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Abstract

Recent advances in Large Language Models
(LLMs) have stimulated increasing interest in
LLM-based agents for long-horizon interac-
tive decision-making. As a lightweight alter-
native to parameter-level optimization, many
studies enhance LLM agents through retriev-
able experience memory. However, existing
retrieval strategies primarily optimize for the
relevance of historical memories, leaving the
applicability conditions and verifiable execu-
tion effects of retrieved trajectories insuffi-
ciently captured. To mitigate this executabil-
ity gap between relevance-driven retrieval and
executable reuse, we propose Effectiveness-
Driven Memory (EffectMem), a framework
that reframes trajectory memory as executable
guidance whose applicability and effects are
checked during interaction. During memory
construction, EffectMem structures successful
trajectories into positive executable contracts
and localizable failures into negative experi-
ence guards. At inference, EffectMem retrieves
candidate contracts, verifies their applicability
to the current state, executes aligned chunks un-
der guard constraints, and invokes discrepancy-
guided correction when observed effects devi-
ate from expected postconditions. Experiments
on ALFWorld, ScienceWorld, and WebShop
demonstrate that EffectMem outperforms com-
petitive baselines and improves the effective-
ness of memory-augmented LLM agents.

1 Introduction

The remarkable progress of Large Language Mod-
els (LLMs) has stimulated increasing interest
in LLM-based autonomous agents (Wang et al.,
2024a) for complex, long-horizon interactive tasks
(Yao et al., 2023b; Ahn et al., 2022; Yao et al.,
2023a). These agents derive state-conditioned
actions by grounding task objectives in dynami-
cally evolving observations, which requires them
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Figure 1: An illustrative example of EffectMem in Sci-
enceWorld. EffectMem constructs executable contracts
and negative guards offline, selects an applicable con-
tract via validity-gated routing, and executes aligned
chunks with postcondition-based correction.

to maintain procedural consistency across multi-
ple state transitions. To support long-horizon exe-
cution without parameter-level adaptation, recent
memory-augmented agents externalize reflections
(Shinn et al., 2023), trajectories (Zhao et al., 2024a),
workflows (Wang et al., 2024b), or skills (Qiu et al.,
2026) as retrievable procedural memory for reuse.
Among these memory forms, trajectory-level mem-
ory is especially valuable because it preserves pro-
cedural evidence across interaction states and feed-
back, making retrieval conditions and execution
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effects crucial for reliable reuse.

Despite the value of trajectory-level memory,
existing retrieval strategies rely heavily on the rel-
evance of historical memories (namely relevance-
driven strategies) (Zhao et al., 2024a), while mak-
ing limited use of conditionally-interpretable and
executively-effective memories. In this setting, a
historical trajectory is likely to be retrieved when
its task description or procedural summary appears
semantically relevant to the current task. However,
semantic relevance provides limited evidence about
whether the trajectory remains executable under the
current state. A retrieved memory may rely on ob-
jects, constraints, or intermediate states that are
missing, have changed, or no longer fit the current
task (Ahn et al., 2022). As a result, a semanti-
cally relevant memory may still induce invalid or
non-executable guidance.

This problem is exacerbated by coarse-grained
trajectory representation. Successful episodes are
often reused as holistic demonstrations, which ob-
scure the applicability conditions and segment-
level execution effects required for executable
reuse. Failed episodes are likewise underutilized,
as they are discarded or stored as generic reflections
rather than operationalized as constraints against
recurring failure modes (Zhao et al., 2024a). Con-
sequently, existing relevance-driven strategies can
retrieve historical memories, but they do not suf-
ficiently determine when those memories are ap-
plicable, how they should be executed, or whether
their expected effects have been achieved.

To address this gap, we propose EffectMem, an
Effectiveness-Driven Memory framework that re-
casts historical trajectories from relevance-based re-
trieval contexts into executable guidance grounded
in applicability conditions and verifiable execution
effects. As illustrated in Figure 1, EffectMem de-
rives two memory banks from offline trajectories.
Successful trajectories are abstracted into positive
executable contracts, each comprising a retrieval
summary, a global applicability condition, and a se-
quence of executable chunks. Each chunk specifies
a subgoal, a reference action sequence, and an ex-
pected postcondition, rendering memory condition-
aware before execution and effect-verifiable after
execution. Localizable failures are iteratively dis-
tilled into negative experience guards, which pro-
vide guard rules for rerunning failed tasks and sup-
pressing recurrent failure patterns.

During inference, EffectMem reuses memory
through validity-gated routing and contract-aware

execution. Validity-gated routing first retrieves can-
didate contracts according to the relevance of his-
torical memories and then verifies whether their
global applicability conditions are satisfied under
the current task. It further employs multi-agent
assessment to identify a contract that is not only
relevant but also operationally suitable for the cur-
rent task. Contract-aware execution executes the
aligned chunks under activated negative guards,
uses a monitor agent to determine subgoal com-
pletion and verify expected postconditions, and in-
vokes discrepancy-guided correction when the com-
pleted subgoal fails to satisfy its expected postcon-
dition. In this way, EffectMem shifts memory reuse
from relevance-driven retrieval to effectiveness-
driven execution, where a historical memory must
be applicable before use and verifiable after use.
By grounding trajectory reuse in state applica-
bility and execution effectiveness, EffectMem pro-
vides a validity-aware alternative to retrieval. Our
contributions are summarized as follows:

* We identify a fundamental executability gap
in trajectory-level memory reuse, revealing
that semantically relevant trajectories may still
lack the state conditions and verifiable effects
required for valid experience reuse.

* We propose EffectMem, an effectiveness-
driven memory framework that structures suc-
cessful trajectories into positive executable
contracts and localizable failures into negative
experience guards, and operationalizes them
through validity-gated routing and contract-
aware execution at inference time.

* We conduct extensive experiments across mul-
tiple interactive benchmarks and LL.M back-
bones, together with ablation, memory-scale,
and top-k analyses, demonstrating that Ef-
fectMem consistently strengthens memory-
augmented long-horizon agent execution.

2 Related Work
2.1 Experience Memory for LLM Agents

LLM-based agents solve interactive tasks by inter-
leaving language reasoning with environment ac-
tions (Yao et al., 2023b). To enable cross-episode
experience reuse, prior work equips agents with
external memories distilled from interaction tra-
jectories. Some methods derive textual or instruc-
tional memories from offline experience, includ-
ing reusable insights (Zhao et al., 2024a; Fu et al.,
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2024a), state-conditioned guidelines (Fu et al.,
2024b), and instruction manuals (Chen et al., 2024).
Beyond textual memories, recent studies explore
structured memory forms (Li et al., 2024), includ-
ing multi-grained grounded memories (Yang et al.,
2026), hierarchical working memories (Hu et al.,
2024; Sun and Zeng, 2025), agentic memory net-
works (Xu et al., 2025; Liang et al., 2025), procedu-
ral repositories (Fang et al., 2026), and self-refined
trajectory expertise (Qiu et al., 2026; Cui et al.,
2026). Although these studies show the value of
externalized experience, EffectMem moves beyond
contextual guidance by representing memories as
executable contracts and guards with applicability
checks, effect verification, and failure constraints.

2.2 Hierarchical Planning with Retrieved
Experience

Long-horizon tasks require agents to preserve
global task structure while adapting to local ob-
servations. Existing methods address this require-
ment through reasoning-acting agents (Yao et al.,
2023b), hierarchical planning (Zhao et al., 2024b)
with milestone guidance (Li et al., 2025), and ex-
plicit planning-execution separation (Erdogan et al.,
2025). Other approaches maintain long-horizon
dependencies by compressing execution histories
around subgoals (Hu et al., 2024), constructing tree-
based agent control structures (Choi et al., 2026),
or adding memory-enhanced planning modules for
embodied tasks (Glocker et al., 2025). Retrieval-
enhanced planning (Sun et al., 2024) reuses prior
experience for stepwise decision making (Zhou
et al., 2024) and for task decomposition and ac-
tion generation in web agents (Kim et al., 2024a).
However, existing retrieval strategies (Yao et al.,
2024) rely on the relevance of historical memories,
whereas EffectMem verifies contract-level applica-
bility to avoid state-inapplicable reuse.

2.3 Reflection and Failure-Aware Correction

Feedback-based methods improve agents by con-
verting failures into corrective signals. Reflex-
ion (Shinn et al., 2023; Zhang et al., 2024) stores
verbal reflections from failed attempts, while Trial
and Error (Song et al., 2024) uses failed trajec-
tories to optimize future behavior. QuBE (Kim
et al., 2024b) constructs question-based belief
states to reduce reasoning derailment, and QueryA-
gent (Huang et al., 2024) performs self-correction
using environment feedback. Recent memory
safety work further stores detected failures as de-

fensive lessons for future actions (Wei et al., 2025).
Although failure feedback is useful, prior methods
usually encode it as textual signals, whereas Effect-
Mem turns localized failures into explicit reusable
pre-execution guards and triggers correction when
postcondition verification fails.

3 Approach

This section presents the three stages of Effect-
Mem, as illustrated in Figure 2. Offline Executable
Memory Construction derives two complementary
memory banks from training trajectories: positive
executable contracts from successful trajectories
and negative experience guards from localizable
failures (§3.1). Validity-Gated Routing retrieves
candidate contracts according to the relevance of
historical memories, verifies their contract-level
applicability under the current state, and selects
an aligned contract for execution (§3.2). Contract-
Aware Execution executes the aligned chunks under
negative-guard constraints, uses a monitor agent to
judge subgoal completion and verify expected post-
conditions, and invokes discrepancy-guided correc-
tion when verification fails (§3.3).

3.1 Offline Executable Memory Construction

EffectMem collects trajectories by running a base
agent mp,se ON training tasks and partitions them
according to execution outcomes, as illustrated in
Algorithm 1 (Appendix A). Successful trajectories
are abstracted into positive executable contracts,
as they provide procedural evidence of how a task
can be executed from initial conditions to success-
ful completion. For each successful trajectory, an
LLM-based analyzer generates a retrieval summary
S; and decomposes the trajectory into subgoal-
level executable chunks. The resulting contract is
stored as ej = (S;, Gy, C;) in the positive memory
bank M™, where S; supports retrieval according
to historical-memory relevance, G; specifies the
global applicability condition, and Cj stores the
chunk sequence for contract-aware execution.

The global applicability condition G; is de-
rived from the task instruction, initial observation,
and trajectory-level prerequisites that determine
whether the historical trajectory can be reused un-
der a new task. Each chunk ¢;; = (d;j, a;j, ¢ij) €
C; contains a subgoal description d;;, a reference
action sequence a;j, and an expected postcondi-
tion g;;. The analyzer preserves the executed ac-
tion span as a;; and extracts ¢;; from the corre-
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Figure 2: Overview of EffectMem. EffectMem builds executable contracts and experience guards from successful
and failed trajectories offline, then reuses them through validity-gated routing and contract-aware execution. Aligned
chunks are executed under guard constraints, verified by postconditions against the current state, and corrected
when discrepancies arise. Green and red arrows indicate success and failure/correction paths.

sponding state transition and environment feedback.
This representation renders each chunk executable
through reference actions and verifiable through its
expected postcondition after execution.

For failed trajectories, EffectMem focuses on
localizable failures whose causes can be associ-
ated with the task context and execution feedback.
Such failures are distilled into negative experience
guards rather than retained as generic textual feed-
back. Given a failed task 7 and its failed trajectory
H., an LLM-based analyzer extracts a guard from
the failure feedback. We represent each guard as

. = (T, R; ), where T, denotes the failed task
description and R;" contains guard rules for avoid-
ing the localized failure. The guard is stored in the
negative guard bank M ™ and is used to rerun the
failed task during memory refinement.

To validate and refine negative experience
guards, EffectMem reruns the corresponding failed
task under the extracted defensive guard. If the
rerun succeeds, the resulting trajectory is analyzed
and promoted to M™ as a positive executable con-
tract. If the rerun still fails, EffectMem analyzes
the new failed trajectory, extracts an additional de-
fensive guard, and reruns the same failed task again.
This guard extraction and rerun process is repeated
until the task succeeds or the guard-rerun budget
B is exhausted. When the budget is exhausted,

the accumulated guards remain in M ™ as reusable
defensive constraints for later execution.

3.2 Validity-Gated Routing

Given a new task ¢, current state .S;, and the posi-
tive memory bank M ™, EffectMem selects an exe-
cutable contract through retrieval, applicability ver-
ification, and contract-level assessment. As illus-
trated in Algorithm 2, the retriever first constructs
a candidate set C,] according to the relevance be-
tween the current task and the retrieval summary
S; of each historical contract. This step preserves
the utility of retrieval while treating relevance as a
necessary but insufficient condition for reuse.

EffectMem then verifies whether the global ap-
plicability condition G; of each candidate contract

= (S;, G, C;) is satisfied under the current
state Sy. Contracts that fail this check are filtered
out, and the remaining contracts form the appli-
cable set C,ppp. This gate prevents contracts from
being reused solely on the basis of semantic rele-
vance, without satisfying global prerequisites.

To select the contract, EffectMem performs
multi-agent assessment over Cypp,. Rather than
relying on a relevance score, the assessment de-
composes contract utility into three complemen-
tary dimensions: task-strategy consistency, subgoal
compatibility, and action feasibility. Task-strategy
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consistency examines whether a contract follows
a high-level procedure compatible with the task,
subgoal compatibility evaluates whether its exe-
cutable chunks cover intermediate objectives, and
action feasibility assesses whether the reference
actions are executable under the state and envi-
ronment constraints. The scores from the corre-
sponding assessment agents are normalized and
aggregated into a contract-level utility score, and
the highest-scoring contract is selected as the exe-
cution reference. This assessment further reduces
the risk of selecting a contract that is applicable
in a broad sense but strategically or operationally
unsuitable for the current task.

After selection, EffectMem aligns the selected
contract with the current task context and state.
The alignment keeps chunks relevant to the cur-
rent execution progress, removes irrelevant chunks,
and instantiates entity-specific postconditions when
necessary. The resulting aligned chunks are then
passed to contract-aware execution. Together, re-
trieval, applicability verification, assessment, and
alignment convert historical-memory relevance
into executable selection grounded in current-state
applicability and expected execution effects.

3.3 Contract-Aware Execution

After validity-gated routing selects and aligns a
contract, EffectMem executes the aligned chunks
instead of treating the retrieved trajectory as a
demonstration to be replayed verbatim. Since these
chunks are derived from the ordered sequence of
a contract, they preserve the temporal and logical
dependencies needed for coherent execution. For
each aligned chunk ¢; = (d;, a;, ¢;), the subgoal
description d; specifies the execution objective, the
reference action sequence a; guides action gener-
ation, and the expected postcondition g; supports
effect verification, as illustrated in Algorithm 3.

Before executing aligned chunks, EffectMem re-
trieves task-relevant guards from the negative guard
bank M~ according to the task description. These
guards contain rules extracted from localized fail-
ures and are incorporated into the execution context
as constraints. Thus, the selected positive contract
provides a structured execution scaffold, while the
retrieved negative guards help the executor avoid
failure patterns observed in similar tasks.

After executing a chunk under these constraints,
EffectMem invokes a monitor agent to determine
whether the current subgoal has been completed.
The monitor agent examines the executor’s think-

ing history, executed actions, and environment feed-
back, and then verifies whether the expected post-
condition g, is satisfied once the subgoal is com-
pleted. If g; is satisfied, execution proceeds to the
next aligned chunk. Otherwise, the unmet postcon-
dition is recorded as a discrepancy between the ex-
pected effect and the observed outcome, triggering
discrepancy-guided correction for localized recov-
ery. This mechanism ensures that reused memory
is not assumed valid after retrieval, but is contin-
uously monitored and verified through expected
effects throughout execution.

Unlike negative guards, which prevent known
failure patterns before execution, discrepancy-
guided correction provides recovery after an ob-
served outcome deviates from the expected post-
condition. When such a discrepancy occurs, Ef-
fectMem invokes an LLM to generate corrective
guidance based on the unmet postcondition, the ex-
ecuted chunk, the execution history, and the latest
environment feedback. The corrective instruction
is appended only to the current execution context
and is not written back to M™ or M, keeping
both memory banks fixed during evaluation. Con-
crete examples of discrepancy-guided correction,
guard extraction, and monitor-based verification
are provided in Appendix F.

4 Experimentation

We evaluate EffectMem through three comple-
mentary empirical analyses. First, we assess its
overall effectiveness against representative base-
lines across three long-horizon interactive environ-
ments. Second, we perform ablations to disen-
tangle the contribution of validity-gated routing
and contract-aware execution. Third, we analyze
memory reuse under memory-bank perturbations to
examine whether the gains arise from applicability-
grounded and effect-verifiable reuse rather than
relevance-driven retrieval alone.

4.1 Experimental Setup

Environments. We evaluate EffectMem on three
interactive environments that require long-horizon
decision making under dynamically changing ob-
servations. ALFWorld (Shridhar et al., 2021) re-
quires agents to complete household tasks by nav-
igating rooms and manipulating objects. Science-
World (Wang et al., 2022) evaluates procedural
scientific reasoning that requires ordered actions
and intermediate state changes. WebShop (Yao
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Method Features ALFWorld ScienceWorld WebShop
CE-Dist CS-Route EV-Reuse Success Rate (SR) 1 SR T Rewardt SR
ReAct X X X 80.6% 43.0% 58.6 37.0%
ExpeL v v X 81.3% 57.0% 62.2 42.0%
AutoGuide v v X 83.6% - 73.3 47.0%
QuBE X X X 84.3% - - -
ExpeL + QuBE v v X 85.1% 65.0% 75.6 49.0%
AutoRefine v v X - 70.4% - -
KnowMap X v X - 76.3% - -
CFGM v v X 91.0% 74.0% 85.0 57.0%
EffectMem v v v 93.8 % 79.0 % 85.8 73.1%

Table 1: Main results on ALFWorld, ScienceWorld, and WebShop under the GPT-4-Turbo model. Dashes indicate
unavailable results under the corresponding evaluation setting. CE-Dist, CS-Route, and EV-Reuse denote contrastive
experience distillation, current-state memory routing, and effect-verifiable reuse, respectively. Best results are in

bold and second-best results are underlined.

et al., 2023a) evaluates web-based search and pur-
chasing decisions under attribute constraints. More
environment details are provided in Appendix B.
Metrics. We report success rate (SR) as the main
metric across all environments. SR measures task
completion in ALFWorld, target-task completion
in ScienceWorld, and attribute-satisfying purchase
success in WebShop. For WebShop, we also re-
port mean reward, which measures how closely the
purchased item matches the required attributes.
Baselines. We compare EffectMem with Re-
Act (Yao et al., 2023b) and representative memory-
based or feedback-based baselines, including Ex-
peL (Zhao et al., 2024a), AutoGuide (Fu et al.,
2024b), QuBE (Kim et al., 2024b), ExpeL + QuBE,
AutoRefine (Qiu et al., 2026), KnowMap (Fu and
Bian, 2025), and CFGM (Yang et al., 2026), where
reported results are available. The main compar-
ison uses GPT-4-Turbo, and additional model re-
sults are reported in Table 3.

Implementation Details. Unless otherwise speci-
fied, EffectMem retrieves the top 5 candidate con-
tracts before applying validity-gated routing by de-
fault. Details of model and implementation settings
are given in Appendix C.

4.2 Main Results

Table 1 compares EffectMem with representative
baselines on ALFWorld, ScienceWorld, and Web-
Shop. We analyze the results from two perspec-
tives, with emphasis on overall effectiveness and
performance across task environments.

Overall Effectiveness. EffectMem consistently
achieves the strongest performance across all re-
ported environments and metrics. Compared with

ReAct, EffectMem enhances ALFWorld SR by
13.2 points, ScienceWorld SR by 36.0 points, Web-
Shop SR by 36.1 points, and WebShop reward by
27.2. These gains indicate that EffectMem’s ad-
vantage is not confined to a particular environment,
but yields gains in embodied interaction, scientific
reasoning, and web-based decision making. They
also indicate that effective trajectory reuse requires
more than relevance-based retrieval: retrieved con-
tracts must be applicable to the current state and
their execution effects must remain verifiable after
alignment and execution.

Performance across Task Environments. Ef-
fectMem also outperforms existing memory-
augmented methods. On ALFWorld, it improves
over CFGM by 2.8 SR points. On WebShop, it
raises the best reward from 85.0 to 85.8 and in-
creases SR over CFGM from 57.0 to 73.1. These
results suggest that applicability checking and ef-
fect verification reduce the risk of following mem-
ories that are relevant but not executable. This ad-
vantage is particularly evident on WebShop, where
product-search trajectories can be superficially sim-
ilar yet differ substantially in attribute constraints
and purchase requirements.

4.3 Ablation Study

We conduct ablations on ScienceWorld with
Qwen3-8B to disentangle the contribution of each
mechanism. We examine validity-gated rout-
ing (VGR), which selects contracts according to
current-state applicability, and contract-aware exe-
cution (CAE), which executes aligned chunks un-
der guard constraints, uses a monitor agent to verify
subgoal completion and expected postconditions,
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and invokes discrepancy-guided correction when
verification fails. Here, CAE denotes the com-
plete module, while (CAE)* removes discrepancy-
guided correction. This design allows us to isolate
the contribution of discrepancy-guided correction
by comparing V&C* with V&C. For the CAE-only
setting, the execution reference is taken from the
highest-ranked contract under relevance-driven re-
trieval and then aligned to the current task with-
out contract-level applicability filtering or multi-
agent assessment. ScienceWorld is particularly suit-
able for this analysis because successful execution
hinges on ordered subgoals, state-dependent appli-
cability, and verifiable intermediate effects. Table 2
reports the official task score (Score), success rate
(SR), and the average number of execution steps
(Step) for each configuration.

Config Scoret SR 1 A Step | A

Baseline 33.8 15% — 44.0 —
+VGR 71.4 51%  +36% 30.1 -13.9
+(CAE)* 70.2 57%  +42% 28.1 -15.9
+V&C* 71.4 62% +47% 263 -17.7
+V&C 76.0 65% +50% 259 -18.1

Table 2: Ablation study on ScienceWorld with Qwen3-
8B. 1 indicates higher is better and | indicates lower is
better. Deltas are absolute changes from the baseline.
V&C* combines VGR with (CAE)*, and V&C com-
bines VGR with the complete CAE.

As indicated by the arrows in Table 2, higher Score
and SR indicate task success, while lower Step indi-
cates more efficient execution. Adding VGR raises
SR from 15% to 51% and shortens the execution
length from 44.0 to 30.1 steps, indicating that appli-
cability checking filters state-inapplicable memory
reuse. Adding CAE without VGR improves SR
to 57% and reduces average steps to 28.1, indi-
cating that guard-constrained chunk execution and
monitor-based postcondition verification are useful
even without applicability-gated selection.
Combining VGR with (CAE)* raises SR to
62% and reduces average steps to 26.3. This sug-
gests that contract-level applicability checking and
execution-time verification address complementary
failure modes. VGR enhances which contract is
selected by filtering for current-state applicability,
while CAE enhances how aligned chunks are exe-
cuted by enforcing guards and monitoring expected
postconditions. The full V&C configuration per-
forms best, reaching 76.0 score, 65% SR, and 25.9
average steps. The gain from V&C* to V&C fur-
ther demonstrates the benefit of discrepancy-guided
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Figure 3: Robustness to memory-bank perturbations.
Memory-bank size varies task-balanced subsets of the
clean memory bank, while noisy-memory injection
mixes clean memories with perturbed memories. The
limited performance drop indicates that EffectMem re-
lies on applicability checking and effect verification
rather than relevance-driven retrieval alone.

correction when observed execution outcomes fail
to satisfy expected postconditions.

4.4 Analysis

Effectiveness across Models. Table 3 demon-
strates that EffectMem generalizes across mod-
els with different capability levels. With Qwen3-
Max, EffectMem reaches 93.3% SR on ALFWorld,
82.0% SR on ScienceWorld, and 67.2% SR on
WebShop, outperforming both ReAct and ExpeL.
With Qwen3-8B, it improves over ExpeL by 41.0
points on ALFWorld, 20.0 points on Science-
World, and 14.9 points on WebShop SR. These
results indicate that applicability-grounded and
effect-verifiable reuse provides structured proce-
dural guidance that complements stronger models
while substantially assisting smaller models.

Memory-bank Size (Zhang et al., 2025). Fig-
ure 3a varies the fraction of the memory bank
available at inference time. Removing memory
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ALFWorld ScienceWorld ‘WebShop

Method

Success Rate (SR) 1 SR T Rewardt SR T
Qwen3-Max
ReAct 59.7% 29.0% 529 44.1%
ExpeL 90.3% 66.0% 60.0 53.7%
EffectMem 93.3% 82.0% 76.3 67.2%
Qwen3-8B
ReAct 38.3% 15.0% 49.6 28.3%
ExpeL 50.8% 45.0% 552 39.6%
EffectMem 91.8% 65.0% 71.0 54.5%

Table 3: Additional results on ALFWorld, Science-
World, and WebShop under Qwen3-Max and Qwen3-
8B models. EffectMem consistently outperforms ReAct
and ExpeL across models.

substantially degrades performance in all three en-
vironments, showing that executable experience
provides useful procedural guidance. However,
performance saturates once 20% of the memory
bank is available, and increasing the bank to 100%
yields only marginal changes. This pattern sug-
gests that EffectMem is relatively insensitive to
memory-bank size variation. Although the amount
of available memory varies, task success changes
only mildly, indicating that validity-gated routing
effectively filters inapplicable memories and re-
duces dependence on memory quantity.

Noisy-Memory Injection. To evaluate robustness
against corrupted but semantically relevant mem-
ories, we construct noisy memory banks from the
original clean memory bank. The example of noisy
memory is shown in Appendix D. Specifically, the
clean memory bank is built by sampling 20% of the
memories from each task category, so that the re-
sulting bank preserves the category distribution of
the original memory bank. We then generate noisy
memories by perturbing clean memories with three
corruption types: globally inapplicable conditions,
chunk-level action or postcondition mutations, and
failure patterns disguised as pseudo-positive mem-
ories. The generated noisy memories are mixed
with the clean bank to form noisy-memory ratios
of 10%, 30%, 50%, and 70%, where the noisy-
memory ratio denotes the proportion of perturbed
memories in the mixed memory bank.

As shown in Figure 3b, EffectMem exhibits only
mild degradation as the noisy-memory ratio in-
creases and remains close to the clean-memory
setting. This result is consistent with the memory-
size analysis: what matters is not whether a tra-
jectory is retrievable, but whether it is applicable
and executable under the current state. Validity-
gated routing filters state-inapplicable candidates

before execution, while contract-aware execution
uses guard constraints and postcondition verifica-
tion to suppress the influence of semantically plau-
sible but corrupted memories.

—@— ScienceWorld SR === WebShop SR
—li— ALFWorld SR -9- i

=<l - ALFWorld Step
Step === Step

SR (%)

Relative Change (vs.Top-1)

Figure 4: Top-k sensitivity analysis with Qwen3-8B.
Relative to top-1 retrieval, k = 5 provides the best
balance between candidate diversity and retrieval noise,
improving SR while reducing average execution steps.

Top-k Sensitivity. Figure 4 reports changes rela-
tive to top-1 retrieval, where positive values indi-
cate higher SR and negative values indicate fewer
execution steps. Increasing k initially improves
performance because VGR is exposed to a diverse
candidate bank and selects one that better satisfies
current-state applicability. The gains taper off when
too many candidates are retrieved, as weakly appli-
cable or invalid memories dilute the discriminative
routing signal. We set k = 5 because it gives the
largest SR gain while reducing execution length.
Overall, these analyses suggest that EffectMem
improves agent execution through applicability-
grounded and effect-verifiable memory reuse rather
than relevance-driven retrieval alone.

5 Conclusion

We introduced EffectMem, an effectiveness-driven
memory framework for long-horizon LLM agents.
EffectMem converts trajectories into executable
contracts and failures into negative guards, en-
abling memory reuse to be checked, constrained
during execution, and verified through effects. At
inference, it verifies contract applicability, exe-
cutes chunks under guard constraints, and trig-
gers discrepancy-guided correction through post-
condition verification during execution. Experi-
ments on ALFWorld, ScienceWorld, and WebShop
show gains over memory baselines across back-
ends, confirming the importance of moving beyond
relevance-driven retrieval toward applicability-
grounded and effect-verifiable execution.
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Limitations

Our work focuses on trajectory-level experi-
ence reuse for long-horizon LLLM agents through
applicability-aware and effect-verifiable memory
augmentation. It still has some limitations. One
limitation is that the quality of executable memory
depends on the availability and diversity of col-
lected trajectories. When training tasks are scarce
or do not cover diverse task conditions, construct-
ing reliable contracts and guards remains difficult.
Another limitation is that EffectMem uses LLM-
based analysis for contract construction, guard ex-
traction, subgoal alignment, and monitor-based
postcondition verification, which provides flexi-
bility but may introduce additional cost and oc-
casional judgment errors under ambiguous obser-
vations. Future work may explore more efficient
trajectory collection, lightweight verification, and
adaptive chunk selection to improve EffectMem
under limited experience and more diverse tasks.
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A Algorithms

This section provides the three appendix algorithms
referenced in the method section. Algorithm 1
describes offline executable memory construction.
Algorithm 2 describes validity-gated routing. Al-
gorithm 3 then executes the aligned chunks under
guard constraints and postcondition verification.

B Environment Details

We evaluate EffectMem in three text-based interac-
tive environments that require long-horizon action
selection under changing observations. Table 4
summarizes the environment interfaces and evalua-
tion settings used in our experiments.

ALFWorld. ALFWorld instantiates household
tasks as text-based interaction episodes. The agent
must infer the target object, identify required re-
ceptacles or appliances, satisfy preconditions, and
complete the task within the step budget. We treat
an episode as successful when the environment
returns the terminal success signal. EffectMem
is especially useful in ALFWorld because similar
tasks often share procedural structure, but reusable
experience still depends on task type, required fa-
cilities, destination receptacles, and the currently
visible household state.

ScienceWorld. ScienceWorld requires agents to
execute elementary science procedures in an or-
dered manner. Many tasks require intermediate
operations whose effects must be achieved before
later actions become valid. We report the offi-
cial task score and success rate. This environment
stresses the interaction between validity-gated rout-
ing and contract-aware execution: the selected con-
tract must match the current scientific procedure,
and each chunk must produce the expected state
transition before the agent continues.

WebShop. WebShop presents natural-language
purchase instructions and web-page observations.
The agent can search for products, open search re-
sults, inspect product pages, select options such
as size or color, and click buy now. We report
both mean reward and success rate, where suc-
cess requires buying an item satisfying the re-
quired attributes. WebShop contains many similar
product-search trajectories, making it a strong test
of whether memory retrieval checks applicability
rather than following superficially similar exam-
ples.

Algorithm 1 Offline Executable Memory Construc-
tion
Require: Training tasks Dirain, base agent mpase, LLM ana-

lyzer A, guard-rerun budget B
Ensure: Positive memory bank M™ and negative guard bank

M
MM

1
2: for all task 7 € Dirain do
3: H;,y, < RUNEPISODE(7hase, T)
4: if y. = success then
5: S+, Gr,Cr < ANALYZESUCCESS(A, 7, H;)
6: M — MY U{(S,, G, C)}
7 else
8: H® « H,
9: forb=1,...,Bdo
10: 9y = (T, , Ry) —
EXTRACTGUARD(A, 7, H*™1)
11: M7<—M7U{gb_}
12: H® 4y« RUNEPISODE(7pase, T, R} )
13: if yg’) = success then
14: s G o® “
ANALYZESUCCESS (A, 7, H")
15: MFT — MEU{(s®, 6P Py
16: break
17: end if
18: end for
19: end if
20: end for

21: return M, M~

C Implementation Details

We adopted different experimental task selection
strategies for different environments. In the case
of ALFWorld we utilized the 134 solvable tasks
that CFGM used, which comprising six task types
in a virtual household environment: Pick (24),
Clean (18), Heat (31), Cool (23), Examine (21),
and Pick two (17). Similarly, for WebShop, we
evaluated using the same 134 tasks used by CFGM.
For ScienceWorld (Wang et al., 2022), we assess
performance using 100 tasks sampled from the
test set, which comprise diverse task types with
environmental steps up to 50: use-thermometer
(10), power-component (5), test-conductivity (10),
find-animal (10), find-living-thing (10), find-non-
living-thing (10), find-plant (10), grow-plant (8),
chemistry-mix (7), chemistry-mix-paint-secondary-
color (4), lifespan-longest-lived (3), identify-life-
stages-1 (5), identify-life-stages-2 (4), and change-
the-state-of-matter-of (4).

Memory construction. For each environment,
we first collect trajectories by running the base
agent on training tasks. Successful trajectories are
converted into positive contracts. Each contract
stores (i) a retrieval summary, (ii) a global appli-
cability condition, and (iii) an ordered sequence
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Environment Task goal

Interaction interface

Metrics Setting

ALFWorld

examining, and placing two objects.

Household tasks such as object search, The agent receives a natural-language Success rate.
pick-and-place, heating, cooling, cleaning, observation and emits one textual ac-
tion from the ALFWorld action space.

Max steps:  20;
episodes: 134;
split: test.

ScienceWorld

verification.

Science procedures requiring ordered ma- The agent observes the current science- Official task score and Max steps:  50;
nipulation, state tracking, and intermediate world state and emits one environment success rate.
action at each step.

episodes: 100;
split: test.

‘WebShop

Online shopping tasks in which the agent The agent observes page text plus avail- Mean reward and suc- Max steps: 15;
must search, inspect products, select re- able search/click actions and emits a cess rate.
quired options, and purchase a matching single action such as search[...] or

episodes: 134;
split: test.

item. click[...].

Table 4: Environment details. The maximum number of steps follows the evaluation configuration used in our

experiments.

Algorithm 2 Validity-Gated Routing

Algorithm 3 Contract-Aware Execution

Require: Task ¢, current state s, positive memory bank M ™,
retriever R, candidate size k, scoring agents {jm}%zl
Ensure: Selected contract e* and aligned chunks C'
I: Cre + TOPK(R,t, M k)

2: Coapp + 0

3: for all 6? = <S¢, G, Cl> € Cre1 do

4: v;, 7 < CHECKAPPLICABILITY (G}, t, s)

5: if v; = true then

6: Capp < Capp U {e]}

7: end if

8: end for

9: if Capp = 0 then

10: return (), ) > fall back to the base policy without
contract reuse

11: end if

12: for all e € Capp do
13: form=1,...,M do

14: Zim < SCORE(Jm, ef,t, s)
15: end for

16: U; < AGGREGATE(2i1, ..., 2iM)
17: end for

18: e = (S*,G*,C*) « ArgmMax +oc Ui
19: C <+ ALIGNCHUNKS(C*, t, s)
20: return e*,C

of executable chunks. Each chunk contains a sub-
goal description, reference actions, and an expected
postcondition. Failed trajectories are used only
when the failed task can be localized to a clear
cause. For each such task, we extract defensive
rules from the failure feedback and store them to-
gether with the corresponding task description in
the negative guard bank. During execution, Effect-
Mem retrieves guards whose associated tasks are
similar to the current task and injects their defen-
sive rules into the executor context.

Retrieval and routing. Unless otherwise spec-
ified, EffectMem retrieves k¥ = 5 candidate con-
tracts for each test episode before applying validity-
gated routing. In our implementation, the initial
retriever uses cosine similarity over normalized
task descriptions, and the applicability gate checks

Require: Task ¢, current state s, aligned chunks C', negative
guard bank M ™, executor policy 7, monitor agent V
Ensure: Execution history H
1. H« 0
2: T < RETRIEVEGUARDS(t, M ™)
3: for é; = (d;,a;,q;) € Ce do
4: Rj <
5: 5]' < @
6 for each G, € a; do
7 zje < (t,s,H,d;, Gje, a5.0.1)
8 Zjo < AUGMENT(z,¢, ', kj)
9 Uje < W(l’jg)

10: Execute u;¢; observe (o, s')

11 H + Ho|[(s,uje,0,8)]; s+ s
12: mje, vje < V(dj, g5, H,0)

13: if m;, = completed then

14: if vj¢ = satisfied then

15: break

16: else

17: 6]' < qj

18: break

19: end if

20: end if

21: end for

22:  if§; # 0 then

23: k; < LLMCORRECT(d;, a;,q;, H, 0)
24: z; < AUGMENT((t, s, H,dj,q;), T, k;)
25: u; < w(x;)

26: Execute u;; observe (o, s)

27: H + Ho|(s,uj,0,5")];s < s
28: end if

29: end for

30: return H

structured hard conditions extracted from the task
metadata or instruction. For ALFWorld, these hard
conditions include task type, required facilities, and
target receptacles. For WebShop, they include price
constraints and instruction attributes that should not
be contradicted by the retrieved contract. The can-
didate contracts that pass applicability checking are
then scored by multiple LLM-based assessors and
aligned to the current task before execution.

Contract-aware execution. During online ex-
ecution, EffectMem does not replay the full his-
torical trajectory. Instead, it executes the aligned
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Parameter Value
Default retrieved contracts k 5
Random seed 42
ALFWorld maximum steps 20
ScienceWorld maximum steps 50
WebShop maximum steps 15
LLM temperature 0.3

Table 5: Core implementation parameters.

chunks one by one. Before execution, EffectMem
retrieves task-relevant guards from the negative
guard bank according to the current task descrip-
tion and injects their defensive rules into the execu-
tor context. After each chunk is executed, a moni-
tor agent examines the executor’s thinking history,
executed actions, and environment feedback to de-
termine whether the current subgoal has been com-
pleted. Once the subgoal is completed, the monitor
verifies whether the expected postcondition is sat-
isfied. If the expected effect is not achieved, the
discrepancy is passed to an LLLM corrector to gen-
erate temporary recovery guidance. This correction
is used only within the current episode and is not
written back to the memory banks during evalua-
tion.

Model backends. The main comparison uses
GPT-4-Turbo. Additional experiments use Qwen3-
Max and Qwen3-8B to evaluate whether executable
memory remains useful across model scales. For
closed-source models, we call the corresponding
chat completion API. For open-source backends,
we use an OpenAl-compatible local serving end-
point. In Table 5, we have summarized all the
hyperparameters according to the final experimen-
tal run. Table 6 summarizes the LLM backend used
for each LLM-mediated operation in EffectMem.

Evaluation settings and comparison scope. Ta-
ble 7 summarizes the evaluation settings of Ef-
fectMem and the compared methods, including
the number of test tasks, maximum environment
steps, and whether offline memory construction is
used. The main comparison treats each method as
a complete system under its reported configuration,
rather than as a strictly equal-model or equal-token
comparison. For EffectMem, memory construction
is completed before evaluation, and the resulting
memory banks remain fixed without accessing or
updating any test trajectories. The model assign-
ments for different EffectMem operations are re-
ported in Table 6.

Method operation Model used

Trajectory collection Qwen3-Max

Successful-trajectory analysis Qwen3-Max

Guard extraction Qwen3-Max

Contract verification Qwen3-Max

Multi-agent assessment GPT-4-Turbo; Qwen3-
Max; DeepSeek

Chunk alignment Qwen3-Max

Online action generation GPT-4-Turbo; Qwen3-
Max; Qwen3-8B

Monitor Agent Qwen3-Max

Discrepancy-guided correc- Qwen3-Max

tion

Table 6: LLM-mediated operations in EffectMem and
their model backends.

D Example of Noisy Memory

To illustrate how noisy memories are constructed,
we provide a concrete noisy memory example in
Table 8. Starting from the same clean temperature-
measurement memory, we generate three noisy
variants by perturbing different components of the
trajectory. For global-condition noise, we corrupt
the task-level tool-use condition by replacing the
required thermometer with a stopwatch. Although
the resulting memory is still related to scientific
measurement, it is no longer applicable to the cur-
rent temperature-measurement task because a stop-
watch cannot satisfy the thermometer requirement.
For chunk-level execution noise, we keep the mea-
surement procedure unchanged but modify the final
placement action from the correct yellow box to
the incorrect orange box, causing the local exe-
cution effect to violate the task-specific decision
rule. For failure-disguised noise, we remove the
required thermometer-use action while preserving
a success-like postcondition that claims the tem-
perature has already been measured. These three
transformations respectively test whether the agent
can reject globally inapplicable memories, detect
locally incorrect execution effects, and block failed
trajectories disguised as successful memories.

E Prompt Templates

This section lists the prompt templates used by
EffectMem for online action generation. Figures 5—
8 should be read as environment-specific execu-
tor interfaces rather than as the whole memory
mechanism: each template fixes the observation—

18187



Test tasks Test tasks Test tasks Max steps Max steps Max steps Offline memory
Method ALFWorld ScienceWorld ‘WebShop ALFWorld ScienceWorld WebShop construction
ReAct 134 100 134 20 80 15 No
ExpeL 134 100 134 20 80 15 Yes
AutoGuide 134 - 134 20 80 15 Yes
QuBE 134 - 134 20 80 - No
ExpeL+QuBE 134 100 134 20 80 15 Yes
AutoRefine - 30 - - 50 - Yes
Not
KnowMap - specified - - 100 - Yes
CFGM 134 100 134 20 80 15 Yes
EffectMem 134 100 134 20 50 15 Yes

Table 7: Comparison of evaluation settings across methods. A dash indicates that the corresponding environment
was not evaluated, whereas “Not specified” indicates that the number of test tasks was not reported. Offline memory
construction indicates whether a method constructs a memory bank before test-time evaluation.

Noise Type Clean Memory

Noisy Memory

Targeted Capability

Global-condition noise
task.

There is a thermometer used in the There is a stopwatch used in the task.

Contract-level applicability
checking / validity-gated rout-
ing.

Chunk-level
noise

execution The agent measures the temperature as The agent still measures the temperature as Postcondition verification /
13°C and moves unknown substance 13°C, but moves unknown substance B to the chunk-level effect checking.

B to the yellow box, because 13°C is orange box.

below 100.0°C.

Failure-disguised noise

The agent first uses the thermometer The agent skips the thermometer measurement Negative experience guard /

to measure unknown substance B, and step but still claims that the temperature was failure-aware prevention.

then places it into the yellow box.

measured as 13°C.

Table 8: Examples of noisy memory. The three noise types corrupt different aspects of memory reuse: global
tool-use applicability, local execution effects, and pseudo-positive failure patterns.

action format, the legal action grammar, and the
domain constraints that the agent must obey when
it receives aligned chunks from validity-gated rout-
ing. During contract-aware execution, these base
prompts are further augmented with the selected ex-
ecutable chunks, active negative guards, and tempo-
rary correction guidance described in Section 3.3.

ALFWorld prompt. Figure 5 shows the
household-interaction prompt used for ALFWorld.
The prompt emphasizes exact action formatting,
household affordances, task-flow structure, and
recovery from invalid feedback. These constraints
match the role of EffectMem in ALFWorld:
retrieved contracts provide reusable procedural
structure, while the prompt keeps individual
actions grounded in the current receptacles,
objects, inventory state, and step budget.

ScienceWorld prompt. Figure 6 and Figure 7
present the ScienceWorld prompt templates used
for ScienceWorld, where success depends on per-
forming ordered scientific procedures and verifying
intermediate state changes. The prompt therefore
serves as a domain interface for effect-verifiable
reuse: it asks the agent to act according to the cur-
rent observation and available operations, while Ef-

fectMem supplies the selected contract and checks
whether each aligned chunk achieves its expected
postcondition.

WebShop prompt. Figure 8 presents the Web-
Shop prompt, which differs from the two embodied-
style environments because actions are page opera-
tions such as searching, clicking products, select-
ing options, and purchasing. The prompt therefore
makes attribute extraction, option tracking, action
validity, and step efficiency explicit. This is impor-
tant for EffectMem because many shopping trajec-
tories are semantically similar but differ in price
limits, required attributes, or already-selected op-
tions.

F Examples

F.1 Correction Example

Figure 9 illustrates how EffectMem handles a failed
effect check during contract-aware execution. The
example complements the static prompt templates
above: prompts define the legal action interface,
whereas discrepancy-guided correction is invoked
only after an aligned chunk fails to produce its
expected postcondition. The correction is local to
the current episode and does not update either the
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Interact with a household to solve ALFWorld tasks with minimal steps. Inputs include initial \

environment description, task goal, and real-time latest observation per turn.
CRITICAL OUTPUT FORMAT: Output exactly one line starting with Action: no reasoning,

tags, extra text or blank lines.

GENERAL PRINCIPLES: Prioritize task completion over exploration; judge by latest

use exact standard object names; avoid redundant navigation and useless operations.

{recep}, clean/heat/cool/slice {obj} with {recep}, examine {obj/recep}, use {obj}, inventory.
FAILURE RECOVERY: Do not repeat failed actions; adjust location, receptacle or action type
timely; verify object holding state, position and receptacle status when failing; backtrack to missing

prerequisites for persistent errors.

OBJECT & EFFICIENCY RULES: Use object/receptacle names exactly as observed; prohibit
redundant operations; use inventory only for ambiguous holding state. Final output: strictly output

\  one line starting with Action:

|
|
|
|
|
|
|
|
|
|
|
I ACTION SPACE: go to {recep}, take {obj} from {recep}, move {obj} to {recep}, open/close
|
|
|
|
|
|
|
|
|
|
|

|
|
|
|
|
|
|
observation, inventory and past feedback; treat ineffective actions as failure and adjust strategies; :
|
|
|
|
|
|
|
|

Figure 5: ALFWorld action-generation prompt. The template constrains the agent to output exactly one Action: line
from the household action space and encodes domain affordances for navigation, object pickup, placement, opening,
cleaning, heating, cooling, slicing, examination, toggling, and inventory checks. It also specifies precondition rules
and recovery behavior after invalid feedback such as Nothing happens. These prompt constraints complement
EffectMem’s executable contracts by keeping each reused chunk grounded in valid household actions and current-

state preconditions.

positive contract bank or the negative guard bank
during evaluation.

F.2 Guard Example

Figure 10 illustrates how EffectMem extracts a
negative guard from a failed trajectory. In this
example, the agent successfully obtains the ther-
mometer and reaches the target object, but skips
the required pick-up step before attempting to use
the thermometer. The repeated invalid use action
causes the episode to reach the maximum step limit
with zero score. EffectMem analyzes the failed
trajectory, identifies the missing pick-up step as the
root cause, and distills it into a reusable guard rule.
The extracted guard is then stored in the negative
guard bank and can be retrieved in later similar
tasks to prevent the same missing-prerequisite fail-

ure.

F.3 Monitor Agent Example

Figure 11 illustrates monitor-based postcondition
verification during contract-aware execution. After
the executor produces a thought indicating that the
current subgoal has been completed, the monitor
agent examines the executor’s thinking history, ex-
ecuted actions, and latest environment feedback.
It then compares the observed outcome with the
expected postcondition of the current chunk. In
this example, the expected postcondition requires
the wood to be in the inventory, but the execution
history indicates that the wood has not been picked
up. The monitor therefore marks the postcondi-
tion as unsatisfied and triggers discrepancy-guided
correction.
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; You are an agent acting in a text-based science environment. Your job is to output exactly |
one valid next action and nothing else.
General rules: 1. Output only one action with no explanation. 2. Only use explicitly
mentioned objects, containers, substances, rooms and doors. 3. Do not assume inventory
objects without explicit observation confirmation. 4. Do not assume room accessibility
without visible connecting doors. 5. Avoid repeated invalid action syntax after syntax
mismatch failure. 6. Stop retrying failed action patterns twice without environment state
changes. 7. Prefer short, simple, environment-grounded commands. 8. Avoid unnecessary
manipulations that may undo achieved progress.
Internal Tracking Requirements: Before each action, track current room, visible doors,
inventory contents, target object/room/tool, completed subgoals, and target object
location state.
Navigation rules: 1. Execute "go to <room>" only for currently visible rooms. 2. Move
step-by-step via intermediate rooms for unreachable target rooms. 3. Avoid repeated
attempts to access unreachable rooms.
Interaction rules: 1. Only focus on objects in current room or inventory. 2. Only use
tools with explicit accessibility (inventory or current scene).
Recovery rules: 1. Recover from failure via look around, check inventory, move to
reachable room or pick up missing tools; prefer valid successful syntax for subgoal
advancement. 2. Avoid infinite loops of repeated invalid exploration or movement
actions.
Core Constraints: Fulfill all tool and setup preconditions before target operation. Stop
blind execution and reset sequence if score drops sharply. Only place objects in currently
visible containers.
Task interpretation rules: Determine subgoal order via task description, not assumed
accessibility. Resolve unavailable prerequisites first for unfinished steps. Follow official

valid action syntax strictly. Only focus on or use accessible objects. Prioritize action
v validity over task speediness. !

Figure 6: ScienceWorld action-generation prompt. The template frames each episode as a stateful scientific
procedure in which the agent must use the current observation to choose a valid next action, preserve the order of
prerequisite operations, and avoid actions whose effects are not supported by the current state. This design is aligned
with the ScienceWorld ablation setting in the main text, where ordered subgoals, state-dependent applicability, and
postcondition verification are central to measuring validity-gated routing and contract-aware execution.
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{System Prompt}
CRITICAL GUARDS FOR TASK SUCCESS:
{Guards}

Reference examples are lower priority than the current valid actions, current observation, and
current task order. Use them only for very general strategy, never for exact action copying. If any
example conflicts with the current task order or current valid_actions, ignore the example.
{few_shot}

Current observation:
{observation}

Task description:
{task description}

Valid actions:
{valid actions_str}

Choose the single best next action.

Remember:

- Identify the earliest unfinished task-required subgoal from Task description.

- Treat Valid actions as the only allowed source of action syntax.

- Avoid repeating actions that did not change the state.

- Prefer the most task-relevant action, including prerequisite-checking, tool-acquisition, and route-
building actions when needed.

Output exactly in this format:

Thought:

\ Action: !

Figure 7: Guard-augmented ScienceWorld action-generation prompt. The template injects retrieved guards and
reference examples into the current observation, task description, and valid-action list. It instructs the executor
to identify the earliest unfinished subgoal, choose only from the valid actions, and treat retrieved examples as
lower-priority guidance when they conflict with the current task order or valid action set. This prompt supports
contract-aware execution by combining reusable memory guidance with current-state action constraints.
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You are a shopping agent on an online store (WebShop). Your goal is to find and purchase the \
product that best matches the given instruction. Each turn receives current page observation and
available actions, then outputs exactly one valid action.

ACTION SPACE: Two valid action types. search[keywords]: Search products with instruction-
extracted keywords, only available on search pages with a search bar. click[value]: Click
buttons/links using exact values from provided action list; valid values include product ASINSs,
detail tabs, attribute options, "buy now", "back to search", "next >", "< prev".

OUTPUT FORMAT: Output exactly one line per turn in fixed format: Action: search[your
keywords] / Action: click[exact value]. No extra text or explanations.

CORE TASK: Extract key information from user instruction, including item type, required
attributes (color/size/material), price upper limit, and special functional requirements.

STATE TRACKING (CRITICAL): Track all selected attributes (color/size/options) in real time.
Unchanged page options after clicking mean successful selection. Never click the same option
twice consecutively or repeatedly select confirmed options.

DECISION WORKFLOW: 1. Search: Use concise keyword combinations; avoid duplicate
searches; optimize results via page turning or adjusted keywords. 2. Select Product: Click
promising ASINs, filter out over-priced products, and never revisit rejected products. 3. Select
Options: Select all required attributes once only, confirm successful selection via page state.4.
Verify & Purchase: Check full attribute matching and price compliance before clicking "buy
now".

CRITICAL RULES: No repeated option clicks; no duplicate consecutive searches; no revisiting
rejected products; no purchase without full option selection; always track selected attributes to
avoid redundant operations.

IMPORTANT SPEC: Only use valid click values from the official available actions list, do not
invent values. Record viewed products, selected options and remaining steps mentally. Output only

standard Action line with no reasoning content. |
v  Final Output: Strictly output one line starting with Action:

Figure 8: WebShop action-generation prompt. The template restricts each response to one valid search[...] or
click[...] action, requires click values to be copied from the available actions, and asks the agent to extract
item type, required attributes, price constraints, and special requirements from the instruction. It further tracks
selected options, discourages repeated searches or repeated option clicks, and permits buy now only after the product
attributes and required options have been verified. These rules make the prompt compatible with EffectMem’s
applicability checks, which reject retrieved shopping trajectories that look relevant but contradict the current
purchase constraints.
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Action Sequence N

> teleport to kitchen \
. > \
| > teleport to kitchen focus on thermometer

o
> focus on thermometer pick up thermometer

> pick up thermometer o > go to bathroom

>
> g0 to bathroom >f0_<31;(5 on WOO(;‘i
> focus on wood pick up woo

> g0 to hallway > go to hallway

Postcondition Check: No wood in inventory gbusestherml(ggeter on wood
s: Score 100.

Discrepancy-Guided Correction

[Correction] Calling Qwen3-Max for reflection...

[Correction] Result:

The task execution is stuck because the agent is attempting to use the thermometer on the wood
while the wood is not in inventory

The root cause is a misunderstanding of the required sequence:
before measuring temperature, both the thermometer and the wood must be in the agent’s inventory.

In all successful examples, the agent first picks up the thermometer (from the kitchen)
and then picks up the target substance (wood/unknown substance B) from the bathroom.

Only after both items are in inventory can the agent perform "use thermometer in inventory on
[substance] in inventory".

However, in the current state,
while the thermometer appears to be in inventory (inferred from prior steps),
the wood has not been picked up—it is still in the bathroom environment.

\ Thus, the agent cannot measure its temperature because it is not holding the wood.
N The agent need to pick up the wood to measure temperature. /

Figure 9: Representative discrepancy-guided correction example. After an aligned chunk is executed, the monitor
agent examines the execution history and latest observation to verify whether the chunk’s expected postcondition
has been satisfied. When the expected effect is not achieved, the corrector receives the current task, execution
history, selected chunk, unmet condition, and environment feedback, then produces temporary recovery guidance
for the next action. This example illustrates how contract-aware execution turns postcondition failure into localized
repair instead of continuing to replay a trajectory whose assumptions no longer hold.
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/ > teleport to kitchen
> focus on thermometer \
| > pick up thermometer \

Action S > g0 to bathroom
ction Sequence > focus on wood 0

> go to hallway

> use thermometer on wood
> use thermometer on wood
(Reached Max Steps)

Obs: Score 0.

[Guard] Calling Qwen3-Max for Extracting...
[Guard] Result:

1. Analyze the failed action sequence and Score 0 result.

2. Identify the root cause: The agent skipped the pick up wood step after
focusing on the target, then repeatedly executed the invalid use thermometer
on wood action, leading to wasted steps and task failure.

3. Generalize the pattern into a reusable guard rule: All interactive use operations
require prior pick up of the target object; skipping this step will always result
in invalid behavior.

4. Formulate the final guard: Do not skip pick up step.

\ I
\\ Guards: Do not skip pick up step. ;

\ /

Figure 10: Guard extraction example. EffectMem analyzes a failed temperature-measurement trajectory in which
the agent skips the required pick-up step before using the thermometer. The LLM-based analyzer identifies this
missing prerequisite as the root cause and converts it into a reusable negative guard, Do not skip pick up step. This
guard can later constrain execution in similar tasks and prevent repeated invalid use actions.
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s Action Sequence
/ q > teleport to kitchen

/ > focus on thermometer \
> pick up thermometer \

> teleport to kitchen o > go to bathroom :
> focus on thermometer > fO_CuS on wood |
> pick up thermometer > pick u}]]a Tlvood |
> go to bathroom > go to hallway |
> focus on wood > use thermometer on wood |

t

Thought: Now that I've completed subgoal 2, I need to go
back to the hallway to proceed to the next room.

Action: go to hallway

e @

Monitor

|

Postcondition Check: No wood in inventory

l

!
\
\ Discrepancy-Guided Correction J /

Compare Observation and
Postcondition

Figure 11: Monitor-agent verification example. After the executor assumes that the current subgoal has been
completed, the monitor agent checks the thinking history, executed actions, and latest observation against the
expected postcondition. Here, the postcondition requires the wood to be in the inventory, but the execution history
does not include the required pick-up action. The monitor therefore detects an unmet postcondition and triggers
discrepancy-guided correction.
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