peer trajectories
in the same group change, even if 7; itself is fixed.
Therefore GRPO violates trajectory-level SUTVA.
If the entire response group g is treated as the unit,
however, the group contribution is determined by
the contents of that group, so the obstruction disap-
pears at the group level.

D.3 Proof of Proposition 3

For PPO with per-trajectory advantages, the
weighted objective in Eq. 8 is

pro(ﬁ; w) = — ZwiA” (0)log (7). (23)

Taking the partial derivative with respect to w;
gives

OLFTO(0;w)

awi = —ATZ.(H) log 7T9(TZ‘). (24)

w=1

With per-trajectory GAE, A, (6) is computed from
the rewards, states, and value estimates along 7;. It
does not use rewards, states, or weights from an-
other trajectory 7; with j # 4. Therefore the partial
derivative of the weighted objective with respect to
w; is a function of 7; and 6 only. This is exactly the
trajectory-level SUTVA condition in Definition 2,
so PPO admits trajectory-level attribution under
this objective.
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E Extension of Influence Functions to
Group-Level Interventions

Existing influence-function frameworks (Koh and
Liang, 2017) can be extended to group-level in-
terventions by treating each prompt-conditioned
rollout group as a single weighted unit. Let g de-
note a rollout group and let its contribution to the
training objective be:

Ly(0) =D Li(6;9),

1€g

(25)

where each trajectory-level term may depend on the
group context through its group-relative advantage.
We then assign a shared weight w, to L, rather
than assigning independent weights to individual
trajectories:

LEO™(0;w) = > wyLy(0),
geg

(26)

where w, = 0 denotes removing the entire group,
while setting wy = 1 + € infinitesimally upweights
it. Unlike independent trajectory weights, the
shared weight w, preserves the peer context within
the group.

Under the regularity assumptions, the influence
of upweighting group g on the validation loss is:

8Lval (0* (w) ) Zv)
Owy

Zy(z) =
w=1

= —VoLya(0%; 2,) " Hy Vo Ly (67).
27
This expression follows directly from Eq. 16 by
taking the rollout group as the intervention unit.
This extension is conceptually direct, but effi-
cient implementation at large scale may still in-
volve nontrivial memory, variance, and Hessian-
vector-product costs. Developing an efficient
group-level influence estimator is beyond the scope
of this paper.

F Applicability Beyond Infinitesimal
Reweighting

Our formal derivation of TD-ITE is based on in-
finitesimal reweighting, thus characterizing the lo-
cal first-order sensitivity around the observed train-
ing process. The underlying attribution-unit di-
agnostic concerns the more general question of
whether interventions on a selected unit can be in-
terpreted without omitting the peer context. This
question also arises in non-local attribution meth-
ods. We discuss the specific properties of several
representative paradigms in the following part.

Leave-group-out retraining. Leave-group-out
retraining removes an entire prompt-conditioned
rollout group and retrains the model without that
group. Because the intervention unit contains all
peer responses used to define the group-relative ad-
vantages, this procedure is aligned with the group-
level formulation.

Leave-one-trajectory-out retraining. Remov-
ing a single trajectory also defines a valid proce-
dure when the treatment of the remaining group is
specified. For example, the procedure must deter-
mine whether the group statistics are recomputed
and whether the removed trajectory is replaced by
a newly sampled response. The resulting effect
depends on the remaining peer trajectories and the
specified removal rule. It therefore represents a
peer-conditioned effect rather than a context-free
effect determined by the removed trajectory alone.

Shapley-value methods. Shapley-value methods
assign credit by averaging the marginal contribu-
tion of a unit over different coalitions (Ghorbani
and Zou, 2019). Under the standard GRPO, these
coalitions determine which peer responses accom-
pany the focal trajectory and how the correspond-
ing group statistics are constructed. The result-
ing allocation therefore depends on the coalition
construction, the group-completion rule, and the
distribution of peer exposure. Once these choices
are specified, a Shapley-value method can define
a well-posed allocation score, but that score does
not automatically recover the unit-only TD-ITE
considered in our framework.

Therefore, non-local attribution methods do not
eliminate the need to specify the intervention unit
and its peer context. They instead define different
causal quantities through distinct intervention and
aggregation rules.
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