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1. Introduction

Recently, the development of embodied agents that inter-
act with environments and handle tasks in open-world set-
tings using large language models (LLMs) [8, 11, 15] and
vision-language models (VLMs) [1, 3, 5] has rapidly ad-
vanced. VLMs have emerged as a significant research direc-
tion by unifying perception and action, enabling complex
embodied tasks in diverse environments under zero-shot
settings [16]. However, in embodied tasks, VLM agents
still struggle to reuse past interaction experiences for more
accurate planning in unseen environments. Existing stud-
ies have mainly focused on using memory from success-
ful tasks [6, 7, 19] or analyzing failure cases to identify
failure reasons and generate corrective lessons [4, 17, 18].
However, identifying the exact failure point and underly-
ing cause of failed trajectories remains challenging, leading
these approaches to depend on ground-truth pairs or syn-
thesizing failures intentionally. Moreover, memory based
approaches commonly retrieve experiences based on task
instructions [12, 13]. This instruction-level retrieval may
limit their ability to select experiences aligned with the
current execution trajectory, as identical instructions can
correspond to different scene-specific situations observed
from the surrounding environment. To address these issues,
we propose Trajectory-aware Experience Retrieval for
VLM Agents (TERA), a framework that dynamically re-
trieves success and failure experiences according to the cur-
rent execution trajectory. TERA collects success and failure
execution experiences, summarizes them based on execu-
tion flows, and stores them in memory as experience rules
for retrieval. During replanning, TERA retrieves relevant
experience rules using trajectory-aware similarity and in-
corporates them into the VLM prompt. This allows success
and failure experiences to act complementarily, providing
structural guidance while suppressing repetitive mistakes
from similar execution contexts. In summary, our contri-
butions are as follows:

* We propose TERA, which dynamically retrieves memory
at each replanning step based on the current trajectory.

e Our framework generates experience rules from text and
image grounded trajectories, enabling VLMs to infer suc-
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Figure 1. Overview of the proposed TERA framework.

cess/failure and failure reasons for contrastive replanning.

* QOur results show the complementary synergy of diverse,
unpaired success and failure experiences, leading to over-
all zero-shot performance gains on EB-Manipulation and
EB-Habitat [16].

2. Method

2.1. Execution Experience Collection

The VLM interacts with the environment in Embodied-
Bench [16]. Each execution experience is represented as
m = (L, Io.t, Vo:t, To:t, Po:t, Go:¢)» Where L denotes the lan-
guage instruction, [; the visual observation image, v; the
visual state description, r; the reasoning and reflection, p;
the language plan, and a; the executed action at step ¢, us-
ing information provided by EmbodiedBench [16]. The col-
lected success and failure experiences are transformed into
situation summaries that capture execution flows and key
success or failure actions rather than precise coordinates,
as Fig. 1 (a). The summarized memory is represented as
m; = (L;, T, 04, 84, fi,€;), where L; denotes the instruc-
tion, 7; the task type, o; success/failure outcome, s; the
situation summary, f; the failure reason for failed execu-
tions, and e; the embedding generated using OpenAl text-
embedding-3-small [9] for the i-th execution experience.

2.2. Experience Rule Generation

Based on the generated situation summaries s;, the frame-
work further constructs generalized experience rules using a



Table 1. The quantitative results on EB-Manipulation and EB-
Habitat [16]. We note that Qwen2.5-VL-7B-Ins [2] is not evalu-
ated in EB-Manipulation due to template error for executable plan
generation in EmbodiedBench [16].

Model EB-Manipulati EB-Habitat

Base Success Failure All | Base Success Failure All
GPT-4.1[11] 31.2 37.5 375  41.6 | 90.0 88.0 90.0 920
InternVL3-78B-4bit [21]  14.6 10.4 166 25.0 | 78.0 90.0 920 920
InternVL3-8B [21] 14.6 10.4 146 250 | 64.0 58.0 580  60.0
Qwen2.5-VL-7B-Ins [2] - - - 36.0 44.0 42.0 440

VLM. The generated rules follow an if-then format to pro-
vide reusable replanning guidance across different execu-
tion contexts. For successful experiences, the rules are gen-
erated using only the corresponding situation summaries. In
contrast, failure experiences additionally utilize failure rea-
sons f; together with the situation summaries to generate
rules that suppress repetitive mistakes and invalid actions.

2.3. Trajectory-aware Experience Retrieval

During embodied execution, the agent replans whenever
the observed execution outcome differs from the generated
plan. At each replanning stage, the framework summarizes
the partial execution trajectory using the information col-
lected up to step t—current execution as the execution expe-
rience m—producing an execution situation summary s3*°.
The generated summary is then embedded using OpenAl
text-embedding-3-small [9]. We compute cosine similarity
between the current execution embedding and each stored
memory embedding, and retrieve the experiences with the
highest similarity:
: exec e;xec ) ez 1

Sim (e, e;) = S (D
where €5 denotes the execution-summary embedding at
replanning stage j, and 7 indexes stored experiences. Us-
ing the retrieved experiences, the corresponding success and
failure experience rules generated in Sec. 2.2 are incorpo-
rated into the VLM prompt for replanning. Since the execu-
tion trajectory continuously changes during interaction, the
generated execution summary and retrieved experiences dy-
namically change at each replanning stage, enabling adap-
tive planning based on the current execution context.

3. Experiments

Experimental Setup. To evaluate our approach, we utilize
EmbodiedBench [16], focusing on the Manipulation [20]
and Habitat [14] environments with the Base subset to
assess precise interaction and spatial reasoning capabili-
ties. For memory construction, we collect embodied tra-
jectories using multiple VLMs, including Qwen2.5-VL-7B-
Ins [2], InternVL3 variants (8B and 78B-4bit) [21], and
GPT-4.1 [11]. Through environment interactions, we ob-
tain total 766 manipulation and 509 habitat execution ex-
periences. GPT-4o [10] is then used to convert these ex-
ecution experiences into situation summaries and general-
ized experience rules. During experience retrieval, memo-
ries originating from the identical episode are excluded to
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Figure 2. The qualitative results on the EB-Manipulation [16].
Both the baseline and our method utilize GPT-4.1.

avoid information leakage. For embodied task execution,
we evaluate three settings: (1) Success only (up to 2 success
memories), (2) Failure only (up to 2 failure memories), and
(3) Success & Failure (All) (up to 2 of each).

Results. Table | presents the results of baselines and the
results of adding various memory input prompts to VLMs.
In EB-Manipulation, our framework demonstrates consis-
tent performance improvements when utilizing both success
and failure memories (All). GPT-4.1, InternVL3-78B-4bit,
and InternVL3-8B each achieve a 10.4% improvement. In
contrast, using only success or failure experiences occasion-
ally leads to limited improvements or unstable behaviors,
suggesting that one-sided experiences alone are insufficient
for robust replanning. These results indicate that success
memory provides execution structure, while failure experi-
ences help avoid repetitive errors observed in similar exe-
cution situations. Additionally, as shown in Figure 2, our
framework reduces planning steps and successfully com-
pletes tasks following the given instructions.

In EB-Habitat, our framework also shows performance im-
provements, with InternVL3-78B-4bit and Qwen2.5-VL-
7B-Ins improving by 14.0% and 8.0%, respectively. In
contrast, InternVL3-8B performs worse than the baseline.
This result suggests that, together with the low success rate
of Qwen2.5-VL-7B-Ins, VLMs with fewer parameters may
have limited ability to infer useful summaries when navi-
gation is involved, as in Habitat. In Qwen2.5-VL-7B-Ins,
however, instruction tuning appears to partially compensate
for this limitation. Overall, unlike EB-Manipulation, both
the success, failure-only settings improve performance in
most cases, while contrastive experience understanding fur-
ther helps generate accurate plans and actions.

4. Conclusion and Future Work

In this study, we propose TERA, which converts text-image
grounded trajectories into success, failure experience rules
and retrieves them for trajectory-aware replanning. Our ex-
periments show overall improvements, where success mem-
ories provide structural guidance while failure memories
help reduce repetitive errors. Future work will extend
TERA to vision-language action model for continuous envi-
ronments and navigation problem.
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