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ABSTRACT

While large language models (LLMs) have advanced the development of general-
purpose agents, achieving robust generalization to unseen tasks remains a sig-
nificant challenge. Current approaches typically rely on either fine-tuning or
training-free memory-augmented generation using retrieved experience; yet both
have limitations: fine-tuning often fails to extrapolate to new tasks, while expe-
rience retrieval often underperforms compared to supervised baselines. In this
work, we propose to combine these approaches and systematically study how to
train retrieval-augmented LLLM agents to effectively leverage retrieved trajectories
in-context. First, we establish a robust supervised fine-tuning (SFT) recipe using
LoRA that outperforms several state-of-the-art agent training pipelines. Second,
we provide a detailed analysis of key design choices for experience retrieval, iden-
tifying optimal strategies for storage, querying, and trajectory selection. Finally,
we propose a pipeline that integrates experience retrieval into the fine-tuning pro-
cess. Our results demonstrate that this combined approach significantly improves
generalization to unseen tasks, providing a scalable and effective framework for
building agents that learn to learn from experience.
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Figure 1: EXPRAG Agent overview. EXPRAG augments an LLM agent with retrieval over past
experience. Offline, an experience bank is built by collecting agent rollouts and encoding each
trajectory 7; into a key embedding ¢(7;), forming an index of trajectories paired with their represen-
tations. During inference, the current task description and interaction history h; are encoded into a
query to retrieve the top-K most relevant trajectories. These are assembled into a memory block my
and injected into the system prompt of the LLM policy 7y, which outputs the next action a;. The
environment then returns a new observation o, 1, which is appended to the history. Retrieval can be
performed once at ¢t = 0 (static) or refreshed throughout the episode (dynamic), enabling continual
experience-grounded decision making and improved generalization to unseen tasks.

1 INTRODUCTION

Large language models (LLMs) have recently enabled general-purpose agents that can interact with
textual environments, execute multi-step plans, and learn to solve families of tasks with minimal
task-specific engineering (Schick et al.,|2023; [Patil et al., [2024; Wang et al.| 2024b; Jimenez et al.,
2024} Yang et al., 2024; Park et al., [2023)). In addition to sophisticated prompting, reflection and
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Method ALFWorld
Method ALFWorld Prompting
Prompting Zero-shot 29.9
ReAct (Yao et al., [2023) 17.1%
Zero-shot 299 ITP; (Liu et al} [2026b 35.7
ReAct (Yao et al| 2023) 17.1° ) c | ek :
ITP; (Liu et al| [2026b) 35.7 upervised rine-tune ;
Trainine-Free M A ted NAT (Wang et al.|[2024c) + ReAct 66.4
ramning-ree NTemory-Cugmente . IWM (Zhang et al.[2025b) 70.3
%ﬁgﬁcglkmft ;3i52025) gi-gc Self-Reflection (Zhang et al}[20256)  71.1
- (Ruetal) ) : ETO (Song et al.|[2024) + ReAct 79.9f
AgeMem-noRL (Yu et al.,|2026) 37.9 £
q SFT + ReAct (Yao et al., |2023) 80.7
Memory Bank (Zhong et al.||2024) 40.3 :
. : . SAND (Xia et al.|[2025) 85.0
Reflexion (Shinn et al.| [2023) 42.7 k
ExPRAG basel 83.6 ITPr (Liu et al.;|2026b)) 85.1
aseline (ours) . Rule-based Expert 89.6
LoRA baseline (ours) 94.1

(a) Training-free memory-augmented methods.

(b) Supervised fine-tuned methods.

Table 1: Complex solutions can underperform a strong baseline. Success rate results for Qwen
2.5-7B on official held-out split of ALFWorld (valid-unseen) for training-free and supervised fine-
tuned methods. Despite using the same backbone model, this is a cross-paper comparison and should
therefore be interpreted qualitatively, as different works may potentially use different experimental
setups. Unless noted, values come from original works; superscripts denote third-party reports used
only when original papers do not report that model result: 4Liu et al.|(2026b)), bXia et al.|(2026)), IYu
et al.| (2026), 9Feng et al.| (2025)), thang et al.| (20254), fFei et al[(2025).

refinement pipelines (Yao et al.l 2023} [Shinn et al., |2023)), adaptation through parameter-efficient
fine-tuning (Hu et al., 2022} Han et al.l |2024) is a natural step for building agents (Chen et al., 2023
Qiao et al.,|2024). This approach often yields strong performance on tasks seen during training, but
we argue that truly useful agents should be able to perform a broad range of tasks, including
previously unseen ones, within the environment in which they were trained to operate.

The in-context learning capabilities of modern LLMs make retrieval-augmented generation (RAG)
an attractive inference-time adaptation mechanism, by providing relevant external context (Izacard
et al.| 2023; [Ram et al.| |2023). For agents, a natural source of external context is prior experience,
whether drawn from the agent’s own rollouts, other agents, or expert demonstrations. Retrieving
relevant experience and feeding it in-context to the model has been proposed in prior work such
as RAP (Kagaya et al., [2024), and contemporaneous work by [Wei et al. (2025) coined the term
ExXPRAG, which we adopt in this paper.

This paper studies how to train retrieval-augmented LLM agents that can retrieve relevant experience
and learn from it in-context, enabling better generalization to unseen tasks within the same environ-
ment. We focus on a practical setting: moderately-sized open models adapted with supervised LoRA
fine-tuning (Hu et al., 2022)), operating in text-based environments with multi-turn decision making.

Contribution @: Strong fine-tuning and retrieval-augmented baselines. Our first contribution
is to provide effective recipes for both fine-tuning and retrieval-augmented inference. We noticed
that the performance of fine-tuned models varies greatly in existing literature, and therefore propose
our own LoRA baseline. In Table @ we show that on the widely used ALFWorld benchmark, our
LoRA baseline outperforms existing training pipelines, including more elaborate agentic methods.
Results in Table [1a] further suggest that elaborate memory-augmented pipelines (without training)
can provide limited improvement or even underperform compared with a simple experience-retrieval
baseline (Best EXPRAG). Although this comparison should be interpreted qualitatively, as it aggre-
gates results from prior works with potentially different experimental setups, its overall takeaway
is consistent with the contemporaneous findings of [Wei et al.| (2025): simple episodic retrieval can
be highly competitive with more complex self-evolving memory systems. Both results call for
building stronger baselines before exploring complex engineered architectures.

Contribution ®: A careful examination of EXPRAG. Second, we did not find an off-the-shelf
recipe for applying RAG to LLM-based agents. In Section 4.3] we conduct a detailed analysis of
key design choices: how to store experience, how to build a retrieval query, how much and when
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to retrieve, and how the source of indexed trajectories and the backbone model affect performance.
These results show that robust and effective adaptation through EXPRAG is possible.

Contribution ®: EXPRAG-LoRA. We propose to combine LoRA fine-tuning with EXPRAG,
bringing the best of both worlds: strong in-distribution performance combined with out-of-
distribution generalization. In Sec. 4.4 we therefore investigate how to best include EXPRAG in a
parameter-efficient fine-tuning (PEFT) pipeline.

2 BACKGROUND AND RELATED WORK

LLM agents have been studied in interactive settings such as text environments, web navigation, and
tool use. We position our work at the intersection of agent training and episodic retrieval: the agent
retrieves past trajectories, rather than documents, and we study how that retrieval should be used
both at inference time and during fine-tuning.

LLM-based agents. A common strategy for LLM agents is to define a fixed interaction protocol
and adapt an instruction-tuned model on expert trajectories via supervised fine-tuning (SFT) / be-
havior cloning (Chen et al.|[2023};|2024)). This usually improves in-domain scores and output-format
reliability, but generalization to unseen tasks often remains limited due to distribution shift and com-
pounding errors in sequential decision making (Song et al.,|2024). To improve robustness, one line
of work initializes from SFT and further learns through trial-and-error, often with reinforcement
learning or preference-based updates (Song et al., 2024} [Zhang et al.| 2025b; [Feng et al., 2025} [Hu
et al |2025b). However, we find that simple PEFT can already outperform more complex methods
in our settings, so we instead explore an orthogonal direction: experience retrieval.

Retrieval-augmented generation (RAG). Classical RAG augments a parametric generator with
retrieved passages from an external corpus (Lewis et al., [2020; |Guu et al., |2020; |[Ram et al.} 2023)),
typically for tasks such as open-domain QA and knowledge-intensive generation. Some systems
integrate retrieval more tightly into the architecture, training the model to process retrieved context
(e.g., RETRO, [Borgeaud et al.[[2022; Atlas, [zacard et al.[[2023] and RAFT, Zhang et al.||2024)).
From a memory perspective, RAG can be viewed as endowing LLMs with an external long-term
semantic memory (the corpus and its index), whose retrieved items are loaded into the model’s
working memory via in-context augmentation to ground and steer generation (Wu et al.,[2025). We
borrow this retrieval-as-context view, but replace semantic memory with episodic memory: instead
of retrieving documents to ground factual generation, the agent retrieves prior interaction trajectories
to guide action selection in a new situation.

Memory for agents. Broader agent-memory systems extend retrieval with explicit writing, com-
pression, reflection, and control mechanisms. Recent surveys distinguish classical RAG from agent
memory, which typically involves (i) what gets written (episodic traces, feedback, reflections, skills),
(i) how memory is structured or compressed (summaries, abstractions, procedural artifacts), and
(iii) control over when and how memory is retrieved and updated (e.g., step-wise loops, learned or
heuristic read/write policies) (Hu et al.,[2025a}; Zhang et al.|[2025d; |Wu et al., 2025} Yu et al.|[2026).
Representative examples include systems that manage long-term context or learn read/write poli-
cies (e.g., MemGPT, Packer et al.|2023), and methods that store reflective summaries or compact
experience units rather than full trajectories, such as Reflexion (Shinn et al., [2023), A-MEM (Xu
et al., 2025)), and Memento (Zhou et al., 2025). Unlike these approaches, we do not propose a new
memory controller, online memory update rule, or reflection mechanism. Our memory is inten-
tionally simpler: a fixed, read-only bank of full trajectories retrieved into context. Closest to our
setting, contemporaneous work by [Wei et al.|(2025) compares inference-only episodic retrieval with
self-evolving read—write memory, using strong proprietary models. By contrast, we study weaker
open-source models under both inference-time and fine-tuning retrieval augmentation pipelines.

Position of this work. Our setting differs from prior memory-based agents along four experiment-
relevant axes: we retrieve full trajectories rather than summaries or reflections, keep memory fixed
rather than updating it online, study retrieval during training as well as at inference time, and dis-
tinguish gains from retrieval and from parameter updates. Accordingly, our goal is not to propose a
richer read—write memory architecture, but to establish strong foundations for fine-tuning augmented
with episodic retrieval: (i) we propose strong baselines and report their main drivers of success, (ii)
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we investigate whether retrieval-augmented fine-tuning generalizes to unseen episodes, i.e., whether
it learns to learn, and (iii) we review the applicability of the method when no relevant experience is
available at inference time.

3 EXPRAG: EXPERIENCE RETRIEVAL-AUGMENTED GENERATION

Purely parametric learning (e.g. LLM fine-tuning with LoRA) can fit the training tasks distribution
well, but may fail to generalize to new tasks. Retrieval adds an adaptive, inference-time mechanism:
the agent can condition its generation on relevant past experience and apply it in-context without
updating parameters. In that case, our goal is to build agents that learn to reliably use retrieved
experience when it is available, rather than simply memorize cases seen during training. In
this section we motivate the use of retrieval for in-context learning and formalize our approach for
experience RAG (which we refer to as EXPRAG).

LLM-based Agents. We consider an agent interacting with a textual environment over at most T’
decision steps for a task description 7 provided as text. At each step ¢, the agent observes oy, outputs
an action a;, and receives the next observation o;y; from the environment or a terminal flag when
the task is completed. We denote the full trajectory by 7 = (T, 01,4a1,...,0r—1,ar—_1,07), and
the trajectory history available at step ¢ by hy = (7, 01,a1,...,0¢). An LLM policy 7y defines a
conditional distribution over actions given history, i.e., a; ~ g (- | h¢). Our goal is to learn 7y that
generalizes to unseen tasks within the same environment, where interaction dynamics are fixed but
required action sequences may differ. This includes tasks requiring action types not observed during
training (e.g., task is to heat an object but agent was trained to clean an object).

Encoding Agent Trajectories as Multi-turn LLM Chats. Given a trajectory 7, we serialize the
interaction as a multi-turn chat chat(7) with the base model’s native chat template, mapping ob-
servations to user turns and actions to assistant turns. At step ¢, the policy conditions on chat(h;)
and generates an action as a natural-language token sequence a; = (aj, ..., a;"), autoregressively
ai ~ mg(- | chat(hy),a;"). This serialization follows multi-turn agent formulations (Wang &
Ammanabrolul, 2025; [Wang et al., [2025} Jin et al., [2025)), with supervised next-token prediction on
assistant tokens as objective. It contrasts with more recently employed stepwise encodings (Zhang
et al.| 2025bj |Wei et al.| 2025} |[Feng et all 2025), which serialize (h¢, a;) as independent samples
and re-encode history at every step. In our early explorations, we observe similar task performance
but substantially faster training for multi-turn chat due to K'V-cache reuse across turns.

Indexing and Retrieval. We maintain an index I = {(7;,¢;)}}V, of textual trajectories and their
key embeddings, where e; = ¢(7;) is computed by a trajectory encoder ¢(-). Trajectories are stored
as raw chat-formatted data without further filtering or aggregation. At decision step ¢, we build
a textual query ¢; from the current agent context and retrieve the top-K trajectories by nearest-
neighbor search:

(T17 s 7TK) = arg tOpK d)(Qt) c €.
1<i<N

Experience-Conditioned Generation. We then format retrieved trajectories into a memory block
my = system(71, ..., 75), inserted in the system prompt. When available, we distinguish success-
ful and unsuccessful trajectories in the memory block prompt. The action a! is generated autore-
gressively conditioned on both memory m; and dialogue history chat(h;):

aj ~ 7o (- | me, chat(hy), ar’).

For EXPRAG, we assume that, for out-of-distribution tasks unseen during training, a small set of
in-domain reference trajectories can be collected and used as in-context examples. These trajec-
tories may come either from expert demonstrations (e.g., rule-based or stronger models) or from
previously recorded agent rollouts generated with a strong prompt. We provide further details on
index construction and retrieval in Appendix
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4 EXPERIMENTS

We evaluate retrieval-augmented agents on text-based interactive benchmarks with multi-step deci-
sion making. Our goals are to measure gains on unseen tasks and understand which design choices
matter most.

4.1 DATASET AND BENCHMARKS

Environments. We evaluate on two commonly used text-based embodied environments: ALF-
World (Shridhar et al.||2021)) and ScienceWorld (Wang et al.,[2022). ALFWorld involves household
manipulation tasks with binary episode outcome (success/failure). ScienceWorld contains science-
oriented tasks aligned with an elementary-school science curriculum and provides a dense episode
score in [—1, 1], with success at 1. For consistency, we report success rate. For ScienceWorld, we
convert the episode outcome to a binary success/failure score.

Benchmarks primarily measure within-group generalization. Both benchmarks associated with
the environments provide official held-out splits (ALFWorld: valid-unseen; ScienceWorld: test),
where tasks are held out within predefined task groups (ALFWorld contains 6 “task-types" while
ScienceWorld contains 10 “fopics"). However, sampling splits within each group makes the test
set still close to the training distribution and thus less realistic, as agents are evaluated on tasks
very similar to the ones they were trained on. This is demonstrated by the performance obtained in
preliminary runs, reported in Table[I] where standard LoRA fine-tuning already achieves very strong
performance on ALFWorld, surpassing rule-based expert and nearly saturating the benchmark.

Building Out-of-Distribution Benchmarks. To evaluate stronger out-of-distribution generaliza-
tion and the ability of the model to adapt at test time from past experiences with EXPRAG, we
partition the task groups into easy (used for training trajectory collection and fine-tuning) and hard
(held out for evaluation). In our experiments, we report results separately on easy and hard tasks to
isolate generalization. Extra details on these splits are available in Appendix [B.2}

4.2 IMPLEMENTATION DETAILS

Data and Indexing. Across all experiments, we instantiate experience as scripted expert trajec-
tories generated by the environment-provided policy. This controlled choice allows us to study
retrieval-augmented adaptation under a reliable memory source, avoiding an additional confound
from noisy trajectories given that zero-shot backbones perform poorly. Importantly, these trajecto-
ries still contain failures and suboptimal segments, requiring the model to learn to identify which
retrieved actions are relevant. We serialize trajectories using the chat template described in Sec-
tion [3] (full templates in Appendix [E)). Unless otherwise stated, the retrieval index is built from the
training split and includes both successful and unsuccessful episodes. For fine-tuning, we use only
successful trajectories from the training split. We use successful trajectories from the corresponding
validation split for model selection and report results on the corresponding held-out split; each split
is further partitioned into Easy and Hard subsets.

System Prompt. For each environment, we use a minimal system prompt that specifies (i) the task
setting, (ii) the action interface, and (iii) the response format (one action per turn). Concretely, at
the beginning of each episode, we provide a static list of action templates valid in the entire environ-
ment (e.g., go to [receptacle], use [object]), rather than step-specific instantiated valid actions. In
contrast, some prior work provides per-step valid-action candidates during rollout (e.g., Feng et al.,
2025} Zhang et al., 2025b); for example, if only fable 1 and cabinet 4 are currently relevant, candi-
dates such as go fo table 1, open cabinet 4, (...) are shown. We avoid this additional guidance to
reduce action-space leakage and evaluate stronger decision-making from context alone. Full prompt
templates are provided in Appendix

Training Setup. In Section we study adaptation with low-rank adapters (LoRA) (Hu et al.,
2022). We supervise models on agent trajectories formatted as multi-turn chats, as described in [3|
We compute cross-entropy loss on assistant tokens only. All models are trained on a single 80 GB
NVIDIA A100 GPU. Key hyperparameters and implementation details are provided in Appendix [B]
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ExPRAG ALFWorld ScienceWorld
e Top-K  Index
yp Easy tasks  Hard tasks ~ Alltasks ~ Easy tasks ~ Hard tasks All tasks
No RAG 0 - 8.22 0.00 4.48 14.41 5.08 10.40
all 43.84 33.88 39.30 33.33 17.71 26.62
static easy 42.93 5.47 25.87 28.83 10.16 20.81
1 hard 35.62 33.88 34.83 22.65 17.97 20.64
all 46.9213.1 34.0210.1 41.0411.7 2981135 17.710.0 24.61] 2.0
dynamic easy 4475118 437)11 2637105 32.65713.8 7.03] 3.1 21.651 0.8
hard 38.82132 39.8916.0 3930145 2618135 19.5311.6 2332127
all 53.42 48.09 50.99 44.31 21.88 34.67
static easy 47.27 11.48 30.97 43.53 12.24 30.09
5 hard 39.73 46.99 43.04 24.12 15.36 20.36
all 5753141 48.3610.3 5336124 4353108 21.880.0 34231 0.4
dynamic easy 57.53110.3 6.5614.9 3433134 43.73702 9.64] 2.6 29.08 1 1.0
hard 39.27)05 48.0911.1 4328102 25.1071.0 2292176 2416138
all 63.47 65.03 64.18 42.06 22.27 33.56
static easy 63.01 7.11 37.56 20.39 17.71 19.24
4 hard 40.19 62.84 50.50 41.57 13.02 29.31
all 70.55+7.1 5574193 63.81,04 4471127 22.6610.4 35241 1.7
dynamic easy 71.6918.7 9.29+22 4328157 46.67126.3 109468 31.32112.1

hard 4293127 65.57127 5324127 1725243 23961109 20.1419.2

Table 2: Results for EXPRAG inference without training across ALFWorld and ScienceWorld
for Ministral 3-8B. Values are mean success rates over 3 seeds; full mean =+ std for every entry is
reported in Appendix Across entries, the median/max std is 1.58/6.20 points on ALFWorld and
1.83/4.45 on ScienceWorld. The bold values mark the best top-k setting for each (EXPRAG type,
index) within a given dataset split. For dynamic retrieval rows, the superscript arrows report the
per-cell difference against the corresponding static row with the same index and top-k: 1 indicates
improvement, | indicates a decline, and black values denote ties.

4.3 RETRIEVAL-AUGMENTED INFERENCE WITHOUT TRAINING

We first evaluate EXPRAG only at inference time: the policy remains a frozen instruction-tuned
model, and retrieval is enabled by prepending retrieved trajectories as in-context memory. Thus,
in this section, all conditions use the same instruction-tuned checkpoint and differ only in which
retrieved trajectories are added to the prompt.

Ablations. We vary: (i) index composition (all/easy/hard task-types available for retrieval), (ii)
top-k (K € {1,2,4}), and (iii) retrieval mode. Static retrieval selects trajectories once at episode
start. Dynamic retrieval re-queries at every step using the partial interaction history, which requires
clearing the KV cache and re-encoding the prompt with updated retrieved examples up to the current
observation.

For this experiment, static retrieval uses task descriptions as queries/keys; dynamic retrieval uses
partial trajectories as queries and full trajectories as keys (JSON). This serialization affects retrieval
embeddings only, not policy-side display. We investigate the impact of this choice in Appendix[C.4]

Table2]reports inference-only EXPRAG results for Ministral 3-8B on ALFWorld and ScienceWorld;
results for other backbones are in Appendix

4.3.1 DISCUSSION

Inference-only Experience Retrieval improves in all scenarios. Enabling retrieval at inference
time substantially outperforms the strictly zero-shot NO RAG baseline across both benchmarks. On
ALFWorld, the best all-task result rises from 4.48% to 64.18% with inference-only EXPR AG(static
retrieval, index=all, K'=4); on ScienceWorld, it rises from 10.40% to 35.24% (dynamic retrieval,
index=all, K=4). More importantly, retrieval helps across all evaluated settings, including those
where the retrieval index is mismatched with the evaluation split. This suggests that retrieved tra-
jectories are useful not only as directly matched solutions, but also as in-context guidance for action
formatting, subgoal decomposition, and partial strategy transfer, enabling strong training-free gains
from a frozen policy alone.
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Choosing top- K : more experiences vs. context rot. Increasing the number of retrieved trajecto-
ries generally improves performance, but the gains are much more consistent on ALFWorld than on
ScienceWorld. On ALFWorld, the best all-task score rises from 41.04% at K=1 to 64.18% at K =4,
and larger K also usually helps on hard tasks when the retrieval index is well aligned (e.g., all or
hard). On ScienceWorld, by contrast, the best all-task score increases from 26.62% to 34.67% and
then only marginally to 35.24%, suggesting earlier saturation. On hard tasks, the effect of larger
K is also more sensitive to mismatched index, and performance can even decline in some settings
(e.g., static retrieval with the hard index: 17.97% — 15.36% — 13.02%). Overall, additional re-
trieved trajectories help when they provide complementary, task-relevant evidence, but they can hurt
when they are noisy, conflicting, or weakly transferable, or when the model cannot effectively use
the longer context. This effect is weaker for long-context models: Qwen 2.5 7B 1M benefits more
from larger K (Appendix [C.2), consistent with the view that context-handling capacity limits how
much additional in-context experience the policy can exploit. Because inference cost grows roughly
linearly with K, we use K=2 as the default in later experiments: it captures most of the zero-shot
gain while avoiding much of the prompt-length and latency cost of K=4. We report and provide
more details for inference cost in Appendix [F

Refreshed context relevance vs. instability in dynamic retrieval. Dynamic retrieval is helpful
primarily when the retrieval index is matched to the evaluation setting, improving performance in
nearly all such cases. However, it is less stable than static retrieval when the index is mismatched.
On hard tasks with the all index, gains saturate quickly and can even reverse at larger K, (e.g.,
on ALFWorld at K=4, 65.03% — 55.74%), while on ScienceWorld the gains remain small. The
largest failures occur when retrieving from the easy index on hard tasks, suggesting that while
these trajectories may still help with action formatting or local interaction patterns, they often fail
to provide the task-specific strategy needed for later subgoals. This may be explained by the fact
that dynamic retrieval replaces the retrieved context at every step. This can create context churn:
past actions remain in the prompt, but the trajectories that originally supported them are removed,
leaving only a lossy trace of the earlier reasoning evidence and making later decisions more sensitive
to retrieval quality and newly introduced context, similar to effects reported by [Zhu et al.| (2026)
and|Yang et al.[(2025b)). Overall, re-retrieval helps only when the relevance of the refreshed memory
block is high enough to outweigh the instability introduced by repeated prompt updates; otherwise,
those updates can amplify noisy or weakly transferable trajectories.

Index composition controls which tasks benefit. ~We observe weaker performance when the
retrieval index is mismatched with the evaluation setting, especially when hard tasks retrieve from
the easy index. Still, some cross-split gains remain. This is plausible: in ALFWorld, hard tasks often
compose sub-tasks that already appear in easy tasks, while in ScienceWorld, easy trajectories can
still provide partial reasoning cues within the same topic. We also observe a benchmark asymmetry
at larger K: on ALFWorld, all-task performance often benefits more from the hard index than from
the easy index, whereas ScienceWorld often shows the opposite. One possible explanation is that
ALFWorld hard trajectories condense longer multi-step solutions that remain useful at inference
time (due to the subtasks composition), while ScienceWorld hard trajectories may contain more
failed, longer, or less reusable traces that an inference-only model cannot reliably filter.

4.4 RETRIEVAL-AUGMENTED FINE-TUNING

Based on the results obtained with inference-only EXPRAG, we study fine-tuning with EXPRAG.
Our central question is whether retrieval should be used only at inference time or also during fine-
tuning on retrieval-augmented data. Recall that our aim is not to reach higher performance on tasks
seen during training, but on new unseen tasks within the training environment.

4.4.1 PRELIMINARY: GENERALIZATION DYNAMICS IN LLM AGENT FINE-TUNING

During early experiments, we found that training for substantially more epochs than is typical in
LLM agent adaptation pipelines can yield much stronger performance. Across both ALFWorld
and ScienceWorld, and for both LoRA and EXPRAG-LoRA fine-tuning, out-of-distribution task
success often continues to improve long after validation loss has started increasing (which may con-
ventionally be interpreted as overfitting), with the best unseen-task checkpoints frequently occur-
ring well beyond conventional early-stopping points. Accordingly, we observe a weak correlation
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between validation loss and task success. This pattern appears not only for held-in settings (e.g.,
train/easy — valid-unseen/easy in ALFWorld), but also for held-out settings (e.g., train/easy —
valid-unseen/hard), including task types not seen during training (e.g., cooling an object instead of
placing it somewhere).

Motivated by this observation, we evaluate prolonged fine-tuning for up to 50 epochs and report per-
formance at multiple checkpoints, rather than selecting models solely based on early validation-loss
minima. Detailed results are provided in Appendix [D] We find that out-of-distribution performance
often continues improving well beyond 10 epochs and, in several settings, peaks at epoch 50 despite
validation loss increasing from its early minimum. Overall, longer training frequently improves
generalization, including on held-out task types.

Relation to prior work. This pattern is consistent with delayed generalization reported in the
grokking literature, where generalization can emerge only after extended training beyond appar-
ent overfitting (Wang et al., [2024a; [Liu et al.| [2022; |Kumar et al., [2024). Proposed explanations
for related phenomena include implicit regularization and optimization effects (Blanc et al., 2020;
Damian et al.,|2021). We therefore characterize our observations as emergent delayed downstream
generalization in agent fine-tuning, while emphasizing that we do not claim a mechanistic expla-
nation in this setting. Our contribution is empirical: prolonged training is an important yet under-
emphasized factor for robust generalization in LLM-based agents. Deeper causal analysis is left to
future work.

4.4.2 EXPERIMENTAL SETUP

Based on the findings from Section [4.3] we adopt a practical shared EXPRAG setting for the fine-
tuning experiments: (i) trajectories stored in JSON format, (ii) static retrieval, and (iii) K = 2. In
both environments, we fine-tune four backbone models (Ministral 3-8B, Gemma 3-4B, Qwen 2.5-
7B, Qwen 2.5-7B-1M) on the train split of easy tasks. We then report inference results on the held-
out split of both easy and hard tasks, in order to assess both in-distribution and out-of-distribution
performance. We consider two methods:

* LoRA: we conduct supervised fine-tuning as described in Sectionf4] and (optionally) apply
EXPRAG during inference;

* EXPRAG-LoRA: retrieval-augmented fine-tuning in which the EXPRAG memory block
is added to each training context via the same retrieval pipeline used at inference time
(Section 3). We hypothesize that this encourages the model to learn to solve tasks by
leveraging retrieved trajectories rather than memorizing training targets, thereby increasing
its reliance on retrieved context at inference time.

Considering our interest in robust generalization, and following the generalization-dynamics analy-
sis in[f.4.1] we adopt a fixed training budget per environment for the main comparisons: 9 epochs
for ALFWorld and 29 epochs for ScienceWorld, which provides a practical balance between perfor-
mance, training cost, and robustness across setups. However, we encourage practitioners to consider
longer runs when maximizing out-of-distribution performance is the primary goal.

4.4.3 RETRIEVAL-AUGMENTED FINE-TUNING ENABLES ROBUST TASK GENERALIZATION

In Table E], we report fine-tuning results for four backbone models: Ministral 3-8B, Gemma 3-4B,
Qwen 2.5-7B, Qwen 2.5-7B-1M.

In-distribution tasks. On easy tasks seen during training, all fine-tuning methods outperform
training-free EXPRAG across models on both ALFWorld and ScienceWorld. Retrieval-augmented
training (EXPRAG-LoRA) consistently improves performance on ScienceWorld, but sometimes
yields a minor decrease on ALFWorld. Note that for in-distribution tasks, EXPRAG-LoRA does
not require additional held-out trajectories, since we use the training set as experience index.

Out-of-distribution task generalization. On hard tasks, which the agent has never encountered
during training, the performance of LoRA fine-tuned models collapses, falling below training-free
EXPRAG in most cases. Applying EXPRAG at inference time on the LoRA-trained model con-
sistently improves over bare LoRA, but EXPRAG-LoRA is the strongest method in most settings
(except for Gemma 3-4B on ScienceWorld hard).
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ALFWorld ScienceWorld
Backbone Method Easy tasks  Hard tasks  Easy tasks  Hard tasks
(in-d) (00-d) (in-d) (oo-d)
EXPRAG 54.8 47.5 43.5 18.8
Ministral 3-SB LoRA (no EXPRAG) 98.6 344 38.8 15.6
LoRA (with EXPRAG) 97.3 67.2 54.1 28.1
EXPRAG-LoRA 97.3 88.5 58.8 42.2
EXPRAG 20.6 4.9 10.6 6.3
Gemma 3-4B LoRA (no EXPRAG) 61.6 1.6 8.2 6.3
LoRA (with EXPRAG) 57.5 33 15.3 7.8
EXPRAG-LoRA 86.3 73.8 31.8 4.7
EXPRAG 81.6 81.9 16.5 6.2
Qwen 2.5-7B LoRA (no EXPRAG) 86.3 21.3 24.7 7.8
’ LoRA (with EXPRAG) 89.0 70.5 259 234
EXPRAG-LoRA 84.9 90.2 38.8 29.7
EXPRAG 67.1 54.1 20.0 7.8
LoRA (no EXPRAG) 98.6 23.0 43.5 12.5
Qwen 2.5-7B-IM R A (with EXPRAG) 822 68.9 34.1 12,5
EXPRAG-LoRA 97.3 91.8 50.6 29.7

Table 3: Task generalization through retrieval-augmented training for different model back-
bones. We report success rates of ALFWorld and ScienceWorld after fine-tuning on a subset of tasks
(easy tasks). The best method for each model and test set appears in bold. All retrieval settings use
matched index.

Upshot. Bringing retrieval augmentation already into training enables the model to natively handle
retrieved trajectories in-context and generalize better to new out-of-distribution tasks. This comes
with higher training cost due to the longer context, but preserves in-distribution performance in the
same high-success range. These findings are consistent across benchmarks and models.

4.4.4 ROBUSTNESS TO LACK OF RELEVANT TRAJECTORIES

We now study what happens when relevant target trajectories are unavailable for the new task that
the agent must solve. In Table ] we report the drop in performance induced by removing access to
matched retrieval trajectories when generalizing to out-of-distribution tasks.

Leaving the index empty. With an empty index, EXPRAG-LoRA drops the most and often un-
derperforms standard LoRA. This is expected, since training with retrieval-augmented context but
removing it at inference creates a distribution shift.

Keeping the training index. Another stress test is to keep the training index (in our case, easy-
task trajectories) at inference time instead of using a target index (built from hard tasks). Under
this index mismatch, EXPRAG-LoRA degrades less than with an empty index because the input
context remains closer to the training distribution, and cross-task trajectories can still provide useful
cues. On ALFWorld, mismatched-index EXPRAG-LoRA remains the strongest method on out-of-
distribution tasks. On ScienceWorld, where tasks require more specific behaviors, performance of
all methods still largely collapses.

Upshot. Our results indicate that training on retrieval-augmented data may be beneficial, even when
no demonstrations can be gathered on future, out-of-distribution tasks. However, in this case, it is
preferable to keep the training index rather than completely removing access to any demonstration.

5 CONCLUSION

We investigated how to integrate experience retrieval into the training and inference pipeline of LLM
agents, with the goal of improving robustness and generalization to unseen tasks within a fixed en-
vironment. Across ALFWorld and ScienceWorld, we show that inference-only experience retrieval
(ExPRAG) already provides large gains over a no-retrieval baseline, and that the largest improve-
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ALFWorld ScienceWorld

Model C gr?gft?o " Method Hard tasks Hard tasks
(00-d) (0o-d)
EXPRAG 47.5—0.0 18.8—3.1
Empty LoRA 67.2—31.2 28.1—15.6
Ministral 3-8B EXPRAG-LoRA 88.5—29.5 42.2—1.6
EXPRAG 47.5—9.8 18.8 —+7.8
Mismatched LoRA 67.2—29.5 28.1—12.5
EXPRAG-LoRA 88.5—39.3 42.2—6.3
EXPRAG 4.9—0.0 6.3—4.7
Empty LoRA 3.3—1.6 7.8—6.3
Gemma 3-4B EXPRAG-LoRA  73.8—49 4.7—0.0
EXPRAG 4.9—49 6.3—1.6
Mismatched LoRA 3.3—4.9 7.8—7.8
EXPRAG-LoRA 73.8—9.8 4.7—-3.1
EXPRAG 68.9—22.9 6.3—3.1
Empty LoRA 70.5—21.3 23.4—7.8
Qwen 2.5-7B EXPRAG-LoRA 90.2—34.4 29.7—4.7
’ EXPRAG 68.9—54.1 6.3—0.0
Mismatched LoRA 70.5—24.6 23.4—17.2
EXPRAG-LoRA 90.2—50.8 29.7—17.2
EXPRAG 54.1—3.3 7.8—3.1
Empty LoRA 68.9—23.0 12.5—12.5
EXPRAG-LoRA 91.8—36.1 29.7—4.7
Qwen 2.5-7B-1IM EXPRAG 5412295  7.8-0.0
Mismatched LoRA 68.9—21.3 12.5—6.3

EXPRAG-LoRA 91.8—60.7 29.7—3.1

Table 4: Robustness to lack of relevant target trajectories on unseen (hard) tasks across differ-
ent model backbones. Each cell reports the success-rate drop induced by the index stress test as
(a — b), where (a) uses trajectories from the matched unseen hard-task index and (b) replaces that
index with either Empty (no trajectories) or Mismatched (training-index trajectories reused at test
time). Bold indicates the most robust method in each scenario.

ments on unseen tasks come from training with retrieval enabled. In particular, when training on a
subset of easy tasks, retrieval-augmented fine-tuning (EXPRAG-LoRA) consistently generalizes to
held-out hard tasks at inference time, avoiding the out-of-distribution collapse observed with stan-
dard LoRA fine-tuning. Overall, our results suggest that a simple, read-only episodic RAG pipeline
constitutes a strong and competitive baseline for agent memory: before resorting to increasingly
complex memory architectures or heavily optimized RL-based training pipelines, the community
should benchmark against robust retrieval-augmented baselines to make progress traceable to de-
sign choices and make comparisons more meaningful.

5.1 LIMITATIONS AND FUTURE WORK

Our study has some limitations. First, throughout our experiments, the retrieval index is built from
scripted expert trajectories generated by the environment-provided policy. Although these trajecto-
ries may include failures, such failures do not necessarily reflect the error patterns of LLM agents,
and therefore do not measure how well retrieval transfers to realistic, self-induced mistakes. We
adopt this setup as a controlled simplification to isolate the effect of retrieval-augmented adaptation,
given that the underlying backbones perform poorly in the zero-shot setting. Future work should
evaluate robustness under noisier memory sources, such as LLM-generated rollouts of varying qual-
ity, and explore self-evolving settings in which agents repeatedly attempt related tasks while learning
in-context from their own past successes and failures. Second, performance remains dependent on
trajectory availability and coverage: when task-relevant trajectories are missing, generalization to
hard tasks can degrade sharply, even if most models still outperform zero-shot baselines. This sug-
gests the need for more principled strategies for data collection, memory construction, and retrieval.
Finally, our approach uses a fixed, read-only episodic memory. Exploring read—write memories with
consolidation mechanisms (e.g., summarization, abstraction, and selective retention) is a promising
direction to improve scalability and long-horizon adaptation.
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A  TERMINOLOGY CLARIFICATION: RETRIEVAL-AUGMENTED AGENTS VS.
AGENTIC RAG

The similarity in terminology can obscure an important conceptual distinction. Our setting is not an
instance of Agentic RAG. Following |Hu et al.| (2025a)), we distinguish retrieval-augmented agents,
which retrieve experience to improve decisions in an environment, from Agentic RAG (Singh et al.,
20235)), where an agent orchestrates multi-step retrieval over external knowledge sources. Our work
belongs to the former: the goal is policy generalization and robustness through episodic context
reuse, whereas the latter targets knowledge acquisition and synthesis for question answering.

B IMPLEMENTATION DETAILS
This appendix centralizes the implementation choices that are shared across experiments.

B.1 INDEXING AND RETRIEVAL EXPERIMENTAL SETTINGS

In all conditions with retrieval (X > 0), we build a fixed retrieval index from expert trajectories in
the environment training split (including failures unless stated otherwise). We embed item queries
and index keys (in formatted text) using Qwen/Qwen3-Embedding-0.6B modeﬂ (Zhang et al., [2025c)
and retrieve the top-J nearest trajectories by dot-product similarity in embedding space (Section 3)).
We do not experiment with embedding models other than this one, as we found the retrieved trajec-
tories with this model to be satisfactory, given the simplicity of the retrieval task in this scenario, and
therefore keep it fixed throughout the paper. We use the Sentence Transformers librar (Reimers &
Gurevych, 2019) to compute the embeddings.

Trajectories are stored as raw chat-formatted data. Unless otherwise stated, when retrieved trajecto-
ries are inserted into the policy prompt, we format them as chat JSON; this is the default used in the
main-paper zero-shot and fine-tuning results. Appendix [C.4] compares this default against agentic
JSON, compact JSON, and textual alternatives.

B.2 BENCHMARK DATA STATISTICS

In Section .| we introduced our benchmark datasets and how we split them into hard/easy tasks.
Here we provide more details on the data statistics. Table [5] reports how we split training and
validation datasets into hard/easy tasks, and what tasks belong to each category. To evaluate models
faster and avoid task imbalance, we subsample the ScienceWorld test set, and keep only 5 variations
per task. We provide the list of variations in Table[6] We use this subset in all tables except Table
where we compare with related work.

B.3 MEMORY BLOCK FORMATTING

When inserting retrieved trajectories into the agent context, we prepend a memory block that sepa-
rates successful from unsuccessful demonstrations. Concretely, we use the following template:

These are examples of successful trajectories: {...3}. These are examples of
unsuccessful trajectories: {. .. }.

Within this memory block, the retrieved trajectories themselves are represented in chat JSON format
by default (Figure[2), unless a formatting ablation explicitly states otherwise.

B.4 FINE-TUNING IMPLEMENTATION

We implement supervised LoRA fine-tuning with TorchTune (TorchTune, |2024). Training trajecto-
ries are formatted as multi-turn chats using each backbone’s default chat template, and we compute
the cross-entropy loss on assistant tokens only. We train all models on a single 80 GB NVIDIA
A100 GPU.

! Available at:https://huggingface.co/Qwen/Qwen3-Embedding-0. 68
2More information: https://sbert.net/
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ALFWorld ScienceWorld
Split Samples Tasks (task-types) Samples Tasks
easy train=1748, look_at_obj_in_light train=2335, find-plant
test=73 pick_clean_then_place_in_recep| test=1183 freeze
pick_and_place_simple inclined-plane-friction-unnamed-surfaces

lifespan-longest-lived
lifespan-longest-lived-then-shortest-lived
inclined-plane-friction-named-surfaces
boil

change-the-state-of-matter-of
inclined-plane-determine-angle
measure-melting-point-known-substance
measure-melting-point-
unknown-substance

use-thermometer

find-non-living-thing

melt

find-animal

lifespan-shortest-lived

find-living-thing

hard train=1805, pick_cool_then_place_in_recep | train=1254, chemistry-mix-paint-secondary-color
test=61 pick_heat_then_place_in_recep | test=636 test-conductivity
pick_two_obj_and_place power-component-renewable-vs-
nonrenewable-energy
chemistry-mix-paint-tertiary-color
identify-life-stages-1
identify-life-stages-2
test-conductivity-of-unknown-substances
grow-fruit
mendelian-genetics-known-plant
power-component
grow-plant
mendelian-genetics-unknown-plant
chemistry-mix

Table 5: Details about the hard/easy task splits: number of training and test samples, and task
names assigned to each category. Samples from training tasks are used to build the index for the
corresponding split (hard/easy), while easy training tasks are used for EXPRAG fine-tuning.

Despite using TorchTune for training, we run inference with Hugging Face Transformers (Wolf
et al.| 2020), which we found to be more efficient.

B.5 MODEL BACKBONES

Models. In all experiments, we use only instruction-tuned base LLMs as agent policies. In the
main text, we refer to each model by a short name. The corresponding official checkpoint names on
the Hugging Face Hutﬂ are:

¢ Ministral 3-8B (Liu et al.,|2026a): mistralai/Ministral-3-8B-Instruct-2512-BF16
¢ Gemma 3-4B (Team et al., 2025): google/gemma-3-4b-it

* Qwen 2.5-7B-1M (Yang et al., 2025a): Qwen/Qwen2.5-7B-Instruct-1M

¢ Qwen 2.5-7B (Qwen et al., [2024)): Qwen/Qwen2.5-7B-Instruct

¢ Qwen 2.5-3B (Qwen et al.| [2024)): Qwen/Qwen2.5-3B-Instruct

We include both Qwen 2.5-7B and Qwen 2.5-7B-1M at matched parameter scales. Qwen2.5-7B-
1M is not merely a longer-context setting of Qwen 2.5-7B: it is obtained via additional long-context
adaptation (continued training with progressive context-length expansion and associated positional
configuration changes), and is post-trained for long-input instruction following (Yang et al.| 2025a)).

*Base URL: https://huggingface.co/<model_name> ; replace <model_name> with the checkpoint official
identifier to obtain the model page.
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Task

Task variations

boil

change-the-state-of-matter-of
chemistry-mix
chemistry-mix-paint-secondary-color
chemistry-mix-paint-tertiary-color
find-animal

find-living-thing
find-non-living-thing

29,27, 25, 23,21
29, 23,28, 27,26
26,31, 24, 29,25
34,27, 31, 33,30
30, 33, 35, 28, 29
248, 260, 294, 271, 299
257, 256, 271, 266, 268
280, 261, 233, 299, 253

find-plant 251, 231, 227, 254, 236
freeze 26, 23, 28, 21, 29
grow-fruit 123, 114, 108, 105, 96
grow-plant 95,94, 100, 112, 116
identify-life-stages-1 12,9,11, 13,10
identify-life-stages-2 6,7,8,9

151, 147, 150, 152, 148
1356, 1327, 1322, 1366, 1360
146, 158, 145, 157, 156

112, 106, 107, 111, 93

110, 114, 99, 101, 115
124,94, 95, 121, 112

355, 400, 422, 413, 403

266, 263, 243, 281, 265

inclined-plane-determine-angle
inclined-plane-friction-named-surfaces
inclined-plane-friction-unnamed-surfaces
lifespan-longest-lived
lifespan-longest-lived-then-shortest-lived
lifespan-shortest-lived
measure-melting-point-known-substance
measure-melting-point-unknown-substance

melt 27,28, 29, 26, 23
mendelian-genetics-known-plant 94, 105, 100, 93, 91
mendelian-genetics-unknown-plant 413, 429, 406, 467, 442
power-component 19, 17, 18, 15, 16
power-component-renewable-vs-nonrenewable-energy 19, 16, 17, 15, 18
test-conductivity 858, 726, 839, 878, 844
test-conductivity-of-unknown-substances 538, 475, 494, 464, 532

use-thermometer 534, 476, 450, 473, 510

Table 6: Task variations used in our subsampled ScienceWorld test set.

Consequently, comparisons between Qwen 2.5-7B and Qwen 2.5-7B-1M reflect both increased con-
text capacity and the effects of long-context-specific training and alignment.

B.6 HYPERPARAMETERS

Table[7]reports the hyperparameters used for our method. The values below are the defaults used in
all experiments unless stated otherwise in the main text or in the experimental setup; when a setting
is specified elsewhere (e.g., for a particular benchmark or ablation), that specification overrides the
corresponding entry in this table.

In addition to the shared optimization and decoding settings above, we set the maximum number of
actions that the agent is allowed to perform, using max_steps_per_task. For ALFWorld, we follow
the environment default (max_steps_per_task = 50). For ScienceWorld, we found that some tasks
are not solvable within 50 steps. On the other hand, setting a uniformly high budget would make
evaluation inefficient for easy tasks that the model cannot solve, where the agent may get stuck in
loops. Based on the number of steps taken by the rule-based expert to solve each task for each
task group, we therefore define a different max_steps_per_task value for each ScienceWorld task
category. We report these values in Table[8] If the model fails to solve the task within the budget,
we consider the episode as a failure.
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Hyperparameters
optimizer Paged AdamW8bit
learning rate Se-5
weight decay 0.0
Ir scheduler constant
LoRA target modules k_s;g;,og;:’;ifg ;oj
LoRA rank 8
LoRA « 16
LoRA dropout 0.1
dtype bf16

decoding temperature 0.0 (greedy)
seed 2025

Table 7: All the hyperparameters used for our method. Values are shared across models unless
specified otherwise in the text.

Max Steps ScienceWorld tasks

150 mendelian-genetics-known-plant; mendelian-genetics-unknown-plant

120 boil

90 freeze

80 grow-fruit

70 change-the-state-of-matter-of; inclined-plane-determine-angle;
inclined-plane-friction-unnamed-surfaces; melt
chemistry-mix; chemistry-mix-paint-secondary-color; chemistry-mix-paint-tertiary-
color;
find-animal; find-living-thing; find-non-living-thing; find-plant; grow-plant;

50 identify-life-stages-1; identify-life-stages-2; inclined-plane-friction-named-surfaces;

lifespan-longest-lived; lifespan-longest-lived-then-shortest-lived; lifespan-shortest-lived;
measure-melting-point-known-substance; measure-melting-point-unknown-substance;
power-component; power-component-renewable-vs-nonrenewable-energy;
test-conductivity; test-conductivity-of-unknown-substances;

use-thermometer

Table 8: ScienceWorld task-dependent rollout budgets used in evaluation (max_steps_per_task).
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ExXPRAG ALFWorld ScienceWorld
Ve Top-K  Index
yp Easy tasks ~ Hard tasks ~ All tasks  Easy tasks  Hard tasks Al tasks
No RAG 0 - 8.22+2.37  0.00£0.00 4.4841.29 14.414+3.24 5.084+1.50 10.40+1.78
all 43.84+4.94 33.88+6.20 39.30+5.40 33.33+1.80 17.714+2.39 26.62+2.05
static easy 42.93+0.79 547+0.95 25.87+0.87 28.83+0.68 10.16+3.25 20.81+1.45

hard 35.624+4.94 33.884+4.73 34.834+0.86 22.65+1.48 17.97+2.02 20.64+1.27

all 46.92+0.69 34.024+0.82 41.04+0.61 29.81+2.71 17.71£2.39 24.61+1.69
dynamic easy 44.754+3.45 4.37+0.95 26.37+2.28 32.65+£1.13  7.03£0.90 21.65+0.64
hard 38.82+5.19 39.8940.95 39.304+3.11 26.18+2.01 19.53+3.72 23.32+2.00

all 53.42+2.37 48.09+3.79 50.99+1.56 44.31+3.40 21.88+3.13 34.67+2.36
static easy 47.274+0.97 11.48+2.31 30.97+1.58 43.53+1.29 12.24+2.30 30.09+1.43
hard 39.734+1.37 46.994+1.89 43.04+1.56 24.124+1.93 15.36+1.18 20.36+1.39

all 57.53+1.94 48.36+0.95 53.36+0.96 43.53+0.00 21.88+2.21 34.23+0.95
dynamic easy 57.5343.87 6.56+0.00 34.33+2.11 43.73+£2.03 9.64+2.08 29.08+1.83
hard 39.274+2.09 48.094+1.89 43.2841.98 25.104+2.31 22.9243.07 24.16+2.36

all 63.47+1.58 65.03+5.75 64.18+1.97 42.06+2.61 22.27+1.50 33.56+2.12
static easy 63.01+1.37 7.11+0.95 37.56+0.86 20.39+1.80 17.71+0.90 19.2441.40
hard  40.194+0.79 62.84+3.41 50.50+1.88 41.57+2.45 13.02+3.93 29.31+0.39

all 70.55+£3.26 55.74+1.89 63.81+1.29 44.71+1.66 22.66+2.70 35.24+1.69
dynamic easy 71.69+0.79 9.29+0.95 43.28+0.75 46.67+4.45 10.94+1.56 31.3242.71
hard 42.93+1.58 65.57+1.64 53.2440.43 17.254+1.80 23.96+0.90 20.14+1.17

Table 9: Mean and standard deviation of success-rates for EXPRAG inference without training
across ALFWorld and ScienceWorld for Ministral 3-8B. Values are reported as mean =+ std over
3 seeds. Across entries, the median/max std is 1.58/6.20 points on ALFWorld and 1.83/4.45 on
ScienceWorld. The bold mean values mark the best top-k setting for each (EXPRAG type, index)
within a given dataset split.

C EXTRA EXPERIMENTS ON EXPRAG WITHOUT TRAINING

C.1 MAIN RESULTS STABILITY AND RELIABILITY ACROSS SEEDS

Tables 0] and [I0|show the variability of the main results for Ministral 3-8B across three seeds (2025,
2026, 2027). These are the same results as in Table [2] with the standard deviations reported. Al-
though decoding is greedy, the seed still affects mainly: (i) sampled environment instance (e.g.,
object placement), (ii) retrieval tie-breakinﬂ and therefore (iii) the subsequent interaction history
seen by dynamic retrieval. Overall, the results are reasonably stable: across all configurations,
the median/max standard deviation is 1.58/6.20 points on ALFWorld and 1.83/4.45 on Science-
World. We do not observe a single universally unstable regime. Instead, variability concentrates
in harder or more retrieval-sensitive settings, while all-task averages are more stable (median std
1.56 on ALFWorld and 1.69 on ScienceWorld). Dynamic retrieval is only slightly less stable than
static retrieval on ScienceWorld (median/max 2.00/4.45 vs. 1.80/3.93), whereas on ALFWorld both
have the same median variability (1.58). Importantly, the main best-performing configurations from
Section [4.3] are not unusually unstable: static retrieval with the all index at K=4 on ALFWorld
reaches 64.18 + 1.97, and dynamic retrieval with the all index at K=4 on ScienceWorld reaches
35.24 + 1.69. Thus, the seed analysis supports the reliability of the main conclusions: the quali-
tative ranking of retrieval settings is robust, and the larger deviations mostly appear in specialized
split/index combinations rather than in the central all-task findings.

C.2 VALIDATING MAIN RESULTS ACROSS DIFFERENT MODELS

Tables [IT] [T2] [T3] and [I4]report inference-only EXPRAG results for additional backbones. Overall,
they support the same main conclusion as Table [2] for Ministral 3-8B: retrieval is already highly
useful without any training, although the magnitude of the gain depends strongly on the backbone.

“Ties happen when multiple trajectories are retrieved with same score, which is recurrent, particularly in the
static setting with task description as query.
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Grouping ALFWorld ScienceWorld

Median std Max std Medianstd Max std

Split ALFWorld ScienceWorld

No RAG 1.29 2.37 1.78 3.24
static 1.58 6.20 1.80 3.93 Median std Max std Median std Max std
dynamic 1.58 5.19 2.00 4.45 Easy Tasks 1.94 5.19 1.93 445
TOp—/C =0 1.29 237 1.78 3.24 Hard Tasks 1.64 6.20 2.21 3.93
TOp—k =1 1.62 6.20 1.90 3.72 All Tasks 1.56 5.40 1.69 2.71
Top-k =2 1.89 3.87 2.06 3.40 . .
Top-k =4 1.48 5.75 1.75 4.45 (b) Grouped by evaluation split. Each row pools

all configurations evaluated on that split.
(a) Grouped by retrieval setting. The first block

aggregates by retrieval type; the second aggregates

by top-k.

Index ALFWorld ScienceWorld
Easy Tasks Hard Tasks  All Tasks Easy Tasks Hard Tasks  All Tasks

all 2.16/494 284/620 143/540 221/340 239/3.13 1.87/2.36
easy 1.17/3.87 095/231 123/2.28 154/445 1.82/3.25 1.44/2.71
hard  1.83/5.19 1.89/4.73 1.72/3.11 197/245 2.54/393 1.33/2.36

(c) Grouped by retrieval index. Each cell reports median/max std over all configurations with that index and
benchmark split.

Table 10: Summary statistics for standard deviations in zero-shot Ministral 3-8B results. The
top row summarizes variability by retrieval setting and by evaluation split. The bottom table breaks
the same standard deviations down jointly by retrieval index and benchmark split.

Retrieval consistently improves over zero-shot. Retrieval consistently improves over NO RAG
at the best setting for every model. In Section Ministral 3-8B improves from 4.48/10.40 to
64.18/35.24 ALFWorld/ScienceWorld all-task success. In the models reported here in this ap-
pendix, the best retrieval setting improves from 0.75/2.01 to 20.90/11.41 for Gemma 3 4B, from
5.22/2.68 to 25.37/8.05 for Qwen 2.5 3B, from 29.85/2.01 to 83.58/12.75 for Qwen 2.5 7B, and
from 5.22/3.36 to 81.34/27.52 for Qwen 2.5 7B 1M. This matches the main-paper pattern: retrieved
trajectories provide strong training-free gains from a frozen policy alone.

Larger top-k is useful, but more backbone-dependent. Larger top-k remains useful overall, but
the pattern is more backbone-dependent. In Section [4.3] for Ministral 3-8B, ScienceWorld largely
saturates after K =2, whereas the appendix backbones usually achieve their best all-task scores at
K =4, especially on ALFWorld. At the same time, the gains are not monotonic in every split or index
setting: smaller backbones such as Gemma 3 4B and Qwen 2.5 3B still show noticeable regressions
when additional retrieved trajectories are weakly matched or noisy. This remains consistent with the
main-text interpretation that larger memory helps when it adds complementary evidence, but can
hurt when it introduces distractors.

Dynamic retrieval is the least stable factor across backbones. Dynamic retrieval can help sub-
stantially in selected settings, for example Qwen 2.5 3B with the all index at =2 on ALFWorld all
tasks (20.90% — 24.63%) or Qwen 2.5 7B 1M with the all index at K'=4 on ScienceWorld all tasks
(23.49% — 27.52%). However, it also produces some of the largest drops, such as Qwen 2.5 7B
with the all index at K=2 on ALFWorld all tasks (82.84% — 73.13%). This mirrors the Minis-
tral 3-8B results: re-retrieval can increase relevance, but it is much less predictable because it re-
peatedly refreshes the prompt with partial-trajectory matches.

Index specialization remains broadly coherent. Easy-index rows tend to help easy splits more,
hard-index rows tend to help hard splits more, and the mixed all index is often the strongest overall
compromise. The same benchmark asymmetry as in the main paper also appears here: ALFWorld
benefits more reliably from stronger retrieval and larger memory, whereas ScienceWorld remains
more sensitive to index mismatch and retrieval noise, especially for smaller models.

Model size changes the magnitude of these effects. Among the smaller backbones, Gemma 3 4B
(Table [IT) and Qwen 2.5 3B (Table[I2)) both benefit from retrieval but remain substantially weaker
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and noisier than Ministral 3-8B and Qwen 2.5 7B. Within the Qwen family, scaling from 3B to 7B
sharply improves both baseline competence and retrieval gains, especially on ALFWorld, where the
best all-task score rises from 25.37% to 83.58%.

EXPRAG ALFWorld ScienceWorld
: Top-K  Index
ype Easy tasks Hard tasks ~ All tasks  Easy tasks Hard tasks  All tasks
No RAG 0 - 1.37 0.00 0.75 0.00 4.69 2.01
all 20.55 3.28 12.69 471 1.56 3.36
static easy 17.81 0.00 9.70 7.06 4.69 6.04
| hard 8.22 3.28 5.97 2.35 0.00 1.34
all 19.18 1 1.4 3.280.0 119408 7.0612.4 3.12+ 1.6 5.371 2.0
dynamic easy 17.810.0 0.000.0 9.700.0 7.060.0 1.56,3.1 4700 1.3
hard 9.59+t1.4 6.56133 821122 471124 3121431  4.0312.7
all 16.44 6.56 11.94 6.67 3.12 5.15
static easy 21.92 4.92 14.18 10.59 1.56 6.71
) hard 4.11 4.92 448 471 4.69 4.70
all 2329168 410125 1455126 941127 3.120.0 6.711 1.6
dynamic easy 26.03141 328,16 1567115 941,12 1.560.0 6.04] 0.7
hard 9.59155 8.2013.3 8.961 4.5 3.5311.2 3.1211.6 3360 1.3
all 21.92 19.67 20.90 8.24 7.81 8.05
static easy 24.66 3.28 14.93 9.41 4.69 7.38
4 hard 4.11 6.56 5.22 7.06 3.12 5.37
all 1781141 6561131 126982 14.12+5.9 7.810.0 11411 3.4
dynamic easy 27.401 2.7 3.280.0 1642115 1412+47 312116  9.401 2.0

hard 9.591 5.5 6.560.0 821130 588,12 1250194 8.7213.4

Table 11: Results for EXPRAG inference without training across ALFWorld and Science-
World for Gemma 3 4B. The bold values mark the best top-k setting for each (EXPRAG type,
index) within a given dataset split. For dynamic retrieval rows, the superscript arrows report the
per-cell difference against the corresponding static row with the same index and top-k: 1 indicates
improvement, | indicates a decline, and black values denote ties.

C.3 LONG-CONTEXT QWEN SUPPORTS LARGER TOP-K RETRIEVAL.

Tables [I3] [T4]} and [T5] together provide a more nuanced picture than a simple “longer context is
better” summary. The two Qwen variants share similar scale and architecture, but their behavior
differs enough that the interpretation depends strongly on the benchmark.

The most striking difference between Qwen 2.5 7B (Table [I3)) and Qwen 2.5 7B 1M (Table [14)
appears already in the NO RAG baseline on ALFWorld: 29.85% all-task success for the standard
7B model versus only 5.22% for the 1M variant, with similarly large gaps on easy and hard tasks.
This makes the ALFWorld comparison intrinsically confounded. Given the unusually strong zero-
shot performance of Qwen 2.5 7B on this benchmark, we suspect that the standard 7B model may
have been exposed during training to ALFWorld tasks or very close variants. We cannot verify
this directly, but the two models, despite similar size and architecture, need not share the same pre-
training or post-training data. For that reason, we do not treat Qwen 2.5 7B as a main backbone in
the paper, and we interpret its ALFWorld advantage with caution.

This caution is visible in Table On ALFWorld, the left half of the table is dominated by red
values because the standard 7B model starts from a much stronger prior. Those absolute differences
are therefore not directly comparable to the ScienceWorld side. What remains informative on ALF-
World is mostly the direction of the trend: retrieval often reduces the large initial gap, and some
cells even flip from red to green when K becomes large, especially in the K =4 block. For example,
static retrieval with the all index moves from a —24.63 all-task gap in NO RAG to —5.22 at K=1,
—20.15 at K=2, and then —2.24 at K'=4, while the hard-index K =4 rows contain several green
entries on easy and all tasks. We therefore read the ALFWorld comparison mainly as evidence that
retrieval can partially close the initial gap, not as a clean estimate of which model is intrinsically
better.
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EXPRAG ALFWorld ScienceWorld
— Top-K  Index
yp Easy tasks Hard tasks ~ All tasks  Easy tasks Hard tasks  All tasks
No RAG 0 - 5.48 4.92 5.22 1.18 4.69 2.68
all 20.55 11.48 16.42 5.88 3.12 4.70
static easy 24.66 3.28 14.93 7.06 1.56 4.70
| hard 8.22 18.03 12.69 2.35 3.12 2.68
all 24.661 4.1 19.6718.2 22.3916.0 - - -
dynamic easy 2329114 164116 1343115 7.060.0 000,16 4.03]10.7
hard 9.59t14 2295149 15.671 3.0 2.350.0 000131 134113
all 26.03 14.75 20.90 4.71 4.69 4.70
static > easy 23.29 1.64 13.43 12.94 0.00 7.38
hard 15.07 21.31 17.91 3.53 4.69 4.03
dynamic all 30.14+4.1 18.0313.3 24.6313.7 588112 6251716 6.0411.3
all 31.51 18.03 25.37 7.06 3.12 5.37
static easy 24.66 3.28 14.93 4.71 0.00 2.68
4 hard 10.96 21.31 15.67 3.53 4.69 4.03
all 30.14, 1.4 820,98 20.15/52 11.761+4.7 0.00/3.1 6.7111.3
dynamic easy 24.660.0 6.56133 16.42+15 14121 9.4 0.000.0 8.051 5.4

hard 959,14 1475166 119437 118124 6.25+16 3.36,0.7

Table 12: Results for EXPRAG inference without training across ALFWorld and Science-
World for Qwen 2.5 3B. The bold values mark the best top-k setting for each (EXPRAG type,
index) within a given dataset split. For dynamic retrieval rows, the superscript arrows report the
per-cell difference against the corresponding static row with the same index and top-k: 1 indicates
improvement, | indicates a decline, and black values denote ties.

ExXPRAG ALFWorld ScienceWorld
tvoe Top-K  Index
yp Easy tasks  Hard tasks ~ Alltasks  Easy tasks Hard tasks  All tasks
No RAG 0 - 35.62 22.95 29.85 1.18 3.12 2.01
all 73.97 59.02 67.16 17.65 4.69 12.08
static easy 71.23 31.15 52.99 16.47 3.12 10.74
1 hard 64.38 62.30 63.43 7.06 7.81 7.38
all 7260014 655716.6 6940122 11.76,59 7.8113.1 10.07]2.0
dynamic easy 7397127 3443133 5597130 129435 3.120.0 8.721 2.0
hard 64.380.0 62.300.0 63.430.0 353,35 7.810.0 537120
all 83.56 81.97 82.84 12.94 10.94 12.08
static 2 easy 71.23 54.10 63.43 16.47 0.00 9.40
hard 73.97 68.85 71.64 471 6.25 5.37
dynamic all 8219014 6230,19.7 7313197 824,47 781131 8.05]4.0
all 79.45 88.52 83.58 12.94 9.38 11.41
static easy 78.08 42.62 61.94 9.41 0.00 5.37
4 hard 47.95 80.33 62.69 1.18 7.81 4.03
all 7671127 77.05,115 768767 1412112 1094116 12.7511.3
dynamic easy 87.671t9.6 4426116 67.9116.0 12947135 0.000.0 7.384 2.0

hard 56.1618.2 67.21,13.1 61.19)15 235112 938116 537113

Table 13: Results for EXPRAG inference without training across ALFWorld and Science-
World for Qwen 2.5 7B. The bold values mark the best top-£ setting for each (EXPRAG type,
index) within a given dataset split. For dynamic retrieval rows, the superscript arrows report the
per-cell difference against the corresponding static row with the same index and top-k: 1 indicates
improvement, | indicates a decline, and black values denote ties.

ScienceWorld is more comparable because both models are weak in the pure zero-shot setting
(2.01% for Qwen 2.5-7B and 3.36% for Qwen 2.5-7B-1M on all tasks). In that benchmark, Ta-
ble [T5] becomes progressively greener as K increases, especially in the lower =4 block. This is
consistent with the individual model tables: the bold best cells in Table[T4]are concentrated at K =4,
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EXPRAG ALFWorld ScienceWorld
tvpe Top-K  Index
yp Easy tasks  Hard tasks All tasks Easy tasks ~ Hard tasks  All tasks
No RAG 0 - 6.85 3.28 5.22 3.53 3.12 3.36
all 64.38 59.02 61.94 15.29 6.25 11.41
static easy 56.16 14.75 37.31 17.65 0.00 10.07
1 hard 39.73 59.02 48.51 7.06 6.25 6.71
all 63.01,14 5738 1.6 60451 1.5 1294 | 2.4 0.00] 6.2 7.381 4.0
dynamic easy 57.53114 1639116 3881115 1294 4.7 0.000.0 7381 2.7
hard 4521155 5410049 49.2510.7 12.941 5.9 6.250.0 10.071 3.4
all 71.23 52.46 62.69 20.00 14.06 17.45
static 2 easy 67.12 29.51 50.00 20.00 0.00 11.41
hard 47.95 54.10 50.75 8.24 7.81 8.05
dynamic all 63.01,82 49.18] 3.3 56.72 1 6.0 1647 3.5 14.060.0 15441 2.0
all 80.82 81.97 81.34 16.47 32.81 23.49
static easy 69.86 3443 53.73 17.65 0.00 10.07
4 hard 63.01 72.13 67.16 11.76 25.00 17.45
all 7534, 55 60.66) 21.3 68.66| 12.7 23.53+ 7.1 32.810.0 27.521 4.0
dynamic easy 79.45t9.6 21.31)13.1 529907 941,82 28121281 17.451 7.4
hard 61.64] 1.4 6230,98 6194 52 25881141 0.00]250 14.77]2.7

Table 14: Results for EXPRAG inference without training across ALFWorld and ScienceWorld
for Qwen 2.5 7B 1M. The bold values mark the best top-k setting for each (EXPRAG type, index)
within a given dataset split. For dynamic retrieval rows, the superscript arrows report the per-cell
difference against the corresponding static row with the same index and top-k: 1 indicates improve-
ment, | indicates a decline, and black values denote ties.

EXPRAG ALFWorld ScienceWorld
Ve Top-K  Index
yp Easy tasks Hard tasks All tasks Easy tasks Hard tasks  All tasks

No RAG 0 - -28.77 -19.67 -24.63 +2.35 0.00 +1.35
all -9.59 0.00 -5.22 -2.36 +1.56 -0.67

static easy -15.07 -16.40 -15.68 +1.18 -3.12 -0.67
| hard -24.65 -3.28 -14.92 0.00 -1.56 -0.67

all -9.59 -8.19 -8.95 +1.18 -7.81 -2.69

dynamic easy -16.44 -18.04 -17.16 0.00 -3.12 -1.34
hard -19.17 -8.20 -14.18 +9.41 -1.56 +4.70

all -12.33 -29.51 -20.15 +7.06 +3.12 +5.37

static 2 easy -4.11 -24.59 -13.43 +3.53 0.00 +2.01
hard -26.02 -14.75 -20.89 +3.53 +1.56 +2.68

dynamic all -19.18 -13.12 -16.41 +8.23 +6.25 +7.39
all +1.37 -6.55 -2.24 +3.53 +23.43 +12.08

static easy -8.22 -8.19 -8.21 +8.24 0.00 +4.70
4 hard +15.06 -8.20 +4.47 +10.58 +17.19 +13.42

all -1.37 -16.39 -8.21 +9.41 +21.87 +14.77

dynamic easy -8.22 -22.95 -14.92 -3.53 +28.12 +10.07
hard +5.48 -4.91 +0.75 +23.53 -9.38 +9.40

Table 15: Difference between Qwen 2.5 7B 1M and Qwen 2.5 7B in zero-shot performance.
Each cell reports Qwen 2.5 7B 1M — Qwen 2.5 7B for the corresponding retrieval configuration
and evaluation split. Positive values indicate that the 1M-context model performs better; negative
values indicate that the standard-context 7B model performs better.

whereas Table [[3]often peaks earlier on ScienceWorld, with several bold entries already at K =1 or
K =2. The all-task gap for the all index illustrates this pattern clearly: under static retrieval it moves
from —0.67 at K=1 to +5.37 at K=2 and +12.08 at {=4; under dynamic retrieval it moves from
—2.69 to +7.39 and then +14.77. The same pattern appears on harder ScienceWorld settings, where
many of the largest positive differences are bright green in the comparison table, such as +23.43 for
static all / hard tasks at K=4 and +28.12 for dynamic easy / hard tasks at K=4.
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Long-context support is one important retrieval bottleneck, but not the only one. Taken to-
gether, these results are consistent with the view that context-handling capacity is an important
bottleneck for scaling retrieval to larger top-K, especially when the model must integrate several
retrieved trajectories on ScienceWorld. However, we would avoid claiming that this experiment
proves it is the main bottleneck. The comparison is not fully controlled: the ALFWorld discrep-
ancy strongly suggests that the two Qwen variants may differ not only in context length but also
in training data or post-training recipe. A more defensible conclusion is therefore that long-context
support is a plausible and practically important factor behind the improved large- K behavior of
Qwen 2.5 7B 1M, while other factors remain entangled in this particular model pair.

Also, surprisingly, the 1M variant demonstrated weaker performance for dynamic retrieval compared
to static retrieval on mismatched scenarios. One may expect that the Sparse Attention Mechanism
from Qwen 2.5 7B 1M would help to reduce the instability of dynamic retrieval, but it does not seem
to be the case.

C.4 IMPACT OF TRAJECTORY FORMATTING ON RETRIEVAL PERFORMANCE

All the trajectories are stored as raw chat-formatted data in standard OpenAl message format (see
example in Figure[3). However, when retrieved, we can prepend the trajectory examples in a differ-
ent format to make them shorter, and hopefully easier for the model to process in-context. Figure 2]
provides examples of different trajectory formatting. Please note that once the retrieved trajectory is
formatted, it is appended to the system prompt and treated as plain text by the model; it is therefore
different from the chat template used by the model.

chat JSON

Fﬁ |

"role": "assistant”,

"content”: "look”
3
{
"role": "user”,
"content”: "You are in the middle of a room. Looking quickly around you, you see nothing."”

agentic JSON

"role": "action”,
"content”: "look”
3
{
"role": "observation”,
"content”: "You are in the middle of a room. Looking quickly around you, you see nothing.”

3

,
.

compact JSON

A |

"action”: "look”

3

{

"observation”: "You are in the middle of a room. Looking quickly around you, you see nothing."”

}

~
.

textual

Assistant: look
User: You are in the middle of a room. Looking quickly around you, you see nothing.

,
.

Figure 2: Different trajectory formats: chat JSON, agentic JSON, compact JSON, and textual.

Table [T6] compares the impact of trajectory formatting on final EXPRAG performance. Results
indicate that the effect of trajectory formatting is strongly backbone-dependent. JSON-based formats
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are clearly preferable for the Qwen models, where textual formatting can degrade sharply at larger
top-K, but this pattern does not hold uniformly for Ministral 3-8B and Gemma 3 4B, for which
textual formatting is often competitive and sometimes best. Among the JSON variants, chat JSON
is a strong and relatively robust default, especially at larger K, but it is not a universal optimum:
compact and agentic JSON each outperform it in some settings. We therefore use chat JSON in
the main experiments as a consistent default rather than because it dominates every model-format
combination.

ALFWorld ScienceWorld
Format Ministral Gemma Qwen Qwen Ministral Gemma Qwen Qwen
3-8B 3-4B 2.5-7B 2.5-7B-IM| 3-8B 3-4B  2.5-7B 2.5-7B-1M
Zero-shot 4.5 0.8 29.9 52 104 2.0 2.6 34
Top-1 trajectories
Chat JSON 39.3 12.7 67.2 61.9 26.2 34 12.1 114
Agentic JSON 39.6 12.7 61.9 64.2 27.5 0.7 4.0 8.7
Compact JSON  41.8 8.2 61.2 62.0 222 4.7 6.0 7.4
Textual 433 11.9 41.8 55.2 33.6 6.7 0.7 8.1
Top-2 trajectories
Chat JSON 51.0 11.9 82.8 62.7 34.7 5.1 10.7 17.5
Agentic JSON 48.5 10.5 73.9 64.2 36.2 2.0 1.3 12.1
Compact JSON 493 14.9 79.1 66.4 30.9 5.4 9.4 16.8
Textual 52.2 12.7 14.9 45.5 329 16.1 1.3 54
Top-4 trajectories
Chat JSON 64.2 20.9 83.6 81.3 34.5 8.1 7.4 23.5
Agentic JSON 56.0 19.4 81.3 74.6 30.9 34 0.7 14.1
Compact JSON  59.0 20.2 79.1 78.4 29.5 9.4 10.7 22.8
Textual 48.5 194 1.5 51.5 30.9 14.1 0.7 7.4
Top-5 trajectories
Chat JSON 67.2 19.4 78.4 76.1 31.5 8.7 10.7 24.8
Agentic JSON 61.2 12.7 83.6 754 34.1 35 0.7 5.4
Compact JSON  59.7 14.2 70.9 81.3 38.3 7.4 8.7 242
Textual 44.0 18.7 0.0 754 29.5 10.7 1.3 3.4

Table 16: Impact of trajectory formatting on EXPRAG performance (all tasks, official valid unseen
split)

D AGENTS KEEP IMPROVING WHEN TRAINED LONGER.

In this appendix, we provide the full training dynamics underlying the observation in Section[d.4.1}
downstream agent performance can keep improving for many epochs even after the validation loss
has reached its minimum and started increasing.

Experimental setting. We fine-tune LoRA adapters on easy tasks only (as defined in Section4.T)).
Training follows the same supervised setup as the main fine-tuning experiments (Appendix [B.4):
trajectories are formatted as multi-turn chats and we compute the cross-entropy loss on assistant
tokens only, with greedy decoding at inference time (temperature = 0; Table[7). We train for up to
50 epochs and evaluate a set of checkpoints throughout training (epochs 1 to 50), every 5 epochs.

Methods and evaluation. We report curves for (i) LORA (no retrieval) and (ii)) EXPRAG-LoRA,
which performs retrieval-augmented fine-tuning (i.e., the EXPRAG memory block is included in the
training context) and uses the same retrieval pipeline at inference time. For each checkpoint, we re-
port: (a) the validation loss (blue line; left y-axis), computed on held-in validation trajectories, and
(b) agent performance (right y-axis) obtained by executing the agent in the environment, mea-
sured as success rate (green) and average episode score (orange). We evaluate both in-distribution
generalization to unseen instances of the easy task groups (labeled ind / cross-scene) and out-of-
distribution generalization to hard task groups not seen during training (labeled ood / cross-task).
For EXPRAG-LoRA we use a matched index: easy evaluations retrieve from an index built on easy-
task training trajectories, and hard evaluations retrieve from a hard-task training index, consistent
with the protocol described in Section [4.4]
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Results on ALFWorld. Figure 3|shows that validation loss typically bottoms out within the first
few epochs and then increases steadily, while both in-distribution performance (Figures [3a] and [3b)
and out-of-distribution performance (Figures [3c| and [3d)) can continue improving much later into
training. This yields a weak (and sometimes negative) correspondence between validation loss and
agent success, illustrating why early stopping based solely on validation loss can miss the best-
performing checkpoints on unseen tasks. We also observe that the extended-training regime can
be non-monotonic, with occasional late-training instabilities for some settings (e.g., sharp drops for
certain checkpoints), further motivating reporting multiple checkpoints rather than selecting by loss
alone.

‘Training Metrics and Inference Performance (infer-dir: scene)

Training Metrics and Inference Performance

Inference metrics

sssss

Training Metrics and Inference Perform:

(a) LoRA (no retrieval), ind

\ance (infer-dir: grokking)

epoch

(b) ExPRAG-LoRA (matched index), ind

Training Metrics and Inference Perform:

ance (infer-dir: hardtasks)

nnnnn

(¢) LoRA (no retrieval), ood (d) EXPRAG-LoRA (matched index), ood

Figure 3: Longer fine-tuning can improve generalization despite rising validation loss. Com-
parison of validation loss and inference performance with respect to number of training epochs on
ALFWorld. Blue: validation cross-entropy (left axis; lower is better). Green/orange: rollout success
rate and average episode score (right axis; higher is better) evaluated at multiple checkpoints during
50-epoch fine-tuning. Top: easy—easy (in-distribution). Bottom: easy—hard (out-of-distribution).
For EXPRAG-LoRA, retrieval uses a matched index for each evaluation split.

Results on ScienceWorld. We observe the same qualitative pattern in ScienceWorld (Figure [4).
Despite validation loss increasing after its early minimum, success on both easy (Figures[4a]and [4b))
and hard tasks (Figures Acland [d)) often improves at later epochs, with best checkpoints sometimes
appearing near the end of training. Overall, these curves support the main-text conclusion that longer
fine-tuning can materially improve generalization, and that validation loss alone is an unreliable
proxy for downstream agent success in this setting.

E PROMPTS

This appendix details the exact prompting interface used in our experiments. For each environment,
we use a minimal system prompt that specifies: (i) the task setting, (ii) the action interface/grammar,
and (iii) the response format (one action per turn).

Restricting turn-level action-space hints. We provide a static list of action templates valid for
the whole environment (Figures [6] and [7)), rather than per-step instantiated valid-action candidates,
even though the environment can provide those candidates. This design removes turn-level action-
space hints, requiring the agent to infer plausible next actions from past observations and actions
alone. Importantly, this diverges from contemporaneous work that exposes these turn-level candi-
date actions during rollout, arguably introducing some ground-truth information leakage. In early
explorations in our zero-shot setting, we found this stricter setup to reduce backbone performance
by approximately 15%.
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Training Metrics and Inference Performance (filter: topk:2)

(a) LoRA (no retrieval), ind (b) EXPRAG-LoRA (matched index), ind
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Figure 4: Longer fine-tuning can improve generalization despite rising validation loss. Com-
parison of validation loss and inference performance with respect to number of training epochs on
ScienceWorld. Blue: validation cross-entropy (left axis). Green/orange: rollout success rate and
average episode score (right axis) across checkpoints during 50-epoch fine-tuning. Top: easy—easy
(in-distribution). Bottom: easy—hard (out-of-distribution). For EXPRAG-LoRA, retrieval uses a
matched index for each evaluation split.

Figure [6] shows the full ALFWorld system prompt. It includes the complete command inventory
and formatting constraints (including one-command output), plus guidance for handling invalid
actions (e.g., “Nothing happens™). Figure [7] shows the analogous ScienceWorld prompt, with its
environment-specific action grammar and explicit command-format constraints (e.g., pick up <0BJ>
and no extra prefix text).

Finally, Figure 5] illustrates how interactions are serialized as chat data. Consistent with the method
in Section [3] each trajectory is encoded as a multi-turn chat: environment observations/task con-
text are mapped to user turns, and action strings are mapped to assistant turns. This contrasts with
stepwise formatting used by contemporaneous work, where each (h;, a;) pair is treated as an inde-
pendent sample with history re-encoding at every step. We use multi-turn serialization to preserve
conversational structure and training/inference consistency with chat models while keeping supervi-
sion on assistant action tokens.

As a final note, when using retrieval, we append the retrieved trajectories to the system prompt as a
memory block, as described in Section [B.3]
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Example of (partial) JSON trajectory (ALFWorld)

"role": "user"”,

"content": "-= Welcome to TextWorld, ALFRED! =-\n\nYou are in the middle of a room.
Looking quickly around you, you see a bathtubbasin 1, a countertop 2,
a countertop 1, a drawer 4, a drawer 3, a drawer 2, a drawer 1, a garbagecan 1,
a handtowelholder 1, a sinkbasin 1, a toilet 1, a toiletpaperhanger 1,

a towelholder 2, and a towelholder 1.\n\nYour task is to: put a candle in drawer.”

"role": "assistant”,
"content”: "look”

"role": "user”,

"content”: "You are in the middle of a room. Looking quickly around you, you see nothing.”
"role": "assistant”,

"content”: "go to toilet 1"

"role": "user”,

"content”: "You arrive at toilet 1. On the toilet 1, you see a spraybottle 3, a spraybottle 2,

and a spraybottle 1.”

"role": "assistant”,
"content”: "go to drawer 1"

Figure 5: Example of a partial JSON trajectory in ALFWorld.

ystem prompt for ALFWorld

Interact with a household to solve a task. Here is the list of commands:

Available commands:

look: look around your current location

inventory: check your current inventory

go to (receptacle): move to a receptacle

open (receptacle): open a receptacle

close (receptacle): close a receptacle

take (object) from (receptacle): take an object from a receptacle
move (object) to (receptacle): place an object in or on a receptacle
examine (something): examine a receptacle or an object

use (object): use an object

heat (object) with (receptacle): heat an object using a receptacle
clean (object) with (receptacle): clean an object using a receptacle
cool (object) with (receptacle): cool an object using a receptacle
slice (object) with (object): slice an object using a sharp object

You can only perform these commands. The text command you generate must be strictly compliant
with the command grammar.

Only provide one single command in your response. This is an example command: go to shelf 1
Each time you provide a command, the household will return the outcome of it, and you will
have to provide another command.

Note that you cannot carry two items at the same time so when you take an item, you must
remember it and possibly move it to a receptacle later.

Figure 6: System prompt used for ALFWorld experiments.

F EFFICIENCY COST OF EXPRAG

Table [T7]reports how the value of top-K affects execution time and context size for EXPRAG. We
note that the average number of prompt tokens scales almost linearly with k. The average number of
steps required to perform the task is decreasing with higher top-k, meaning that the agent is able to
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System prompt for ScienceWorld

Interact with the environment to solve a scientific experiment.
In the environment, there are several rooms: kitchen, foundry, workshop, bathroom, outside,
living room, bedroom, greenhouse, art studio, hallway.

All containers in the environment have already been opened, you can directly get items from
the containers.

The available actions are:

open OBJ: open a container

close OBJ: close a container

activate OBJ: activate a device

deactivate OBJ: deactivate a device

connect OBJ to OBJ: connect electrical components
disconnect OBJ: disconnect electrical components
use OBJ [on OBJ]: use a device/item

look around: describe the current room

examine OBJ: describe an object in detail

look at OBJ: describe a container’s contents

read OBJ: read a note or book

move OBJ to OBJ: move an object to a container
pick up OBJ: move an object to the inventory

pour OBJ into OBJ: pour a liquid into a container
mix OBJ: chemically mix a container

teleport to LOC: teleport to a specific room
focus on OBJ: signal intent on a task object
wait: task no action for 10 steps

waitl: task no action for a step

For the pick up action: the command is ‘pick up <OBJ>‘.

Do not prefix the command with text.

You can only perform these commands. The text command you generate must be strictly compliant
with the command grammar. Only provide one single command in your response.

Figure 7: System prompt used for ScienceWorld experiments.

solve the tasks faster. Total processing time is therefore growing much slower. We stick with top-2
as the best efficiency-effectiveness tradeoff for the follow-up experiments.

| prompt tokens ~ steps/sample  total time (sec) time/step

No RAG 489.6 48 2769.59 0.430194
EXPRAG topl 1851.9 344 2719.94 0.590649
ExXPRAG top2 3096.7 29.8 2927.81 0.734339
EXPRAG top4 5597.7 25.7 3556.04 1.03403
EXPRAG top5 6866.4 25 3657.74 1.09284

Table 17: Model: Ministral 3-8B, dataset: ALFWorld. Efficiency of different EXPRAG variants
compared to zero-shot: average number of prompt tokens processed at each step, average number of
steps per episode, total generation time for 134 episodes, and average time per step.
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