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ABSTRACT

Experience-based learning enables large language model (LLM) agents to im-
prove over time by reusing knowledge from past executions. However, existing
methods typically rely on final task outcomes as feedback for experience learning,
overlooking the execution process and limiting their ability to evaluate and opti-
mize experience based on trajectory quality. To address this limitation, we propose
TQG-Exp, a trajectory-quality-guided experience-based learning framework that
introduces process feedback. Specifically, we introduce Trajectory Quality Loss
(TQL), which jointly considers task completion and process quality to provide
a learning signal beyond final task outcomes. Based on this signal, we employ
paired rollouts with and without retrieved experience to guide experience opti-
mization. Representative trajectories are selected based on their outcomes and tra-
jectory quality to extract task-level and task-type-level experiences. Meanwhile,
differences in trajectory quality between the paired groups are used to estimate
the contribution of retrieved experience and update its utility. The learned util-
ity is then combined with semantic relevance to guide subsequent experience re-
trieval. Experiments on ALFWorld, WebShop, and ScienceWorld with two back-
bone LL.Ms show that TQG-Exp outperforms existing experience-based methods,
improving Avg. @3 over the strongest baseline by 4.50 and 8.55 percentage points
on DeepSeek-V4-Flash and Qwen3.5-Flash, respectively.

1 INTRODUCTION

Recent advances in large language models (LLMs) have substantially expanded the capabilities of
LLM agents, enabling them to tackle complex interactive tasks such as embodied decision mak-
ing, web navigation, and scientific exploration (Shinn et al., 2023}, Tan et al., 2026b; |Team et al.,
2025)). Despite these advances, many LLM agents still operate in an episodic manner, with each
task typically solved independently of previous executions (Zhang et al.| 2025). Consequently, use-
ful information contained in successful and failed executions is often lost once an episode ends,
forcing agents to rediscover effective strategies or repeat similar mistakes in subsequent tasks (Yin
et al., 2025; |Gao et al., [2025a). This limitation has motivated growing interest in experience-based
learning, which enables agents to leverage experience from past executions to improve over time
and transfer useful knowledge across tasks.

Existing experience-based learning methods typically evaluate experience based on final task out-
comes, such as success or failure (Zhang et al.| 2026} |Tu et al., [2026; [Feng et al.| [2026; [Tan et al.,
2026a). However, task success does not necessarily imply high-quality experience, and task failure
does not necessarily mean that the experience is entirely useless. This is because final outcomes
cannot distinguish trajectories that share the same result but differ substantially in process quality. A
successful trajectory may still contain redundant or invalid actions and unnecessarily long execution
steps, while a failed trajectory may make substantial progress and fail only near the end. In other
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Figure 1: Illustration of outcome-level and process-level signal in reinforcement learning (top) and
experience-based learning (bottom).

words, binary success or failure labels cannot adequately reflect intermediate progress and execution
efficiency.

As shown in Fig. |1} experience-based learning can be viewed in analogy to parameter-based rein-
forcement learning: both use learning signals to optimize an adaptable component (Zhang et al.,
2026). In conventional RL, reward signals guide policy optimization, typically through parameter
updates. In experience-based learning, the model parameters remain fixed, while outcome feedback
is used to update the external experience, determining which experiences are retained, assigned
value, and reused in later decisions. In parameter-based RL, relying only on outcome rewards pro-
vides a relatively coarse learning signal and cannot distinguish different execution processes that
lead to the same result. The same issue arises in experience-based learning, where the final out-
come may not accurately reflect how an experience affects the execution process. Currently, some
works in reinforcement learning explore process rewards to provide richer supervision for policy
optimization (Wang et al., 2024bj Setlur et al., |2025} |Chen et al., [2025)). Following the same idea,
experience learning also calls for process feedback to better evaluate and optimize external experi-
ence. This raises a key question: How can we establish process feedback to distinguish trajectory
quality beyond final task outcomes?

To this end, we propose TQG-Exp, Trajectory-Quality-Guided Experience-Based Learning, which
introduces process feedback into experience learning. We first introduce Trajectory Quality Loss
(TQL), a process signal that jointly considers task completion and process quality, allowing trajec-
tories with the same outcome to be distinguished by how well they are executed. We then use this
signal to guide external experience optimization. Specifically, guided by TQL, paired rollouts with
and without retrieved experience are used to select representative trajectories for extracting task-
and task-type-level experiences and to estimate the contribution of retrieved experience based on
differences in trajectory quality. The estimated utility is further combined with semantic relevance
to guide subsequent experience retrieval, forming a closed loop of experience extraction, evaluation,
and reuse.

In summary, our contributions are threefold:

* We formulate experience-based learning from a trajectory-quality perspective, moving beyond
outcome-only feedback toward process-aware supervision for evaluating and optimizing external
experience while keeping the LLM fixed.

* We propose TQG-Exp, a trajectory-quality-guided experience-based learning framework. It intro-
duces Trajectory Quality Loss (TQL) to evaluate both task completion and process quality. Guided



by TQL, paired rollouts with and without retrieved experience are used to select representative tra-
jectories for extracting task- and task-type-level experiences and to estimate the incremental contri-
bution of retrieved experience. The estimated utility is then combined with semantic relevance to
guide subsequent experience retrieval.

* We evaluate TQG-Exp on ALFWorld, WebShop, and ScienceWorld with two base models. TQG-
Exp consistently outperforms existing experience-based methods, improving Avg.@3 over the
strongest baseline by 4.50 percentage points on DeepSeek-V4-Flash and 8.55 percentage points
on Qwen3.5-Flash.

// T, TTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTTE e T \
B L Qo e Y=
| ESS 2 (@& |
: . = _) ‘@*{ | E @ |
@ A 4 (A9~ !
|

| Utility-Aware . Process-Aware Trajectory Trajectory-Quality-Guided !

Task y: 0
‘\ e Retrieval Faired Rollout Groups Evaluation Experience Optimization }

Process-Aware Trajectory Evaluation Counterfactual Experience Credit Assignment

Trajectory A: Efficient success

Task-type-level
Advantage

Task-level Advantage

i o
o—0—0 v TQLO e ; . g E
\ ) Baseline Group guided Group E IA“L“k >
=
3 2
Trajectory B: Inefficient success A Trajectory Selection Based on Outcome and TQL =
2 L") Liqu(G™)| | Lrqu(6™) Laqu(T)
W v TQL:0.5 Hierarchical Experience Abstraction
h ! Task-level experience Task-type-level R 2
p . experience
Trajectory C: Informative failure )
How to How to Utility Update
solve this solve this
O_O_O_O x TQL:1.1 task. type of task. u(e)%(l*,@)u(e)Jr,@A

Figure 2: Overview of TQG-Exp. The top illustrates the overall experience learning loop, while the
bottom panels detail process-aware trajectory evaluation, hierarchical experience abstraction, and
counterfactual experience credit assignment with utility updates.

2 RELATED WORK

LLM Agents. The rapid progress of LLMs has driven growing interest in autonomous agents that
interact with external environments (Wang et al., 2024aj; Wei et al.l 2026). Representative frame-
works such as ReAct enable agents to interleave reasoning with actions and adapt to environmental
feedback (Yao et al., [2023), while AutoGen and CAMEL further support multi-agent collaboration
and tool-augmented problem solving (Wu et al.j [Li et al.). Despite these advances, many agents
still rely on transient prompt-level context, such as recent interaction histories or task-specific hints
(Dong et al.,2024)). Such information is usually tied to the current episode and is not retained for fu-
ture use. This is limiting in long-horizon settings, where tasks often share subgoals, action patterns,
and failure modes (Zhao et al.l 2024). As a result, agents may repeatedly make similar mistakes
or rediscover effective strategies from scratch (Xiong et al., 2025; |Wang & Chen, 2025} |Hu et al.,
2026). These limitations have motivated experience-based learning, where agents extract reusable
knowledge from past executions and use it to improve decision making on subsequent tasks.

Experience-Based Learning for LLM Agents. Recent work has explored how LLM agents can
improve from past interactions by extracting and reusing experience. Existing approaches mainly
differ in whether experience learning is coupled with policy optimization or performed externally
with a frozen LLM. SKILLRL (Xia et al.|[2026) and D2Skill (Tu et al.,2026)) jointly evolve the pol-
icy and reusable experience, while methods such as ReasoningBank (Ouyang et al. [2025), MemP
(Fang et al.l |2025), Training-Free GRPO (Cai et al., 2025), MemRL (Zhang et al.| [2026)), and
DELTAMEM (Tan et al.l 2026a) keep the underlying LLM fixed and improve subsequent behav-
ior through externally stored experience. Despite differences in how experience is represented and
optimized, these methods largely rely on final task outcomes or outcome-derived signals to evaluate



and refine experience. Such signals provide limited information about the quality of the execution
process itself. Our work instead introduces trajectory quality as the supervision signal for experience
learning, allowing experience to be evaluated beyond final outcomes.

3 PRELIMINARIES

LLM Agent. Following Tu et al.|(2026), we adopt the ReAct framework (Yao et al., 2022b) and
formulate each task as a partially observable sequential interaction process (S,.A, O, T ), where S,
A, and O denote the state, action, and observation spaces, respectively, and 7 : S x A — S is the
environment transition function. Since the underlying environment state is not directly accessible,
the agent makes decisions based on the task query and its interaction history.

At step ¢, the agent observes the context
ht:(anlvalvo%"'7at—1a0t)a (1)

where ¢ denotes the task query, a; € A is the action taken at step ¢, and o; € O is the corresponding
observation. Conditioned on h;, the frozen LLM policy 7y generates:

Ry = <Zt7at> ~ 7T0(' | ht), )

where z; denotes the reasoning trace and a; the action to execute. After a; is executed, the envi-
ronment returns the next observation o;1. The reasoning trace z; is discarded, while (a;,0141)
is appended to the interaction history for the next step. The interaction terminates when the agent
produces a final answer y or reaches the maximum number of steps. The resulting trajectory is:

T:(q’017a17027---,aT—l,OT’y)- (3)

Experience-Augmented Agent. An experience-augmented agent extends the interaction context
with external experience retrieved from an experience space £. Given the current query and interac-
tion history, a retrieval function selects a set of relevant experiences:

& = Retrieve(q, hy, £). 4)
The retrieved experience is incorporated into the agent context, and the response is generated as:
Ry = (zt,a1) ~ mp ( \ hugtret) ) 4)

where my denotes the frozen LLM policy. The experience space can be constructed from previ-
ous trajectories or distilled experiences and provides additional context for action selection without
modifying the LLM parameters.

4 METHOD

To overcome the limitations of outcome-based feedback in experience learning, we propose TQG-
Exp, a new approach that integrates process-aware trajectory evaluation with trajectory-quality-
guided experience optimization. As illustrated in Fig.[2} we introduce Trajectory Quality Loss (TQL)
to provide process feedback beyond final task outcomes. Based on this signal, we employ paired
rollouts with and without retrieved experience to select representative trajectories for experience ex-
traction and estimate experience utility based on differences in trajectory quality. The learned utility
then guides subsequent experience retrieval, forming a closed loop of experience optimization and
reuse.

4.1 PROCESS-AWARE TRAJECTORY EVALUATION

We first focus on constructing a process-aware learning signal for experience learning. Process re-
wards in reinforcement learning provide finer-grained reward signals beyond final outcome rewards.
Following this idea, we introduce process feedback into experience learning without relying on a
learned reward model. Instead, we directly construct a trajectory-level quality signal from the gen-
erated execution, termed Trajectory Quality Loss (TQL).



Trajectory Quality Loss. For a trajectory 7;, we define:

Lrqu(mi) = (1 —y:) + (1 = PQ(7)), (6)

where y; € {0,1} indicates task completion and PQ(7;) measures process quality based on trajec-
tory length, invalid actions, repeated-action loops, and the position of the first error. These signals
characterize different aspects of the execution process, including efficiency, executability, behavioral
stability, and progress before failure. Lower TQL indicates higher trajectory quality. The detailed
definition of PQ(7;) is provided in Appendix [A.1]

Group-Level Trajectory Quality. For each task ¢, multiple rollouts form a group G. We define the
group-level TQL as:

Lrqu(G) = ﬁ Z Lrqu(m) + (1 - E1| Z yz> . (7N

Ti€G Ti€G

The trajectory-level TQL evaluates the quality of an individual execution, whereas the group-level
TQL summarizes the overall quality of multiple rollouts under the same task condition. In addition
to the average trajectory-level TQL, the group-level formulation incorporates the group failure rate,
which captures how frequently the agent fails across multiple rollouts under the same task condition.

4.2 TRAJECTORY-QUALITY-GUIDED EXPERIENCE OPTIMIZATION

Having constructed the trajectory-quality signal, we next use it to optimize the external experience.
We represent the adaptable experience state as:

Q= (EU,N), (8)

where € denotes the experience space composed of stored experiences e, and U = {u(e) | e € £}
and N' = {n(e) | e € &£} denote the utility values and retrieval counts associated with these
experiences, respectively. Experience-based learning then aims to optimize this external state so
that the frozen LLM produces higher-quality trajectories:

O = argénin Equp, rrmo o (-lg) [LTQL(T)] 9)

where 6 remains fixed, 7y o denotes the policy induced by the frozen LLM conditioned on the ex-
ternal experience state €2, D denotes the task distribution, and Lrqr,(7) measures trajectory quality.
We optimize the external experience state €2 through grouped rollouts under each task condition.
For each task ¢, we perform paired rollouts consisting of a baseline group G*** without retrieved
experience and an experience-guided group G°*P conditioned on retrieved experience. These rollout
groups serve two purposes. First, trajectory quality is used to select representative trajectories from
the groups for updating the experience space £. Second, the relative quality of the paired groups is
used to estimate the contribution of retrieved experience and update its utility /. The learned utility,
together with retrieval statistics V, then guides subsequent experience retrieval. This process forms
a closed loop of experience extraction, evaluation, and reuse.

Quality-Guided Hierarchical Experience Abstraction. Since the learned experience is intended
to address limitations revealed during agent execution, we use baseline rollouts as the primary
source of failure cases. Representative trajectories are then selected according to task outcome and
trajectory-level TQL, favoring high-quality successes and contrasting them with informative failures
or inefficient successes from the baseline group. The selected trajectories are distilled into two lev-
els of experience: task-level experience captures task-specific procedures, key considerations, and
failure patterns, while task-type-level experience summarizes reusable decision patterns across re-
lated tasks. Detailed extraction rules and the extraction prompt are provided in Appendix and
Appendix [C] respectively.

Counterfactual Experience Credit Assignment. A single TQL value cannot determine whether
retrieved experience is genuinely effective, since a successful trajectory may result from the agent’s
inherent capabilities rather than from the retrieved experience itself. We therefore compare paired
rollouts GP#%¢ and G**P under the same task ¢ to estimate the incremental contribution of retrieved
experience. Task-level experience is retrieved once for each task and shared across its rollouts,



whereas task-type-level experience is retrieved dynamically at each interaction step and may there-
fore differ across trajectories. We accordingly estimate their contributions at different granularities.
For task-level experience, the contribution is measured by the difference in group-level TQL:

Atask(q) — »CTQL (gbase) o »CTQL (gexp) ) (10)

For task-type-level experience, we evaluate each guided trajectory relative to the overall baseline
performance:

AWPe(7; | q) = Loqu (67%°) — Lrqu(r), 7 € GP. (11)

The group-level and trajectory-level TQL values are normalized to [0, 1] before computing the ad-
vantages. The resulting advantages are then used to update experience utility:

u'(e) + (1 - By)ul(e) + BAL, 1 € {task, type}. (12)

A positive advantage indicates improvement over the baseline reference.

Utility-Aware Experience Retrieval. For subsequent tasks, we retrieve candidates C(¢) based on
semantic relevance, restricted to the same task type and excluding the current task’s own experiences.
Each candidate e € C(q) is then reranked using semantic relevance and learned utility:

log(1+ N)

u(e) + ¢ L+ ()

RK(Q) = TOpKeEC(q) aSim(Q7 6) + (1 - (X) 3 (13)

where N is the total retrieval count, « is the relevance-utility trade-off coefficient, and ¢ controls
exploration. The top-K experiences under this combined score are selected for subsequent use.
During evaluation, we also retrieve successful trajectories from the top- K., most similar tasks as
additional execution exemplars. Details are provided in Appendix

5 EXPERIMENTS

5.1 SETUP

Datasets. Referring to the benchmark settings used in related studies (Yang et al.| 2025 /Shang et al.,
2025} [Zhang et al.|, 2026} Tu et al., 2026} Tan et al., 2026a)), we evaluate TQG-Exp on three challeng-
ing benchmarks for LLM agents: ALFWorld (Shridhar et al., 2021), WebShop (Yao et al., 2022a)),
and ScienceWorld (Wang et al., [2022)). Further details of the datasets are provided in Appendix [B.1]

Base models. We conduct experiments with DeepSeek-V4-Flash and Qwen3.5-Flash. For each
model, the same LLM serves as both the agent model for environment interaction and the reflec-
tion model for extracting experiences from the selected trajectories, without requiring an additional
LLM.

Baseline Methods. We compare our method with five baselines: No Experience, ReasoningBank
(Ouyang et al.l 2025), MemP (Fang et al.}2025), MemRL (Zhang et al.,[2026), and DeltaMem (Tan
et al.| 2026a). Implementation details and configuration settings are provided in Appendix

Evaluation Metrics. We report Average@3 and Pass@3. Average@3 is the average success rate
across three independent rollouts, while Pass@3 is the percentage of tasks solved in at least one of
the three rollouts.



5.2 MAIN RESULTS

Table 1: Performance comparison across ALFWorld, WebShop, and ScienceWorld. Best results are
in bold, and second-best results are underlined.

ALFWorld

Model Method s ‘WebShop ScienceWorld Avg.
een Unseen
Avg.@3 1 Pass@31 Avg.@31 Pass@3 1 Avg.@3 T Pass@31 Avg.@31 Pass@31 Avg.@3 1 Pass@3 1
No Experience 68.57 76.43 74.88 85.82 4233 52.00 47.00 60.00 58.20 68.56
ReasoningBank (Ouyang et al.2025)  75.24 82.14 75.37 85.07 39.67 48.00 48.33 55.00 59.65 67.55
DeepSeek-V4-Flash MemP (Fang et al. [|2025] 84.76 91.43 88.06 94.03 36.33 48.00 57.33 63.00 66.62 74.12
MemRL (Zhang et al..[2026] 90.00 92.86 90.30 93.28 73.67 78.00 69.33 76.00 80.83 85.04
DELTAMEM (Tan et al.|2026a) 80.95 87.14 79.85 85.82 48.33 60.00 56.67 65.00 66.45 74.49
TQG-Exp 96.19 96.43 90.80 94.78 79.67 85.00 74.67 81.00 85.33 89.30
No Experience 65.00 75.00 70.40 79.10 51.67 67.00 42.00 55.00 57.27 69.03
ReasoningBank (Ouyang et al.;2025)  73.10 80.00 79.60 88.06 49.33 61.00 46.67 57.00 62.18 71.52
Qwen3.5-Flash MemP (Fang et al. [[2025] 79.52 87.86 85.32 91.04 60.33 73.00 58.67 73.00 70.96 81.23
MemRL (Zhang et al.|[2026] 87.14 89.29 85.82 89.55 75.00 79.00 57.67 70.00 76.41 81.96
DELTAMEM (Tan et al.|2026a) 72.62 79.29 76.37 85.82 60.00 72.00 54.67 68.00 65.92 76.28
TQG-Exp 93.10 96.43 89.05 93.28 80.00 82.00 71.67 94.00 84.96 91.43

Tab. |I| compares TQG-Exp with existing experience-based methods across three interactive bench-
marks and two backbone LLMs. TQG-Exp achieves the best Average @3 and Pass@3 in all evalu-
ated settings. Among the baselines, MemRL achieves the strongest average performance across the
evaluated settings. It stores complete trajectories as experiences and updates their utility through
runtime reinforcement learning, enabling retrieval based on both semantic relevance and learned
utility. Nevertheless, TQG-Exp consistently surpasses MemRL with both backbone LLMs. With
DeepSeek-V4-Flash, the overall Average @3 increases from 80.83 to 85.33 and Pass @3 from 85.04
to 89.30. With Qwen3.5-Flash, Average@3 improves from 76.41 to 84.96 and Pass@3 from 81.96
to 91.43.

The advantage over MemRL is also consistent at the benchmark level. On ALFWorld, TQG-
Exp outperforms MemRL on both seen and unseen splits with both backbone models, suggesting
that the learned experience remains useful on unseen task instances. The gains extend to WebShop
and ScienceWorld. In particular, Average@3 improves over MemRL by 6.00 points on WebShop
with DeepSeek-V4-Flash and by 20.00 points on ScienceWorld with Qwen3.5-Flash. Taken to-
gether, these results highlight the value of process feedback in experience learning, where TQL
provides a finer-grained learning signal beyond task outcomes.

5.3 PERFORMANCE AND INTERACTION EFFICIENCY

Table 2: Performance and efficiency on ALFWorld with Among the experience-based learn-
DeepSeek-V4-Flash. ing baselines, MemRL achieves the
strongest overall performance, and
we therefore use it as the primary ref-
erence for the efficiency analysis. As

Performance & Efficiency

Avg.@3 T Avg. Steps | Tok./Ep. | Tok./Succ. |

Split Method

No Experience 68.57 18.17 2711k 40.10k Shown in Tab TQG_Exp improves
Seen  MemRL 90.00 11.13 114,34k 127.04k

TQG-Exp 96.19 1027 3806k 39.57k AV}%' @Sdfrfom 98(')02(;0 996(')12()0“ seen

No Experience ~ 74.88 18.19 27.89k 37.25k tasks ank 1‘01;11 : .tO ) En un-
Unseen MemRL 90.30 12.31 12528k 138.73k seen tasks. These gains are achieved

TQG-Exp 90.80 12.24 48.76k 53.70k with fewer interaction steps, reduc-

ing the average episode length from
11.13 to 10.27 on seen tasks and from 12.31 to 12.24 on unseen tasks. The reduction in token
consumption is more substantial. On seen tasks, TQG-Exp reduces Tokens/Episode from 114.34k
to 38.06k and Tokens/Success from 127.04k to 39.57k, corresponding to reductions of 66.7% and
68.9%, respectively. On unseen tasks, both metrics are reduced by approximately 61%. Overall,
TQG-Exp achieves higher task performance than MemRL while requiring fewer interaction steps
and substantially fewer tokens. We additionally report the corresponding efficiency results on the
other benchmarks in Appendix

5.4 ABLATION STUDIES AND ANALYSIS



Both Utility-Aware Experience Re- Table 3: Ablation on ALFWorld seen and unseen tasks. All
trieval and Trajectory Retrieval are results are Avg.@3. Hier. Exp., Util. Ret., and Traj. Ret.
built on the trajectory-quality sig- denote Hierarchical Experience, Utility-Aware Experience
nal provided by TQL: the former Retrieval, and Trajectory Retrieval.

uses TQL to learn experience utility,

while the latter uses TQL to select Model Components ALFWorld
high-quality successful trajectories. o0 Hier. Exp. Util. Ret. TQL Traj. Ret. | Seen Unseen
We therefore conduct a dependency- v v v v 96.19  90.80
aware progressive ablation over these DeenSecke Vi Flach v v % e %%
three components to examine their re- P v X X X 84.76  83.08
spective contributions. Specifically, ; f f f 837 7488
we first remove Trajectory Retrieval, 7 7 v 7 9310 89.05
disabling successful trajectory exem- ] v v % x 8800 8032
plars. We then replace TQL with the =~ Qwen3.5-Flash v x x x 7595 7811
outcome-only signal 1 — y, and fi- ; ‘; f f 22;88 E7;(5);5‘(7)

nally remove Utility-Aware Experi-
ence Retrieval, reducing experience retrieval to cosine similarity alone. Hierarchical Experience is
ablated separately by removing task-type-level experiences while retaining task-level experiences.

As shown in Tab. 3] removing Trajectory Retrieval consistently reduces performance, while replac-
ing TQL with outcome-only feedback leads to a larger degradation, highlighting the importance of
TQL for experience learning. The effect of Utility-Aware Experience Retrieval further depends on
the quality of its utility signal: Qwen3.5-Flash degrades further under cosine-only retrieval, whereas
DeepSeek-V4-Flash partially recovers when the outcome-based utility is no longer used for retrieval.
This suggests that, for DeepSeek-V4-Flash, utility estimated from the coarse 1 — y signal may in-
troduce noise into Utility-Aware Experience Retrieval. This difference may stem from the stronger
base capability of DeepSeek-V4-Flash, for which the binary 1 — y signal becomes less discrimina-
tive because many experiences lead to successful outcomes. As a result, cosine similarity can be
more reliable than retrieval with coarse utility estimates, while outcome-based utility remains more
informative for Qwen3.5-Flash. Separately removing task-type-level experience also reduces perfor-
mance across both models, showing that reusable local decision patterns complement task-specific
global planning. Overall, the full model achieves the strongest performance through the combined
use of TQL, Utility-Aware Experience Retrieval, Trajectory Retrieval, and Hierarchical Experience.

5.5 EFFECT OF RELEVANCE-UTILITY TRADE-OFF COEFFICIENT «

Fig. [3] examines the sensitivity of our method

to the relevance-utility trade-off coefficient o on

0-96 1 090 both seen and unseen tasks. Performance re-

- g mains relatively stable for o € [0,0.7], with
?h 0.94 089  both splits achieving their highest performance
i e Ours (sdem) E at « = 0.7, where our method outperforms
2 092 -~ Ours (unseen) \ 0.87 & MemRL on both seen and unseen tasks. How-
—— MemRL (seen) 3 7 ever, performance drops noticeably at a« = 1,

=7~ MemRL (unscen) b suggesting that learned utility provides useful

090 0.86 information beyond semantic relevance. These
00 03 05 07 o results indicate that combining semantic rele-

alpha vance with learned utility improves experience

retrieval, with o = 0.7 providing the highest

Figure 3: Sensitivity of performance to « on observed performance on both splits. Although

ALFWorld using DeepSeek-V4-Flash. performance declines at « = 1, our method

maintains relatively high performance, particu-

larly on seen tasks, where it still outperforms MemRL. At o« = 1, TQL-guided experience ex-

traction and trajectory selection, along with task-type-based candidate filtering, remain unchanged,
which may help maintain relatively high performance.

5.6 EPOCH-WISE COMPARISON OF TRAJECTORY QUALITY LOSS AND TASK SUCCESS RATE



We further examine the evolution of trajectory
quality and task performance during experience
learning using the epoch-wise TQL sum and task
success rate. The epoch-wise TQL sum is defined
as the sum of the original trajectory-level TQL
values over all rollouts in the experience-guided
groups collected in each epoch, while the success
rate is the average success rate of these rollouts. To
examine the effect of trajectory-quality feedback, 130
we construct an outcome-only variant in which 1 2 3 4 5 6 7 8 9 10

TQL is replaced by 1 — y, where y indicates task Epoch

success. Importantly, 1 — y is used only as the Figure 4: Epoch-wise TQL sum and task suc-
learning signal, and both variants are evaluated us- cess rate during experience learning. Solid
ing the same original TQL metric to ensure a con- lines indicate TQL sums (left axis), while
sistent comparison. dashed lines indicate task success rates (right
axis).
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As shown in Fig. [d] the TQL-guided variant ex-
hibits a clearer overall decrease in epoch-wise TQL sum, accompanied by an increasing trend in
task success rate. In contrast, the outcome-only variant shows a smaller improvement in success
rate, while its TQL sum decreases less consistently and exhibits larger fluctuations in later epochs.
These results suggest that trajectory-quality feedback provides more informative guidance for expe-
rience optimization than outcome-only feedback, leading to improvements in both overall trajectory
quality and task success. Additional epoch-wise TQL-sum results on other benchmarks are provided

in Appendix[B-4]
5.7 SEMANTIC EVOLUTION OF HIERARCHICAL EXPERIENCE

Training progression
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Figure 5: Semantic evolution of the ALFWorld experience bank. Circles denote task experiences,
triangles denote task-type experiences, color indicates utility, and marker size indicates retrieval
count.

Fig[3] visualizes how the hierarchical experience space evolves over training on ALFWorld with
DeepSeek-V4-Flash as the backbone LLM. We encode the complete textual content of each
task-level and task-type-level experience using Qwen3-Embedding-0.6B and jointly project the
experience-bank snapshots from Epochs 1, 5, and 10 into a shared two-dimensional t-SNE space.
Utility and raw retrieval count determine marker color and size, respectively.

The projection reveals clear but distinct clustering structures at the two experience levels. Task-level
experiences form multiple localized clusters distributed across the semantic space, reflecting diverse
task-specific goals and procedures. Task-type-level experiences also exhibit compact clusters, but
tend to concentrate in more distinct semantic regions, consistent with their role in capturing reusable
stage-level decision patterns. The different spatial organizations suggest that the two levels encode
complementary knowledge at different levels of abstraction. As training progresses, experiences
become increasingly dense within established semantic regions, indicating that the experience space
gradually shifts from expanding coverage to refining previously acquired knowledge. Meanwhile,
the number of high-utility and frequently retrieved experiences grows, as shown by the increasing



prevalence of markers associated with higher utility values and larger marker sizes in later snapshots.
Additionally, we analyze the evolution of experience bank sizes during training in Appendix [B.5]

6 CONCLUSION

In this work, we proposed TQG-Exp, a trajectory-quality-guided experience-based learning frame-
work that moves beyond outcome-based feedback by considering the quality of the execution pro-
cess. We introduced Trajectory Quality Loss (TQL) to evaluate both task completion and process
quality, providing a learning signal for experience optimization. Using this signal, we employed
paired rollouts with and without retrieved experience to select representative trajectories for hierar-
chical experience extraction and estimate the contribution of retrieved experience. The estimated
utility was then incorporated into subsequent experience retrieval. Experiments on ALFWorld,
WebShop, and ScienceWorld showed that TQG-Exp consistently outperformed existing experience-
based methods, improving overall Avg.@3 over the strongest baseline by 4.50 and 8.55 percentage
points on DeepSeek-V4-Flash and Qwen3.5-Flash, respectively. These results highlight the poten-
tial of process feedback for improving experience learning.
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A ADDITIONAL METHOD DETAILS

A.1 DETAILED DEFINITION OF TRAJECTORY QUALITY LOSS

We define Trajectory Quality Loss (TQL) to evaluate the quality of an interaction trajectory by
jointly considering task completion and process quality. For a trajectory 7; corresponding to task
g, let y; € {0, 1} indicate whether the task is successfully completed. The trajectory-level TQL is
defined as:

Lrqu(ri) = (1 —yi) + (1 - PQ(7)), (14)

where PQ(7;) € (0, 1] denotes the quality of the execution process. A lower TQL value indicates a
higher-quality trajectory.

We measure process quality from four aspects: trajectory length, action validity, repeated-action
loops, and the position of the first detected error. For each trajectory 7;, let 7; denote the number
of interaction steps. Let ur and o7 denote the mean and standard deviation of the lengths of all
trajectories sampled for task g. We first define the positive length deviation as:

T —
2 = max (“T,o) , (15)
or

where o is set to 1 when the empirical standard deviation is zero. The resulting deviation is then
normalized over all trajectories of the same task q to obtain the length penalty:

+
%

R s
l; = { max; z;
0, otherwise.

: +
if max; z; >0, (16)

We next measure action validity. Let v; , € {0, 1} indicate whether the action at step ¢ can be parsed
and accepted as a valid executable action by the corresponding environment. The action-validity
ratio is defined as:
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valid 1 &
7"7; = ? Z Ui,t' (17)
i =1

To account for repetitive behavior, we further introduce a repeated-action loop penalty. We define
a repeated-action loop as an immediately repeated contiguous block of actions. Specifically, for a
period p € {1,..., P} and a start position s, the action subsequence (a; s, @i s4+1; - - -, @i s4p—1) 1
considered to form a repeated-action loop if it is immediately followed by an identical subsequence:

(Qiss Qipst1s s Qistp—1) = (Qistps Qiospt1s -+ Qis42p—1)- (18)

Here, p denotes the loop period, and P is the maximum period considered. For example, period-1
loops capture repetitions such as “open fridge, open fridge”, while period-2 loops capture alternating
patterns such as “go north, go south, go north, go south”. When such a match is found, we mark only
the later copy of the repeated block, {s+p, ..., s+ 2p — 1}, as loop positions. Since loop positions

are represented as a set over all detected matches across different starts s and periods p < P, an

action position marked multiple times contributes only once to 7,°°".

Let n;OOP denote the number of unique action positions in trajectory 7; that are marked as belonging
to such immediately repeated blocks. The loop penalty is defined as:
loop
n,

1oop _ i 1
" max(T; —1,1)° (19)

We also consider when the first error occurs. Let ¢;™ denote the first step at which an error is
detected. A step is regarded as erroneous if it contains an invalid action, an observation indicating
that nothing happens, or an action belonging to a repeated-action loop. The early-error penalty is
defined as:

0, if no error is detected,
(?I'I' — tel’l’ . 20
pi 1— -, otherwise. (20)
T;

This assigns a larger penalty to errors that occur earlier in the trajectory. The process quality score
is then computed as:

PQ(7;) = exp (f&- — (1 — r;’alid) — ri‘mp fp‘f”) , 21)

These four components capture complementary and environment-agnostic aspects of interac-
tive process quality: efficiency (trajectory length), executability (action validity), behavioral
stability(repeated-action loops), and progress before failure (first-error position). Importantly, they
are computed directly from environment interactions without requiring an additional learned reward-
model or task-specific process annotations.

A.2 EXPERIENCE EXTRACTION

A.2.1 TASK-LEVEL EXPERIENCE EXTRACTION

For each task ¢, the paired rollouts produce an experience-guided group G*P and a baseline group
GPas¢. Reflecting on all sampled trajectories is often unnecessary and may introduce redundant
evidence. We therefore select a small set of representative trajectories that reveal either effective
behavior or informative mistakes. Let:

gall — gcxp U gbasc (22)

denote all sampled trajectories for the task. Each trajectory 7; has a success indicator y; and a
trajectory-level TQL value L1qr (7;), where lower TQL indicates a better trajectory.

We first collect all successful trajectories:

Gr={neg.y =1}. (23)
We also divide the baseline trajectories into successful and failed subsets:
gbasc,Jr _ {Ti c gbasc Dy = 1} , gbasc,f _ {Ti c gbasc Cyp = O} ) (24)
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We draw failure representatives from the baseline group because these failures show what the agent
cannot reliably handle without experience support. Distilling such failures helps the experience
capture mistakes that future retrieved experiences should prevent. In contrast, the best successful
representatives may come from either group, since both baseline and experience-guided successes
can provide evidence of effective behavior.

When the corresponding sets are non-empty, we choose representatives according to success status
and TQL. Among all successful trajectories, we select the cleanest successful solution:

Tb}vuecsct = arg :22% Lrqr(Ti)- (25)

Among failed baseline trajectories, we select two failures with different degrees of quality:

bad
Tet =arg wmin  Lrou(ni), T =arg max  Lrar(7). (26)

The first is the least severe failed attempt and may contain partial progress, whereas the second
captures a more severe failure pattern. If baseline trajectories all succeed, failures are unavailable;
in this case, we select the least efficient successful baseline trajectory:

e =g 1o, Lran(n) 0

These representatives are used according to the rollout outcome. For task ¢, we apply an ordered
decision rule to its paired rollout group G = GP U GP3%¢, The rule selects at most one reflection
mode. If G* contains at least one successful trajectory and the baseline group G2*® contains at
least one failed trajectory, we use failure-aware reflection. If no trajectory in G* succeeds but
GPs¢ contains failed trajectories, we use failure-only reflection. If all available baseline trajectories
succeed, we consider success-contrast reflection only when the baseline group-level TQL exceeds a
threshold. In all remaining cases, we skip reflection because the sampled rollouts provide insufficient
new evidence for experience extraction.

Case 1: Failure-aware reflection. This case is selected when G # () and G*#5®~ = (), where G
contains successful trajectories from either the experience guided or baseline group. We compare
the best successful trajectory 7255t with the near-miss and severe baseline failures, 725 and 7230,
The successful trajectory reveals effective task-solving steps, the near-miss failure can help uncover
overlooked checks or incomplete actions, and the severe failure can expose serious error patterns to

avoid.

Case 2: Failure-only reflection. This case is selected when G = () and GPbase,— # (). We compare
Trot” and Tfald Although no successful solution is observed, this comparison can still reveal partial
progress, missing checks, and recurring error patterns by contrasting a less severe failure with a

more severe one.

Case 3: Success-contrast reflection. This case is considered when GP25¢— = () and GPase:+ £ ().
Because all baseline trajectories succeed, reflection is performed only when their behavior remains
inefficient or unstable. We quantify this using the baseline group-level TQL:

ase 1
LTQL(gb ) = gbase| Z ;CTQL TL 1-— W Z Yi | - (28)

e eghmes Tiegbase

If L1qL(G"**¢) > 0.7, we compare T2 with TVO™* (o extract lessons about efficient action order-
ing, avoiding redundant actions, and stabilizing successful behavior. Otherwise, we skip reflection

because the baseline successes already provide little new information.

For each task ¢, the selected representatives, when available, are passed to the reflection model,
yielding at most one reflection request for the paired rollout group G = G*P U GP2%¢. The model
distills the representatives into one to three ordered task-stage experiences. Each stage specifies
when the lesson should be applied, the principle to follow, and, when applicable, the failure pattern
itis intended to prevent. The resulting task-level experience is stored in £*5% and buffered according
to task type for later abstraction into task-type-level experience.
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A.2.2 TASK-TYPE EXPERIENCE DISTILLATION

Task-level experiences summarize the solution patterns observed in individual task instances. How-
ever, they may contain instance-specific details that limit their transferability. Since tasks of the
same type often share common stages, decision patterns, and failure modes, we periodically distill
task-level experiences into reusable task-type experiences.

Let ¢(q) denote the task type of task g. For each task type z, we maintain a temporary buffer
BPK = (€.,Q.), (29)

where £, contains valid task-level experiences extracted from tasks satisfying ¢(q) = z, and Q,
contains their corresponding task-level TQL values. An experience is added to the buffer only when
task-level reflection produces a valid result.

The buffer is processed once it contains enough distinct task instances or accumulates sufficient
TQL evidence:

|UniqueTasks(&,)| > Mpin V. > TQL, > Stype- (30)
g€UniqueTasks(E,)

After processing, the buffer is cleared and a new buffer is created for later tasks. In our implemen-
tation, Mmin and d¢ype are configurable and are set to 4 and 5.0 by default.

Given the buffered staged task-level experiences and their associated TQL values, a reflection model
extracts common and reusable patterns across tasks of the same type. The model operates only
on the provided task-level experiences and does not directly access the raw trajectories. It merges
semantically similar stages even when their wording, objects, products, or environment details differ,
while avoiding the reproduction of a single concrete task unless it expresses a reusable task-type
pattern.

For each processed buffer, the reflection model generates up to K ,,,x candidate experiences:
t t
Cz: {ez}:fea---vez})l?{ez}7 1<K, SKmaxa 3D
where K .x = 3 by default. Candidates with duplicate content are removed before being inserted
into memory.

Each remaining candidate is then compared with the existing task-type experiences of type z. Based
on the candidate and the existing memory, the same model used for trajectory execution selects one
of four operations: add, merge, modify, or discard.

Add. A candidate is added when it introduces a new task subtype, stage, ordering pattern, critical
step, or failure mode that is not covered by the existing memory:

EWpe ¢ glvve y {evpel (32)
If no task-type experience of type z exists, the candidate is added directly.

Merge. A candidate is merged with an existing experience when both express the same main prin-
ciple but the candidate provides additional useful details, such as new critical steps, failure patterns,
or avoidance rules:

e;-ype + Merge (e;ype, e"Pe) . (33)

Modify. A candidate is used to revise an existing experience when the current experience is mis-
leading, overly broad, overly narrow, outdated, or inconsistent with the buffered evidence:

e;-ype + Modify (e;ype, e"Pe) . (34)

The revised experience retains the same memory identifier, increments its version, and decays its
utility to reflect the uncertainty introduced by the update.

Discard. A candidate is discarded when it is redundant, too generic, or does not provide actionable
information beyond the existing memory:

givpe o gltype, (35)
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A.3 TRAJECTORY COLLECTION AND RETRIEVAL

We construct a trajectory pool from the training tasks for use as execution exemplars during eval-
uation. The procedure starts from trajectories retained at the final training epoch, followed by an
additional collection stage and trajectory update.

Initial Trajectory Selection. For each training task ¢, we retain the successful trajectory with the
minimum TQL from the final training epoch:

Tt — ar min L T 36
1 gfegé‘““‘ﬂy(r):l ToL(7); (0)

where anal denotes the trajectories generated for ¢ at the final training epoch. These trajectories
form the initial trajectory pool.

Trajectory Collection. We then perform an additional collection stage over the training tasks.
For each task ¢, the agent retrieves learned experiences together with previously retained successful
trajectories from similar tasks and uses them as execution context. Among the successful trajectories
generated in this stage, the one with the minimum TQL is selected as the current candidate:

reand — ap min L T), 37
p gTEggc’l,y(T)zl TQL(T) (37)

where QZOI denotes the trajectories generated during trajectory collection.

Trajectory Update. For each training task ¢, the current candidate cha“d is compared with the
previously retained trajectory T;et. Since both are successful, we compare them lexicographically

by episode length, invalid actions, and corrected actions.

7o = Better (7,°°, Tgand) . (38)

Applying this procedure to all training tasks yields the final trajectory pool.

Trajectory Retrieval. During evaluation, we rank training tasks by semantic similarity to the cur-
rent task and retrieve successful trajectories from the top- Ky, most similar tasks as execution ex-
emplars. Trajectory retrieval is based only on task similarity and is separate from the Utility-Aware
Experience Retrieval described in Section [d.2]

B EXPERIMENT DETAILS

B.1 DATASET COMPOSITION

We evaluate TQG-Exp on three interactive benchmarks for LLM agents: ALFWorld (Shridhar et al.|
2021)), which consists of text-based household tasks requiring agents to navigate environments and
manipulate objects through textual commands; WebShop (Yao et al.,[2022a)), which evaluates agents
on online shopping tasks involving product search and purchase decisions under user-specified re-
quirements; and ScienceWorld (Wang et al., 2022), which contains interactive science tasks that
require agents to navigate rooms, manipulate objects, and conduct experiments based on scientific
commonsense.

For each benchmark, we construct training and validation sets containing 100 and 30 instances,
respectively. For ALFWorld, these instances are sampled according to the original data distribu-
tion, while evaluation is conducted on the original Seen and Unseen test sets. For WebShop and
ScienceWorld, sampling from the original data distribution would leave many task categories un-
derrepresented or entirely absent. Following the category-based evaluation settings in [Gao et al.
(2025b)); |Yang et al.| (2025), we select the 20 largest task categories in WebShop and the 10 largest
in ScienceWorld. For each benchmark, we sample the training and validation instances, along with
100 test instances, from the selected categories.

B.2 BASELINE SUMMARIES

Baselines. We consider five representative baselines:
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* No Experience. The agent solves each task independently without using external expe-
rience from previous tasks. It therefore reflects the performance of the backbone LLM
without experience augmentation.

* ReasoningBank (Ouyang et al.| |2025). ReasoningBank distills past trajectories into struc-
tured memory items that capture useful reasoning strategies and lessons from failures. For
each new task, it retrieves the top-k most relevant memories using embedding similarity
and adds them to the agent’s system instruction. After the task is completed, an LLM-as-
a-judge estimates whether the trajectory succeeds or fails, and the trajectory is then used to
extract new memory items for future tasks.

e MemP (Fang et al., 2025). MemP extracts procedural memory from the trajectories and
rewards of previously completed tasks. For a new task, it retrieves the memory associated
with the most similar previous task using cosine similarity over task embeddings and pro-
vides it to the agent during execution. The memory library is maintained according to task
feedback through addition, deletion, and modification of memory entries.

* MemRL (Zhang et al., 2026). MemRL maintains an Intent-Experience-Utility memory,
where each entry stores past task experience, including the complete solution trace or exe-
cution trajectory, together with a learned utility score. For a new task, semantically similar
memories are first retrieved by embedding similarity and then reranked using both similar-
ity and utility. After execution, the utilities of the retrieved memories are updated according
to environmental rewards, and new experience entries are constructed from the completed
trajectories and added to the memory bank.

* DeltaMem (Tan et al., [2026a)). DeltaMem maintains two separate memory structures: a
Task-Tree for procedural skills and an Env-Tree for environment knowledge. Each episode
is distilled into structured experience, and when a similar memory already exists, only the
residual difference is stored instead of a complete trajectory. During retrieval, nodes are
matched by embedding similarity with an additional penalty for failed experiences, and
the root-to-node path is reconstructed as the context for the agent. Frequently successful
residual paths are further consolidated into new root memories.

For all baselines, we follow the hyperparameter settings reported in their original papers. Our
method uses eight rollouts per task, evenly divided between the baseline and experience-guided
groups. We set & = 0.7 and ¢ = 0.05, retrieving the top-3 task-level and top-1 task-type-level
experiences. For trajectory retrieval, we use the top-1 trajectory on WebShop and the top-2 on the
other datasets. All methods are trained for 10 epochs, with a maximum of 30 interaction steps per
task across the three datasets.

B.3 PERFORMANCE AND INTERACTION EFFICIENCY ACROSS BENCHMARKS

Table 4: Task Performance and Interaction Efficiency across Benchmarks using DeepSeek-V4-
Flash.

Split Method Average@3 1 Avg. Steps | Token Efficiency
Tokens / Episode | Tokens / Success |
No Experience 42.33 21.59 47.20k 111.49k
‘Webshop MemRL 73.67 12.60 205.00k 278.28k
TQG-Exp 79.67 8.77 55.90k 70.16k
No Experience 47.00 18.77 30.46k 64.80k
Scienceworld MemRL 69.33 1441 220.61k 318.18k
TQG-Exp 74.67 12.46 60.82k 81.45k

We further compare the task performance and interaction efficiency of TQG-Exp with MemRL
on WebShop and ScienceWorld, as shown in Tab. l] On WebShop, TQG-Exp improves Aver-
age@3 from 73.67 to 79.67 while reducing the average episode length from 12.60 to 8.77. Mean-
while, Tokens/Episode and Tokens/Success decrease by 72.7% and 74.8%, respectively. Similar
improvements are observed on ScienceWorld, where TQG-Exp increases Average@3 from 69.33
to 74.67 and reduces the average episode length from 14.41 to 12.46. Tokens/Episode and Token-
s/Success are further reduced by 72.4% and 74.4%, respectively. These results demonstrate that
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TQG-Exp achieves higher task performance than MemRL while requiring fewer interaction steps
and substantially fewer tokens across both benchmarks.

B.4 TQL-SuM EVOLUTION ON ADDITIONAL BENCHMARKS
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Figure 6: Evolution of the epoch-level TQL sum on WebShop and ScienceWorld during training
with DeepSeek-V4-Flash.

Fig.[6]shows the evolution of the epoch-level TQL sum of the experience-guided groups during train-
ing on WebShop and ScienceWorld with DeepSeek-V4-Flash. Across both benchmarks, the TQL
sum follows an overall downward trend, with moderate fluctuations across epochs. This behavior
resembles the optimization of a training objective: although the signal does not decrease monotoni-
cally, its overall reduction indicates that the utility updates increasingly favor experiences associated
with higher-quality trajectories.

B.5 EXPERIENCE-BANK EVOLUTION

Fig. [7] shows the evolution of the task-level and 300 J

Fask—type-level experience bank sizes during train- ¢ e Taskdevel
ing on ALFWorld with DeepSeek-V4-Flash. The .2 2501 Type-level
task-level bank increases from 45 experiences at & 200 |

Epoch 1 to its capacity of 300 at Epoch 7, after =

which its size remains fixed. In contrast, the type- = 1°0

level bank grows more gradually, from 17 experi- é 100 -

ences at Epoch 1 to 212 experiences at Epoch 10, Z 5l

without reaching the task-level capacity. Once the

task-level experience bank reaches capacity, newly
generated experiences are evaluated alongside ex-
isting ones using the UCB-based score u(e) +

1 2 3 4 5 6 7 8 9 10
Epoch

losI+N)  Eyperiences with the lowest scores Figure 7: Sizes of the task-level and task-

1+n(e) .
are removed first. Consequently, from Epoch 7 on-  tYPe-level experience banks on ALFWorld us-
ing DeepSeek-V4-Flash.

ward, the task-level bank maintains a nearly con-
stant size of 300, while lower-ranked experiences are gradually replaced by newly generated ones.

C EXPERIENCE EXTRACTION PROMPTS AND EXAMPLES

C.1 TASK-LEVEL EXPERIENCE EXTRACTION PROMPT

Failure-Aware Reflection

Role.
You are summarizing ordered stages for one task-level experience from representative trajectories.

Task Information.
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Task: {item.get ("task", "")}

Task Type: {item.get ("task_type", "")}
Environment/Dataset: {env_name}
Missing representative types: {json.dumps (missing,

ensure.ascii=False)}

Representative Trajectories.

{self._format_optional_representative (
"BEST_SUCCESS_-TRAJECTORY", item.get ("tau-best_success")) }

{self._format_optional_representative (
"NEARMISS_FAILURE_TRAJECTORY", item.get ("tau.near_failure")) }

{self ._format_optional_representative (
"SEVERE_FAILURE_TRAJECTORY", item.get ("taulbad_-failure")) }

Reflection Instruction.

Failure representatives are selected from baseline trajectories without retrieved experience, so use them
to diagnose the base model’s task mistakes.

Produce 1 to 3 ordered TASK_STAGE items as a JSON array.

Each item must describe one distinct, reusable stage-level lesson for this concrete task. Prefer causal
mistakes over later symptoms: summarize a later invalid, repeated, or final wrong action only when it
reveals an earlier missing check, wrong decision, or incorrect task understanding. Order items by when
the lesson should be applied during task execution.

Required JSON Fields.
e "order": integer, starting from 1
* "stage": short environment-appropriate stage name
e "title": short name of the experience
e "principle": the concrete lesson
* "when_to_apply": when this lesson should be used
Optional Fields.
e "evidence": "best_success" | "near miss" | "severe_failure" | "mixed"
e "failure_to_avoid": common mistake this lesson prevents
Rules.
* Summarize only stage-level lessons for this concrete task.
* Do not force any fixed stage schema. Use stage names appropriate to the environment and task.
* Preserve execution order when the trajectory shows a clear order.

¢ Identify the earliest critical mistake or divergence that made later failure likely, and summarize
the correction at the appropriate task stage.

» Use successful trajectories to identify effective key steps.

* Use near-miss failures to identify missing critical actions.

* Use severe failures to identify error patterns to avoid.

¢ The experience should be reusable for the same concrete task, not a verbatim copy of actions.

* Return only a valid JSON array and no extra text.

Failure-Only Reflection

Role.
You are summarizing ordered avoidance lessons for one task-level experience from failed trajectories
only.

Task Information.

Task: {item.get ("task", "")}
Task Type: {item.get ("task-type", "")}
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Environment/Dataset: {env_name}
Selection case: failure_only

Missing representative types: {Jjson.dumps(missing,
ensure.ascii=False)}

Representative Trajectories.

{self ._format_optional_representative (
"LOWEST_TQL_FAILURE_TRAJECTORY", item.get ("tau.near_failure")) }
{self._format_optional_representative (
"HIGHEST_TQL_FAILURE_TRAJECTORY", item.get ("taulbad_-failure")) }

Reflection Instruction.

The failed trajectories are selected from baseline attempts without retrieved experience. Treat them as
evidence of base-model task mistakes.

Compare the failed trajectories for the same task.

The lowest-TQL failure is the least bad failed attempt and may show partial progress.

The highest-TQL failure is the worst failed attempt and may show severe error patterns.

Extract reusable task-level experience about what to avoid and how to correct the next attempt.

Produce 1 to 3 ordered TASK_STAGE items as a JSON array.

Prefer early task stages where the failed trajectories begin to drift toward failure.

These items will be stored together as stages inside one task-level experience.

Each item must describe one distinct, reusable avoidance or correction lesson for this concrete task.
Prefer earlier causal mistakes when the evidence supports them, but do not force an early cause if the
failure evidence is only visible later.

The items must be ordered by when the correction should be applied during task execution.

Required JSON Fields.

"order": integer, starting from 1

"stage": short environment-appropriate stage name
"title": short name of the avoidance lesson
"principle™": the concrete corrective lesson

"when_to_apply": when this lesson should be used

Optional Fields.

Rules.

"evidence": "lowest_tgl_failure" | "highest_tgl_-failure" | "mixed"

"failure_to_avoid": common mistake this lesson prevents

Summarize only stage-level lessons for this concrete task.
The trajectories shown are failures; do not describe their actions as successful.

Do not invent any successful outcome, unseen state, hidden observation, or successful action
sequence that is not supported by the provided failed trajectories.

Focus on avoidable mistakes such as misunderstanding the task goal, choosing an invalid or un-
helpful action, using poor search/query/filter choices when applicable, ignoring key constraints
or observations, repeating actions, acting in the wrong order, stopping too early, and missing
necessary verification.

When possible, identify an early mistake or recurring failure pattern that made later failure more
likely, and summarize the correction at the appropriate task stage.

Prefer concrete correction rules that would make the next attempt less likely to repeat the ob-
served failures.

The experience should be reusable for the same concrete task, not a verbatim copy of failed
actions.

If the failed trajectories do not support any reliable lesson, return [].

Return only a valid JSON array and no extra text.
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Success-Contrast Reflection

Role.
You are summarizing ordered stages for one task-level experience by comparing two successful trajecto-
ries.

Task Information.

Task: {item.get ("task", "")}

Task Type: {item.get ("task_type", "")}
Environment/Dataset: {env_name}

Selection case: success._contrast

Missing representative types: {json.dumps (missing,

ensure.ascii=False)}

Representative Trajectories.

{self ._format_optional_representative (
"BEST_SUCCESS_TRAJECTORY", item.get ("taubest_success")) }

{self._format_optional_representative (
"WORST_SUCCESS_TRAJECTORY", item.get ("tau-worst_success")) }

Reflection Instruction.

The worst successful trajectory is selected from baseline successful attempts, so focus on improving the
base model’s successful trajectory quality.

Compare two successful trajectories for the same task.

The best success has lower TQL and represents a cleaner solution.

The worst success also succeeded but has higher TQL, likely due to extra steps, repeated actions, invalid
actions, or inefficient ordering.

Extract reusable task-level experience that preserves the successful strategy while avoiding inefficient
successful patterns.

Produce 1 to 3 ordered TASK_STAGE items as a JSON array. These items will be stored together as
stages inside one task-level experience.

Each item must describe one distinct, reusable stage-level lesson for this concrete task.

The items must be ordered by the stage/order in which the lesson applies during task execution.

Required JSON Fields.
e "order": integer, starting from 1
* "stage": short environment-appropriate stage name
e "title": short name of the experience
e "principle": the concrete lesson
* "when_to_apply": when this lesson should be used
Optional Fields.
* "evidence": "best_success" | "worst_success" | "mixed"
e "failure_to_avoid": inefficient successful pattern this lesson prevents
Rules.
* Summarize only stage-level lessons for this concrete task.
* Do not force any fixed stage schema. Use stage names appropriate to the environment and task.
* Preserve execution order when the trajectory shows a clear order.
* Do not describe WORST_SUCCESS_TRAJECTORY as a failure.
¢ Do not invent failure modes.

¢ Focus on efficiency, necessary ordering, redundant actions, invalid actions, repeated actions,
and stage-level improvements.

* The experience should be reusable for the same concrete task, not a verbatim copy of actions.

e Return only a valid JSON array and no extra text.
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C.2 TASK-TYPE EXPERIENCE EXTRACTION PROMPT

Task-Type-Level Experience Distillation

Role.
You are abstracting task-type-level stage experiences from staged task-level experiences.

Task Information.

Task Type: {task_type}
Environment/Dataset: {env_name}

Buffered Task-Level Experiences.

Buffered staged task-level experiences:
{json.dumps (payload, ensure.ascii=False, indent=2)}

Distillation Instruction.

Each task-level experience describes one concrete task with task_tql, task_goal, and ordered stages.
Your job is to extract common reusable stage-level patterns from multiple tasks of the same task_type.
Produce 1 to 3 task-type-level stage experiences as a JSON array.

Each item must correspond to one distinct reusable stage, decision point, or failure-avoidance pattern.
Do not create duplicate experiences.

Do not create multiple items for the same target step/stage.

Use distinct "common_order_or_stage" values across all items.

If two candidate items would apply to the same stage, merge them into one stronger item.

Required JSON Fields.
e "title"
e "principle"
¢ "when_to_apply"
¢ "common_order_or_stage"
e "critical_steps"
¢ "common_failure_patterns"”
* "avoidance_rules"
Rules.
» Extract only from the provided staged task-level experiences.
* Do not summarize individual tasks separately.
* Do not infer directly from raw trajectories except through the provided task-level experiences.
¢ Merge semantically similar stages even if objects, products, or environment details differ.

e "common_order_or_stage" must be a concise semantic stage label, not a bare number or
generic label suchas "1", "2", "stage 1",or "step 2".

* Prefer patterns supported by multiple task experiences.
¢ Include a highly important single-source pattern only if it is central to the task_type.

* Return only a valid JSON array and no extra text.

C.3 EXPERIENCE EXAMPLES

Example of Task-Level Experience on ALFWorld with DeepSeek-V4-Flash

"title": "Task procedure for heat some mug and put it in
coffeemachine.",

"principle": "Prioritize checking visible surfaces like countertops
for the mug, as it is often placed there. Avoid exhaustive cabinet
and drawer searches unless necessary. After obtaining the mug, go to
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the microwave, open it, place the mug inside, close the microwave,
then execute the heat action. Omitting the heat step after closing
the microwave is a critical error. After heating, take the heated
mug from the microwave, go to the coffeemachine, and put the mug in
it. The task requires both heating and placement; omitting the final
placement leaves the task incomplete.",

"when_to_apply": "When solving this concrete task or a very similar
task: heat some mug and put it in coffeemachine.",

"experience_level": "task",

"task_type": "pick_heat_then_place_in_recep",

"source_task": "heat some mug and put it in coffeemachine.",
"retrieval_obs": "heat some mug and put it in coffeemachine.",
"stages": [

{

"order": 1,

"stage": "Object Acquisition",

"title": "Locate and take mug from countertop",
"principle": "Prioritize checking visible surfaces like

countertops for the mug, as it is often placed there. Avoid
exhaustive cabinet and drawer searches unless necessary.",

"when_to_apply": "At the start of the task, after initial
observation.",

"evidence": "mixed",

"failure_to_avoid": "Unnecessary searching of multiple cabinets

and drawers when the mug is already visible on a countertop."
}

"order": 2,

"stage": "Heating",

"title": "Heat mug in microwave after placing it inside",

"principle": "After obtaining the mug, go to the microwave,
open it, place the mug inside, close the microwave, then execute the
heat action. Omitting the heat step after closing the microwave is a
critical error.",

"when_to_apply": "After taking the mug, before moving to the
coffeemachine.",

"evidence": "near_miss",

"failure_to_avoid": "Placing mug in microwave and closing it

without performing the explicit "heat’ action.”
+
{

"order": 3,

"stage": "Placement",

"title": "Place heated mug in coffeemachine",

"principle": "After heating, take the heated mug from the
microwave, go to the coffeemachine, and put the mug in it. The task

requires both heating and placement; omitting the final placement
leaves the task incomplete.",

"when_to_apply": "After successfully heating the mug.",
"evidence": "mixed",
"failure_to_avoid": "Stopping after heating or becoming stuck in

repetitive actions without proceeding to place the mug in the
coffeemachine."

¥
] 4
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"num_stages": 3,
"stage_.when_to_apply": [
"At the start of the task, after initial observation.",
"After taking the mug, before moving to the coffeemachine.",
"After successfully heating the mug."
Iy
"failure_to_avoid": "Unnecessary searching of multiple cabinets and
drawers when the mug is already visible on a countertop.; Placing mug
in microwave and closing it without performing the explicit ’heat’

action.; Stopping after heating or becoming stuck in repetitive
actions without proceeding to place the mug in the coffeemachine.",

"env_name": "alfworld-parameter_free",
"data-source": "alfworld-parameter_free",
"utility": 0.4609896854962928,
"retrieval_count": 37,
"last_retrieval_step": 66,
"created_at_step": 28,

"skill_ id": "task_183"

Example of Task-Type-Level Experience on ALFWorld with DeepSeek-V4-Flash

{

"title": "Place Heated Object in Target Receptacle",

"principle": "After the object is successfully heated, retrieve it
from the microwave if not already in inventory. Navigate directly to
the target receptacle, ensuring it is open if necessary. Use a
move/put action (e.g., ’'move <object> to <receptacle>’) to place the
object. Immediately verify that the object is no longer in inventory
and appears at the receptacle. If placement failed (object still in
inventory), retry the move action. Do not explore other objects or
areas until placement is confirmed.",

"when_to_apply": "Immediately after the heating action succeeds and
the object is hot, before performing any other non-essential
actions.",

"common_order_or_stage": "Final Placement",
"critical_steps": [

"If the object is still inside the microwave, open the microwave
and take it out to have it in inventory",

"Navigate to the target receptacle",
"Check if the receptacle is open; if not, open it",

"Verify that the object in inventory is hot (e.g., by recent heat
action or inventory state)",

"Use ’'move [object] to [receptacle]’ or ’"put [object] on
[receptacle]’ to place the object",

"Check inventory or observe the receptacle to confirm placement
succeeded",

"If the object remains in inventory, retry the move action"
1,
"common_failure_patterns": [
"Stopping after heating without placing the object",
"Assuming placement succeeded without verification",

"Performing unnecessary actions (examining other objects, opening
containers) after heating",
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"Getting stuck in loops of opening/closing the microwave or other
containers",

"Incorrectly identifying the target receptacle (e.g., using wrong
name) ",

"Forgetting to open the receptacle before moving the object",

"Placing a wrong object (e.g., cup instead of mug)",

"Placing the object before heating (unheated placement)",

"Remaining at the microwave or wandering to other containers after
heating instead of proceeding to the target receptacle"

J 14
"avoidance_rules": [
"After heating, immediately retrieve the object if not already in
inventory",
"Navigate directly to the target receptacle without detours",
"Always ensure the receptacle is open before placing (open it if
necessary) ",

"Before placing, confirm that the object is hot and matches the
task’s exact name",

"Verify placement by checking inventory (should be empty of the
object) or observing the receptacle’s contents",

"If the object remains in inventory, retry the move action",

"Do not explore other areas or objects until placement is
confirmed"

1,

"experience_level": "type",

"task_type": "pick_heat_then_place_in_recep",

"retrieval obs": "Task type: pick.heat_then place_in_recep\nStage:
Final Placement\nWhen: Immediately after the heating action succeeds

and the object is hot, before performing any other non-essential
actions.\nGoal: Place Heated Object in Target Receptacle",

"last_operation": "merge",
"skill_id": "step_020",
"utility": 0.75,
"retrieval_count": 2,
"last_retrieval_step": 18,
"created_at_step": 7,
"lastmodified_step": 28,
"version": 5,
"merged_count": 4
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