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Abstract

Large language model agents have shown strong potential
in complex interactive tasks, yet their reinforcement learning
(RL) is often hindered by sparse rewards, as a long multi-
turn trajectory may receive only a single outcome-level sig-
nal. On-policy self-distillation (OPSD) provides dense token-
level supervision from a privileged teacher, but the teacher
may not be reliable at every position. Existing methods com-
monly rely on isolated token-level discrepancies, which can
be sensitive to noise, or assign a shared step-level weight
that may overlook positional variation. We propose Persistent
Consistency Self-Distillation (PCSD), which derives token-
level distillation weights from the local persistence of teacher-
favoring signals. PCSD combines adaptive windows with ex-
ponentially decayed aggregation to capture persistent relative
teacher support, applies trend-aware modulation to attenuate
locally declining support, and produces continuous weights
through sigmoid gating. The resulting objective is jointly op-
timized with GRPO, combining dense teacher guidance with
sparse environmental feedback. Without inference-time skills,
PCSD achieves the best ALFWorld Overall results among all
baselines on both backbones, exceeding GRPO by 15.6 and
13.3 points and SDAR by 6.2 and 5.5 points, while remaining
competitive on WebShop and gaining 15.8 points over GRPO
on unseen ALFWorld split.

Introduction

Large language models (LLMs) have shown strong potential
as autonomous agents for complex interactive tasks (Jin et al.
2025; Li et al. 2026a; Qian et al. 2026; Wang et al. 2025;
Shridhar et al. 2020; Yao et al. 2022a; Shinn et al. 2023;
Acharya, Kuppan, and Divya 2025). Unlike static single-turn
inference, LLM agents must make a sequence of interdepen-
dent decisions over extended multi-turn interactions, where
each action changes the subsequent environmental state and
may affect the final outcome many turns later. Reinforce-
ment learning (RL) methods such as Group Relative Pol-
icy Optimization (GRPO) provide a natural framework for
optimizing such sequential behavior (DeepSeek-Al 2026).
However, their effectiveness is often constrained by reward
sparsity: a trajectory spanning dozens of turns and hundreds
of generated tokens may receive only a single scalar reward

at its end. Such sparse and delayed feedback provides little
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guidance on which decisions contribute to success or failure,
making credit assignment particularly challenging.

On-policy self-distillation (OPSD) (Zhao et al. 2026) al-
leviates reward sparsity by using a privileged teacher—
typically a frozen copy of the student augmented with ad-
ditional context—to provide dense token-level supervision
on trajectories sampled from the current policy. However,
privileged information does not guarantee reliable guidance
at every position: imperfect retrieval, noisy context, and task
ambiguity may cause the teacher to favor suboptimal tokens.
Indiscriminate distillation can therefore transfer erroneous
preferences, making it crucial to identify which token posi-
tions contain trustworthy teacher signals.

Existing credibility-aware distillation methods typically
estimate teacher reliability at either the token or step level.
Token-level methods (Lu et al. 2026a; Wang et al. 2026b;
Yang et al. 2026a) compute a distillation weight from an
isolated teacher—student discrepancy or probability ratio at
each position. While preserving fine-grained positional in-
formation, such pointwise estimates are sensitive to sam-
pling variability: a large discrepancy at a single token may
indicate either meaningful teacher advantage or a transient
fluctuation. Step-level methods (Zhong et al. 2026) instead
aggregate discrepancy signals over an entire interaction or
reasoning step and assign a shared weight to all tokens within
that step. Although this aggregation improves robustness to
local noise, it may obscure substantial variation in teacher
credibility across positions. Existing approaches therefore
face a fundamental trade-off between token-level precision
and aggregation-based robustness.

To address this trade-off, we propose Persistent Con-
sistency Self-Distillation (PCSD), a token-level weighting
framework that estimates teacher credibility from the local
persistence of teacher-favoring signals. Our key insight is that
informative teacher advantage should persist across a local
neighborhood, whereas isolated spikes are more likely to re-
flect sampling noise or incidental variation. PCSD therefore
evaluates each token using both its pointwise discrepancy
and the persistence of supporting evidence at nearby posi-
tions, combining token-level resolution with the robustness
of local aggregation.

PCSD implements this principle through three comple-
mentary mechanisms. First, it adaptively adjusts the aggre-
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Figure 1: Overall performance comparison. Main results on WebShop and ALFWorld with Qwen2.5-3B-Instruct. Left: WebShop
Score and Acc; Middle: ALFWorld sub-task radar; Right: ALFWorld Overall success rate.

gation window according to the local statistical properties of
teacher—student discrepancies, using a broader range in noisy
regions and a finer range in stable regions. Second, it ag-
gregates nearby discrepancy signals with exponential decay,
assigning greater importance to positions closer to the cur-
rent token and thereby preserving positional locality. Third,
PCSD applies trend-aware modulation to attenuate declin-
ing teacher support, reducing reliance on transient signals,
and maps the resulting credibility to a token-level weight
via sigmoid gating. The PCSD-weighted distillation objec-
tive is jointly optimized with GRPO, allowing dense teacher
supervision to complement sparse environmental feedback.

We evaluate PCSD on ALFWorld and WebShop across
two model backbones. As shown in Figure 1, PCSD con-
sistently outperforms outcome-only GRPO and GRPO with
existing self-distillation weighting schemes, while generaliz-
ing robustly to unseen scenarios. These results demonstrate
that persistent local evidence effectively identifies credible
teacher signals while filtering unreliable guidance.

Our contributions are summarized as follows:

e We propose PCSD, a token-level on-policy self-
distillation framework that estimates teacher credibility
from the local persistence of teacher-favoring signals,
combining fine-grained positional discrimination with ro-
bustness to pointwise noise.

* We develop an adaptive aggregation mechanism that ad-
justs its effective range according to the local statistics of
teacher—student discrepancies and uses exponential decay
to preserve positional locality.

* We introduce trend-aware modulation and continuous sig-
moid gating to attenuate locally declining or unstable
teacher support and transform credibility estimates into
smooth token-level distillation weights.

» Extensive experiments show that PCSD substantially out-
performs outcome-only GRPO and existing GRPO-based

weighting methods on ALFWorld across both model
scales, remains competitive on WebShop, and general-
izes robustly to unseen scenarios.

Related Work
Agentic Reinforcement Learning.

Reinforcement learning (RL) (Schulman et al. 2017; Rafailov
et al. 2023) has become a dominant paradigm for LLM post-
training (Singh et al. 2025; Comanici et al. 2025; Guo et al.
2025; Yang et al. 2025; Liu et al. 2025; Team et al. 2025a,
2026; Zeng et al. 2025; Team et al. 2025b), and recent work
has extended it to agentic interaction trajectories, includ-
ing code generation (Jimenez et al. 2024; Gehring et al.
2024), tool use (Yao et al. 2022b, 2024; Lv et al. 2026; Jin
et al. 2025; Mallen et al. 2023), GUI interaction (Rawles
et al. 2025; Ye et al. 2025a), and web navigation (Qi et al.
2025; Shridhar et al. 2020; Yao et al. 2022a). A central
challenge in these long-horizon settings is learning from
sparse and delayed feedback. Environments typically provide
only trajectory-level outcome signals, making it difficult to
identify which intermediate actions or tokens are respon-
sible for the final result. Critic-free methods (Shao et al.
2024; Guo et al. 2025; Feng et al. 2026; Yu et al. 2026;
Tan et al. 2025; Zhang et al. 2026) improve the scalabil-
ity of RL by replacing explicit value-function learning with
group-relative rewards. However, their supervision remains
coarse-grained. Our work addresses this limitation by incor-
porating on-policy self-distillation (OPSD) to provide dense
token-level supervision. While preserving the RL optimiza-
tion framework, OPSD complements sparse environmental
feedback with dense teacher guidance, thereby improving
fine-grained credit assignment in long-horizon agentic tasks.



On-Policy Self-Distillation.

In agentic RL, on-policy distillation (OPD) (Agarwal et al.
2024; Yang et al. 2025; DeepSeek-Al 2026; Ye et al. 2026; Li
etal. 2026b; Ye et al. 2025b; Wang et al. 2026a) complements
sparse trajectory-level rewards with dense teacher guidance
on policy-sampled trajectories, improving fine-grained credit
assignment. On-policy self-distillation (OPSD) (Zhao et al.
2026; Hiibotter et al. 2026; Yang et al. 2024) realizes this idea
by using a frozen, privileged-context-augmented copy of the
student as the teacher, avoiding the cost of training a sepa-
rate teacher model. Nevertheless, reliably assessing teacher
guidance at the token level remains challenging. Existing
methods are either token-level (Lu et al. 2026a; Yang et al.
2026a,b; Wang et al. 2026b; Wu et al. 2026; Lu et al. 2026b),
using token-wise teacher—student divergence or probability
ratios to estimate reliability from a single observation, or
step-level (Zhong et al. 2026; Zhang, Lin, and Wu 2026), ag-
gregating divergence over an entire reasoning or action step
and assigning uniform weights to all tokens within it. The
former is sensitive to local noise and may confuse sampling
fluctuations with true distributional disagreement, while the
latter is too coarse to capture positional variations in teacher
reliability. Our work addresses this limitation with persis-
tent consistency, which determines teacher-signal usability
by testing whether teacher-favoring support persists over a
local window, thereby adaptively balancing token-level pre-
cision and step-level robustness.

Preliminaries
Multi-turn Agent Reinforcement Learning

We consider a multi-turn agent task in which an LLM agent
interacts with an external environment over multiple turns.
Atturn k, the environment provides a state sy, and the student
policy 7y generates a response ¥y

Y = W1 Uk2s - UkTi) ~ To(- | k), (H

where T}, denotes the response length. The generated re-
sponse may trigger an action in the environment, leading to
the next state sx41. A complete trajectory can be written as

T:(517}’1,527}’27-~-75kaYk)a (2)

where k is the number of interaction turns. In agentic RL,
environmental feedback is often sparse and delayed: the re-
ward is typically available only at the trajectory level, e.g., a
terminal success or failure signal. This makes it difficult to
assign credit to individual intermediate tokens or actions.

On-Policy Self-Distillation

On-policy self-distillation (OPSD) augments sparse environ-
mental feedback with dense teacher guidance on trajectories
sampled from the current student policy. Given an on-policy
response y, the student predicts each token based on its visi-
ble history, while the teacher additionally conditions on priv-
ileged context. Specifically, for token position i, we denote
the student-visible context by hf , and the teacher-augmented

context by h} ., where h} . includes task-relevant skills un-
available to the student.

The privileged-context teacher achieves substantially
higher trajectory-level success rates than the student, as em-
pirically established in prior OPSD studies (Zhao et al. 2026).
We therefore treat the teacher as a stronger source of super-
vision on average. However, this trajectory-level advantage
does not imply that its guidance is equally useful at every
token position. The relevance of the retrieved skills and the
teacher’s support for student-sampled tokens may vary along
a response. The purpose of PCSD is therefore not to deter-
mine whether the teacher is globally stronger, but to allocate
distillation strength according to the local persistence of its
token-level support.

Let 1 denote the frozen privileged-context teacher policy,
initialized from the same base checkpoint as the student and
kept fixed throughout training. The teacher—student sampled
log-probability gap is defined as

Ok,i = logmr (yn.i | i) —logmo(yki | By ;). (3)
We treat d;, ; as a continuous measure of the teacher’s relative
support for the sampled token yy, ;. Larger values indicate
stronger relative support. PCSD uses its local persistence to
form continuous token-level distillation weights.

Method

In this section, we introduce PCSD (Persistent Consistency
Self-Distillation), an on-policy self-distillation method that
selectively allocates teacher supervision across token po-
sitions. As described in the preliminaries, the privileged-
context teacher is substantially stronger than the student at
the trajectory level. Nevertheless, the usefulness of its guid-
ance can vary locally across sampled tokens.

PCSD computes continuous token-level distillation
weights from persistent patterns in the teacher—student sam-
pled log-probability gap. We operationalize persistent con-
sistency as sustained teacher support for student-sampled
tokens over nearby positions. Starting from the token-level
gap sequence {Jy ; }, PCSD first constructs an exponentially
weighted persistent-consistency estimate and then adaptively
interpolates between short- and long-window estimates ac-
cording to local gap variability. It next applies one-sided
trend modulation and sigmoid gating to produce continuous
token-level distillation weights. Finally, the weights allocate
auxiliary supervision across student-sampled tokens, and the
resulting objective is jointly optimized with GRPO.

Persistent Consistency Assessment

We first estimate the local usability of teacher guidance by ag-
gregating teacher—student sampled log-probability gaps over
alocal window. Given the token-level gap dy, ;, a larger value
indicates that the teacher assigns a higher probability rela-
tive to the student to the sampled token y; ;. We interpret
this quantity as the teacher’s relative support for reinforcing
the sampled token.

A pointwise gap provides evidence from only one token
position and may vary substantially across adjacent tokens.
Such variation can arise from sampling fluctuations as well as
meaningful positional differences in the teacher—student dis-
tributions. Consequently, a single-position observation may
provide an unstable basis for allocating distillation strength.
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Figure 2: Framework of PCSD. The student collects on-policy trajectories via multi-turn interaction, while a frozen, skill-
augmented teacher scores the student-generated tokens. PCSD aggregates teacher—student log-probability gaps across multiple
time scales with exponential decay, adaptively weights them by local variability, and applies trend modulation and continuous
gating to derive token-level distillation weights, which are jointly optimized with the trajectory-reward-based GRPO objective.

To incorporate local evidence, we aggregate gaps over a
forward window of size N with exponential weighting:

N—1
VT S
5N ijo Mg jOk,itj
ki — N-T
Zj:o QM it

where o € (0,1) is the decay factor and my ; is the re-
sponse mask. For positions near the end of a response, the
window is truncated and the aggregation is normalized over
valid tokens only. This formulation assigns larger weights to
positions closer to the current token while still incorporating
evidence from the surrounding local region. The forward-
looking window is computed after the complete response is
sampled and is used only to construct the training objective.

We use (Sg) as the persistent-consistency estimate, which
summarizes the teacher’s relative support across the local
window rather than relying solely on the pointwise gap at
the current position. Larger values indicate stronger persis-
tent support for the sampled tokens. By incorporating evi-
dence from neighboring positions, this estimate is less depen-
dent on an isolated token-level observation while retaining a
position-specific value for subsequent weighting.

; “

Adaptive Aggregation Mechanism

A single fixed window may not adequately capture heteroge-
neous gap patterns across a response. A short window pre-
serves fine-grained positional information but is more sen-
sitive to local fluctuations, whereas a long window provides
stronger smoothing at the cost of reduced positional resolu-
tion. We therefore implement soft adaptive windowing by ad-
justing the relative contributions of short- and long-window
persistent-consistency estimates according to the local vari-
ability of the gap sequence.

For token position ¢ at turn k, we first compute the local
mean over a forward-looking maximum analysis window of
size Npax:

Nmax—1
Dm0 Mki Ok it

(Nmax) —
Hiei™ = SN : )
Dm0 Mgy
and the corresponding local variance:
Nigax—1 5 (Namax)) >
Zj:o Mkt \ Okyity — Mg 4
b = : (0)
Ok,i = Nome—1 :
Dm0 Mk

Here, my, ; is the response mask.
We then map the local variance to a normalized interpo-
lation coefficient:
2
Oy, — T
k, ow
. ) 0, ]‘ b

Thigh — Tlow

)

T, = clip

where Tiow and Tyjgn are variance thresholds satisfying
Tlow < Thigh- The coefficient 7, ; controls the aggregation
scale: a larger value assigns more weight to the long-window
estimate, whereas a smaller value favors the short-window
estimate.

Specifically, we define the adaptive persistent-consistency
estimate as

Szfliaptive _ (1 . Tk7i)5£:1’\£n1in) + rk,igl(;’\i'max)_ (8)
When the local gap variance is below 7oy, the mechanism

reduces to the short-window estimate 5,21\1.[‘“‘“), preserving

greater token-level resolution. When the variance exceeds

Thighs itreduces to the long-window estimate & gm‘”‘) , provid-

ing stronger local smoothing. Intermediate variance values



yield a continuous interpolation between these two aggrega-
tion scales. This soft adaptive mechanism allows PCSD to
adjust the smoothing strength across token positions without
requiring discrete, position-specific window operations.

Trend Modulation and Continuous Gating

Exponential-decay aggregation places greater emphasis on
nearby positions, but a large current gap followed by rapidly
decreasing teacher support may still dominate the local es-
timate. To address this pattern, we apply one-sided trend
modulation before computing the final distillation weight.

To estimate this trend, we use the maximum window V.«
at every position, providing a common analysis scale with
more observations and less sensitivity to individual token-
level variations.

For token position ¢ at turn k, we compute a mask-aware
ordinary least squares (OLS) slope over the maximum anal-
ysis window. We first calculate the mean valid position:

Nmax—1 :
= Zj:o Mg itj]

Jki = Nonax—1 P (9)
ijo M i+
and then estimate the local slope:
N, —1 . =
20" Mikits (J = Jki)Ok,ity
Slopem _ Z] 0 z+]( z) i+J (10)

Z;‘i%dx*l Mg i+j (] - jk,i)Q + €slope .

where €g1ope > 0 ensures numerical stability and defaults the
slope to zero when fewer than two valid tokens exist.

We apply a one-sided modulation based on the local slope.
Positions with negative slopes, which indicate decreasing
relative teacher support, are attenuated, whereas nonneg-
ative slopes receive no additional trend-based attenuation.
This asymmetric design complements exponential decay: the
trend factor attenuates declining local support, while expo-
nential weighting limits distant-position contributions.

Specifically, the trend modulation factor is

. slopey, ;
Nk =clip|1—--ReLU | — ~1,0,1), (11

scale,k

where ~y controls the modulation strength. We normalize the
slope using the mean absolute gap within the response yy:

2 Mik,il Ok i
> i Mk

where €10 > 0 prevents division by a near-zero scale.
Finally, we map the adaptive persistent-consistency esti-
mate to a bounded continuous token-level distillation weight:

Wk, = 0 (Bgate : 5Ziaptive) * My (]3)

where Bgate controls the sharpness of the sigmoid mapping.
The sigmoid function o(-) maps the adaptive persistent-
consistency estimate monotonically to a token-level weight,
assigning greater distillation strength to positions with
stronger persistent teacher support. The trend factor 7y, ; fur-
ther attenuates weights associated with decreasing local sup-
port. These terms produce a continuous weight that controls
token contributions to the auxiliary distillation objective.

5sca1e,k = + €scales (12)

Training Objective

Given the token-level weights wy, ; derived above, let M =
> _1.i M, denote the total number of valid response tokens.
The PCSD distillation objective is

1
Lpcsp = i ;mk,iwk,iék,ia (14)

where my, ; is the response mask and ¢y ; is the teacher—
student sampled log-probability gap defined in Equation 3.
The teacher log-probabilities and wy, ; are detached dur-
ing optimization. Consequently, Lpcsp induces a weighted
negative-log-likelihood gradient on student-sampled tokens.
We normalize by M, rather than by the sum of weights, so
that wy, ; controls both the allocation and the effective mag-
nitude of distillation.
We combine this auxiliary objective with GRPO:

Lyiotal = LarPo + ApcspLPCsD, (15)

where Lgrpo uses group-relative trajectory rewards, a
clipped policy-ratio objective, and KL regularization toward
a reference policy. The trajectory-level GRPO advantage
is shared by all valid response tokens within a trajectory,
whereas PCSD provides position-specific teacher supervi-
sion through wy, ;. The complete GRPO formulation is pro-
vided in Appendix.

Experiments

Benchmarks. We evaluate our method on two widely
adopted agent benchmarks: ALFWorld (Shridhar et al. 2020)
and WebShop (Yao et al. 2022a). ALFWorld is a text-based
embodied Al benchmark across six categories of household
activities: Pick and Place (Pick), Look at Obj in Light (Look),
Pick Clean then Place in Recep (Clean), Pick Heat then Place
in Recep (Heat), Pick Cool then Place in Recep (Cool), and
Pick Two Obj and Place (Pick2). WebShop simulates real-
istic e-commerce scenarios where agents navigate product
catalogs to purchase items matching user specifications; we
use 1,000 training tasks and evaluate on 128 fixed valida-
tion instances following (Feng et al. 2026). The task spans
both information-seeking and decision-making, with a large
action space of heterogeneous products.

Baselines. We compare PCSD with prompting, RL, and
self-distillation baselines on two base models. Vanilla uses
no skills, while Skill-Prompt and Skill-GRPO use skills re-
trieved by keyword matching during inference and training,
respectively. GRPO (Shao et al. 2024) uses group-relative
rewards, and OPSD (Zhao et al. 2026) uses self-distillation
alone. GRPO+OPSD, RLSD (Yang et al. 2026a), SDAR (Lu
et al. 2026a), and PCSD combine GRPO with token-level
privileged-teacher distillation. These four methods share the
student, teacher-side skills, training budget, and evaluation
protocol, differing only in their weighting rules. Shared hy-
perparameters are provided in the appendix, and * denotes
inference-time skill use. We reimplement SDAR following
its original method and report results under this shared setup.



WebShop ALFWorld
Method Score Acc Pick Look Clean Heat Cool Pick2 Overall
Qwen2.5-3B-Instruct
Vanilla 6.7 0.8 44 .4 11.1 6.2 15.4 28.6 12.5 21.9
Skill-Prompt* 0.2 0.8 51.7 66.7 48.4 0.0 4.3 10.0 28.9
OPSD 11.3 3.1 48.8 41.7 16.7 0.0 15.8 16.7 28.1
GRPO 79.8 63.3 91.2 62.5 96.2 61.9 65.0 47.4 75.0
Skill-GRPO 77.3 60.9 88.9 71.4 58.8 70.6 40.7 29.2 60.2
Skill-GRPO* 76.3 66.4 94.3 57.1 100.0 66.7 73.1 57.1 80.5
GRPO+OPSD 77.8 66.4 100.0 824 85.7 75.0 70.0 60.0 81.2
RLSD 84.4 66.4 87.9 75.0 90.9 75.0 73.1 68.4 79.7
SDAR 83.4 67.2 97.1 62.5 100.0 61.9 75.0 84.2 84.4
PCSD 85.0 67.2 100.0 63.6 82.1 83.3 4.4 100.0 90.6
QOwen3-1.7B-Instruct
Vanilla 46.5 4.7 25.0 22.2 3.1 0.0 214 4.2 12.5
Skill-Prompt* 23.0 2.3 10.3 50.0 16.1 0.0 0.0 5.0 9.4
OPSD 47.4 9.3 26.3 33.3 9.1 0.0 4.5 5.3 14.1
GRPO 67.3 38.3 71.1 41.7 36.4 40.0 31.8 31.6 46.1
Skill-GRPO 73.4 46.1 27.6 54.5 22.7 27.3 0.0 19.2 21.1
Skill-GRPO* 80.4 50.0 314 42.9 51.9 8.3 11.5 7.1 28.1
GRPO+OPSD 70.7 38.3 38.2 50.0 30.8 28.6 30.0 21.1 32.0
RLSD 74.0 50.8 50.0 37.5 61.5 19.0 50.0 21.1 422
SDAR 76.8 58.6 73.5 25.0 76.9 33.3 40.0 36.8 53.9
PCSD 78.9 58.6 63.3 68.8 50.0 69.2 48.1 63.6 9.4

Table 1: Performance on ALFWorld and WebShop. For ALFWorld, we report category-wise and instance-level Overall
success rates (%). For WebShop, we report the normalized Score and task success rate(Acc, %) on 128 validation tasks. *
denotes evaluation with skills. Best and second-best are highlighted.

Implementation Details. We conduct experiments us-
ing Qwen2.5-3B-Instruct and Qwen3-1.7B-Instruct back-
bones on 8§xA100 GPUs. For ALFWorld, we adopt the
GiGPO (Feng et al. 2026) data split, use a batch size of
128 (16 tasks x 8 rollouts per prompt), and set the maximum
prompt length to 2,048 tokens. For WebShop, each batch
contains 16 tasks with eight rollouts per prompt, and the
maximum prompt length is set to 4,096 tokens. All experi-
ments run for 150 steps with AdamW with gradient clipping
threshold 1.0. For PCSD hyperparameters, we set the distilla-
tion coefficient Apcsp = 0.01, sigmoid sharpness parameter
Bgate = 9.0. Other settings are provided in the Appendix.

Evaluation metrics. For ALFWorld, we report category-
wise and overall success rates, with the latter computed
across all evaluation instances. For WebShop, we follow the
official protocol and report the normalized score, measuring
product—specification alignment, and the task success rate.

Main Results

Overall Performance. Table 1 reports the main results. On
ALFWorld, PCSD achieves the highest Overall success rates
of 90.6% and 59.4% with Qwen2.5-3B-Instruct and Qwen3-
1.7B-Instruct, respectively. These results exceed GRPO by
15.6 and 13.3 percentage points and the strongest compet-
ing distillation baseline, SDAR, by 6.2 and 5.5 percentage
points. The category-wise results show particularly strong
performance on Heat and Pick2 for both backbones. On
WebShop, PCSD achieves the highest Score of 85.0 with
Qwen2.5-3B-Instruct and ties with SDAR for the highest
Acc on both backbones. With Qwen3-1.7B-Instruct, its Score
of 78.9 ranks second behind Skill-GRPO#*. Overall, the re-
sults support the effectiveness of PCSD’s adaptive weighting

mechanism, which yields consistent gains across both eval-
uated model scales.

Performance without Inference-Time Skill Retrieval.
The effect of inference-time skill retrieval varies across back-
bones and tasks. Skill-Prompt improves over Vanilla on
ALFWorld with Qwen2.5-3B-Instruct, but performs worse
with Qwen3-1.7B-Instruct and on WebShop. Similarly, Skill-
GRPO* benefits from retrieved skills at evaluation time but
remains below PCSD on the ALFWorld Overall metric for
both backbones. In contrast, PCSD requires no external skill
retrieval during evaluation, indicating that its reported per-
formance is achieved by the trained student policy alone.

Comparison with Hybrid Baselines. Distillation and hy-
brid baselines show mixed results. OPSD performs poorly
on ALFWorld, while GRPO+OPSD improves on Qwen2.5-
3B-Instruct but degrades on Qwen3-1.7B-Instruct, indicat-
ing that naive RL-distillation combination can introduce
optimization interference. Although RLSD and SDAR are
stronger baselines, PCSD still achieves the best aggregate
ALFWorld results on both models. Fine-grained subtask re-
sults further show that PCSD performs robustly across di-
verse ALFWorld tasks, especially on Heat, Cool, and Pick2.

Training Dynamics

To examine the adaptive behavior of PCSD, we track the
teacher—student log-probability gap and gate activation ra-
tio during RL training on ALFWorld (Figure 3). The mean
gap remains negative but gradually increases, indicating that
student-generated tokens receive progressively stronger rela-
tive support from the teacher. Meanwhile, 20%—28% of valid
tokens have wy ; > 0.5, indicating concentrated rather than
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Figure 3: Training dynamics. Average teacher—student gap
(left) and gate activation ratio (right) for Qwen2.5-3B-
Instruct on ALFWorld. Translucent and solid curves show
raw and smoothed values, respectively.

hard-selective distillation. Together, these dynamics demon-
strate that PCSD adaptively reallocates token-level supervi-
sion as student policy evolves.

Generalization to Unseen Environments

As shown in Figure 4, PCSD consistently outperforms both
GRPO and SDAR across the ALFWorld unseen-split cate-
gories, achieving the highest success rate on nearly every
subtask. Its Overall success rate reaches 86.7%, well above
GRPO’s 70.9% and SDAR’s 72.7%. These results suggest
that the benefits of persistent-consistency weighting extend
to unseen environment configurations without requiring priv-
ileged skills during evaluation.

Method Pick Look Clean Heat Cool Pick2 Overall
PCSD 100.0 63.6 82.1 83.3 944 100.0 90.6

Fixed N =1 905 824 100.0 69.2 84.0 640 828
Fixed N =4 100.0 63.6 100.0 83.3 944 65.1 883
w/o trend 964 857 909 91.7 7277 64.0 83.6
w/o decay 86.1 63.6 964 833 100.0 69.6 85.1

Table 2: Component ablation on ALFWorld. Success rates
(%) using Qwen2.5-3B-Instruct. N = 1 denotes pointwise
weighting, N = 4 a fixed local window, and Overall the
success rate across all evaluation instances.

Ablation Studies

Component Ablation. Table 2 evaluates the key compo-
nents of PCSD. Replacing adaptive aggregation with fixed
windows, removing trend modulation, or substituting expo-
nential decay with uniform weighting consistently reduces
Overall performance. Although some variants perform bet-
ter on individual categories, the complete PCSD achieves
the best Overall result, validating the complementary con-
tributions of adaptive aggregation, trend modulation, and
proximity-aware weighting.

Sensitivity to the Distillation Coefficient. Table 3 evalu-
ates the effect of Apcsp. Removing the distillation objective
yields an Overall success rate of 75.0%. Setting Apcsp to
0.005 and 0.01 improves the result to 87.5% and 90.6%, re-
spectively, supporting the benefit of combining token-level
teacher supervision with trajectory-level rewards. Increasing
Apcsp to 0.05 reduces the Overall success rate to 83.6%, in-
dicating that excessive distillation strength can weaken the

[CJ GRPO [@@ SDAR [ PCSD
-

Success Rate (%)

Pick Look Clean Heat Cool Pick2 Overall

Figure 4: Generalization to unseen ALFWorld environments.
Category-wise and Overall success rates (%) of SDAR,
GRPO and PCSD on the ALFWorld unseen split.

balance between teacher supervision and reward optimiza-
tion. Performance is non-monotonic over the evaluated val-
ues, with A\pcsp = 0.01 achieving the best Overall result.

ALFWorld
Arcsp Pick Look Clean Heat Cool Pick2 Overall
0.01 100.0 63.6 82.1 833 944 100.0 90.6

0.005 96.0 90.0 864 79.1 714 96.0 875
0.05 100.0 72.7 839 100.0 72.0 714 83.6
0.0 912 625 962 619 650 474 750

Table 3: Sensitivity to the distillation coefficient. We report
category-wise and overall success rates (%) on ALFWorld
using Qwen2.5-3B-Instruct.

Discussion

PCSD uses fixed hyperparameters for local aggregation and
gating and keeps the privileged teacher frozen. These choices
isolate the effect of persistent-consistency weighting and
avoid coupling policy optimization with a changing teacher
or weighting mechanism. The trade-off is reduced adapta-
tion to evolving trajectory statistics and variations in teacher
reliability. Future work could learn context-dependent ag-
gregation and gating parameters from trajectory statistics,
teacher uncertainty, and environmental feedback. Another
direction is self-evolving distillation, in which the student,
teacher, credibility estimator, and skill repository co-evolve
through online interaction.

Conclusion

We propose PCSD, an on-policy self-distillation frame-
work that weights token-level supervision based on persis-
tent local support from the teacher. By integrating adap-
tive exponential-decay aggregation, one-sided trend modu-
lation, and continuous gating, PCSD incorporates evidence
across multiple tokens while preserving positional speci-
ficity. Experiments demonstrate consistent improvements
over outcome-only RL and existing self-distillation baselines.
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Appendix

This appendix provides additional details on the formulation,
implementation, and analysis of PCSD. We first describe the
construction of the privileged teacher, skill retrieval, infor-
mation isolation, and the prompt templates used in both en-
vironments. We then present the complete GRPO objective
and PCSD training procedure, followed by analyses of the
local bias—variance trade-off, exponential aggregation, effec-
tive window length, and one-sided trend modulation. Finally,
we report the training settings, benchmark protocols, and
diagnostic results on weight robustness and teacher-quality
perturbations. These materials complement the main paper
by clarifying the implementation and supporting the repro-
ducibility and interpretation of our results.

Teacher and Privileged Skills

Teacher construction. We adopt an asymmetric teacher—
student training setup. The privileged teacher 7 is initial-
ized as a separate frozen copy of the same base checkpoint
used to initialize the student. It remains fixed throughout re-
inforcement learning: no gradient is propagated through its
parameters, and it is not included in the optimizer. For every
trajectory sampled by the student, the teacher evaluates the
same student-generated tokens through teacher forcing and
provides token-level conditional probabilities for the PCSD
objective. Consequently, all optimization gradients act only
on the student policy. The privileged teacher is also distinct
from the frozen reference policy used for GRPO regulariza-
tion: the former provides skill-conditioned distillation sig-
nals, whereas the latter only constrains policy deviation.

Privileged skills and retrieval. The skill repository con-
tains general interaction rules and task-type-specific proce-
dural knowledge. These skills describe reusable action strate-
gies, such as object manipulation or navigation procedures,
but do not contain solutions to individual evaluation in-
stances, expert trajectories, target-object locations, future ob-
servations, or hidden environment states. For each trajectory,
we retrieve task-type skills by keyword matching against the
observable task instruction and combine them with the gen-
eral skills. If no task-type skill is matched, only the general
skills are provided. Thus, the privileged context supplies task-
level procedural priors rather than instance-level answers.
The repository is constructed without access to validation
trajectories. ALFWorld uses its designated training, seen-
validation, and unseen-validation splits, while WebShop uses
1,000 training tasks and 128 fixed validation instances.

Prompt construction and information isolation. The stu-
dent conditions only on the original task instruction, observ-
able environment feedback, and its causal interaction his-
tory; privileged skills are never included in the student input
during either training or evaluation. The teacher receives
the same observable interaction prefix together with the re-
trieved skills and scores the exact tokens generated by the
student. For token yy, ;, the teacher and student input con-
texts therefore differ only in the additional skill information
available to the teacher, while the evaluated token and causal
interaction history remain aligned. No alternative action is

sampled from the teacher, avoiding comparison bias caused
by different generations. Skill retrieval depends only on the
initial observable task description and does not use rewards,
future observations, hidden states, or the student’s free-form
reasoning. These constraints prevent instance-specific privi-
leged or future information from entering the teacher context
beyond the observable context shared with the student. Thus,
evaluation performance reflects knowledge internalized by
the student rather than continued reliance on external skills.

Prompt Templates

ALFWorld. For ALFWorld, the agent is prompted as an
embodied decision-maker operating in the ALFRED en-
vironment. At each interaction step, it receives the task
objective, a bounded history of recent observations and
executed actions, the current textual environment obser-
vation, and the set of currently admissible actions. The
prompt requires the agent to first produce step-by-step rea-
soning enclosed within <think>...</think> tags, fol-
lowed by exactly one executable action enclosed within
<action>...</action> tags. The action must be se-
lected from the admissible action set, which includes naviga-
tion, object acquisition, container manipulation, object-state
transformation, and placement operations.

At the initial step, the interaction history is omitted, while
the task description, current observation, and admissible ac-
tions are retained. At subsequent steps, the prompt addition-
ally includes the current interaction index and the most recent
H observation—action pairs, where H is the configured his-
tory length. The prompt template is:

You are an expert agent operating in
the ALFRED Embodied Environment. Your
task is to: {task_description}

Prior to this step, you have already
taken {step_count} step(s). Below are
the most recent {history_length}
observations and the corresponding
actions you took: {action_history}

You are now at step {current_step} and
your current observation is:
{current_observation}

Your admissible actions of the current
situation are: [{admissible_actions}].

Now it’s your turn to take an action.
You should first reason step-by-step
about the current situation. This
reasoning process MUST be enclosed
within <think> </think> tags.

Once you’ve finished your reasoning,
you should choose an admissible action
for current step and present it within
<action> </action> tags.

This prompt exposes the causal structure required by long-
horizon embodied tasks. For example, the agent may need
to locate an object, acquire it, apply the required transforma-
tion, such as heating, cooling, or cleaning, navigate to the
destination receptacle, and place the transformed object.



WebShop. For WebShop, the agent is prompted as an au-
tonomous e-commerce agent. At each step, it receives the
shopping request, including the product category and at-
tribute constraints, a bounded history of recent page obser-
vations and actions, the current text-rendered web page, and
the set of currently available search and click operations.
The prompt asks the agent to reason about which admissible
action best advances the shopping objective and then output
exactly one action in the required format.

At the initial step, the interaction history is omitted. At
subsequent steps, the prompt additionally includes the cur-
rent step index and the most recent H observation—action
pairs. The prompt template is:

You are an expert autonomous agent
operating in the WebShop e-commerce
environment.

Your task is to: {task_description}.

Prior to this step, you have already
taken {step_count} step(s). Below are
the most recent {history_length}
observations and the corresponding
actions you took: {action_history}

You are now at step {current_step} and
your current observation is:
{current_observation}.

Your admissible actions of the current
situation are:

[{available_actions}].

Now it’s your turn to take one action
for the current step.

You should first reason step-by-step
about the current situation, then think
carefully which admissible action best
advances the shopping goal. This
reasoning process MUST be enclosed
within <think> </think> tags.

Once you’ve finished your reasoning,
you should choose an admissible action
for current step and present it within
<action> </action> tags.

The WebShop action space is normalized into two forms:
search|[<your query>] for issuing a product query
and click [<item>] for interacting with products, filters,
variants, navigation controls, or the purchase button. This
formulation requires the agent to jointly perform product
retrieval, attribute verification, variant selection, and final
purchase. If the assembled prompt exceeds the configured
length threshold, the interaction history is removed and the
corresponding no-history prompt is used.

Student and Teacher Inputs. During PCSD training, the
student receives the standard environment prompt described
above. The teacher receives the same task description, inter-
action history, current observation, and admissible actions,
with task-relevant privileged skill information prepended to
the prompt. The teacher evaluates the same response to-
kens generated by the student rather than sampling a sepa-
rate action sequence. Thus, the teacher—student probability

comparison uses identical environment context and student-
generated tokens, with the retrieved skill information pro-
vided only to the teacher.

GRPO Objective

We use the following GRPO objective in all reinforcement-
learning experiments. For each input, the rollout policy mg_,,
samples a group of G complete interaction trajectories. We
use g € {1,...,G} to index trajectories and ¢ to index
student-generated response tokens. Let my; € {0,1} de-
note the response-token mask and M, =3 . my ;.

Given the trajectory rewards {R, } g=1> We compute
1 & G
_ = - )2
HR = G;Rw oR = ; — nr)? (16)
and define the group-relative advantage as
Ry —pr

A, =9 17
g OR + €num ’ ( )

where €n,m > 0 ensures numerical stability. The same
trajectory-level advantage is assigned to all valid response
tokens in trajectory g.

Let hS denote the student-visible context precedlng token
Yg.i- For numencal stability, the importance ratio is computed
as

pg.i = exp (log mo(Yg.i | hy ;) —1og mo,., (Vg.i | hii)z ,

18)

ﬁgﬂ‘ = clip (Pg,i, 1- €clip» 1+ 6clip) . (19)
We estimate the token-level KL penalty using

with
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The resulting GRPO loss is
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Here, eqip is the policy-ratio clipping coefficient and
Bxk1, controls regularization toward the frozen reference pol-
icy. The response mask excludes prompt, environment, and
padding tokens. The rollout policy 7y, is updated between
rollout iterations, whereas m..¢ remains fixed throughout
training and is distinct from the privileged teacher.

Ay =log

Larro =

Training Procedure

Algorithm 1 summarizes the complete training procedure.
At each update, the current student is copied to the roll-
out policy, which collects G trajectories for every sampled
task without access to privileged skills. The resulting tra-
jectory rewards are normalized within each task group to



obtain GRPO advantages. The frozen teacher then evaluates
the same student-generated tokens under a skill-augmented
context. No response is resampled from the teacher.

PCSD weights are computed independently within each
student response; local windows never cross interaction-
turn boundaries. The teacher—student gaps used for variance
estimation, aggregation, trend analysis, and gating are de-
tached from the computation graph. However, the student
log-probabilities in the PCSD loss remain differentiable, so
the loss produces a weighted negative-log-likelihood gradi-
ent. The GRPO loss already includes regularization toward
the frozen reference policy. Only the student parameters are
updated, while the teacher, reference policy, skill retriever,
and PCSD weights remain fixed during each optimization
step.

Bias—Variance Trade-off in High-Variance Regions

The variance-conditioned aggregation in PCSD reflects a lo-
cal bias—variance trade-off rather than treating high variance
as direct evidence of teacher unreliability. A short window
preserves abrupt token-level changes but is sensitive to iso-
lated fluctuations, whereas a longer window provides a more
stable estimate at the risk of smoothing meaningful transi-
tions.

Let §; denote the detached teacher—student log-probability
gap at token t. For a window of size N, the mask-aware
estimate is

i
S(N) _ (V) (V) QO Miti
5 Za Vo a4, = = (22)
> j—0 aImiy;
where my.; is the valid-token mask. Hence, aggregation does
not cross response boundaries.
To characterize this estimator, Suppose d¢.; = ft4i+E¢+is

where E[g;1;] = 0, Var[e;4;] < o2, and the local signal
satisfies \,utﬂ» — p¢| < Li. Define
1
dN) = Z o), NY =——— 23

2
N-1( (N)

> im0 (at,i )

Under independent local noise, the mean-squared error is

bounded by

E [(5§N>

The first term represents temporal smoothing bias, whereas
the second represents sensitivity to local noise. A longer win-
dow generally increases the effective sample size and reduces
the second term, but may increase the first when teacher sup-
port changes rapidly. With Ny, = 8 and @ = 0.8, the
effective sample size is approximately 6.41, while the aver-
age temporal displacement is only about 2.39 tokens. Expo-
nential decay therefore improves stability while retaining a
preference for nearby tokens.
PCSD balances the two estimates through

Vi — ow
re = clip <’fT1 0, 1) , 05
Thigh — Tlow

S?d — (1 _ Tt)S]gNmin) + Ttgt(NmaX)-

- utﬂ <12 (dEN))Z + NU(ZVE (24)

Continuous interpolation avoids abrupt changes around
the variance thresholds. Low-variance regions retain more
token-level detail, while high-variance regions place greater
weight on the more stable long-window estimate.

Importantly, V; may reflect both stochastic fluctuations and
genuine changes in teacher support. Therefore, high variance
does not always favor additional smoothing. PCSD limits
this risk using a small maximum window, exponential decay,
and continuous interpolation. Nevertheless, abrupt changes
within a short span may still be partially smoothed.

The sigmoid gate also transfers estimation stability to the
token weights. Since |o’(x)| < 1/4, its sigmoid component
satisfies

|0 (Bgaedi®) — 0 (Bgatere)| <

Thus, a more stable gap estimate produces a more stable
distillation weight, although a larger Bgatc also increases
sensitivity to estimation error.

This analysis characterizes the local estimator rather than
establishing a global convergence guarantee. Any residual
smoothing affects only the auxiliary distillation weights; the
trajectory-level GRPO objective remains unchanged. Future
work may learn context-dependent window sizes, decay fac-
tors, and variance thresholds, allowing the trade-off to adapt
across different reasoning stages and training dynamics.

ﬂgatc
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Further Analysis of Local Aggregation

Denoising effect of exponential aggregation. Consider
a complete forward window of length N with normalized
exponential weights

(V) o S(N) _
a,; = oN-1 (5 Z a; 6t+i' (27)
ijo ol
Suppose that the observed gap is d;4; = ¢ + €4+ within a
locally stationary region, where E[e;1 ;] = 0 and Var[e; ;] =
o2, If the noise terms are independent, then

i) 5 ) -

Thus, exponential aggregation reduces the variance of an in-
dividual token-level gap while preserving temporal locality.

The same result also explains the response to an isolated
perturbation. If the gap at offset j is changed by &, the aggre-
gated signal changes by

o
7NQH(N, o) (28)

(N =(N N (1-a)a!
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The influence of an isolated fluctuation is therefore bounded
and decreases exponentially with its distance from the current
token. This reduces the influence of a distant isolated gap on
the local credit signal.

Token-level noise may be correlated in practice. Under an
equicorrelation model with pairwise correlation coefficient
¢, the variance becomes

- 1—c
Var [5fV] = 0 e+ ————|. 30
ar |0y o C+NCH(N,04) (30)



Algorithm 1: PCSD Training

Require: Student 7y, frozen teacher 7, frozen reference policy ¢, task set D, skill retriever R

Require: Group size G, update steps K, and PCSD hyperparameters

Ensure: Trained student policy g
I: foru=1,...,Kdo

2:  Sample a task batch {z}}£_ ; from D
3: Set Oo1q <+ 0
4:  for each task x;, do
5: Retrieve task-level skills Sy <— R(z)
6: Sample G trajectories 74, ~ 7o, (- | z») without skills
7: Compute returns Ry 4 and group-normalized advantages Ay 4
8: for each trajectory 73, 4 and response turn ¢ do
9: Let yp,4,+ be the student-generated response with mask mp, g1,
10: for each valid token yp, 4,;,; do
11: Compute student log-probability £; ot,i = 1og o (yb,g.t.i b gti)
12: Compute teacher log-probability 7. gt = 108 T (Yb,g,t,i | hbT’g,tﬂi, Sp)
13: Set the detached gap dp,¢,¢,; = sg(ﬂg,m Oy gii)
14: end for
15: for each valid token position i do
16: Compute local variance V4 g4 ¢ ; over the masked Nyax window
17: Posgui 4 clip (Mtiner g, 1)
18: Compute exponentially weighted estimates S(N“““) and 51()]\;";3;‘)
19: 5a(§;aftzwe (1 —=rpg,, 1)5< gn“n) + Thog.t, 151()1\91112@:)
20: Compute the mask-aware OLS slope s g.¢; over the Nmax window; set it to zero when fewer than two valid tokens are
available
21: Compute the response-level scale dscale,b,g,t
22: Mo,g.t.i < clip(l — vy ReLU (—$b,g,t,i/0scale,b,g,t) , 0, 1)
23: Wy,g,t,i < S [U (ﬂgateégidg)?ve Nb,g,t,i
24: end for
25: end for
26:  end for

27 M+ Zb,g,t,imbygxti
1 T s
28:  Lecsp < 37 > Mg,tiWhg,1,0 [Sg(fb,g,t,i) - éb,g,m}

b,g,t,i
29:  Compute Lcrpo using A\b,g, 0, and Tref
30 Liotal < Larro + ArcspLrcsp
31:  Update only 6 using Vg Ltotal
32: end for
33: return 7y

Positive correlation reduces the attainable variance reduc-
tion, but the aggregation still suppresses the uncorrelated
component of local noise.

Effective window length. The nominal window size N
does not fully describe the amount of averaging, because ex-
ponential weights contribute unequally. A more informative
measure is

Neff(N, a) =

=T o 31)

It satisfies 1 < Neg < N. When « approaches zero, the
estimate is dominated by the current token and Neg — 1.
When « approaches one, the weights become uniform and
Neg — N.

For the setting used in our experiments, Npy,,x = 8 and
a = 0.8, giving

Ne(8,0.8) ~ 6.41. (32)
The corresponding weighted temporal displacement is
N—-1. 4
dy = 2iz0 1093, (33)

Although the nominal window contains eight tokens, its cen-
ter of influence is only about 2.39 tokens ahead of the current
position. The window therefore provides substantial averag-
ing without treating all eight positions uniformly.

One-sided trend modulation. Exponential aggregation
estimates the local level of teacher support, but it does
not explicitly distinguish a stable positive region from one
whose support is rapidly decreasing. To capture this direc-
tion, PCSD fits an ordinary least-squares slope over the valid



positions in the Ny,,x window. For a complete window of
length n, the slope can be written as

i (i = 1)3ep ;_n—1

Vi (=2 2
Since the slope coefficients sum to zero, adding a constant
to all gaps does not change s;. The slope therefore captures
local direction rather than the absolute magnitude of teacher
support. Equation (34) omits the numerical stabilizer for clar-
ity; the implementation adds €gope > 0 to the denominator
and sets the slope to zero when fewer than two valid tokens
are available.

Under independent noise with variance o2, the slope vari-
ance is

(34)

St —

2 2
Var[s) = ————— = 130 . (35)
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For n = 8, this gives Var[s;] = 02 /42. Estimating the trend
across several positions is therefore less sensitive to a single
noisy gap than comparing only two adjacent tokens.
To make the slope comparable across responses with dif-
ferent gap scales, we normalize it as

~ St
St =
M1 Zjvil |6j| + €scale

where M is the number of valid response tokens and
€scale > 0 prevents division by a near-zero scale. If all gaps
are multiplied by a positive constant, both the slope and the
normalization scale change by the same factor. Consequently,
S; 1s approximately invariant to the overall magnitude of the
response-level gaps.

The one-sided trend factor is

= Chp (1 - "}/maX(*FSVt’ 0>7 07 1) . (37)

) (36)

This construction has three useful properties. First, if 5, > 0,
then 7, = 1, so an increasing trend does not amplify the
base distillation weight. Positive teacher support is already
reflected by the local gap and sigmoid gate; rewarding it again
through the trend term could create redundant amplification.
Second, if 5; < 0, the factor decreases smoothly as teacher
support falls. Third,

The final token weight is

wy =0 (Bgategfd) Tt- (39)

Therefore, the trend term can only attenuate the sigmoid gate
and cannot increase it. The parameter  controls how rapidly
the factor decreases with a negative normalized slope. With
v = 0.3, anormalized slope of —1 gives 1, = 0.7 before the
lower clipping bound is reached.

Complementary roles. The exponentially aggregated gap
and one-sided trend factor capture different aspects of local
consistency. The former estimates the level of teacher sup-
port while reducing isolated fluctuations; the latter detects
whether that support is persistently decreasing. A token may

Method G €clip Adistill ,Bgate Ret.
GRPO (Shao et al. 2024) 8 02 - - -

Skill-GRPO / Skill-GRPO* 8 0.2 - - KM
OPSD (Zhao et al. 2026) - - 0.01 50 KM
Skill-SD 8 0.2 0.001 - KM
GRPO+OPSD 8§ 02 0.01 0.0 KM
RLSD (Yang et al. 2026a) 8 0.2 0.5 - KM
SDAR (Lu et al. 2026a) 8§ 02 0.01 50 KM
PCSD 8§ 02 0.01 50 KM

Table 4: Method-specific hyperparameter settings used in
our experiments. Ret. denotes the skill-retrieval strategy used
during training. The starred variant additionally receives re-
trieved skills at evaluation; both Skill-GRPO variants other-
wise use the same training configuration. Prompt-only base-
lines are omitted because they have no optimization hyper-
parameters.

Parameter Value Description

Nmin 1 Short aggregation window

Nmax 8 Long, variance, and trend window
« 0.8  Exponential decay factor

Tlow 0.05 Lower variance threshold

Thigh 0.5  Upper variance threshold

ol 0.3  Negative-trend modulation strength
Bgate 5.0 Sigmoid gate sharpness

APCSD 0.01 Distillation loss coefficient

Table 5: Hyperparameters specific to PCSD.

have a positive aggregated gap but a negative local slope,
indicating that the teacher advantage is weakening. In this
case, the trend factor conservatively reduces the associated
distillation weight. In contrast, a nonnegative slope leaves
the base weight unchanged.

This asymmetric design prevents the trend estimator from
creating additional credit on its own. It acts only as a bounded
attenuation mechanism, while the magnitude of the distilla-
tion signal remains determined by the aggregated teacher—
student gap. Together, exponential aggregation and one-sided
trend modulation provide noise reduction, temporal locality,
and protection against stale or declining teacher support.

Training and Hyperparameter Settings

Tables 4 and 5 summarize the shared and method-specific
settings. All trainable methods are optimized with AdamW
using a learning rate of 1 x 1075, a KL penalty coefficient
of 0.01 toward the reference policy, gradient clipping with a
maximum norm of 1.0, and 150 update steps. On ALFWorld,
each batch contains 16 tasks with eight rollouts per task,
yielding 128 trajectories, and the maximum prompt length is
2,048 tokens. WebShop uses the same number of tasks and
rollouts with a maximum prompt length of 4,096 tokens. The
teacher is initialized from the same base checkpoint as the
student and remains frozen throughout training. Teacher log-
probabilities and token-level weights are detached during
optimization. Keyword matching (KM) is used whenever
skill retrieval is required, while evaluation-time skills are



Step Observation

Reasoning Summary Action

Task: heat some potato and put it in garbagecan

1 The agent starts in a room containing

A potato is likely to be stored in the fridge, a

go to fridge 1

several cabinets, countertops, a fridge, a cabinet, or on a countertop; inspect the fridge

microwave, and a garbage can. first.

2 The agent arrives at fridge 1, which Open the fridge to determine whether it contains open fridge 1

is closed.
3 The opened fridge contains several

objects, but no potato. cabinets.

the target object.
Continue the search at the countertops and

go to countertop 1

4  countertop 1 contains potato 1 The target has been located and must be acquired take potato 1 from

together with several other objects.

5  The agent successfully picks up
potato 1.

6  The agent arrives at microwave 1
while holding the potato.

before heating.

Navigate to the microwave to perform the
required state transformation.

Use the microwave to heat the acquired potato.

countertop 1
go to microwave 1

heat potato 1 with
microwave 1

7  The environment confirms that potato The remaining subgoal is to transport the heated go to garbagecan 1

1 has been heated.

8  The agent arrives at garbagecan 1
while still holding the heated potato.

potato to the target receptacle.

Place the heated potato in the garbage can to
complete the task.

move potato 1 to
garbagecan 1

Final outcome: won=True, reward = 10.0

Table 6: A complete successful rollout on an unseen ALFWorld environment. The agent recovers from an unsuccessful initial
search in the fridge, locates the potato on a countertop, preserves the required acquire—heat—place ordering, and completes the

task in eight valid actions.

provided only to methods marked with *.

For PCSD, we use a pointwise short window Ny, = 1
and a long window Ny .y = 8, with the latter also used
to estimate local variance and the OLS trend. The expo-
nential decay factor is set to & = 0.8. Local variance is
mapped between the short- and long-window estimates us-
ing Tiow = 0.05 and T35, = 0.5. We set the negative-trend
modulation strength to v = 0.3, the sigmoid sharpness to
Bgate = 5.0, and the distillation coefficient to Apcsp = 0.01.
Unless otherwise specified, these settings are fixed across
both backbones and benchmarks without task-specific tun-
ing.

Benchmark Protocols

The batch and evaluation sizes below refer to the number
of tasks or episodes processed in one training update or
evaluation run, rather than the total number of instances in
each benchmark split.

ALFWorld. Following the GiGPO setup used in the main
paper, we train on the official t rain split and evaluate in-
distribution performance on valid_seen. Generalization
is evaluated separately on valid_unseen, which contains
unseen environments and layouts. Each training update sam-
ples 16 tasks with eight rollouts per task, yielding 128 tra-
jectories, while each periodic validation run evaluates 128
episodes from valid_seen.

Each episode is limited to 50 environment actions. The
maximum prompt and response lengths are 2,048 and 512
tokens, respectively. Episode success is determined by the
final binary won signal returned by the environment. Suc-
cessful trajectories receive a training reward of 10, whereas

failures, invalid terminations, and timeouts receive 0. This
reward scaling is used only for training and does not affect
the reported success rate:

Neval

100
SR = WOony,,
Neval Z

won, € {0,1}.  (40)

n=1

WebShop. We use 1,000 training tasks and evaluate on 128
fixed validation instances. The training and validation envi-
ronments are initialized with different fixed random seeds,
using s for training and s + 1000 for validation. Each train-
ing update processes 16 tasks with eight rollouts per task,
yielding 128 trajectories. Each episode is limited to 15 in-
teraction steps, with maximum prompt and response lengths
of 4,096 and 512 tokens, respectively. Evaluation uses one
sampled trajectory per instance with temperature 0.4 and a
fixed evaluation seed.

WebShop returns a continuous task score measuring
product—specification alignment. Let ¢,, € [0, 1] denote the
task score of episode n, and let z,, € {0, 1} indicate whether
the episode terminates with g, = 1. Successful trajectories
receive a training reward of 10, while all other trajectories
receive 0. We report the normalized mean task score and
strict task success rate:

N
100
Score = N ; Qs
100 “
Acc = W Z Zn-

Il
—

n

Score captures partial product—specification satisfaction,
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Figure 5: Relationship between teacher-quality changes and weight changes under skill-removal and shuffled-skill perturbations.
Dashed and solid lines show method-specific linear fits, while the annotations report Spearman correlations. PCSD exhibits
weak nonnegative associations, whereas SDAR shows inverse associations under both perturbations.
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Figure 6: Robustness of token-weight rankings under
isolated-gap perturbations. Spearman correlation is com-
puted between the original and perturbed token-weight rank-
ings. PCSD remains comparable to SDAR under light pertur-
bation and yields higher mean rank preservation under the
5% and 10% perturbations. Error bars indicate variability
across repeated perturbation draws.

whereas Acc measures the proportion of fully completed
tasks.

Qualitative Rollout

Table 6 presents a complete successful PCSD trajectory. This
trajectory was generated by the PCSD-trained checkpoint un-
der the valid_unseen evaluation protocol. Observations
and reasoning are condensed for readability, while the actions
and terminal outcome are transcribed from the recorded roll-

out. The task requires the agent to locate a potato, acquire
it, heat it, and place it in the garbage can. The trajectory
contains eight valid environment actions and terminates with
won=True and areward of 10. The reasoning is abbreviated
for readability, while the observations and actions preserve
the recorded interaction sequence.

Weight Robustness and Teacher-Quality Alignment

Robustness of weight rankings. We first examine whether
sparse, isolated perturbations disrupt the global ordering of
token-level distillation weights. We inject spikes of magni-
tude 3.0 into randomly selected teacher—student gap values,
using perturbation fractions of 1%, 5%, and 10%. We then
compute the Spearman correlation between the original and
perturbed token-weight rankings. The same gap sequences
and perturbation locations are used for both methods.

As shown in Figure 6, PCSD and SDAR perform simi-
larly under the 1% perturbation, with correlations of 0.985
and 0.986, respectively. Under stronger perturbations, PCSD
yields higher mean correlations: 0.934 versus 0.929 at 5%,
and 0.887 versus 0.864 at 10%. These results suggest that
PCSD better preserves the relative priority of tokens under
moderate and severe isolated-gap noise, while the difference
under light perturbation is negligible.

Alignment with teacher-quality changes. We next ex-
amine whether changes in token weights follow changes
in teacher quality. Let () denote the teacher confidence
assigned to an expert action and W the corresponding
token-level distillation weight. For each evaluated state—
action pair, we compute AQ = Qperturbed — Qoriginal and
AW = Whperturbed — Woriginal. We consider two pertur-
bations: removing the retrieved skill context and replacing it
with a shuffied skill. A directionally consistent weighting rule
should produce a nonnegative association between A and



AW, because reduced teacher confidence should generally
be accompanied by reduced distillation weight.

Figure 5 shows that PCSD has weak but nonnegative
Spearman correlations under both perturbations: p = 0.174
for skill removal and p = 0.052 for shuffled skills. In con-
trast, SDAR produces negative correlations of —0.489 and
—0.208, respectively. These results do not indicate strong
teacher-quality alignment for every sample, particularly un-
der shuffled skills. However, they show that PCSD avoids
the systematic inverse association observed for SDAR. This
behavior is consistent with PCSD’s independently computed
sigmoid weights, whereas normalized weighting may intro-
duce competition across tokens.

Together, these diagnostics provide complementary evi-
dence that PCSD preserves token priorities under isolated
noise and avoids the inverse association observed for SDAR
under teacher-quality perturbations. They should be inter-
preted as analyses of the weighting behavior rather than
direct evidence of downstream task performance or causal
attribution to an individual component.



