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Agent Performance Scales with Tasks Attempted

Algorithm 1 ReAct-style Agent Loop

1: function AGENT(g,D, E , T)
2: Cp  Retrieve(D, keys = [g]) . Retrieve for plan
3: p LLMplan(g, Cp) . Generate initial plan
4: Initialize t  (g, p, {},�)
5: o1  E .obs()
6: C1  Retrieve(D, keys = [g, p, o1]) . Retrieve for current observation
7: for t = 1 to T do
8: rt  LLMreason(t, ot, Ct) . Generate reasoning
9: Ct+1  Retrieve(D, keys = [g, p, rt]) . Retrieve for current reasoning

10: at  LLMact(t, ot, rt, Ct+1) . Decide action
11: ot+1, done, s E .step(at) . Execute action in environment
12: t  t [ (ot, rt, at)
13: if done then
14: return (g, p, {(oi, ri, ai)}

t
i=1, s)

15: return (g, p, {(oi, ri, ai)}
T
i=1, 0) . Failed due to timeout

• Rather than using the same per-task examples throughout an episode [9, 17, 12],
we follow retrieve different trajectory segments for each decision point, ensuring
the agent has access to the most relevant information at each step [10, 11]. See
Appendix A for details.

The agent operates through three key LLM-based functions:

1. LLMplan generates a high-level plan p for achieving the goal

2. LLMreason processes the current observation ot to produce reasoning rt

3. LLMact determines the appropriate action at based on the reasoning

The Retrieve() function selects the k most relevant examples from database D based on the
average cosine distance from the provided lookup keys to the corresponding examples in
D–see Appendix A and Algorithm 4 for details. The environment E provides observations
and processes actions, returning the next observation, a termination signal, and the success
indicator when the episode ends.

This dynamic retrieval approach is critical for sequential decision-making tasks, as it allows
the agent to access specialized knowledge relevant to each unique situation encountered
during task execution. Our contribution builds upon this architecture by focusing specif-
ically on how to construct and refine the underlying trajectory database that powers this
retrieval mechanism.

Note that Algorithm 1 avoids strategies that employ task-specific prompting, observation
spaces [11] or action spaces [5, 4]. The only task-specific knowledge is encapsulated in
the content of the trajectory database D. For simplicity, we eschew other techniques,
like hierarchical learning [17, 12, 4], that are also task-agnostic, but add additional agent
complexity. We view the benefits of hierarchical learning as orthogonal and complimentary
to our database construction focus.

3 Problem Statement

Given the ReAct-style agent described in Section 2, our goal is to construct a trajectory
database that maximizes LLM agent performance across sequential decision-making tasks.
We focus specifically on how to build and refine the database of examples that the agent
retrieves from at each decision point.
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Algorithm 2 Database Curation Logic for +DB-Curation

1: procedure OPTIMIZEDATABASES({D1,D2, ...,DN}, interval)
2: Initialize performance metrics {m1, m2, ..., mN} for each database
3: for t = 1, 2, ..., Ttrain do
4: for i = 1, 2, ..., N in parallel do
5: Execute task t using database Di
6: If successful, add trajectory to Di
7: Update rolling performance metric mi on recent tasks
8: if t = 10 ⇥ 2j for any j 2 N then
9: Sort databases by rolling performance on recent tasks

10: Replace worst database with copies of best

The key insight of this approach is that database quality emerges from collective proper-
ties—like coverage, diversity, and complementarity across examples—not just individual
trajectory quality. Moreover, a single trajectory collected early in training can influence
many future trajectories by guiding the agent toward particular solution strategies, creating
cascading database-level effects. By selecting and propagating entire databases, we pre-
serve these beneficial emergent properties while using a simple, computationally efficient
evaluation metric based on recent performance.

5.3 +Exemplar-Curation: Exemplar-Level Data Curation

While the database-level curation performed by +DB-Curation identifies entire sets of
complementary trajectories, discarding whole databases can eliminate valuable trajectories.
We find that even poor-performing databases contain individual high-quality trajectories
that yield better outcomes when used as examples. Conversely, some trajectories marked
as successful lead to failures when retrieved–because some trajectories lead to success
in spite of some bad decisions that would be bad to repeat. Explicit identification of
high-performing trajectories—those that exemplify generalizable reasoning patterns, as
opposed to trajectories containing incorrect reasoning or actions (see Appendix for further
analysis)—can improve efficiency compared to wholesale database removal.

This observation motivates Exemplar-Curation: identifying and selecting individual high-
quality exemplars across multiple database instances based on their empirical utility as
in-context examples. This approach parallels value-function learning in reinforcement
learning [35], where we estimate the ‘value’ of each trajectory based on its contribution to
successful outcomes.

We introduce a retrieval-weighted quality metric analogous to a value function to quantify
each trajectory’s contribution to successful outcomes:

Q(t) =
Âi2R(t) oi · fi(t)

Âi2R(t) fi(t)
(1)

where R(t) is the set of tasks for which trajectory t was retrieved, oi is the binary outcome
of task i, and fi(t) is the retrieval frequency during task i.

This value metric measures how often a trajectory is associated with successful outcomes
when retrieved as an in-context example. It weights outcomes by retrieval frequency,
prioritizing trajectories frequently retrieved during successful completions while penalizing
those associated with failures.

Algorithm 3 outlines our exemplar-level curation approach. For each task in the training set,
we identify all successful trajectories across database instances and select only the exemplar
with the highest value according to the metric. This approach constructs a composite
database containing only the most effective exemplars as measured by their empirical
contribution to successful outcomes on subsequent tasks.

6

We present a RAG-based self-improving LLM Agent that remembers its attempts 
at prior tasks, and intelligently retrieves the most relevant experiences from its 
continually growing memory

We optimize for data quality along two 
axes:
1. DB-Curation: like Population-Based 

Training (PBT), run agents in parallel 
and drop the “worst” agents

2. Exemplar-Curation: filter the best 
examples in the DB via a metric of in-
context effectiveness:

Similar to gradient-based RL, continual 
learning via self-collected in-context 
examples varies in accuracy by trial

Comparison to Other Approaches

On ALFWorld, running our algorithm with 
GPT-4o-mini—rather than upgrading to 
GPT-4o—would save over $500,000 
across one million tasks while also 
delivering better task accuracy.

Table 1: Performance Boosts by Component

Scaling Approach Performance Boost (�)

Traj-BS+DB-Cur
+Ex-Cur

20

Test-time scaling
(pass@4)

21

Model Improvement
(4o-mini to 4o)

15

Task-Specific
Engineering

18

1

Self-Improvement Algorithm

Naively adding solved tasks to an ever-growing task database scales performance: using Traj-
Bootstrap, task accuracy improves from 73% to 89% on ALFWorld, 74% to 78% on IC-SQL, and 55% to 
64% on Wordcraft
Task quantity and quality both matter: adding on both our data-curation strategies boosts performance 
further—from 89% to 93% on ALFWorld, from 78% to 82% on IC-SQL, from 64% to 68% on Wordcraft. 
Self-generated data can be used for model finetuning: after finetuning gpt-4o-mini on the data 
collected by +DB+Exemplar-Cur, we obtain accuracy similar to our in-context agent

Read the paper for details on…

• Prompting philosophy: we always retrieve k in-
context examples, and the only content changed in the 
prompts are the in-context examples. No task-specific 
prompting, no context bloat!

• Multi-key retrieval: how we set up a retrieval 
mechanism accounting for cosine similarity across 
several different retrieval keys

• Downstream use cases of the data: we can use our 
collected databases to help predict task success—
valuable signal for model routing

• Experiments with open models: our algorithm works 
with models from OpenAI, Anthropic, Mistral, etc.
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