
A Related Work329

Interpretability in reinforcement learning has become a central research theme because real-world330

deployment requires agents that are trustworthy and reliable [Arulkumaran et al., 2017, Sutton331

and Barto, 2018, Milani et al., 2024, Cheng et al., 2025]. Early studies emphasize feature-level332

explanations: they highlight regions of the observation space that most influence an agent’s decisions,333

often through saliency maps or attention heatmaps [Zahavy et al., 2016, Greydanus et al., 2018,334

Iyer et al., 2018, Mott et al., 2019, Atrey et al., 2020, Puri et al., 2020]. A complementary thread335

seeks policy-level explanations. These works approximate learned policies with human-interpretable336

rules [Verma et al., 2018, Soares et al., 2020], design transparent architectures [Topin et al., 2021,337

Demircan et al., 2025], or dissect reward functions to clarify action choices [Juozapaitis et al., 2019,338

Liu and Zhu, 2025]. More recently, researchers have probed how entire training trajectories shape339

behavior [Deshmukh et al., 2023].340

Zooming in further, identifying critical states offers a finer-grained view of decision making. Several341

approaches address offline settings [Guo et al., 2021, Yu et al., 2023, Liu et al., 2023, Rishav et al.,342

2025]. Closer to our focus are methods that target online RL such as lazy-MDP [Jacq et al., 2022],343

StateMask [Cheng et al., 2023] and RICE [Cheng et al., 2024]. Lazy-MDP augments the action space344

with a “lazy” action and penalizes non-lazy choices; states where the agent still acts are interpreted as345

important. However, this approach requires modifying the training pipeline. StateMask and RICE346

train an auxiliary mask network alongside the policy, forcing random actions in selected states while347

keeping returns roughly unchanged; masked states are deemed non-critical. Nevertheless, these348

methods crucially rely on the policy being sufficiently developed, which limits their applicability349

when agents are still learning in complex environments.350

Moving beyond these constraints, our work introduces data attribution as a principled lens for351

interpretability in online RL. This approach not only closes a key methodological gap in the literature352

but also delivers fresh insights for RL researchers and practitioners, and informs more efficient and353

effective training.354

B Detailed Experimental Setups355

B.1 Standard RL Environments356

We offer a detailed description of the RL environments used in our experiments in Table 1.357

Gymnasium and Highway are licensed under MIT license; MiniGrid is licensed under Apache-2.0358

license.359

B.2 Experimental setups for standard RL360

Training setups. We adopt Stable-Baselines38 [Raffin et al., 2021] (MIT license) as our361

training framework for the standard RL experiments. We use PPO [Schulman et al., 2017] as our362

RL algorithm and adopt the default training hyperparamters and network architectures for most363

environments unless otherwise specified.364

• Training hyperparameters: We use n_steps=2048 (i.e., n = |B(k)| = 2048),365

batch_size=64 (i.e., |B(k)
j | = 64), n_epochs=10 (i.e., each rollout buffer will be used366

for 10 epochs), learning_rate=5e-3 with optimizer=SGD in all environments except367

BipedalWalker, for which we use 3e-4 with Adam. total_timesteps per environment368

are: 102,400 for FrozenLake (50 rounds), 81,920 for MiniGrid (40 rounds), 102,400369

for Acrobot (50 rounds), 204,800 for Highway (100 rounds), 307,200 for LunarLander370

2https://minigrid.farama.org/environments/minigrid/EmptyEnv/
3https://gymnasium.farama.org/environments/toy_text/frozen_lake/
4https://gymnasium.farama.org/environments/classic_control/acrobot/
5https://highway-env.farama.org/environments/highway/
6https://gymnasium.farama.org/environments/box2d/lunar_lander/
7https://gymnasium.farama.org/environments/box2d/bipedal_walker/
8https://stable-baselines3.readthedocs.io/en/master/index.html
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Table 1: A summary description of RL environments we use in experiments. Besides MiniGrid
and Highway, other environments are from Gymnasium [Towers et al., 2024].
Env Env ID & Args Goal State Space Action Space Reward Structure
MiniGrid
[Chevalier-
Boisvert et al.,
2023]

MiniGrid-
Empty-8x8-v02

Navigate to a tar-
get location

3×7×7 image, repre-
senting the egocentric
view of the agent’s
observation

7 discrete actions:
{turn left, turn
right, move forward,
pickup, drop, toggle,
done}

Sparse: 1 - 0.9
(step_count/max_steps)
on success, 0 other-
wise

FrozenLake FrozenLake-v13,
map=4x4,
slippery=False

Navigate from
start to goal
without falling
into holes

1 discrete integer:
agent position index
on the grid

4 discrete actions:
{Left, Down, Right,
Up}

Sparse: +1 on reach-
ing goal, 0 otherwise

Acrobot Acrobot-v14 Swing up the link
to reach a target
height

R6, providing infor-
mation about the two
rotational joint angles
and their angular ve-
locities

3 discrete actions:
{−1, 0, 1} torque (N
m)

Dense: -1 per step un-
til reaching the target
height

Highway
[Leurent, 2018]

highway-v05,
vehicle_count=
10

Drive at high
speed while
avoiding colli-
sions

Kinematic Observa-
tion: 5 × 5 array of
ego and nearby vehi-
cles, including their
location and speed

5 discrete actions:
{LANE_LEFT, IDLE,
LANE_RIGHT,
FASTER, SLOWER}

Dense:
(v−vmin)/(vmax−vmin)−b·
collision at each step

LunarLander LunarLander-v26 Land safely on the
pad from flight

R8: the coordinates
of the lander, its lin-
ear velocities, angle,
angular velocity, and
whether each leg is
in contact with the
ground

4 discrete actions:
{do nothing, fire left,
fire main, fire right}

Dense: +10 per leg
contact; –0.03 per
side-engine step; –0.3
per main-engine step;
+100 on safe landing;
–100 on crash; dis-
tance/velocity/angle
terms

BipedalWalker BipedalWalker-v37 Traverse rough
terrain without
falling

R24: hull angle
speed, angular ve-
locity, horizontal &
vertical speed, joints
positions & angular
speed, legs contact
with ground, 10 lidar
measurements

4 continuous actions:
motor speed values in
[−1, 1] for 4 joints at
hips and knees

Dense: +1 per for-
ward step; -100 on
fall; small penalty
proportional to torque
magnitude

(150 rounds), 1,024,000 for BipedalWalker (1000 rounds). Other hyperparameters371

include ent_coef=0.0, clip_range=0.2, gamma=0.99, gae_lambda=0.95, vf_coef=0.5,372

max_grad_norm=0.5.373

• Network architectures: For FrozenLake, Acrobot, Highway, LunarLander, and374

BipedalWalker, we use the default MlpPolicy in Stable-Baselines3. This policy uses375

two-layer MLP networks (64 hidden units per layer), taking the flattened observation as376

input. For MiniGrid with image input, we use an adapted CnnPolicy with a custom377

feature extractor. The extractor comprises two convolutional layers (with 16 and 32 filters378

respectively, and 3x3 kernels) followed by a linear layer of 64 hidden units.379

Evaluation setups. We evaluate the stochastic performance of each policy πθ(k) at every training380

round k by averaging returns over multiple evaluation episodes. Specifically, we run 1000 episodes381

for LunarLander, Acrobot, MiniGrid, and FrozenLake; and 100 episodes for Highway and382

BipedalWalker.383

B.3 Experimental setups for RLHF384

We follow Hugging Face [2023] to set up this experiment. The base model is a 2.7B parameter385

GPT-Neo model [Black et al., 2021] (MIT license).386

Training setups. We adopt TRL9 [von Werra et al., 2020] (Apache-2.0 license) as our387

training framework to fine-tune the based model via PPO. The dataset for PPO training is388

9https://huggingface.co/docs/trl/index
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real-toxicity-prompts10 [Gehman et al., 2020] (Apache-2.0 license). For each example, we389

extract the first 10-15 tokens as a prompt, generate a 30-token continuation, and score it with the390

reward model, a toxicity detector LFTW R4 Target11[Vidgen et al., 2021]. The reward signal is the391

raw logits of the label “neutral” of the detector.392

The naming of the hyperparameters in TRL slightly differs from the ones in Stable-Baselines3.393

Here we stick to the naming in TRL to report the hyperparameters and clarfy their meanings using394

our notations. We follow Hugging Face [2023] to use batch_size=256 (i.e., n = |B(k)| = 256),395

mini_batch_size=1 (i.e., |B(k)
j | = 1), ppo_epochs=4 (i.e., each rollout buffer will be used for 4396

epochs), learning_rate=1e-5 with Adam optimizer, and all other default hyperparameters in TRL. We397

train for one epoch over the training dataset, which amounts to 109 rounds in total.398

Evaluation setups. We evaluate the performance of each policy πθ(k) at every training round k.399

Evaluation is performed on Wiki-Toxic12, which is of a different distribution than the training400

dataset. For each toxic sample, we use the full sample as the prompt (significanlty longer than used401

in training and thus more likely to elicit toxic continuations), and generate a 30-token continuation402

(same as the training setup). We then evaluate the toxicity of the generated continuation using403

another toxicity detector da-electra-hatespeech-detection13. Evaluation is conducted over404

400 samples, and we report the mean toxicity probability.405

C Additional Experimental Results406

C.1 More demonstrations of harmful records407

Harmful records for learning across training rounds. We examine the bottom records w.r.t f return408

in different training rounds k and present the results in Fig. 8. (Results in the main paper, Fig. 3(a),409

corresponds to k = 5 here.)410

(a) k = 2 (b) k = 5 (c) k = 10

Figure 8: Bottom records in different training rounds in FrozenLake. Arrow indicates action,
green/red indicates positive/negative Â.

Across all three snapshots (k = 2, 5, 10), the bottom records share a clear and consistent pattern:411

inaccurate advantage estimate, rewarding the agent for a poor action (moving away from the goal)412

and penalizing the agent for a good one (moving towards the goal).413

C.2 Quantifying phase change via weighted graph roughness analysis414

Measurement protocol. We provide full details of our quantitative investigation.415

For each round k, we build the similarity graph Gk using records with positive influence scores in416

B(k) and their influence scores [Von Luxburg, 2007]. We embed each record zi as a node in the graph,417

10https://huggingface.co/datasets/allenai/real-toxicity-prompts
11https://huggingface.co/facebook/roberta-hate-speech-dynabench-r4-target
12https://huggingface.co/datasets/OxAISH-AL-LLM/wiki_toxic
13https://huggingface.co/alexandrainst/da-hatespeech-detection-base
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with the node value being the L∞-normalized influence score Ĩi = Ii/∥I∥∞, the node embedding418

being the record embedding ei extracted by a well-trained network (obtained at the end of the PPO419

training). We set edge weights by a Gaussian kernel wij = exp(−∥ei − ej∥2/σ2) with σ chosen via420

the median-distance heuristic. We retain each node’s u nearest neighbors when building the similarity421

graph. This reduces computational cost. In practice, we find that varying u from 20 to 100 has little422

effect on the roughness measure.423

With the graph Gk built, we compute the graph roughness as follows:424

Roughness(Gk) =

∑
i<j wij(Ĩi − Ĩj)

2∑
i<j wij

We repeat this process for all rounds k and plot the change of roughness over rounds.425

Target behavior

same 𝑎, positive 𝐴#

different 𝑎, negative 𝐴# semantically similar 𝑠, different 𝑎, negative 𝐴#

No clear patternssemantically similar 𝑠, same 𝑎, positive 𝐴#

Figure 9: Phase change of top records in Acrobot.

Results in more environments. We study another environment Acrobot, investigating the phase426

change and measuring the roughness metric across rounds. The results are presented in Fig. 9. We427

observe a consistent trend of the three phases, aligned with the findings discussed in Sec. 4.2.428

In Phase 1, top records include those with the same action and positive Â, and those with alternative429

actions and negative Â. Roughness is high in this phase. In Phase 2, semantically similar records430

(that consistently show the action-advantage association) emerge as top records; roughness decreases431

significantly in this phase. In Phase 3, learning approaches convergence and the semantic clustering432

stabilizes; influence scores become dominated by noise, causing roughness to show minor fluctuations.433

C.3 Additional results for single-round intervention434

Fig. 10 (as an extension of Fig. 5) presents the results of single-round interventions in four en-435

vironments, additionally comparing with the random baseline that discards a similar amount of436

records.437

We discuss several key takeaways: (1) Influence-guided intervention mostly leads to performance438

gains, while random drop mostly leads to performance degradation. (2) When standard PPO fails439

to improve (e.g. a dip at round k = 9 in Highway; see Fig. 6), the attribution signal can become440

unreliable, producing negative ∆ return (see Fig. 10 at k = 9 in Highway), leading occasionally to441

interventions that fail to bring any improvement. However, as long as PPO’s overall trend is upward,442

our intervention can effectively purify the learning and and drive net improvement over the full run.443
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Figure 10: Boxplots of ∆ return for single rollout interventions in four environments, comparing
influence-guided intervention (left) with random drop (right). We perform intervention for each
iteration independently by removing bottom records and then retrain the model. The ∆ return is
calculated as the difference between the return from the model trained on the filtered dataset and
the original dataset. Results are shown for three random seeds.

C.4 Advantage-based heuristic444

Method. Sec. 4.1 characterizes the properties of the bottom harmful records—sign mismatch and445

large magnitude errors. Inspired by these findings, we design the following two heuristics for446

experience filtering:447

• Heuristic 1: We discard records with opposite signs for Ā and Â. Among these records, we448

sort them by |Ā− Â| and discard the top p% records with the largest error.449

• Heuristic 2: We discard records with opposite signs for Ā and Â. Among these records, we450

sort them by Ā · Â and discard the bottom p% records with the smallest product (i.e., the451

most negative).452

Implementation. These heuristics fundamentally rely on obtaining a reliable estimate of the true453

advantage function, Āπ(s, a), for each training record. We obtain Ā using Monte Carlo (MC)454

estimates, i.e.,455

Āπ(s, a) = Q̄π(s, a)− V̄ π(s) = E

[∑
k

γkrt+k|st = s, at = a

]
− E

[∑
k

γkrt+k|st = s

]
,

In environments with small, discrete state and action spaces, we can leverage the collected rollout456

buffer B(k) to obtain the estimate Āπ
θ(k) , as B(k) itself would include multiple occurrences of (s, a)457

pairs or visits to state s, allowing for empirical averaging.458

However, in environments with large discrete or contiunous state/action spaces, specific state-action459

pairs (s, a) are rarely encountered multiple times in B(k). Accurately estimating Āπ
θ(k) (s, a) for460

each record in these more complex settings would require resetting the environment to the specific s461
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and then performing numerous independent rollouts under policy πθ(k) . This procedure is generally462

computationally infeasible.463

For consideration of computational efficiency, in our study below, we limit to environments with464

discrete state and action spaces, where we compute Ā using the collected rollout buffer B(k), instead465

of performing additional sampling in the environment.466

Results. Fig. 11 compares the two advantage-based heuristics against IIF and standard training in467

FrozenLake and MiniGrid.468

IIF (Ours) Advantage Heuristic (1) Advantage Heuristic (2) Standard
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Figure 11: Test returns over training rounds for the two advantage-based heuristics, compared
with IIF and standard PPO. Results are averaged over three random seeds.

In FrozenLake, a small discrete environment, both heuristics closely match IIF’s learning curve and469

final return, and substantially outperforms standard PPO. This result serves as a validation of our470

initial findings in Section 4.1, confirming that transitions exhibiting sign mismatch or large advantage471

estimation errors are indeed key properties of harmful experiences, and that filtering based on these472

properties can significantly improve training efficiency.473

However, in MiniGrid, which features a significantly larger state space, the advantage-based heuris-474

tics fail to improve upon the standard PPO baseline and in fact even degrade performance. There are475

two possible reasons. (1) The advantage estimates Ā are noisy due to the limited number of repeated476

visits per (s, a) and s in B(k), leading to inaccurate filtering. (2) These heuristics rely solely on the477

relationship between estimated and true advantages; in comparison, IIF’s influence score, derived478

from gradients, captures a broader, more nuanced set of characteristics of harmful records. This479

richer representation allows IIF to perform effective filtering when simple advantage heuristics fail.480

In summary, these results validate our core insights: properties like sign mismatch and large estimation481

errors are indeed indicative of harmful training records. At the same time, their failure in more482

complex environments highlights the limitations of these simple heuristics. Our IIF framework,483

by contrast, is more generally applicable; its influence scores capture a broader and more nuanced484

understanding of records’ values beyond simple advantage discrepancies, enabling effective filtering485

even in complex domains.486

C.5 TD error based heuristic487

Motivation. Prioritized Experience Replay (PER) [Schaul et al., 2016] demonstrate that reweighting488

transitions in proportion to their temporal-difference (TD) error accelerates learning and improves489

performance in off-policy methods. TD error serves as a useful heuristic, indicating how “surprising”490

or “important” a transition is for updating the value function. While PPO is an on-policy method491

that typically uses a smaller, on-policy rollout buffer rather than a large replay buffer like those in492

off-policy algorithms, the core idea of focusing learning on more impactful experiences remains493

relevant. Inspired by PER, we investigate integrating a TD error based reweighting mechanism into494

the PPO training process to prioritize samples within its rollout buffer.495

Implementation. For each transition (si, ai, ri, s
′
i) collected and stored in the rollout buffer B(k),496

we first compute its TD error. The TD error for record i is defined as:497

δi = ri + γV π
θ(k) (s′i)− V π

θ(k) (si),
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where V π
θ(k) denotes the current value function estimate (under the current policy πθ(k) ).498

We then assign a priority to each record using a rank-based approach following Schaul et al. [2016].499

We sort all transitions in the buffer B(k) in descending order based on the absolute value of their TD500

error, |δi|. The base priority for transition i is set as Pi = 1/rank(i), where rank(i) denotes the rank501

of transition i. Then, the probability of sampling record i is502

wi =
Pα
i∑

j∈B(k) Pα
j

, where α = 0.6 (following Schaul et al. [2016])

This weighting scheme ensures that transitions with larger absolute TD errors receive higher emphasis503

during the PPO optimization steps.504

Results. We evaluate the performance of the TD error based reweighting heuristic by comparing505

it against our IIF and standard PPO on FrozenLake and LunarLander. Fig. 12 presents the test506

returns over training rounds for these approaches.507
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Figure 12: Test returns over training rounds for the TD error based heuristic, compared with IIF
and standard PPO. Results are averaged over three random seeds.

In FrozenLake, a simple environment, both TD error and IIF accelerate convergence, reaching opti-508

mal return sooner. The TD error heuristic nearly matches IIF’s speed, confirming that large TD errors509

align well with truly useful transitions when the state-action space is small and reward structure simple.510

In contrast, in the more complex LunarLander, the TD error heuristic degrades performance: it511

learns more slowly than even standard PPO and exhibits greater variance. Although this heuristic512

succeeds in PER, we comment that there are intrinsic differences in the off-policy scenario where513

PER was proposed and evaluated, vs. the on-policy scenario (e.g., PPO) we study in this paper514

(Fig. 1). PER applies the TD error heuristic on a vast, diverse buffer. However, in PPO, raw TD errors515

mix estimator noise with true signal; PPO’s small, fresh, on-policy batches exacerbate that noise; Our516

influence scores, in comparison, appears more robust in such scenarios.517

C.6 IIF performance under various filtering percentages518

We evaluate the impact of the filtering percentage hyperparameter p on the performance of our519

proposed IIF method. The filtering percentage p (as introduced in Algorithm 1) determintes the520

proportion of negative-influence training records to discard from the bottom. We explore a wide521

range of values for p ∈ {100.0%, 50.0%, 25.0%, 12.5%, 6.25%}, reducing the percentage by half at522

each level. Note that p = 100.0% means discarding all negative-influence records.523

Fig. 13 shows the test returns over training rounds for IIF with varying p’s compared to baselines. We524

additionally quantify their efficiency using two metrics: SEave and SEpeak (introduced in Sec. 5.2).525

We summarize these efficiency statistics in Table 2.526

We highlight several key findings:527

• Discarding all negative records (p = 100%) is suboptimal. As shown in Figure 13,528

setting p = 100% leads to suboptimal final performance, slower learning progress (also529

reflected in Table 2), and instability in training. This observation aligns with the concept of530

non-additivity of sample influence [Hu et al., 2024].531
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Figure 13: Test returns over training rounds for IIF with a range of filtering percentages p,
compared to the baselines. Larger p means more aggressive filtering. Results are averaged over three
random seeds.

Table 2: Sample efficiency comparison across varying filtering percentages. Results show the
improvement in sample efficiency metrics (SEave and SEpeak) for different filtering percentages,
across simpler and more complex environments. Bold values indicate the best performing value of p;
italicized values show the second best. Results are averaged over three runs.

(a) SEave (↑)
FrozenLake Acrobot MiniGrid LunarLander

p = 12.5% 23.5% ± 3.1% 29.2% ± 0.8% 67.5% ± 5.1% 28.2% ± 1.3%

p = 25.0% 30.5% ± 3.3% 35.1% ± 0.6% 60.3% ± 10.6% 22.7% ± 5.6%

p = 50.0% 33.7% ± 3.4% 36.7% ± 6.5% 67.0% ± 5.3% 10.2% ± 6.5%

p = 100.0% 32.7% ± 1.7% 35.0% ± 0.5% 75.4% ± 3.6% 8.9% ± 2.0%

(b) SEpeak (↑)
FrozenLake Acrobot MiniGrid LunarLander

p = 12.5% 15.6% ± 5.1% 31.5% ± 2.2% 67.4% ± 4.4% 41.6% ± 5.7%

p = 25.0% 22.1% ± 7.4% 48.5% ± 0.8% 58.8% ± 13.1% 32.9% ± 13.1%

p = 50.0% 19.6% ± 8.4% 48.5% ± 0.8% 50.6% ± 20.7% 15.5% ± 17.1%

p = 100.0% 15.9% ± 5.5% 43.1% ± 5.7% 54.9% ± 22.5% 15.8% ± 7.3%

• Any level of filtering improves performance over standard training. Applying IIF532

with almost any filtering percentage demonstrates improvement compared to standard533

training. This underscores the general effectiveness of IIF in mitigating negative influence534

by removing a portion of identified negative samples.535

• The optimal filtering percentage varies with environment complexity. In simpler envi-536

ronments (e.g. FrozenLake, Acrobot), removing half of the negative samples (p = 50%)537

yields the best performance overall—simple environments could involve plenty of redun-538

dancy; aggressive pruning focuses learning on the most informative transitions. In contrast,539

in more complex environments (MiniGrid, LunarLander), the interplay among records is540

subtler: overly large filtering discard borderline-useful transitions, while a gentler filtering541

(p = 12.5%) can achieve better performance.542
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Based on these findings, for our main experiments (see Sec. 5.2) we choose the specific filter-543

ing percentages to reflect the optimal configuration per environment. We use p = 50% for544

FrozenLake, Acrobot, Highway; p = 12.5% for MiniGrid, LunarLander; and p = 6.25%545

for BipedalWalker.546

C.7 Runtime for experiments on traditional RL environments547

We report the runtime for experiments on traditional RL environments in Table 3.548

For per-round runtime, we report the time for the influence calculation step and the optimization549

step. The overhead of IIF in the influence calculation step is negligible. As IIF discards p% of the550

negative records, it enjoys a reduction in optimization time.551

For total runtime, we first report the runtime for all training rounds (labeled as “All rounds”), and552

then report the runtime corresponding to the (reduced) rounds needed for IIF to match the peak553

performance of standard PPO (labeled as “Matching peak”). IIF’s improvement in sample efficiency554

leads to a further speedup.555

Finally, we report RTpeak (also presented in Fig. 6(b)), calculated as the reduced percentage of wall556

clock time for IIF to match standard PPO. In summary, IIF presents a 29%-67% reduction in runtime,557

effectively speeding up learning.558

Table 3: Per-round runtime and total runtime (in seconds), as well as the percentage of overall
reduced runtime for experiments on traditional RL environments. Results are averaged over 3
training runs each for IIF and standard training. A dash (—) indicates that a measure is not applicable.

FrozenLake Acrobot MiniGrid

IIF standard IIF standard IIF standard

Per-round
runtime

Influence calc 0.11 ± 0.01 — 0.25 ± 0.01 — 0.25 ± 0.02 —

Optimization 1.51 ± 0.04 2.01 ± 0.05 1.42 ± 0.02 2.02 ± 0.02 4.52 ± 0.06 5.02 ± 0.07

Total runtime All rounds 82.15 ± 2.93 93.85 ± 2.68 70.01 ± 0.72 79.87 ± 1.00 365.23 ± 3.11 378.41 ± 2.98

Matching peak 64.64 ± 3.98 — 35.80 ± 0.79 — 107.43 ± 3.32 —

RTpeak (reduced runtime %) (↑) 31.27% ± 3.28% 55.16% ± 1.04% 71.59% ± 1.05%

Highway LunarLander BipedalWalker

IIF standard IIF standard IIF standard

Per-round
runtime

Influence calc 0.13 ± 0.02 — 0.13 ± 0.01 — 0.12 ± 0.01 —

Optimization 2.39 ± 0.48 3.29 ± 0.59 1.85 ± 0.04 2.05 ± 0.01 3.09 ± 0.20 3.30 ± 0.23

Total runtime All rounds 214.41 ± 0.22 233.66 ± 0.24 318.68 ± 1.27 328.79 ± 3.65 676.78 ± 4.71 691.28 ± 13.33

Matching peak 93.73 ± 1.69 — 183.64 ± 6.69 — 489.55 ± 4.71 —

RTpeak (reduced runtime %) (↑) 59.89% ± 0.72% 44.11% ± 2.29% 29.16% ± 0.66%

C.8 Comparing two target functions for RLHF559

In the main text (Sec. 5.3), we introduced two target functions for RLHF: the standard one f return,560

and an adapted sequence-level objective f seq. Here we show the comparison of the two in Fig. 14.561

Overall, from both the training and testing curves, IIF with f seq clearly outperforms the others.562

Although IIF with f return initiallly improves faster than standard PPO, it soon plateaus, eventually563

converging to the same levels as the standard PPO baseline. This highlights that, the adapted sequence-564

level objective is more effective in RLHF’s trajectory-centric setting with dual reward signals.565

C.9 A breakdown of runtime for the RLHF experiments566

Table 4 breaks down the wall-clock time (in seconds) for each component of one RLHF training567

round, under standard PPO and our IIF. The overhead of influence calculation in IIF is significantly568

offset by reduced optimization time, leading to a 2× speedup per round.569

Beyond this per-round saving, IIF requires fewer rounds to achieve comparable performance with570

standard PPO (requiring 32.75% ± 1.52% of training rounds, taking up 16.82% ± 1.32% of runtime571

combined with per-round speedup). Furthermore, IIF reaches convergence to a higher reward faster572
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Figure 14: Comparing two target functions f seq with f return for RLHF. Results are averaged over
3 random seeds.

as well (requiring 48.51% ± 2.44% of training rounds, taking up 24.90% ± 0.80% of wall-clock time).573

This marks a 4× overall speedup plus performance improvement compared to standard PPO.574

Table 4: Per-round runtime (in seconds) for RLHF with IIF vs. standard PPO. IIF halves
optimization time by pruning ∼ 50% of the data each round, while the overhead of influence
calculation is negligible. Reported results are averaged over all 109 training rounds in 3 training runs
(using 3 random seeds). A dash (—) indicates that a measure is not applicable.

IIF Standard PPO %
Response generation & scoring 1.71 ± 0.06 1.59 ± 0.05

Forward 1.03 ± 0.04 0.99 ± 0.00

Influence calculation 2.15 ± 0.02 —
Optimization 40.39 ± 0.35 85.56 ± 0.17

Total per-round runtime 45.28 ± 0.47 88.15 ± 0.22 51.37%

D Compute resources575

All experiments were conducted on two Linux servers:576

• Machine 1: Dual Intel Xeon Silver 4314 CPUs (16 cores/socket, 64 threads total), 251 GiB577

RAM, 4 NVIDIA RTX A6000 GPUs (48 GiB VRAM each).578

• Machine 2: Dual AMD EPYC 7J13 CPUs (64 cores/socket, 256 threads total), 2 TiB RAM,579

4 NVIDIA A100-SXM4-80GB GPUs (80 GiB VRAM each).580

For experiments on standard RL benchmarks, we use both Machine 1 and 2; for experiments on581

RLHF, we use Machine 2 only.582

All runtime results reported in Appendix C.7 were measured on Machine 1; all runtime results in583

Appendix C.9 were measured on Machine 2.584
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