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Abstract

Multi-turn LLM agents are becoming pivotal
to production systems, spanning customer ser-
vice automation, e-commerce assistance, and
interactive task management, where accurately
distinguishing high-value informative signals
from stochastic noise is critical for sample-
efficient training. In real-world scenarios, a
failure in a trivial task may reflect random in-
stability, whereas success in a high-difficulty
task signifies a genuine capability breakthrough.
Yet, existing group-based policy optimization
methods rigidly rely on statistical deviation
within discrete batches, frequently misallo-
cating credit when task difficulty fluctuates.
To address this issue, we propose Proximity-
based Multi-turn Optimization (ProxMO),
a practical and robust framework engineered
specifically for the constraints of real-world de-
ployment. ProxMO integrates global context
via two lightweight mechanisms: success-rate-
aware modulation dynamically adapts gradi-
ent intensity based on episode-level difficulty,
while proximity-based soft aggregation derives
baselines through continuous semantic weight-
ing at the step level. Extensive evaluations on
ALFWorld and WebShop benchmarks demon-
strate that ProxMO yields substantial perfor-
mance gains over existing baselines with neg-
ligible computational cost. Ablation studies
further validate the independent and synergis-
tic efficacy of both mechanisms. Crucially,
ProxMO offers plug-and-play compatibility
with standard GRPO frameworks, facilitating
immediate, low-friction adoption in existing
industrial training pipelines. Our implementa-
tion is available at: https://github.com/GithubX-
F/ProxMO-RL.

1 Introduction

Reinforcement learning (RL) has become essen-
tial for training Large Language Model (LLM)
agents in complex interactive tasks (Schulman
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Figure 1: Motivating challenges in multi-turn policy op-
timization. (a) Context-blind normalization: identical
z-score magnitudes yield uniform advantage intensi-
ties across high-success (e.g., 75%) and low-success
(e.g., 25%) groups, ignoring informational heterogene-
ity. (b) Hard boundary partitioning: binary participa-
tion (in/out based on threshold) with equal intra-group
weighting, causing singleton degeneracy under strict cri-
teria or incorrect equal weighting under loose criteria.

et al., 2017; Christiano et al., 2017). Among var-
ious RL algorithms, Group Relative Policy Opti-
mization (GRPO) (Shao et al., 2024) has emerged
as a scalable approach by computing advantages
through group-based normalization without ex-
plicit value networks, demonstrating strong per-
formance in single-turn scenarios.

Recent efforts have extended GRPO to real-
world multi-turn interactive tasks (Shridhar et al.,
2020; Yao et al., 2022a), requiring agents to navi-
gate sequential decision-making processes over ex-
tended horizons. In such practical settings, agents
confront a highly heterogeneous landscape where
task difficulty varies dramatically, while managing
observation spaces laden with high-dimensional
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lexical ambiguity. This phenomenon creates a fun-
damental credit assignment challenge: outcomes
carry inherently context-dependent informational
values, meaning a failure may reflect random noise
or critical error, and a success may represent rou-
tine performance or rare breakthrough. Yet, pre-
vailing optimization methods rely solely on within-
group statistical deviation, systematically ignoring
these vital contextual distinctions and consequently
misallocating learning signals during training.

This context-dependence manifests detrimen-
tally at both hierarchical levels: (i) At the episode
level, while standard z-score normalization effec-
tively captures statistical deviation, it ignores the
reality that identical deviations yield vastly differ-
ent informational values. Specifically, a failure in
a task with a 75% success rate likely reflects mere
stochastic noise, whereas a success in a complex
scenario with only a 25% success rate represents a
genuine capability breakthrough—yet conventional
approaches assign similar advantage magnitudes
to both based purely on statistical position. This
fundamental asymmetry is analyzed in detail in
Appendix A.1. (ii) At the step level, existing meth-
ods employ hard boundary partitioning (Feng et al.,
2025b) via exact matching or similarity thresholds,
creating discrete clusters where states either fully
participate or are entirely excluded. This produces
an irresolvable trade-off: strict criteria generate sin-
gleton groups that preclude baseline comparison,
while loose criteria indiscriminately weight states
regardless of semantic proximity. The prevalence
and consequence of this degeneracy are illustrated
in Figure 1 and quantified in Appendix A.2.

To effectively address these limitations, we pro-
pose Proximity-based Multi-turn Optimization
(ProxMO), a practical framework incorporating
global context at two distinct hierarchical levels. At
the episode level, we introduce success-rate-aware
modulation, a mechanism that adapts credit allo-
cation relative to task difficulty, attenuating noise
penalties in high-success regimes while amplify-
ing breakthrough signals in low-success regimes.
At the step level, proximity-based soft aggregation
replaces hard boundaries with continuous weight-
ing where all states contribute proportionally to
semantic proximity, eliminating singleton degen-
eracy and equal-weight limitations. Experiments
on ALFWorld and WebShop demonstrate consis-
tent improvements, with ablations confirming in-
dependent and synergistic contributions. Our core
contributions are summarized as follows:

• We propose ProxMO, a unified framework in-
corporating global context into the credit assign-
ment process at both episode and step levels,
addressing limitations of existing methods that
rely solely on within-group statistics.

• At the episode level, we introduce success-rate-
aware modulation, adapting gradient intensity
to task difficulty. At the step level, we design
a proximity-based soft aggregation mechanism
that replaces hard boundaries with continuous
weighting, where all states contribute propor-
tionally to semantic proximity.

• Comprehensive experiments on ALFWorld
and WebShop validate ProxMO’s effectiveness,
with ablations revealing independent and syner-
gistic contributions from both mechanisms.

2 Related Work

2.1 Multi-Turn Interaction with LLM Agents

LLMs have evolved from static responders to au-
tonomous agents capable of sustained multi-turn
interaction—embodied tasks (Shridhar et al., 2020;
Li et al., 2024), GUI navigation (Furuta et al.,
2023; Zheng et al., 2024; Gou et al., 2024; Feng
et al., 2025a), strategic gameplay (Wang et al.,
2023, 2024)—maintaining coherent perception-
reasoning-action loops over extended trajecto-
ries. Early approaches relied on prompt engi-
neering (Yao et al., 2022b; Shinn et al., 2023),
memory systems (Wang et al., 2024; Tan et al.,
2024), and tool integration (Schick et al., 2023;
Xie et al., 2024), but these static methods struggle
with distribution shifts. Recent work has shifted to-
ward learning-based adaptation via supervised fine-
tuning (Zhang and Zhang, 2024) or reinforcement
learning (Sutton et al., 1998), though multi-turn
settings introduce unique challenges: sparse re-
wards complicate credit assignment while sequen-
tial engagement inflates sample costs. A parallel
line of work improves agent self-improvement via
world models (Fang et al., 2025) and iterative ex-
ploration (He et al., 2025), highlighting the impor-
tance of credit-aware optimization in long-horizon
settings.

2.2 RL for Agentic Optimization

RL has evolved from actor-critic RLHF (Ziegler
et al., 2019; Stiennon et al., 2020; Ouyang et al.,
2022; Schulman et al., 2017) to group-relative
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Figure 2: The overview of ProxMO. Episode-level: success-rate-aware modulation adapts credit to task difficulty
(i.e., p). Step-level: proximity-based soft aggregation eliminates discrete boundaries for robust baseline estimation.

methods (Shao et al., 2024; Kool et al., 2019; Ah-
madian et al., 2024; Liu et al., 2025b; Yu et al.,
2025; Fu et al., 2026a,b) that compute advantages
within sample batches without value networks,
demonstrating strong performance in single-turn
reasoning tasks (Guo et al., 2025; Jin et al., 2025;
Sun et al., 2025; Qian et al., 2025).

Multi-turn extensions face fundamental chal-
lenges in credit assignment. GiGPO (Feng et al.,
2025b) introduces step-level credit assignment
through exact state matching, but produces sin-
gleton groups in high-dimensional spaces where
within-group normalization becomes undefined.
STEP (Chen et al., 2025) incorporates task dif-
ficulty at the sampling level by dynamically al-
locating rollouts to low-success tasks, improving
data collection efficiency. Similarly, Fang et al.
(2026b) jointly optimize rollout allocation and ad-
vantage modulation for policy gradient methods.
CSO (Li et al., 2026) further addresses step-level
credit by verifying critical steps, yet still relies
on discrete verification signals rather than continu-
ous proximity weighting. Question augmentation
methods (Fang et al., 2026a) complement these by
reshaping problem difficulty at the input level.

In contrast, ProxMO addresses task difficulty
at both levels: episode-level modulation adjusts
learning intensity based on success rates, while
step-level aggregation eliminates discrete bound-
aries through continuous proximity weighting.

3 Preliminaries

We formalize the multi-turn agent tasks as a sequen-
tial decision-making process in which a parame-
terized LLM policy πθ interacts with a dynamic
environment over multiple steps. At each time step
t, the agent observes a current state st ∈ S, gen-
erates a corresponding action at ∈ A, receives a
scalar reward rt ∈ R, and transitions to the sub-
sequent state st+1 governed by the environment
dynamics. Consequently, a complete interaction
episode is defined as a trajectory:

τ = {(s1, a1, r1), (s2, a2, r2), . . . , (sT , aT , rT )}, (1)

where T denotes the horizon of the episode. The
total return of such a trajectory is defined as:

R(τ) =

T∑
t=1

rt, (2)

and the goal is to find the optimal policy πθ that
maximizes the expected return Eτ∼πθ

[R(τ)].
Following GRPO (Shao et al., 2024), we sample

N trajectories {τ1, τ2, . . . , τN} under the identical
task instruction and initial state. GRPO computes
advantages purely from group statistics without
requiring the critic networks. Specifically, the ad-
vantage of trajectory τi is derived as:

A(τi) = GroupComputation
(
{R(τ1), R(τ2), . . . , R(τN )}

)
,

(3)

where GroupComputation(·) typically entails nor-
malizing returns relative to the intra-group mean
and standard deviation. This group-based approach



eliminates the need for explicit value function es-
timation, making it highly memory-efficient and
scalable for practical LLM training.

4 Methodology

ProxMO incorporates global context at two hierar-
chical levels (as shown in Figure 2): episode-level
modulation adapts credit assignment to task diffi-
culty and step-level aggregation leverages semantic
proximity to eliminate discrete group boundaries.

4.1 Episode-Level: Success-Rate-Aware
Advantage Modulation

For a task x, we sample N trajectories {τi}Ni=1

from identical initial states, computing returns
R(τi) =

∑T
t=1 r

(i)
t . Assuming the binary rewards

(R(τi) ∈ {0, 1}), the episode-level group is:

GE = {(τ1, R(τ1)), (τ2, R(τ2)), . . . , (τN , R(τN ))}. (4)

Standard GRPO computes episode advantages
by employing z-score normalization:

AE(τi) =
R(τi)− µ

σ
, (5)

where µ = 1
N

∑N
j=1R(τj) denotes the mean re-

turn and σ =
√

1
N

∑N
j=1(R(τj)− µ)2 denotes the

standard deviation. However, identical z-scores
yield uniform advantage magnitudes regardless of
task difficulty—an issue we address next.

At the episode level, we introduce Polarized Sig-
nal Controller (PSC) to implement success-rate-
aware modulation. Let p denote the empirical
success rate of the episode group GE , we define
success-rate-dependent scaling weights as:

w(R, p) = 1 + β · f(R, p),

f(R, p) =

{
Sigmoid(dα)− 0.5, if R = 1,

Sigmoid(−pα)− 0.5, if R = 0.

(6)

Here, d = 1−p is the failure rate, Sigmoid(x) =
1/(1 + e−x) serves as the non-linear activation,
while hyperparameters β and α govern the modula-
tion strength and steepness, respectively. Successes
are amplified in low-success groups to consolidate
rare breakthroughs, while failures are attenuated in
high-success groups to reduce noise penalties. The
modulated episode-level advantage is:

ÃE(τi) = w(R(τi), p) ·AE(τi). (7)

4.2 Step-Level: Proximity-Based Soft
Aggregation

While episode-level advantages provide necessary
trajectory-wide feedback, they inherently lack gran-
ularity, failing to differentiate action quality within
trajectories, e.g., a failed trajectory indiscriminately
assigns identical advantages to all steps despite
varying action quality. Meanwhile, existing step-
level methods employ hard boundary partition-
ing (Feng et al., 2025b) via exact matching or simi-
larity thresholds. Strict criteria produce singleton
groups where normalization becomes undefined,
while loose criteria assign equal weight to states
with vastly different semantic proximity.

To overcome these limitations, we introduce
Proximity-based Soft Aggregation (PSA). Rather
than partitioning states into discrete groups, we
compute baselines by aggregating returns from all
states weighted by their semantic proximity. For
each action a

(i)
t taken from state s

(i)
t , we define its

discounted return from step t onward:

R
(i)
t =

T∑
k=t

γk−tr
(i)
k , (8)

where γ ∈ (0, 1] is the discount factor. This for-
mulation explicitly reflects the long-term impact of
action a

(i)
t beyond immediate reward r

(i)
t .

For efficiency and scalability, we adopt Term
Frequency–Inverse Document Frequency (TF-IDF)
to measure semantic similarity. We represent each
state s

(i)
t via TF-IDF vectors v(i)

t = TF-IDF(s(i)t )
and compute L2-normalized cosine similarity:

sim(s
(i)
t , s

(j)
t ) =

v
(i)
t · v(j)

t

∥v(i)
t ∥2∥v(j)

t ∥2
. (9)

Let G(i) denote the index set of trajectories shar-
ing the same task as trajectory i. For step t, we com-
pute the temperature-scaled weights, restricting
step-level comparisons within the episode groups:

wij =


exp

(
sim(s

(i)
t , s

(j)
t )/τ

)∑
k∈G(i) exp

(
sim(s

(i)
t , s

(k)
t )/τ

) , if j ∈ G(i),

0, otherwise,
(10)

where τ is the temperature controlling the con-
centration of weights around high-similarity states.
The soft baseline and step-level advantage are:

B
(i)
t =

∑
j∈G(i)

wijR
(j)
t , (11a)

AS(a
(i)
t ) = R

(i)
t −B

(i)
t . (11b)



When τ → 0, weights concentrate on the nearest
neighbor (approximating exact matching); when
τ → ∞, weights become uniform (degenerating to
episode-level baseline). In practice, we set τ = 0.1
to balance proximity sensitivity and stability.

4.3 Unified Training Objective
In this section, we combine episode-level and step-
level advantages via a unified weighted summation:

A(a
(i)
t ) = ÃE(τi) + ω ·AS(a

(i)
t ), (12)

where ω balances episode and step signals (ω =
1 by default). The policy optimization objective
follows the clipped PPO formulation:

J (θ) = E

[
1

NT

N∑
i=1

T∑
t=1

min
(
ρ
(i)
t A(a

(i)
t ),

Clip(ρ(i)t , 1± ϵ)A(a
(i)
t )

)]
− βKLDKL(πθ∥πref),

(13)

where ρ
(i)
t = πθ(a

(i)
t |s(i)t , x)/πθold(a

(i)
t |s(i)t , x) is

the importance sampling ratio, ϵ is the clipping pa-
rameter, and expectations are estimated over the
task distribution x ∼ p(X) and the sampled trajec-
tories {τi}Ni=1 ∼ πθold .

5 Experiments

5.1 Experimental Setup
Benchmarks. We evaluate ProxMO on two real-
world multi-turn interactive benchmarks: (i) ALF-
World (Shridhar et al., 2020), an embodied environ-
ment with 3,827 task instances across six house-
hold activity categories, i.e., Pick & Place (Pick),
Examine in Light (Look), Clean & Place (Clean),
Heat & Place (Heat), Cool & Place (Cool), Pick
Two & Place (Pick2). (ii) WebShop (Yao et al.,
2022a), a web-based shopping environment with
1.1M products and 12K user instructions requiring
HTML navigation and purchase decisions.

Baselines. We compare ProxMO with a range
of competitive baselines: (i) Closed-source LLMs,
specifically GPT-4o (Achiam et al., 2023) and
Gemini-2.5-Pro (Team et al., 2023), which repre-
sent leading general-purpose reasoning capabilities.
(ii) Prompting agents, including ReAct (Yao et al.,
2022b) and Reflexion (Shinn et al., 2023), which
rely on in-context prompting without parameter
updates. (iii) RL training methods: comprising
GRPO (Shao et al., 2024), a group-based critic-
free method that performs advantage estimation

over trajectory groups, and GiGPO (Feng et al.,
2025b), a recent advancement that introduces step-
level credit assignment via exact state matching.

Training Details. We employ Qwen2.5-1.5B/7B-
Instruct models (Qwen et al., 2024) as our exper-
imental backbones for prompting agents and RL
training methods, with hyperparameters as follows:
α = 4.0, β = 0.1, τ = 0.1, γ = 0.95, ω = 1.0,
N = 8. All methods use identical configurations
for fair comparison, and the complete training de-
tails are provided in Appendix C.1.

5.2 Main Results

As detailed in Table 1, ProxMO consistently out-
performs baselines across LLM scales and task
types, with pronounced gains in long-horizon tasks
(e.g., Look, Cool, Pick2) that demand precise credit
assignment. Notably, our trained small models
(1.5B/7B) match or even surpass leading closed-
source LLMs like GPT-4o and Gemini-2.5-Pro,
demonstrating exceptional industrial viability.

The improvements stem from resolving two crit-
ical limitations: unlike GRPO’s context-agnostic
normalization that misallocates credit or GiGPO’s
discrete grouping that suffers from sparsity in high-
dimensional spaces, ProxMO employs episode-
level success-rate-aware modulation to amplify
rare successes in challenging tasks, and step-level
proximity-based soft aggregation to enable mean-
ingful baseline comparisons where exact state
matching degenerates into singletons. This hier-
archical design provides more informative advan-
tage estimates that accelerate convergence while
maintaining stability in complex, practical environ-
ments.

5.3 Hyperparameter Sensitivity

In Figure 3, we analyze the hyperparameter sen-
sitivity of ProxMO with Qwen2.5-1.5B-Instruct,
where episode-level hyperparameters (α, β) and
step-level temperature (τ ) reveal consistent stabil-
ity across broad intervals, with optimal values at
α = 4.0, β = 0.1, τ = 0.1. Across all three hy-
perparameters, performance degrades gracefully at
the boundaries rather than exhibiting abrupt col-
lapse, indicating that the underlying mechanisms
are inherently robust to misspecification. Notably,
the same hyperparameter configuration achieves
near-optimal results across different LLM scales
and task types, demonstrating robustness that is
critical for large-scale practical deployment, where



Table 1: Comparison of benchmark results on unseen test instances (averaged over 3 random seeds) across Qwen2.5-
1.5B-Instruct and Qwen2.5-7B-Instruct. Best results are bold, second-best are underlined. ∆ vs GRPO denotes
relative improvement (%) over GRPO. Key metrics (All, Succ.) are highlighted.

Method
ALFWorld WebShop

Pick Look Clean Heat Cool Pick2 All Score Succ.

Closed-Source LLMs

GPT-4o 75.3 60.8 31.2 56.7 21.6 49.8 48.0 31.8 23.7
Gemini-2.5-Pro 92.8 63.3 62.1 69.0 26.6 58.7 60.3 42.5 35.9

Qwen2.5-1.5B-Instruct

Base 5.9 5.5 3.3 9.7 4.2 0.0 4.1 25.1 6.3
ReAct 17.4 20.5 15.7 6.2 7.7 2.0 12.8 42.1 14.3
Reflexion 37.8 24.0 23.3 14.5 20.7 3.9 23.5 58.6 23.5
GRPO 80.0 50.0 75.0 88.9 63.2 50.0 70.3 73.1 52.2
GiGPO 95.3 80.2 92.9 92.7 70.6 78.5 85.2 81.7 62.3
ProxMO (Ours) 94.3 92.9 89.3 92.2 89.5 87.0 90.6 85.3 67.1
∆ vs GRPO +17.9% +85.8% +19.1% +3.7% +41.6% +74% +28.9% +16.7% +28.5%

Qwen2.5-7B-Instruct

Base 34.8 22.9 18.1 7.3 2.5 3.6 16.2 25.1 8.4
ReAct 50.1 33.8 35.7 12.5 17.3 18.9 29.8 47.8 21.0
Reflexion 63.4 40.2 46.5 29.7 37.9 22.6 44.1 56.3 30.2
GRPO 90.7 66.2 94.1 91.2 78.9 70.5 79.8 79.2 67.2
GiGPO 97.5 81.3 88.5 85.7 90.0 83.5 89.5 85.5 74.8
ProxMO (Ours) 98.4 88.6 95.7 93.8 91.3 89.8 94.5 87.2 76.5
∆ vs GRPO +8.5% +33.8% +1.7% +2.9% +15.7% +27.4% +18.4% +10.1% +13.8%
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Figure 3: Hyperparameter sensitivity analysis on ALFWorld and WebShop, with ProxMO maintaining stable high
performance across broad parameter configurations. For clarity, temperature τ is visualized on a logarithmic scale.

extensive hyperparameter tuning is infeasible. This
cross-domain consistency stems from ProxMO op-
erating on normalized quantities—success rates
and L2-normalized similarities—that are inherently
scale-invariant and task-agnostic, thereby eliminat-
ing the need for per-task hyperparameter search and
further reducing the adoption barrier in production
settings.

5.4 Ablation Study

To validate the effectiveness of each proposed
mechanism, we conduct a comprehensive ablation
study on ALFWorld with Qwen2.5-1.5B-Instruct.
As visualized in Figure 4, removing either episode-
level modulation (PSC) or step-level aggregation
(PSA) results in consistent degradation across all
task categories, confirming their independent con-
tributions. Notably, removing PSA causes more
severe performance drops, particularly in long-

horizon tasks requiring precise action sequenc-
ing, while removing PSC primarily affects tasks
with high success-rate variance where context-
dependent gradient scaling proves critical. This
asymmetry aligns with our theoretical motivation:
PSA provides the fine-grained per-step discrimina-
tion that is essential for complex sequential deci-
sions, whereas PSC calibrates the overall learning
intensity according to task difficulty. Crucially, the
full ProxMO not only surpasses all ablated variants
but also outperforms the strong baseline GiGPO,
demonstrating genuine synergistic effects that ex-
ceed the additive expectation from individual mech-
anisms. This synergy is most pronounced in com-
plex tasks where episode-level difficulty adaptation
amplifies the value of step-level credit precision,
enabling stable learning in heterogeneous environ-
ments where either mechanism alone proves insuf-
ficient.
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outperforms all variants and the strong baseline GiGPO.

5.5 Computational Efficiency

As illustrated in Figure 5, we compare the train-
ing time between ProxMO and GRPO on ALF-
World with Qwen2.5-1.5B-Instruct. Despite in-
troducing episode-level modulation and step-level
aggregation, ProxMO incurs only negligible over-
head across training iterations, as both mechanisms
operate through lightweight arithmetic operations
without requiring additional neural networks or
model forward passes (unlike critic-based meth-
ods (Schulman et al., 2017)). Specifically, the
episode-level PSC involves only scalar multiplica-
tions conditioned on empirical success rates, while
the step-level PSA computes TF-IDF similarities
and softmax-weighted baselines—operations that
execute efficiently on CPU without competing for
GPU resources during model training. The near-
identical training curves with narrow confidence in-
tervals confirm that ProxMO delivers precise credit
assignment without compromising the through-
put and scalability essential for large-scale indus-
trial adoption, enabling immediate deployment in
resource-constrained production environments.

5.6 Case Study

We exemplify the advantage of ProxMO through
a complex ALFWorld multi-object task requiring
the agent to find two remotes and place them in an
armchair. Detailed multi-step trajectories are pro-
vided in Appendix E. The ProxMO-trained agent
(11 steps, success) exhibits superior policy adher-
ence, systematically exploring high-probability lo-
cations and immediately depositing objects at the
target destination to secure a direct success. In
stark contrast, the GPT-4o baseline (14 steps, fail-
ure) exhibits characteristic goal drift: after locat-
ing the first remote, it hallucinates an unnecessary
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Figure 5: Training time comparison on ALFWorld
(shaded regions denote confidence intervals) reveals
ProxMO incurs a minimal additional overhead (+1.09%)
versus GRPO across training iterations, confirming its
computational efficiency for scalable pipelines.

decision to store the item in a cabinet “for safe-
keeping” rather than the target armchair. Although
the agent later attempts error correction, this initial
misalignment triggers an irreversible error cascade
that prevents task completion.

This divergence reveals ProxMO’s core strength,
i.e., step-level proximity-based aggregation, which
yields robust value estimates across semantically
similar states. Specifically, states like “holding ob-
ject near placement location” receive credit only
when actions align with task-specific targets (arm-
chair, not cabinet). Without this fine-grained aggre-
gation, agents rationalize locally coherent but glob-
ally misaligned decisions through myopic heuris-
tics. Our continuous semantic weighting prevents
such fragmentary reasoning, enforcing consistency
between intermediate decisions and global task ob-
jectives that is critical for long-horizon real-world
tasks where early errors cascade irrecoverably.

6 Conclusion

In this paper, we propose ProxMO, a robust frame-
work that incorporates global context into multi-
turn credit assignment at both levels. Episode-level
modulation adapts gradient intensity to task dif-
ficulty, attenuating noise in high-success groups
while amplifying breakthroughs in low-success
groups. Step-level aggregation replaces hard
boundaries with continuous weighting proportional
to semantic proximity, eliminating singleton de-
generacy. Experiments demonstrate consistent im-
provements, with ablations confirming independent
and synergistic contributions. ProxMO has been
deployed in industrial agent training pipelines, un-
derscoring the value of context-dependent credit
assignment for multi-turn RL with LLM agents.



Limitations

This work focuses on demonstrating the effective-
ness of context-aware credit assignment for multi-
turn LLM agent training. While our results are con-
sistent and robust, the scope of our investigation
naturally leaves several research directions unex-
plored.

Our experimental validation concentrates on
resource-efficient model scales, which are repre-
sentative of practical industrial deployment sce-
narios. Extending the evaluation to significantly
larger foundation models, including dense architec-
tures and mixture-of-experts configurations, would
provide a more comprehensive understanding of
how context-aware credit assignment interacts with
model capacity across the full spectrum. In partic-
ular, it would be valuable to investigate whether
the relative contribution of episode-level versus
step-level mechanisms shifts as models acquire
stronger intrinsic reasoning abilities at larger scales.
One hypothesis is that larger models may benefit
more from step-level aggregation due to their ca-
pacity to exploit fine-grained credit signals, while
smaller models may rely more heavily on episode-
level modulation for stable learning. Exploring
diverse architectural families beyond the Qwen se-
ries (Qwen et al., 2024) also represents a natural
next step toward establishing broader generaliz-
ability across the heterogeneous model ecosystem
prevalent in production environments.

The benchmarks employed in this study, ALF-
World (Shridhar et al., 2020) and WebShop (Yao
et al., 2022a), represent two distinct and well-
established multi-turn interaction paradigms. Nev-
ertheless, the rapidly expanding landscape of agen-
tic applications spans GUI navigation across oper-
ating systems (Xie et al., 2024; Feng et al., 2025a),
open-ended strategic gameplay (Wang et al., 2023;
Tan et al., 2024), autonomous software engineer-
ing, and complex tool orchestration with external
APIs (Schick et al., 2023; Qian et al., 2025), all
of which present rich opportunities for applying
and adapting ProxMO’s hierarchical credit assign-
ment principles. Of particular interest are domains
where episodes span hundreds of steps and involve
compositional subtask structures, as these settings
would further stress-test and potentially amplify
the benefits of fine-grained proximity-based credit
attribution. Environments with partially observable
states or stochastic transitions would also serve as
informative testbeds, since the distinction between

noise-induced failure and genuine policy deficiency
becomes more pronounced under such conditions.

Our current investigation operates within the
text-based single-agent paradigm, which consti-
tutes the dominant setting for contemporary LLM
agent research. As the field advances toward multi-
modal agents that process visual observations (Fu-
ruta et al., 2023; Gou et al., 2024), interact with
graphical interfaces (Wang et al., 2024; Zhang and
Zhang, 2024), and ground language in physical
environments (Li et al., 2024), adapting proximity-
based mechanisms to cross-modal state represen-
tations opens an important avenue. In such multi-
modal settings, the notion of state proximity natu-
rally extends beyond lexical similarity to encom-
pass visual and structural correspondences, inviting
the design of unified cross-modal similarity mea-
sures that preserve the lightweight and scalable
properties central to ProxMO. How to balance rep-
resentation fidelity with computational overhead
in this cross-modal regime remains an open and
practically significant question.

Multi-agent cooperative settings present a natu-
ral extension of ProxMO’s core principles, where
disentangling individual contributions from emer-
gent collective dynamics amplifies the credit as-
signment challenge. Context-dependent modula-
tion and cross-trajectory proximity comparison be-
come particularly relevant for stable joint policy
optimization. The success-rate-aware mechanism
also translates naturally to multi-agent scenarios,
where coordination difficulty varies with task con-
figurations and team compositions.

Beyond empirical extensions, formal theoretical
characterization—such as convergence rate analy-
sis under our modulation and aggregation dynam-
ics—would enrich understanding of how episode-
level and step-level mechanisms jointly shape the
optimization landscape. Establishing conditions
under which their synergy provably accelerates
learning, and analyzing how hyperparameters in-
fluence advantage geometry, would provide prin-
cipled guidance for practitioners. A related direc-
tion is studying the interplay between ProxMO’s
advantage estimation and stabilization techniques
like KL regularization, whose joint effects remain
largely unexplored. These directions collectively
point toward a broader agenda of context-sensitive
reinforcement learning for capable real-world LLM
agents.
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A Analysis of Baseline Limitations

This section provides quantitative evidence for
the two fundamental limitations of existing group-
based methods motivating ProxMO.

A.1 Z-Score Normalization and Success-Rate
Context

We prove that GRPO’s z-score normalization pro-
duces informationally asymmetric credit allocation
as a function of group success rate.

Theoretical Analysis. GRPO computes advan-
tages via z-score normalization:

AE(τi) =
R(τi)− µ

σ
, (14)

where µ = 1
N

∑
j R(τj) and σ =√

1
N

∑
j(R(τj)− µ)2.

For binary rewards (R ∈ {0, 1}), the success rate
p = µ directly determines the standard deviation.
A group with success rate p has:

σ2 = p(1− p). (15)

Therefore:

σ =
√

p(1− p). (16)

For success outcomes (R = 1), the z-score is:

zsucc =
1− p√
p(1− p)

=

√
1− p

p
. (17)

For failure outcomes (R = 0), the z-score is:

zfail =
0− p√
p(1− p)

= −
√

p

1− p
. (18)

Fundamental asymmetry: Inversion symmetry
around p = 0.5. These two functions exhibit a
critical symmetry: they are inverted reciprocals
around the point p = 0.5. Observe that:

zsucc(p) =

√
1− p

p
, (19)

zfail(p) = −
√

p

1− p
= − 1

zsucc(p)
. (20)

More precisely, if we denote ϕ(p) =
√

1−p
p ,

then:

ϕ(p) · ϕ(1− p) =

√
1− p

p
·
√

p

1− p
= 1. (21)

This means:

• zsucc(p) =
√

1−p
p and zsucc(1 − p) =√

p
1−p = 1

zsucc(p)

• Equivalently: zfail(p) = −zsucc(1− p)

The information-value inversion problem.
This inversion symmetry creates a fundamental
mismatch with information density:

• When p → 1 (high-success task):

– Successes are common (low informa-
tion), yet zsucc → 0 (weak credit)

– Failures are rare (high information), yet
|zfail| → ∞ (severe penalty)

• When p → 0 (low-success task):

– Successes are rare (high information),
yet zsucc → ∞ (strong credit)

– Failures are common (low information),
yet |zfail| → 0 (weak penalty)

The core insight is that z-score normalization
allocates advantage magnitudes proportional to sta-
tistical rarity, but this is inversely related to infor-
mation value in the context of credit assignment.
In a low-success environment (p ≈ 0), every fail-
ure is expected (low information ⇒ should receive
weak penalty), yet statistical deviation assigns it
maximal penalty. Conversely, a rare success (high
information ⇒ should receive strong reward) re-
ceives maximal credit only coincidentally when p
is sufficiently small.



ProxMO’s correction. ProxMO’s success-rate-
aware modulation (Eq. 6) explicitly inverts this
relationship by weighting advantages as a func-
tion of p itself: amplifying signals in low-success
regimes (p → 0) where information density is
highest, while attenuating signals in high-success
regimes (p → 1) where outcomes are predomi-
nantly noise.

A.2 Step-Level Grouping and Singleton
Degeneracy

Existing step-level credit assignment methods par-
tition states into discrete groups via hard thresholds
(e.g., exact matching or similarity thresholds). This
approach encounters a fundamental challenge in
high-dimensional state spaces.

The discrete grouping dilemma. State repre-
sentations in multi-turn environments encode rich,
trajectory-specific contextual information (current
location, observed objects, task history, action his-
tory). Two trajectories that reach the same location
at different steps, with different prior trajectories
or with different observed outcomes, produce se-
mantically similar yet lexically distinct state repre-
sentations.

Hard partitioning methods face a trade-off:

• Strict criteria (e.g., exact matching s
(i)
t =

s
(j)
t ): Ensures only truly identical states group

together, but in high-dimensional spaces, ex-
act matches become rare. Groups frequently
degenerate to singletons: |G(i)| = 1.

• Loose criteria (e.g., similarity threshold
sim(s

(i)
t , s

(j)
t ) > τ ): Captures semantically

similar states, but indiscriminately assigns
equal weight to all group members, failing to
distinguish between high-proximity and low-
proximity states.

The singleton problem: Empirical evidence
on ALFWorld. When a state forms a singleton
group (|G(i)| = 1), baseline computation reduces
to:

B
(i)
t = R

(j)
t where j = i, (22)

AS(a
(i)
t ) = R

(i)
t −B

(i)
t = 0. (23)

This yields zero advantage, providing no learn-
ing signal. We quantify the frequency of this de-
generacy on ALFWorld during training:

Across all training iterations, singleton groups
persistently comprise 30-36% of trajectory steps.

These steps cannot leverage within-group baselines
and receive zero advantage signals, hindering credit
assignment. Even non-singleton groups provide
limited discrimination: combined, groups of size
2-3 account for only 25-30% of steps, leaving the
majority of baseline comparisons to underperform
in high-dimensional state spaces.

ProxMO’s continuous proximity approach.
Rather than enforcing discrete group boundaries,
ProxMO computes step-level advantages through
continuous proximity-based weighting (Eq. 10).
All states contribute proportionally to their seman-
tic similarity via TF-IDF:

B
(i)
t =

∑
j∈G(i)

wijR
(j)
t , (24)

wij ∝ exp(sim(s
(i)
t , s

(j)
t )/τ). (25)

This ensures: (1) no training signal is discarded
(all states contribute), (2) proximity is continu-
ously modeled (high-similarity states dominate,
low-similarity states receive diminishing weight),
and (3) credit discrimination is preserved without
discrete group boundaries.

B Extended Related Works

Beyond the core topics discussed in §2, several ad-
jacent research threads inform the broader context
of this work. Efficient dense retrieval (Liu et al.,
2021b,a) and retrieval robustness (Liu et al., 2025a)
are foundational for agent systems that rely on tool
use or grounded observation. Structured sequential
modeling under adversarial conditions (Fang and
Shi, 2026) further demonstrates the importance of
intent-aware decision processes in multi-step set-
tings, paralleling the credit assignment challenges
ProxMO addresses in RL-based agent training.

C Complete Experimental Details

C.1 Training Configuration
In this section, we provide complete details of the
experimental setup.

Model Configuration. We use Qwen2.5-1.5B-
Instruct and Qwen2.5-7B-Instruct (Qwen et al.,
2024) as base models, both pretrained on diverse
web corpora with instruction tuning.

Hyperparameter Settings. We adopt base con-
figurations from GiGPO (Feng et al., 2025b): dis-
count factor γ = 0.95, balance coefficient ω = 1.0,
group size N = 8, learning rate 10−6, and clip



Training Iteration Group Size 1 Group Size 2 Group Size 3 Group Size > 3

Iteration 40 36.2% 15.6% 11.2% 37.0%
Iteration 80 34.2% 14.2% 12.3% 39.3%
Iteration 120 30.2% 16.2% 13.6% 40.0%

Table 2: Distribution of step-level group sizes during training on ALFWorld. Singleton groups (size 1) consistently
account for 30-36% of all steps, depriving these steps of meaningful baseline comparisons and credit signals.

ratio ϵ = 0.2. ProxMO introduces three additional
hyperparameters tuned on ALFWorld (Qwen2.5-
1.5B): episode steepness α = 4.0, episode strength
β = 0.1, and step temperature τ = 0.1. As demon-
strated in §C.3, these values generalize well across
model scales (7B) and task domains (WebShop)
without further tuning.

Parameter Value

ProxMO-specific
Episode steepness (α) 4.0
Episode strength (β) 0.1
Step temperature (τ ) 0.1

Following GiGPO (Feng et al., 2025b)
Step discount (γ) 0.95
Balance (ω) 1.0
Group size (N ) 8
Learning rate 10−6

Clip ratio (ϵ) 0.2

Setting ALFWorld WebShop

Maximum episode length 50 steps 15 steps
Maximum prompt length 2048 tokens 4096 tokens
Training iterations 150 150

Task-Specific Settings. All experiments use 3
random seeds. We report mean and standard de-
viation across seeds. All methods use identical
configurations for fair comparison.

C.2 Benchmark Descriptions

ALFWorld. An embodied environment designed
to assess multi-step decision-making abilities of
LLM agents. In each episode, the agent receives a
text-based goal (e.g., "put a hot apple in the fridge")
and must accomplish it through multi-turn interac-
tion with the environment. The benchmark con-
tains 3,827 task instances across six categories
of common household activities, detailed in Ta-
ble 3. Task difficulty varies dramatically across
categories, with success rates ranging from 20%
(Pick2) to 95% (Pick) for baseline methods, mak-
ing it ideal for evaluating success-rate-aware credit
assignment.

WebShop. A complex web-based interactive en-
vironment designed to test LLM agents in realistic
online shopping scenarios. To complete each task,
the agent must interact with a simulated HTML-
based shopping website to search for, navigate to,
and ultimately purchase a suitable item matching
user requirements (e.g., "buy cheap wireless head-
phones with good reviews").

C.3 Hyperparameter Analysis

We analyze ProxMO’s hyperparameter sensitivity
and design principles.

Episode-Level Modulation. Steepness (α) con-
trols modulation sharpness (Eq. 6). Low values
fail to differentiate task difficulties; high values
destabilize training through extreme weight fluc-
tuations. Moderate values balance sensitivity and
stability. Strength (β) determines adjustment mag-
nitude. Small values reduce effectiveness; large
values introduce gradient variance. Performance
remains stable across wide ranges, indicating inher-
ent robustness.

Step-Level Aggregation. Temperature (τ ) gov-
erns weight concentration (Eq. 10). Low tempera-
tures approximate exact matching, causing single-
ton degeneracy in high-dimensional spaces. High
temperatures produce near-uniform weights, losing
discrimination. Optimal values balance precision
and robustness. Performance degrades gradually
at extremes rather than sharply, confirming mecha-
nism stability.

Cross-Task Consistency. Optimal configura-
tions remain consistent across ALFWorld and Web-
Shop despite differing task structures (embodied
navigation vs. web interaction), episode lengths,
and observation types. This consistency stems
from ProxMO’s design: both mechanisms oper-
ate on normalized quantities (success rates, L2-
normalized similarities) that are scale-invariant and
task-agnostic. Hyperparameters encode relative
relationships rather than absolute scales, enabling
transfer without per-task tuning.



Category Description

Pick & Place (Pick) Locate and move objects to target locations
Examine in Light (Look) Pick up objects and examine under lamps
Clean & Place (Clean) Clean objects and place them appropriately
Heat & Place (Heat) Heat objects in microwaves before placing
Cool & Place (Cool) Cool objects in fridges before placing
Pick Two & Place (Pick2) Manipulate two objects sequentially

Table 3: ALFWorld task categories and descriptions.

Component Details

Product catalog Over 1.1 million real products from Amazon
User instructions 12,000 diverse instructions across categories
Observations Rich HTML requiring semi-structured parsing
Action space Search queries, navigation, attribute filtering
Evaluation metrics Score (attribute matching), Success (completion)
Episode constraint 15-step limit (simulating user patience)

Table 4: WebShop environment specifications.

Deployment Implications. Wide stability ranges
mean practitioners need not precisely tune hyper-
parameters. Cross-task consistency eliminates per-
domain search. Gradual degradation provides op-
erational safety against misspecification. These
properties reduce adoption barriers in production
systems where tuning is expensive and domain ex-
pertise limited. Default configurations generalize
reliably across diverse settings—a critical require-
ment for practical deployment.

D Prompt Templates and Agent Behavior

The prompts used for LLM agents are constructed
using Python-style string formatting, where place-
holders enclosed in curly braces represent semantic
slots. These placeholders are dynamically popu-
lated at runtime. For fair comparison, we adopt the
same prompt template configurations as GiGPO.

The <think> </think> block instructs agents to
perform step-by-step reasoning, promoting chain-
of-thought deliberation. The <action> </action>
block clearly indicates the final action decision.

E Qualitative Examples

To illustrate how ProxMO enables fine-grained rea-
soning and credit assignment, we present multi-
step trajectories of agents trained using our method.
These examples demonstrate emergent structured
reasoning behaviors on challenging tasks where
precise per-step decision-making is essential.

E.1 ALFWorld Example: Complex
Multi-Object Task (Pick Two Objects)

We show a complete episode trajectory from ALF-
World where the agent must locate and retrieve
two remote controls and place them in an armchair.
This task requires strategic exploration and sequen-
tial object management across multiple steps.

This example demonstrates how ProxMO-
trained agents execute structured reasoning across
multi-step episodes. As shown in Figures 8–18,
the agent plans the overall strategy, explores multi-
ple locations, manages object state and placement,
and adapts its search behavior based on observa-
tion results. The trajectory shows how reasoning
decisions vary across the episode. Early steps (Fig-
ures 8–9) establish the search strategy and locate
the first target; middle steps (Figures 10–14) evalu-
ate locations and adapt when targets are not found;
final steps (Figures 15–18) execute object place-
ment and task completion. This reasoning struc-
ture emerges from ProxMO’s two-level credit as-
signment: episode-level modulation provides feed-
back on overall task completion, while step-level
proximity-based aggregation provides fine-grained
feedback on individual navigation and placement
decisions. Together, these mechanisms enable the
policy to develop multi-step behaviors aligned with
task objectives.

E.2 Baseline Comparison: Failed Episode
with Execution Error

To illustrate the improvements enabled by ProxMO,
we present a representative episode from GPT-4o.



Prompt Template for ALFWorld

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: {cur-
rent_observation}. Your admissible actions for 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 the current step
and present it within <action> </action> tags.

Figure 6: The prompt template for ALFWorld agents.

Prompt Template for WebShop

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 for 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 admis-
sible 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 the current step
and present it within <action> </action> tags.

Figure 7: The prompt template for WebShop agents.

Despite GPT-4o’s strong reasoning capabilities, the
trajectory reveals critical limitations in planning
and execution consistency without fine-grained
credit assignment. The agent initially pursues a rea-
sonable strategy but compounds early inefficiencies
with a catastrophic placement error: after locating
the first remote control, the agent places it in the
wrong location (a storage area rather than the target
armchair), fundamentally compromising task com-
pletion. This error exemplifies how agents without
step-level proximity-based credit assignment lack
incentive to maintain consistency between declar-
ative reasoning and actionable execution across
extended horizons.

This trajectory reveals a critical failure mode
absent from standard metrics but crucial for de-
ployment: despite successfully discovering both re-
mote controls and demonstrating reasonable search
patterns, GPT-4o fails the task through a goal mis-
alignment error. After acquiring the first remote,

the agent decides to store it temporarily in a cab-
inet (Step 8) rather than directly placing it in the
target armchair as specified in the task. The agent
later realizes this mistake (Step 12) but cannot re-
cover within the episode horizon. This exemplifies
a fundamental limitation without fine-grained step-
level credit assignment: the agent lacks incentive
to maintain explicit consistency between the global
task objective (“place remotes in armchair”) and
intermediate action decisions (“store in cabinet”).
Each action generates a local reward signal that
might be individually rational given myopic heuris-
tics (“a cabinet is a safe storage location”), but
without proximity-based state-level credit aggre-
gation, the agent fails to recognize and penalize
the divergence from global task semantics until
recovery is no longer feasible.

ProxMO’s mechanisms directly address this fail-
ure mode through two complementary pathways.
Episode-level modulation with success-rate aware-
ness would recognize the ultimate task failure and



Environment (Step 1): Initial State

You are in the middle of a room. Looking quickly around you, you see a drawer 15, a drawer 19, a
drawer 7, a armchair 1, a drawer 3, a drawer 16, a drawer 2, a drawer 17, a sidetable 3, a sidetable
5, a drawer 4, a drawer 20, a sofa 1, a drawer 13, a drawer 12, a drawer 9, a drawer 21, a sidetable
4, a sidetable 2, a drawer 5, a drawer 11, a drawer 1, a garbagecan 1, a dresser 1, a cabinet 1, a
drawer 8, a drawer 18, a sidetable 1, a drawer 14, a drawer 6, and a drawer 10.
Your task is to: find two remotecontrol and put them in armchair.

Agent (Step 1): Initial Strategy

<think>
1. I need to find two remote controls and place them in armchair 1.
2. The room contains many drawers, side tables, a sofa, and a dresser—common places to find
remote controls.
3. I should systematically search the most likely locations (side tables, sofa, dresser) before
checking drawers.
4. Once I find a remote control, I’ll take it to the armchair and place it there, then repeat for the
second one.
5. Strategy: Start with side tables and the sofa as they’re common places for remote controls.
</think>
<action>go to sidetable 2</action>

Figure 8: Step 1: Task understanding and exploration strategy.

provide strong corrective credit to the entire tra-
jectory, teaching the agent to prioritize destination
consistency. Step-level proximity-based soft aggre-
gation would compute value estimates that compare
semantically similar states: states semantically near
“arriving at placement location with object” would
receive credit only when the action correctly aligns
with the task-specific target location. This seman-
tic alignment mechanism ensures agents learn ro-
bust task execution patterns rather than fragmentary
heuristics. The ProxMO-trained agent (Figures 8–
18) maintains consistency throughout, successfully
completing the task within 11 steps, demonstrat-
ing that fine-grained credit assignment enables not
just efficiency but also correctness in multi-step
execution.



Environment (Step 2): First Location

You arrive at loc 34. On the sidetable 2, you see a remotecontrol 1.

Agent (Step 2): First Object Found

<think>
1. Excellent! I found the first remote control on the sidetable 2.
2. I should take it and transport it to the armchair 1.
3. Then I’ll need to continue searching for the second remote control.
</think>
<action>take remotecontrol 1 from sidetable 2</action>

Figure 9: Step 2: First remote control discovered and acquired.

Environment (Step 3): Object in Hand

You pick up the remotecontrol 1 from the sidetable 2.

Agent (Step 3): Transport to Destination

<think>
1. I have successfully picked up the first remote control.
2. Now I need to navigate to armchair 1 to place it there.
3. The armchair is the target location for both remote controls.
</think>
<action>go to armchair 1</action>

Figure 10: Step 3: Navigating with first object to destination.

Environment (Step 4): At Armchair

You arrive at loc 1. On the armchair 1, you see nothing.

Agent (Step 4): Place First Object

<think>
1. I’ve reached the armchair 1 and it’s currently empty.
2. I should place the first remote control here.
3. After this, I need to search for the second remote control.
</think>
<action>put remotecontrol 1 in/on armchair 1</action>

Figure 11: Step 4: Placing first remote control in armchair.



Environment (Step 5): First Object Placed

You put the remotecontrol 1 in/on the armchair 1.

Agent (Step 5): Continue Searching

<think>
1. First remote control successfully placed in the armchair.
2. Now I need to find the second remote control.
3. Let me check the dresser 1—it’s another common location for electronics like remote controls.
</think>
<action>go to dresser 1</action>

Figure 12: Step 5: First object stored, searching for second remote.

Environment (Step 6): Dresser Exploration

You arrive at loc 18. On the dresser 1, you see a creditcard 1, a television 1, a laptop 1, a book 1, a
statue 2, and a cellphone 2.

Agent (Step 6): No Remote Here, Continue Search

<think>
1. The dresser has electronics but no remote control.
2. I need to check other locations—sidetable 5, the sofa, and other areas.
3. Let me try sidetable 5 next.
</think>
<action>go to sidetable 5</action>

Figure 13: Step 6: Dresser checked, no remote control found.

Environment (Step 7): Sidetable 5 Exploration

You arrive at loc 17. On the sidetable 5, you see a box 1, and a creditcard 2.

Agent (Step 7): No Remote at Sidetable 5

<think>
1. No remote control at sidetable 5.
2. The sofa 1 is a likely place to find a remote control.
3. Let me go to the sofa next.
</think>
<action>go to sofa 1</action>

Figure 14: Step 7: Sidetable 5 checked, moving to sofa.



Environment (Step 8): Sofa Discovery

You arrive at loc 2. On the sofa 1, you see a newspaper 1, a pillow 1, and a remotecontrol 2.

Agent (Step 8): Second Remote Found!

<think>
1. Perfect! I found the second remote control on the sofa 1.
2. I should take it immediately.
3. Then transport it to the armchair where the first remote control is already placed.
</think>
<action>take remotecontrol 2 from sofa 1</action>

Figure 15: Step 8: Second remote control located on sofa.

Environment (Step 9): Second Object Acquired

You pick up the remotecontrol 2 from the sofa 1.

Agent (Step 9): Return to Armchair

<think>
1. I’ve successfully picked up the second remote control.
2. Now I need to navigate back to armchair 1 to place it there.
3. This will complete the task.
</think>
<action>go to armchair 1</action>

Figure 16: Step 9: Second object acquired, returning to armchair.

Environment (Step 10): Final Placement

You arrive at loc 1. On the armchair 1, you see a remotecontrol 1.

Agent (Step 10): Task Completion

<think>
1. I’ve returned to armchair 1 where the first remote control is already placed.
2. Now I’ll place the second remote control here to complete the task.
3. This fulfills the goal of finding two remote controls and placing them in the armchair.
</think>
<action>put remotecontrol 2 in/on armchair 1</action>

Figure 17: Step 10: Final remote control placed, task complete.

Environment (Step 11): Success!

You put the remotecontrol 2 in/on the armchair 1. You won!

Figure 18: Step 11: Task successfully completed.



Environment (Step 1): Initial State

You are in the middle of a room. Looking quickly around you, you see a drawer 15, a drawer 19, a
drawer 7, a armchair 1, a drawer 3, a drawer 16, a drawer 2, a drawer 17, a sidetable 3, a sidetable
5, a drawer 4, a drawer 20, a sofa 1, a drawer 13, a drawer 12, a drawer 9, a drawer 21, a sidetable
4, a sidetable 2, a drawer 5, a drawer 11, a drawer 1, a garbagecan 1, a dresser 1, a cabinet 1, a
drawer 8, a drawer 18, a sidetable 1, a drawer 14, a drawer 6, and a drawer 10.
Your task is to: find two remotecontrol and put them in armchair.

Agent (Step 1): Initial Planning

<think>
1. I need to find two remote controls and place them in armchair 1.
2. The room contains many storage locations. I should explore systematically.
3. Let me start by checking the drawers—they often contain various household items.
</think>
<action>go to drawer 1</action>

Figure 19: Failed Step 1: Initial search direction—choosing drawers.

Environment (Step 2): Drawer 1 Exploration

You arrive at loc 45. The drawer 1 is closed.

Agent (Step 2): Opening Drawer

<think>
1. The drawer is closed. I need to open it to see if there’s a remote control inside.
</think>
<action>open drawer 1</action>

Figure 20: Failed Step 2: Attempting to open drawer.

Environment (Step 3): Drawer 1 Contents

You open the drawer 1. The drawer 1 is open. In it, you see a pencil 1 and a notepad 1.

Agent (Step 3): No Target in Drawer 1

<think>
1. No remote control in this drawer. Let me continue checking other drawers.
</think>
<action>go to drawer 2</action>

Figure 21: Failed Step 3: Dead-end drawer—wasted exploration.



Environment (Step 4): Drawer 2 Exploration

You arrive at loc 46. The drawer 2 is closed.

Agent (Step 4): Opening Drawer 2

<think>
1. Another drawer to check.
</think>
<action>open drawer 2</action>

Figure 22: Failed Step 4: Checking another drawer.

Environment (Step 5): Drawer 2 Contents

You open the drawer 2. The drawer 2 is open. In it, you see a paperclip 1, a stapler 1, and some
files 1.

Agent (Step 5): Another Dead-End

<think>
1. No remote control here either. I’m wasting effort on drawers. Let me reconsider—remote
controls are typically found on furniture surfaces like sofas or side tables.
</think>
<action>go to sidetable 2</action>

Figure 23: Failed Step 5: Realization and strategy correction.

Environment (Step 6): Sidetable 2

You arrive at loc 34. On the sidetable 2, you see a remotecontrol 1.

Agent (Step 6): First Remote Found

<think>
1. Finally! Found the first remote control on the sidetable.
2. I should take it and place it in the armchair.
</think>
<action>take remotecontrol 1 from sidetable 2</action>

Figure 24: Failed Step 6: First remote discovered after dead-end exploration.

Environment (Step 7): Object Acquired

You pick up the remotecontrol 1 from the sidetable 2.

Agent (Step 7): Decision on Storage

<think>
1. I have the first remote control.
2. I should find a good place to store it temporarily while I search for the second one. A cabinet
would be a secure storage location.
</think>
<action>go to cabinet 1</action>

Figure 25: Failed Step 7: Strategic decision to temporarily store first remote.



Environment (Step 8): At Cabinet

You arrive at loc 40. At cabinet 1, you see some items inside.

Agent (Step 8): Execution Error—Misaligned Goal

<think>
1. Perfect! The cabinet is a secure location. I’ll store the first remote here temporarily.
2. After finding the second remote, I’ll need to gather both and place them in the armchair.
</think>
<action>put remotecontrol 1 in/on cabinet 1</action>

Figure 26: Failed Step 8: Critical error—storing remote in cabinet instead of placement location.

Environment (Step 9): Error Consequence

You put the remotecontrol 1 in/on the cabinet 1.

Agent (Step 9): Search for Second Remote

<think>
1. First remote is stored. Now searching for the second one.
2. Let me check the sofa next.
</think>
<action>go to sofa 1</action>

Figure 27: Failed Step 9: Beginning search for second remote.

Environment (Step 10): Sofa Check

You arrive at loc 2. On the sofa 1, you see a newspaper 1, a pillow 1, and a remotecontrol 2.

Agent (Step 10): Second Remote Found

<think>
1. Great! Found the second remote control on the sofa.
2. I should take it and place it in the armchair.
</think>
<action>take remotecontrol 2 from sofa 1</action>

Figure 28: Failed Step 10: Second remote located.

Environment (Step 11): Second Object Acquired

You pick up the remotecontrol 2 from the sofa 1.

Agent (Step 11): Return to Armchair

<think>
1. I have the second remote. Now I’ll go to the armchair to place both remotes there.
</think>
<action>go to armchair 1</action>

Figure 29: Failed Step 11: Traveling to armchair with second remote.



Environment (Step 12): At Armchair

You arrive at loc 1. On the armchair 1, you see nothing.

Agent (Step 12): Realization of Mistake

<think>
1. Wait—the armchair is empty. Where did I put the first remote control?
2. I realize now I mistakenly placed it in the cabinet instead of here.
3. I need to retrieve it from the cabinet and bring both remotes to the armchair.
</think>
<action>go to cabinet 1</action>

Figure 30: Failed Step 12: Realizing mistake, attempting to retrieve first remote from cabinet.

Environment (Step 13): At Cabinet

You arrive at loc 40. At cabinet 1, you see remotecontrol 1 inside.

Agent (Step 13): Recovery Attempt

<think>
1. Found the first remote control. I’m currently holding remotecontrol 2.
2. I need to take remotecontrol 1 and then go back to the armchair.
</think>
<action>take remotecontrol 1 from cabinet 1</action>

Figure 31: Failed Step 13: Attempting to retrieve first remote from cabinet.

Environment (Step 14): Task Failed

You pick up remotecontrol 1 from cabinet 1. After multiple failed attempts to properly place both
remotes in the armchair, the task cannot be completed. You have remotecontrol 1 in hand and
remotecontrol 2 remains in the armchair. The initial misplacement decision has made the task
unrecoverable. Task Failed—Execution Error.

Figure 32: Failed Step 14: Task failure due to cascading effects of initial misalignment decision.
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