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Abstract

Reinforcement learning for LLM agents is typi-
cally conducted on a static data distribution,
which fails to adapt to the agent’s evolving
behavior and leads to poor coverage of com-
plex environment interactions. To address these
challenges, we propose CoEvolve, an agent-
data mutual evolution framework that enables
LLM agents to improve through closed-loop,
interaction-driven training. Specifically, CoE-
volve extracts feedback signals such as forget-
ting and uncertainty from rollout trajectories to
identify failure-prone interaction patterns, and
utilizes them to guide LLM-based task synthe-
sis. The synthesized tasks are validated through
environment interaction and utilized to update
the data distribution, enabling joint adaptation
of the agent and its data. Extensive experiments
on AppWorld and BFCL across Qwen2.5-7B,
Qwen3-4B, and Qwen3-30B-A3B demonstrate
consistent and significant improvements over
strong base models, yielding absolute gains of
19.43%, 15.58%, and 18.14%, respectively.

1 Introduction

The rapid advancement of large language models
(LLMs) (Liu et al., 2024; Qwen, 2025; Gou et al.,
2025) has driven the development of LLM-based
agents, which have been widely applied to sce-
narios such as web information retrieval, software
engineering, web navigation, and personal assis-
tance (Jin et al., 2024; Ding et al., 2025; Trivedi
et al., 2024; Ma et al., 2026, 2024). Reinforcement
learning (RL) (Guo et al., 2025; Sun et al., 2024;
Ji et al., 2025; Chu et al., 2025) has emerged as
the dominant approach for training these agents
with complex interactive capabilities, offering a
general solution for acquiring adaptive behaviors
in open-ended environments.

However, current agent RL training methods (Li
etal., 2025; Mai et al., 2025b; Lin et al., 2025) heav-

“Equal contribution.
"Project lead and corresponding author.

(a) Expert-Supervised Agent LLM Training on Static Data

i

[ X High bata cost

" v
Trajectories | S*atic EXpert |static Training
— >

Real-World
Environment

5D

X Unguided Exploration

Trained Agent LLM

X Static Training

(b) LLM-Synthesized Agent LLM Training on Static Data

Random
Envl[:v;ﬂmznt Exploration Reql-World
& ﬂ’
8 B ot

[/ Low bata cost

(c) Our Agent-Data Co-Evolution (Evolving Training)
Signal-Guided

i i Generate < Signal
Environment | Enviroanment | Real-World § Trained Agent LLM 1! [ ——
Exploration_| Environment “‘“P’""”“"{ e Extraction | S oim, S

] I~ i . § o ||

8 £ ¥ 4 .r

L B Pt

Feedback

[/ Low bata cast + Feedback-guided Exploration +/ Evolving Training |

Figure 1: (a) Expert-Supervised. Agents learn from
human-collected expert trajectories, incurring high data
collection costs and limited generalization. (b) Static
Synthetic. LLMs generate synthetic data in an of-
fline and open-loop manner, yielding a static and non-
adaptive training set. (c) Agent-Data Co-Evolution.
Agents learn from tasks that evolve through feedback-
driven interaction, enabling adaptive training without
human supervision.

ily rely on human-written demonstrations, where
experts manually interact with the environment to
construct trajectory datasets. These curated trajec-
tories are then used to train the agent’s policy, as
illustrated in Fig. 1(a). While effective on simple
tasks, this reliance on manually curated data intro-
duces several critical limitations: (1) Collecting
interaction data in real environment is prohibitively
expensive, with a single trajectory often requiring
several minutes or more of human expert effort.
Given the limited availability of expert time, broad
exploration of the environment becomes difficult.
(2) More fundamentally, these expert demonstra-
tions represent static snapshots of interaction pat-
terns and fail to cover the long-tail variations found
in real-world settings (Wang et al., 2025c). As
a result, agents trained on such data struggle to
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generalize beyond the observed distribution. For
instance, a web navigation agent may fail entirely
if a button label changes from “Book Now” to “Re-
serve Now” (Giir et al., 2023).

The challenge of insufficient and static data has
led to significant interest in synthetic data gener-
ation (Zhai et al., 2025; Mai et al., 2025a; Ding
et al., 2024; Ye et al., 2024). A typical pipeline,
illustrated in Fig. 1(b), prompts a large language
model (LLM) with environment descriptions and
task specifications to explore the environment. By
leveraging its world knowledge and reasoning ca-
pabilities, the LLM generates synthetic trajecto-
ries that are subsequently used to train the agent.
While synthetic data reduces reliance on human
annotation, it is typically generated through ran-
dom exploration guided solely by the LLM’s world
knowledge, without any feedback from the agent’s
actual performance or interaction signals. There-
fore, the environment exploration remains shallow
and incomplete, failing to sufficiently cover diverse
environment configurations. Moreover, the gener-
ated data still constitutes a static corpus that cannot
adapt to the agent’s evolving capabilities, leading
to inefficient training that neither targets specific
weaknesses nor supports continual improvement.

To address these issues, we propose CoEvolve,
an agent-data mutual evolution framework in which
the agent and its training distribution evolve jointly
through interaction-driven feedback, as shown in
Fig. 1(c). Our core idea is to use feedback signals,
such as forgetting signals, to identify failure-prone
interaction patterns and guide LLM-based task dis-
covery accordingly. Unlike previous methods that
rely on static datasets, CoEvolve synthesizes new
tasks targeting the agent’s current weaknesses, vali-
dates them in the environment, and integrates them
into training without human supervision. This
closed loop allows the agent to reshape its learn-
ing distribution (data evolving) while continually
overcoming its limitations (agent evolving).

We evaluate CoEvolve on two representative
benchmarks, AppWorld (Trivedi et al., 2024) and
BFCL (Patil et al.,, 2025), using Qwen2.5-7B,
Qwen3-4B, and Qwen3-30B-A3B as backbones
(Qwen, 2024b, 2025). By continuously synthesiz-
ing new tasks from training-time feedback, CoE-
volve improves average performance by 19.43%,
15.58%, and 18.14%, respectively, demonstrating
strong scalability and generalization across mod-
els and environments. Our contributions can be
summarized as follows:

* We propose CoEvolve, an agent-data mutual evo-
lution framework that alternates between agent
optimization and data distribution updates with-
out any human supervision.

» Unlike previous synthetic data generation based
on unguided random exploration, we incorporate
feedback signals (e.g., forgetting signals) into
LLM-based environment exploration.

* CoEvolve yields large gains over baseline models
(e.g., Qwen3-4B) across interactive benchmarks
(e.g., AppWorld), demonstrating its effectiveness
in complex environments.

2 Related Work

Large Language Model Agents. Recent work has
shown that large language models (LLLMs) can be
instantiated as autonomous agents capable of long-
horizon reasoning and action through iterative inter-
action with environments. Early frameworks such
as ReAct (Yao et al., 2023) and Reflexion (Shinn
et al., 2023) demonstrate that coupling reasoning,
tool use, and feedback enables LLMs to solve com-
plex multi-step tasks, while later systems further
enhance planning and memory for more persis-
tent behaviors (Zhu et al., 2025). Despite these
advances, most existing LLM agents are trained
via imitation learning on static collections of ex-
pert trajectories (Nakano et al., 2021; Wang et al.,
2023), which fundamentally limits exploration and
constrains learning to the coverage of pre-collected
data (Shinn et al., 2023). In contrast, our work de-
parts from this static paradigm by enabling agents
to learn in a dynamic, self-evolving training process
without relying on fixed expert demonstrations.

Trajectory Synthesis for Agent Training. To
reduce reliance on expert demonstrations, recent
work explores synthetic trajectory generation for
training LLLM agents (Yu et al., 2025). Most prior
approaches generate trajectories in an offline or
weakly adaptive manner, including open-loop syn-
thesis with reflection or correction (Ye et al., 2024;
Ding et al., 2024; Chen et al., 2025c,b), as well
as large-scale pipelines based on tutorials, scripted
exploration, simulators, and self-training (Pahuja
et al., 2025; Xu et al., 2024; Hoang et al., 2025;
Yuan et al., 2025; Wang et al., 2025¢; Song et al.,
2024; Wang et al., 2025a). Recent extensions intro-
duce more autonomous exploration or structured
curricula (Wang et al., 2025b; Ramrakhya et al.,
2025; Zhang et al., 2025b; Xiao et al., 2025; Chen
et al., 2025a; Zhang et al., 2025a), yet trajectory
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Figure 2: Overview of the CoEvolve framework. The agent is trained with GRPO, and feedback signals are
extracted from rollout trajectories (Stage 1). These signals guide signal-conditioned re-exploration via an LLM
(Stage 2) and are transformed into validated tasks to evolve the training set (Stage 3). This closed-loop process

enables CoEvolve without human supervision.

generation remains largely open-loop, loosely cou-
pled to the agent’s evolving failure modes. In con-
trast, our method closes this loop by using envi-
ronment feedback to synthesize trajectories on de-
mand, enabling continuous adaptation of the train-
ing distribution. Conceptually, CoEvolve also dif-
fers from recent self-improving or curriculum-style
frameworks that refine trajectories for a fixed pool
of queries or generate variants around seed tasks.
Our feedback is used to drive the agent back into
the interactive environment to discover new exe-
cutable queries and states, so data evolution is not
limited to rewriting or filtering an offline query set.

3 Method

We propose CoEvolve, an agent-data co-evolution
framework for training LLM agents without hu-
man supervision. In this section, we first introduce
agent training on synthetic tasks and the extrac-
tion of weakness signals from rollout trajectories
(Section 3.1). Then, Section 3.2 details how these
signals are used as feedback to prompt LLM-based
re-exploration for new task discovery. Section 3.3
finally describes how the discovered interactions
are abstracted and validated into executable tasks
and incorporated into training. The overall frame-
work is illustrated in Fig. 2.

3.1 Training and Signal Extraction

Training on Synthetic Tasks. At training iter-
ation ¢, we maintain a task set D; consisting of
executable synthetic tasks. The initial task set Dy
is obtained via unguided exploration by a large lan-
guage model interacting with the environment. As
training proceeds, newly synthesized and validated
tasks (described in later stages) are appended to Dy,
allowing the task distribution to evolve together
with the agent.

For a task x € D;, we sample a group of K
trajectories {7} | ~ mp(- | x) and assign each
trajectory a scalar reward R(7y). The agent is opti-
mized using Group Relative Policy Optimization
(GRPO) (Guo et al., 2025) by maximizing:

K |7kl

——— > _CLIP(r.4(6), Ay, ¢)

Zk 1|Tk"k 1t=1

- B ’ ]D)KL[T"B H 7Tref] )

J(0) =

e

mo(af|sf)
Toyq (af |sy)
and CLIP(r, A, €) = min[r- A, clip(r,1—¢, 1 +¢)-
AJ. Here A}, denotes the group-relative advantage,
Tref 18 a fixed reference policy, and [ weights the
KL regularization term.

where 7, .(0) = is the importance ratio,
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Signal Extraction. Beyond policy optimization,
rollout trajectories generated during training con-
tain instances of agent underperformance. To iden-
tify such weaknesses, we analyze these trajectories
and define three types of behavioral signals: forget-
ting signals, boundary signals, and rare signals.

(1) Forgetting Signals. Following (Toneva et al.,
2018), we use forgetting signals to detect cases
where the agent previously succeeded on a task but
now fails under the current policy. Let spow € [0, 1]
denote the task-level score of the current trajectory
Tnow> computed from the environment’s terminal
reward or task-specific evaluation signal. For each
task (or task type), we maintain a sliding window
of recent scores:

Hrecent - {St—W+17 seey St}a

where W is the window size. A forgetting signal is
triggered if

35; € Hrecent Such that s; > 0.5 and

This condition indicates that the agent has previ-
ously succeeded on the task but now fails under the
current policy. The current trajectory is marked as
a forgetting signal and added to the set of signal-
annotated trajectories.

(2) Boundary Signals. These signals identify
tasks on which the agent exhibits high outcome
variability under a fixed policy within a single train-
ing iteration. For a task x € D,, we sample a group
of K trajectories {7}, ~ my(- | x), and ob-
tain their normalized outcomes R(7) € [0,1]. A
boundary signal is triggered if the sampled trajec-
tories include both successful and failed outcomes:

37;,7; such that R(r;) > 0.5 and R(7;) < 0.5.

This condition captures tasks for which the agent’s
behavior is unstable, indicating proximity to the
decision boundary. For any task that satisfies this
condition, all sampled trajectories are marked as
boundary signals and added to the set of signal-
annotated trajectories.

(3) Rare Signals. These are defined as action
patterns that have low empirical frequency over
training yet recur across multiple trajectories, indi-
cating systematic underexploration instead of one-
off stochastic events (Shyalika et al., 2024). We
extract an action pattern p from each trajectory and
maintain its cumulative occurrence count ¢,. Let

Snow < 0.5.

N denote the total number of observed patterns.
When N > Ny, a rare signal is triggered if
Cp 0

7<7

N <100

cp >0,

where § € (0,100) is a predefined frequency
threshold (e.g., @ = 5) that controls the rarity cri-
terion. All trajectories containing such patterns
are marked as rare signals and added to the set of
signal-annotated trajectories. A single trajectory
may trigger multiple signal types simultaneously.
We evaluate forgetting, boundary, and rare signals
independently and keep all activated signals be-
cause they capture complementary weaknesses.

3.2 Signal-Guided Environment
Re-exploration

Given the signal-annotated trajectories identified
in the previous stage, we perform signal-guided
environment re-exploration to collect interaction
data that targets the agent’s identified weaknesses.

Signal-Conditioned Context Construction. For
each signal-annotated trajectory, we provide the
full interaction history to a large language model
(LLM) and prompt it to reflect on the trajectory.
Each trajectory contains the task description, the
agent’s executed action sequence, and the corre-
sponding environment feedback. Based on this
information, the LLM summarizes the underlying
failure cause or behavioral instability that triggered
the signal and produces a structured exploration
context, which characterizes where and how the
agent fails or behaves unstably.

LLM-Guided Re-exploration. Conditioned on
the constructed context, the LLM is used to re-
explore the environment to discover alternative
behaviors. For each context, exploration is con-
ducted along two orthogonal dimensions: (i) multi-
round exploration, where multiple independent ex-
ploration runs are initiated from the same context to
encourage behavioral diversity; and (ii) multi-step
exploration, where each exploration run proceeds
for multiple interaction steps, allowing the LLM
to revise its actions based on intermediate observa-
tions. During re-exploration, at each step, the LLM
produces an action a;, the environment returns an
observation o;, and the interaction is recorded. As
a result, the output of this stage is a collection of
step-level interaction triplets (a, o, id), where id
denotes the exploration rollout to which the step
belongs. These triplets are subsequently grouped
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AppWorld-TestN

AppWorld-TestC BFCL-V3

Model Avg.
TGC SGC TGC SGC Multi-turn
Closed-source LLMs
Claude-Sonnet-4.5 73.81 55.36 49.88 32.37 69.00 56.08
GPT-4 30.40 21.40 14.60 9.30 54.00 25.94
Gemini-2.5-Flash 53.57 32.14 40.05 20.14 41.50 37.48
Open-source Models
DeepSeek-V3.2 47.02 30.36 22.78 9.35 41.50 30.20
GPT-OSS-20B 17.86 3.57 5.52 0.00 14.00 8.19
LLaMA-3.3-70B 31.54 8.92 16.31 4.32 26.00 17.42
Gemma-3-27B 23.81 7.14 9.83 0.72 16.50 11.60
Baseline and CoEvolve
Qwen2.5-7B-Instruct 1.19 0.00 0.72 0.00 13.50 3.08
-w/ CoEvolve 27.98 (126.79) 12.50 (112.50) 8.39 (17.67) 2.16 (12.16) 61.50 (148.00) 22.51 (119.43)
Qwen3-4B-Instruct 16.67 5.36 791 2.16 26.50 11.72
-w/ CoEvolve 35.71 (119.04) 14.28 (18.92) 17.03 (19.12) 6.47 (14.31) 63.00 (136.50) 27.30 (115.58)
Qwen3-30B-A3B 31.55 12.50 19.90 5.76 43.50 22.64
-w/ CoEvolve 54.76 (123.21) 33.93 (121.43) 31.65 (+11.75) 16.55 (110.79) 67.00 (123.50) 40.78 (118.14)

Table 1: Performance comparison on AppWorld (Test-Normal TGC/SGC and Test-Challenge TGC/SGC) and
BFCL-V3 (Multi-turn base). Results are reported for closed-source LL.Ms, open-source models, and the backbones
with and without CoEvolve. Improvements introduced by CoEvolve are indicated by 1.

by task and serve as the input to the next stage for
task abstraction and validation.

3.3 Task Abstraction and Validation

Given the step-level action-observation triplets col-
lected during the above stage, we next synthesize
new executable tasks to update the task set D;.

Triplet Aggregation and Task Abstraction. We
first group the collected interaction triplets by
their associated task, where each group aggregates
action-observation pairs from multiple exploration
rollouts under the same task context. These groups
capture diverse behavioral evidence on how the
task may be completed. We then prompt a large
language model to abstract each group into a task-
level specification. Instead of copying step-level
interactions, the model identifies the user intent,
formulates a concise task query, and derives a plau-
sible action sequence as a solution. This process
transforms triplets into task-solution pairs.

Environment Validation. Each synthesized task-
solution pair is validated through execution in the
environment. Specifically, we instantiate the envi-
ronment associated with the task and provide the
generated task query and action sequence to an
LLM agent for execution. If the execution success-
fully completes the task objective, the synthesized

task is accepted. If execution fails but the envi-
ronment returns a positive reward, the task is also
retained. Tasks that fail both criteria are discarded.
Validated tasks are appended to the current task
set D;, forming the updated training distribution
for the next iteration. By iteratively abstracting,
validating, and incorporating new tasks, this stage
allows the training data to adapt to the agent’s weak-
nesses, completing the co-evolution loop.

4 Experiments

4.1 Experimental Setup

We evaluate our method on two widely used bench-
marks: AppWorld (Trivedi et al., 2024) and BFCL-
V3 Multi-Turn Base (Patil et al., 2025). For App-
World, we report results on the official Test-Normal
(TestN) and Test-Challenge (TestC) splits, using
Task Goal Completion (TGC) and Scenario Goal
Completion (SGC) to measure final task success
and scenario-level execution accuracy, respectively.
For BFCL-V3, we follow the standard Multi-Turn
Base protocol and evaluate on the provided valida-
tion set, reporting multi-turn success rate.

4.2 TImplementation Details

We implement all experiments with the VeRL
framework (Sheng et al., 2025). Specifically,
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Figure 3: Dynamics of CoEvolve during training. (a) Performance comparison between CoEvolve and the baseline
on AppWorld as training progresses. (b) Number of detected signals across training steps. (c) Evolution of the data
distribution, showing the relationship between original and synthesized tasks at different stages. (d) Conversion
from detected weakness signals to newly generated training tasks over training. Together, the figure shows how
feedback signals guide data generation, reshape the data distribution, and support stable performance improvement.

Backbone AppWorld TestN (TGC) BFCL-V3

Zero-shot  GRPO  CoEvolve  Zero-shot GRPO  CoEvolve
Qwen2.5-7B-Instruct 1.19 26.78 27.98 13.50 56.00 61.50
Qwen3-4B-Instruct 16.67 28.57 35.71 26.50 58.00 63.00
Qwen3-30B-A3B-Instruct 31.55 48.81 54.76 43.50 64.00 67.00

Table 2: Comparison with zero-shot and GRPO on AppWorld TestN and BFCL-V3. CoEvolve is built on top of
GRPO and yields complementary gains across model scales.

Qwen2.5-7B-Instruct and Qwen3-4B-Instruct are
trained on one node with 8 NVIDIA H20 GPUs,
while Qwen3-30B-A3B-Instruct is trained on 16
H20 GPUs. We use GRPO with a constant learn-
ing rate of e—6, n=8 samples per prompt, and KL
coefficient e—3. Rollout temperature is 0.9.

4.3 Main Results

Table 1 reports the main results on AppWorld and
BFCL-V3, comparing closed-source LLMs, strong
open-source baselines, and our backbone models
trained with and without the proposed framework.

Overall Performance. CoEvolve consistently im-
proves performance across all evaluated backbones,
starting from weak instruction-following baselines.
On Qwen2.5-7B, the average score increases by
19.4; Qwen3-4B improves by 15.6. These gains
close the gap with much larger open-source mod-
els (e.g., DeepSeek-V3.2 at 30.20). Notably, all

improvements are achieved without any human an-
notation or handcrafted task design, highlighting
the scalability of CoEvolve as a broadly applicable
training strategy rather than a model-specific trick.

Results on AppWorld and BFCL-V3. On Ap-
pWorld, CoEvolve brings +23.21 / +21.43 gains
(TGC/SGC) on the challenge split and +11.75 /
+10.79 on the normal split for Qwen3-30B-A3B, in-
dicating that CoEvolve more effectively addresses
failure-prone, unstable, and underexplored inter-
action patterns targeted by the proposed training-
time feedback signals. On BFCL-V3, it improves
Qwen2.5-7B-Instruct by +48.0 and Qwen3-4B-
Instruct by +36.5, with smaller models benefiting
more from feedback-driven training.

Comparison with Closed-source LLMs. CoE-
volve enables mid-sized open models to outperform
several closed-source baselines, despite lacking ac-
cess to proprietary data. On BFCL-V3, Qwen3-4B
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Training Phase AppWorld BFCL  Avg.
Zero-shot (Qwen3-4B) 16.67 26.50  21.59
+ Synthetic Data 28.57 58.00  43.29
+ Random Exploration 30.36 60.50 4543
+ Feedback 35.71 63.00 49.36

Table 3: Ablation study of different training phases
on Qwen3-4B across two benchmarks (AppWorld and
BFCL). “Avg.” denotes the mean success rate across Ap-
pWorld and BFCL, showing that each phase contributes
incremental gains, with the best performance achieved
after incorporating feedback.

Dimension Value AppWorld BFCL
50 26.79 53.00

Initial Data Size (V) 100 35.12 63.00
200 38.10 60.00

5 35.71 58.00

Gen. Frequency (F) 10 35.12 63.00
20 33.93 57.50

Table 4: Hyperparameter sensitivity analysis for Qwen3-
4B on AppWorld and BFCL benchmarks. We investi-
gate the impact of initial synthetic data size (V), and
generation frequency (F).

with CoEvolve reaches 63.00, surpassing GPT-4
(54.00) and Gemini-2.5-Flash (41.50). These re-
sults suggest that CoEvolve improves generaliza-
tion to complex interactions rather than overfitting
to task environments.

Comparison with GRPO. CoEvolve extends stan-
dard GRPO by introducing feedback-guided data
evolution during RL training. Table 2 shows that
CoEvolve consistently improves over GRPO across
all three backbones, confirming that closed-loop
data evolution provides complementary improve-
ments on top of GRPO, rather than replacing it.

4.4 Ablation Study

Unless otherwise specified, all ablation experi-
ments are conducted using the Qwen3-4B-Instruct
backbone. For AppWorld, we report task-level goal
completion (TGC) scores on the TestN split.

Dynamics of Agent—-Data CoEvolve. Fig. 3 shows
how agent performance, detected signals, and syn-
thesized data evolve throughout training. Perfor-
mance improves steadily (0.21 — 0.35), while
the baseline rises initially before falling (0.17 —
0.29 — 0.23), indicating more stable optimiza-
tion under closed-loop training. Generated tasks
expand into previously underrepresented regions
(Fig. 3(c)), showing that synthesis produces diverse,

Forgetting Signal
60 [ Boundary Signal

[ Rare Signal
51.4%

45.5%

29.8% 29.9%

24.6%

Percentage (%)

20 18.8%

AppWorId BF'CL

Figure 4: Distribution of extracted signals on AppWorld
and BFCL. Boundary signals dominate (51.4% on Ap-
pWorld and 45.5% on BFCL), followed by forgetting
and rare signals.

non-redundant data. The number of detected sig-
nals drops from 269 to 204 (Fig. 3(b)), suggesting
progressive resolution of failure-prone cases. The
pass rate of signal-driven tasks improves from 0.71
to 0.85 and stabilizes at 0.80 (Fig. 3(d)), confirm-
ing the effectiveness of feedback-guided genera-
tion. Overall, these trends support CoEvolve’s core
design: using feedback signals to adaptively re-
shape data distribution and target evolving model
weaknesses.

Effect of Closed-loop CoEvolve. Table 3 shows an
ablation study on Qwen3-4B, isolating the impact
of each training stage. Starting from a zero-shot
baseline (21.59), static synthetic data already pro-
vides a strong boost (43.29), confirming the value
of offline task construction. Adding random ex-
ploration brings further gains (45.43), indicating
that online trajectory generation can help. How-
ever, the most significant improvement comes from
incorporating feedback signals, which raises the
average score to 49.36. Compared with random ex-
ploration, feedback-guided generation yields con-
sistent gains on AppWorld (30.36 — 35.71) and
BFCL-V3 (60.50 — 63.00), underscoring the im-
portance of using model feedback to shape the
evolving training set.

Hyperparameter Sensitivity. Table 4 shows that
both initialization size (NN) and generation fre-
quency (F) affect performance. N = 100 gives the
best BFCL score (63.00), while N = 200 improves
AppWorld (38.10) but slightly degrades BFCL. For
F, F' = 5 achieves the highest AppWorld score
(35.71), while F' = 10 yields the best BFCL score
(63.00). Overly sparse updates (F' = 20) degrade
both. These results suggest that moderate initializa-
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Training Configuration AppWorld BFCL  Avg.
CoEvolve 35.71 63.00 49.36
w/o Forgotten Signals 30.36 60.00 45.18
w/o Rare Signals 33.92 60.50 47.21
w/o Boundary Signals 33.33 61.00 47.17

Table 5: Ablation study on feedback signals for Qwen3-
4B. Each row represents the performance after removing
a specific type of feedback-driven sample.

Training Domain AppWorld BFCL
Zero-shot Baseline (Qwen3-4B) 16.67 26.50
AppWorld (Ours) 35.71 45.00
BFCL (Ours) 19.04 63.00

Table 6: Cross-domain transferability analysis of
Qwen3-4B. The diagonal entries represent intra-domain
performance, while off-diagonal entries indicate zero-
shot generalization to unseen tool-use environments.

tion and sufficiently frequent updates are important
for feedback-driven training.

Ablation and Distribution of Feedback Signals.
To better understand the role of individual feed-
back signals, we analyze both their distribution and
their impact on performance. As shown in Figure 4,
boundary signals account for the largest proportion
across both AppWorld (51.4%) and BFCL (45.5%),
followed by forgetting and rare signals. This sug-
gests that agents frequently struggle at decision
boundaries and with previously learned cases, jus-
tifying their use as guidance for task synthesis. Ta-
ble 5 further shows that removing any single sig-
nal leads to performance degradation, confirming
their complementary value. In particular, forgetting
signals contribute the most, with a drop of nearly
4 points (49.36 — 45.18), reflecting their utility
in correcting regressions during training. Bound-
ary and rare signals also provide meaningful gains
(1.6~1.9), indicating their importance in expos-
ing edge cases and long-tail scenarios. Together,
these results validate that CoEvolve benefits from
a diverse signal set rather than a single heuristic.

Cross-domain Generalization. Table 6 evalu-
ates whether CoEvolve-trained agents generalize
across domains. Training on AppWorld improves
zero-shot performance on BFCL from 26.50 to
45.00, and vice versa from 16.67 to 19.04. While
in-domain performance remains highest (35.71,
63.00), the off-domain gains show that CoEvolve
learns transferable strategies beyond environment-
specific behaviors.
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Figure 5: Distribution of maximum cosine similarity
between synthesized tasks and their validation tasks.

Analysis of Data Diversity. Fig. 5 analyzes the
similarity between synthesized tasks and valida-
tion examples. Across both AppWorld and BFCL,
most samples fall within a moderate similarity
range (e.g., 0.4~0.7), with only a small fraction
approaching 1.0. This indicates that the synthe-
sis process produces novel tasks rather than near-
duplicates. The consistent patterns observed across
domains further suggest that the feedback-driven
exploration effectively guides task discovery, main-
taining meaningful data diversity without collaps-
ing into repetitive samples.

Behavioral Comparison with GRPO Baseline.
Table 8 compares CoEvolve against a GRPO-
trained baseline without closed-loop evolution. On
BFCL, CoEvolve preserves 53.00% of correct pre-
dictions and recovers 10.00% of previously failed
cases. On AppWorld, the corresponding numbers
are 19.04% and 16.67%. These results indicate
that feedback-driven training not only retains prior
strengths but also effectively corrects failure cases,
yielding more reliable and adaptive agent behavior.

Cost-Efficiency of CoEvolve. Table 7 evaluates
the additional training cost and corresponding per-
formance improvement brought by CoEvolve, com-
pared to a baseline that performs GRPO training
without closed-loop task generation. Across both
benchmarks, the CoEvolve framework introduces
only ~10% additional computation, yet leads to
clear absolute gains (+6.53 on AppWorld, +5.00
on BFCL) and substantial relative improvements
(+22.92%, +8.62%). Each feedback iteration in-
curs minimal cost, but collectively reshapes the
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Benchmark  Feedback Time Ratio  Single Feedback Cost  Total Time Performance Gain  Relative Gain
AppWorld 9.67% 811s 100,596s 28.57 — 35.12 +22.92%
BFCL 12.76% 480s 45,1445 58.00 — 63.00 +8.62%

Table 7: Cost and Efficiency of CoEvolve. CoEvolve introduces minimal computational overhead, yet yields
substantial performance gains across benchmarks, showing its effectiveness as an efficient training strategy.

Benchmark . Ours Correct Wrong
Baseline

BFCL Correct 53.00% 5.00%

Wrong 10.00%  32.00%

AppWorld Correct 19.04% 9.53%

Wrong 16.67%  54.76%

Table 8: Cross comparison between CoEvolve (Ours)
and the baseline on BFCL and AppWorld.

training distribution to better address model weak-
nesses. These results confirm that CoEvolve is not
only effective but also efficient, offering a favorable
trade-off between cost and performance.

5 Conclusion

We introduce CoEvolve, a reinforcement learning
framework that enables mutual evolution between
the agent and its data distribution. By extracting
feedback signals (e.g., forgetting signal) during
policy optimization and using them to guide task
synthesis, our method progressively adapts both
the agent’s capabilities and the data it learns from.
Extensive experiments on AppWorld and BFCL
validate its effectiveness and efficiency. We hope
this work inspires future research on agent evolu-
tion toward agents that can autonomously improve
via interaction-driven feedback.

Limitations

This work presents an exploration of feedback-
driven agent-data co-evolution using a limited set
of feedback signals, including forgetting signals,
boundary signals, and rare signals. While effec-
tive, these signals cover only a subset of poten-
tially informative feedback and may be further en-
riched in future work. In addition, the extracted
signals are derived from the agent’s own interac-
tion trajectories and therefore depend on the cur-
rent policy. At early stages of training, when the
agent’s behavior is still immature, the resulting sig-
nals may be noisy or incomplete, highlighting the
need for more robust feedback extraction under

low-competence regimes. Because CoEvolve au-
tonomously reshapes its training distribution, adver-
sarial or safety-critical settings may require human
oversight, policy constraints, and continuous audit-
ing before synthesized tasks are admitted into train-
ing. Future work should incorporate explicit safety
filters and risk-triggered review so that feedback-
driven adaptation remains controllable.
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A Appendix

A.1 Dataset

For completeness, we summarize the datasets used
in both the main paper and the appendix-only trans-
fer experiments. Besides AppWorld and BFCL, the
appendix additionally reports results on ALFWorld
and WebShop to assess transfer beyond API-centric
settings.

AppWorld. AppWorld is a simulated environ-
ment for real-world digital service interactions, cov-
ering applications such as calendar, email, music,
and social platforms. Agents solve tasks via Python
API calls (e.g., “find the most-liked song in my Spo-
tify playlists™), typically requiring multi-step rea-
soning and cross-app information aggregation. We
report Task Goal Completion (TGC) and Scenario
Goal Completion (SGC). TGC measures success
on an individual task, while SGC measures whether

all tasks within a scenario are completed success-
fully, reflecting broader consistency across related
subtasks.

BFCL. BFCL (Berkeley Function Calling
Leaderboard) evaluates function/tool calling
ability, including multi-turn, parallel, and nested
tool-use scenarios. We use the BFCL v3 Multi-turn
subset for evaluation and we evaluate models
using multi-turn function calling accuracy. A
test case is considered successful only if the
model selects the correct function and generates
semantically and syntactically valid arguments
at every turn of the interaction. Any error at an
intermediate step results in failure of the entire
instance. This metric therefore provides a strict
measure of long-horizon tool-use consistency,
reflecting the model’s ability to maintain correct
function semantics and parameter grounding
across multi-step interactions.

WebShop. WebShop (Yao et al., 2022) is an inter-
active environment that simulates an e-commerce
shopping scenario. An agent interacts with the envi-
ronment through two actions, search[query] and
click[element], to complete natural-language
shopping requests via product search, attribute fil-
tering, and purchase decisions. We evaluate perfor-
mance using the attribute-matching score between
the final selected product and the user request.

ALFWorld. ALFWorld (Shridhar et al., 2021) is
a text-only environment derived from household
embodied tasks in ALFRED. It requires an agent
to solve long-horizon tasks in partially observable
indoor environments through textual actions for
navigation, container operations, and object ma-
nipulation. The task set includes pick-and-place,
examination, cleaning, heating, cooling, and multi-
object placement scenarios. We report success rate,
where an episode is counted as successful only
when the full goal is completed.

A.2 Implementation Details

We use the VeRL framework to train the agent with
GRPO. The detailed hyperparameters are summa-
rized in Table 9. For Qwen2.5-7B-Instruct and
Qwen3-4B-Instruct, training is conducted on a
single machine equipped with 8 x NVIDIA H20
GPUs (Tensor Parallel = 1), while Qwen3-30B-
A3B-Instruct is trained across two machines with
8x H20 GPUs each (Tensor Parallel = 2). During
training, each interaction episode is capped at 30
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Parameter Value
Learning rate le—6
Group size (n) 8
Training batch size 32
Optimizer AdamW
Clip ratio low 0.20
Clip ratio high 0.28

KL coefficient le—3
Rollout temperature 0.9

Evaluation temperature 0

Max response length 4096

Reward signal success = 1, failure = 0
Max interaction step 30

Table 9: Hyperparameters for RL training.

environment steps for AppWorld and BFCL, and
15 steps for WebShop and ALFWorld. Exceeding
these limits is treated as task failure. Unless other-
wise specified, we initialize the synthetic task set
with 100 tasks, train for a total of 120 steps, and re-
generate feedback data every 10 training steps. We
use Qwen3-Max (Team, 2025) as the exploration
LLM.

We compare against closed-source LLMs
(Claude Sonnet 4.5 (Anthropic, 2025), GPT-
4 (Achiam et al., 2023), and Gemini-2.5-
Flash (Comanici et al., 2025)) and open-source
LLMs (DeepSeek-V3.2 (Liu et al., 2025), GPT-
0OSS-20B (Agarwal et al., 2025), LLaMA-3.3-
70B (Grattafiori et al., 2024), and Gemma-3-
27B (Kamath et al., 2025)). We also report results
for backbone models (Qwen2.5-7B-Instruct (Qwen,
2024a), Qwen3-4B-Instruct (Qwen, 2025), and
Qwen3-30B-A3B-Instruct (Qwen, 2025)) with and
without CoEvolve.

A.3 Additional Experiments and Analyses

Comparison with adaptive data-generation
methods on diverse environments. We further
evaluate whether the gains of CoEvolve transfer
beyond API/function-calling tasks. To this end,
we compare CoEvolve with zero-shot, GRPO, and
adaptive data-generation baselines, including Re-
flexion (Shinn et al., 2023) and ReST (Gulcehre
et al., 2023), on ALFWorld (Shridhar et al., 2021),
BFCL, AppWorld, and WebShop (Yao et al., 2022)
under the same Qwen3-4B-Instruct backbone.
Table 10 shows that CoEvolve transfers beyond
function-calling environments. Under the same
Qwen3-4B-Instruct backbone, it consistently out-

performs all baselines across ALFWorld, BFCL,
AppWorld, and WebShop. In particular, CoEvolve
beats Curriculum Learning and ReST (Gulcehre
et al., 2023) on ALFWorld and WebShop, and sur-
passes Reflexion (Shinn et al., 2023) and Curricu-
lum Learning on BFCL and AppWorld. These
results suggest that the gains of CoEvolve extend
to broader interactive settings such as household
decision-making and web navigation.

Task Validation for Abstracted Tasks. Table 11
examines the role of task validation during ab-
stracted task generation on BFCL (Multi-turn Base)
and AppWorld (TestN). In this ablation, we re-
move the validation step that filters abstracted tasks
through environment execution, while keeping all
other components unchanged.

Removing task validation leads to a clear and
consistent performance degradation across both
benchmarks. On BFCL, the score drops from 63.00
to 58.50, while on AppWorld the performance de-
creases more sharply from 35.71 to 27.38. These
results indicate that without validation, a substan-
tial portion of synthesized tasks are either noisy or
misaligned with the environment dynamics, which
in turn degrades downstream training.

This ablation highlights the importance of valida-
tion as a critical component of the feedback-driven
data evolution process. By grounding abstracted
tasks in actual environment execution, validation
ensures that newly added data reflects executable
and informative interactions rather than spurious
abstractions. As a result, task validation plays a key
role in maintaining the quality of the evolving train-
ing distribution and enabling effective agent—data
co-evolution.

Controlled study of exploration model quality
and feedback. Table 12 controls the external ex-
ploration model used for both initial synthesis and
re-exploration on BFCL, while keeping the training
model fixed to Qwen3-4B-Instruct. Each row uses
the same external model for the “Synthesis Only”
baseline and the full CoEvolve variant, so the gap
isolates the contribution of feedback-guided data
evolution rather than model substitution alone.
The results support two conclusions. First,
stronger exploration models raise the attainable
ceiling (Qwen3-4B < Qwen-Plus < Qwen-Max),
which is expected and consistent with intuition.
Second, under the same exploration model, adding
feedback improves over the corresponding “Only
Synthesis” baseline, showing that CoEvolve bene-
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Method ALFWorld BFCL AppWorld WebShop
Zero-shot 30.00 26.50 16.67 5.00
Reflexion 35.00 31.00 18.45 10.50
Curriculum Learning 78.57 54.50 29.17 78.60
ReST 77.94 52.00 32.74 77.20
GRPO 77.85 58.00 28.57 75.00
CoEvolve 82.86 63.00 35.71 80.60

Table 10: Comparison with adaptive data-generation methods on four interactive environments using Qwen3-4B-

Instruct.

i \

Transfer a duplicate of 'test document.txt’ over to the archives folder and rename it

‘final_document.txt’
# stepl

cp(source="test_document.txt',destination="archives")

# step2
cd(folder="archives"')
# step3

mv(source="'test_document.txt',destination="final_document.txt")

Create a non-empty test file named "test.txt’, copy it to 'test_copy.txt', and verify both files

have identical content.

# stepl
touch(file_name="test.txt")
# step2

echo(content="This is test content for boundary case exploration.', file name='test.txt')

# step3

cp(source="test.txt', destination="test_copy.txt')

# stepd
cat(file_name="'test.txt"')

# steps
cat(file_name="test_copy.txt"')

Figure 6: BFCL-V3 cases. Simple File Copy/Rename vs. Constraint-Based Copy with Content Verification

Setting BFCL  AppWorld
Default 63.00 35.71
+ w/o validation 58.50 27.38

Table 11: Impact of removing validation for abstracted
tasks, using Qwen3-4B-Instruct. Metrics are on BFCL
Multi-turn Base and AppWorld Test-Normal.

fits from framework design beyond simply swap-
ping in a stronger external model.

Similarity-controlled task synthesis. To better
understand the relationship between task relevance
and final performance, we group synthesized BECL
tasks by their maximum similarity to validation
tasks into low, medium, high, and mixed settings.
The mean similarity of the low, medium, and high

Exploration Model Synthesis Only CoEvolve
Qwen3-4B 53.00 56.50
Qwen-Plus 54.00 59.50
Qwen-Max 58.00 63.00

Table 12: Exploration-model study on BFCL under
matched external models.

bins is 38.43%, 53.28%, and 64.73%, respectively.

As shown in Table 13, these results provide
two insights. First, performance is non-monotonic
across single similarity bins, suggesting that simi-
larity alone does not determine final performance.
Second, the mixed setting performs best, indicating
that balancing relevance and diversity across sim-
ilarity levels is more effective than concentrating
synthesis on a single range.
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Setting BFCL
High-similarity synthesis 56.50
Medium-similarity synthesis  59.00
Low-similarity synthesis 56.50
Mixed synthesis 63.00

Table 13: Similarity-controlled synthesis on BFCL us-
ing Qwen3-4B-Instruct.

Setting BFCL
N =25 52.00
N =500  58.00
F=2 62.00
F =40 58.00

Table 14: Extended hyperparameter sensitivity on BFCL
with Qwen3-4B-Instruct.

Extended hyperparameter range. We further
evaluate hyperparameter values beyond the range
considered in the main paper to test robustness out-
side the budgeted setting in Table 4. CoEvolve re-
mains reasonably robust beyond the reported range,
while more extreme settings mainly introduce a
trade-off between data quality and update cadence
rather than changing the overall conclusion.

A.4 Analysis of Interaction Turns.

Figure 7 compares the distribution of interaction
turns between original and synthesized trajectories
on BFCL. Relative to the original data, synthesized
tasks exhibit a noticeable shift toward higher step
counts and a heavier tail, indicating that they more
frequently involve longer interaction sequences and
multi-step dependencies. This distributional differ-
ence suggests that feedback-driven task synthesis
tends to generate structurally more complex in-
teraction scenarios, rather than concentrating on
the short-horizon tasks that dominate the original
dataset. In contrast, the original data shows a more
concentrated distribution over interaction length,
covering a narrower range of step counts. By in-
troducing tasks with longer interaction sequences,
CoEvolve expands the coverage of the training
data distribution at the level of interaction structure.
Overall, these observations indicate that feedback-
driven data evolution can alter the distribution of
interaction lengths in a systematic manner. This
shift is consistent with the design goal of CoEvolve,
which aims to complement static datasets by dy-

0.8 Original
Synthesized

o
)

0 2 4 6 8
Interaction Turns

Figure 7: Distribution of interaction turns in BFCL-V3
for original versus synthesized tasks.

namically discovering underrepresented interaction
patterns, without making claims beyond the data
distribution itself.

A.5 Diversity and Relevance Analysis.

We provide the diversity and relevance metrics used
to evaluate the quality of the generated tasks.

Diversity. Diversity is measured using Self-
Redundancy @k (SR@k). Specifically, based on
sentence embeddings of the synthesized task in-
tents, we compute, for each task, the average cosine
similarity to its k nearest neighbors. Lower SR@k
indicates less redundancy among tasks and thus
higher diversity. The SR @k metric is calculated as
follows:

1 1

(i y;) 2
FEKNNy (4)

Relevance. We measure relevance using the Rel-
ative Energy Distance (ED,)), which quantifies
the distributional discrepancy between the target
(ground-truth) task-intent distribution (e.g., human-
annotated intents or a predefined target distribu-
tion) and the generated task intents. Lower ED, ]
indicates that the generated tasks better match the
desired/true task distribution. The relative energy
distance is:

ED(X,Y)
Eizi||z: — 2|2

EDyel = 3)
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Step SR (%) ED,¢ (%)
10 22.57 0.92
20 28.61 3.11
30 16.16 0.76
40 19.11 0.24
50 26.14 1.65
60 21.24 0.79
70 17.91 0.37
80 19.82 0.50
90 22.78 1.20
100 14.76 -0.11
110 22.22 0.46
120 25.92 1.49

Mean 21.44 0.95

Variance  17.30 0.73

Table 15: Trend of SR and ED,) Across Steps

Table 15 presents the trends of SR (Self-
Redundancy) and ED,| (Relative Energy Distance)
across training steps. The mean SR is 21.44%, indi-
cating a moderate level of redundancy among syn-
thesized task intents, while the relatively high vari-
ance (17.30%) highlights significant fluctuations
in redundancy across different steps. Similarly, the
mean ED, is 0.95%, reflecting a stable alignment
between the generated and target task distributions,
with a much lower variance (0.73%) compared to
SR. Such observations suggest distinct behaviors
of redundancy and distribution alignment within
the synthesis process.

A.6 Synthetic Sample Analysis.

We show representative synthetic and validation
examples from AppWorld (Fig. 8) and BFCL-V3
(Fig. 6). On BFCL, the original sample reflects a
typical short-horizon tool-usage pattern (3 steps:
copy — cd — rename) where success is mostly de-
termined by the final state, while the synthetic sam-
ple is a longer-horizon BFCL-style task (5 steps)

Module Prompt
Figure

Exploration system/user prompts Fig. 9

Signal-specific exploration Fig. 10

guidance

Signal-conditioned context Fig. 11

summarization

Task abstraction Fig. 12

Task validation Fig. 13

Table 16: Prompt-to-module mapping for feedback
loop.

that explicitly requires state construction and cor-
rectness verification (create a non-empty file, copy
it, then inspect both files to confirm identical con-
tent). This increases the number of interaction
rounds, tightens step dependencies, and introduces
explicit constraints and validation, thereby better
stressing multi-round task planning and correctness
checking. On AppWorld, the original sample is es-
sentially a single-query information retrieval task
wrapped in tool calls: log into Spotify, fetch the
currently playing track, look up the artist, and re-
turn the artist’s follower count—despite multiple
API-doc lookups, the logic is mostly linear and the
success criterion is one scalar value. In contrast,
the synthetic sample is a multi-step state-changing
workflow with conditional control: it must authen-
ticate via the supervisor/password flow, fetch the
current queue, fetch the user’s liked songs, com-
pute a set difference to identify only unliked tracks,
and then iterate to like each remaining song. This
increases interaction rounds (about 8 vs. 11), in-
troduces cross-endpoint state alignment (queue vs.
liked library), adds non-trivial intermediate com-
putation (ID extraction and filtering), and carries
higher risk (avoiding duplicate likes), highlighting
the greater compositional complexity and longer-
horizon execution that synthetic AppWorld tasks
are designed to stress.

Across both BFCL and AppWorld, the original
samples are mostly linear, short-horizon tasks with
simple end-state or single-answer goals, while the
synthetic samples require more rounds, stronger
cross-step dependencies, intermediate reasoning
(e.g., filtering/set-difference), and explicit cor-
rectness constraints/verification—therefore better
reflecting higher compositional complexity and
longer-horizon tool-use.
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A.7 Prompts Used in the Feedback Loop.

We briefly describe the prompt templates used
throughout the exploration and data evolution
stages. These prompts define how the exploration
model is instructed to generate candidate trajecto-
ries, interpret different feedback signals, and trans-
form raw interaction traces into reusable training
tasks. Table 16 maps each critical LLM call to its
corresponding template.

Specifically, Fig. 9 shows the general prompt
templates used for exploration, including the
system-side prompt that specifies the role and con-
straints of the exploration model, and the user-side
prompt that provides task context and feedback
information. These prompts establish the basic
interaction protocol for task proposal.

To specialize exploration toward different fail-
ure modes, we further design signal-conditioned
prompt templates for three types of training-time
feedback signals: forgetting, rare events, and
boundary cases, as illustrated in Fig. 10. Each
template explicitly conditions the exploration pro-
cess on the corresponding signal, encouraging the
model to generate tasks that target the agent’s ob-
served weaknesses.

Fig. 11 shows the prompt used for this signal-
conditioned summarization step. Given the sig-
nal type and the full trajectory evidence, it ex-
tracts a concise recap of the failure case, identifies
the likely failure cause or instability pattern, and
produces structured fields such as focus patterns,
exploration objectives, and “do-not-repeat” con-
straints. This intermediate representation serves
as the bridge between low-level rollout traces and
the downstream exploration prompts, ensuring that
subsequent exploration is grounded in concrete be-
havioral evidence rather than loosely conditioned
on the signal name alone.

After candidate tasks are proposed, task vali-
dation and abstraction are handled by dedicated
prompt templates. Fig. 13 presents the prompt used
to verify task executability through environment in-
teraction, ensuring that only valid tasks are retained.
Fig. 12 shows the abstraction prompt, which con-
verts validated interaction traces into concise and
reusable task specifications suitable for training.

A.8 Use of Large Language Models.

During manuscript preparation, we use large lan-
guage models (LLMs) to (i) improve grammar and
spelling without altering the intended scientific con-

tent, and (ii) provide lightweight coding assistance
(e.g., scripts and formatting help). All reported nu-
merical results, analyses, and claims are produced
by the authors. The authors design the methods,
conduct the experiments, and verify the findings.
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How many people follow the artist of the currently playing song on Spotify?

#stepl
print(apis.spotify.login(username="allisoncalhoun@gmail.com",password=spotify_password))
#step2

print(apis.spotify.get_now_playing(access_token=spotify_access_token))

#step3

print(apis.api_docs.show_api_descriptions(app_name="spotify"))

#stepd
print(apis.api_docs.show_api_doc(app_name="spotify",api_name="show_current_song"))
#step5

print(apis.spotify.show_current_song(access_token=spotify access_token))

#step6

print(apis.api_docs.show_api_doc(app_name="spotify", api_name="show_artist"))
#step7

print(apis.spotify.show_artist(artist_id=artist_id))

#step8
print(apis.supervisor.complete_task(answer=artist_details["follower_count"]))

Like every song currently in my Spotify queue, but only if | have not already liked it before?

# stepl

print(apis.api_docs.show_app_descriptions())

# step2

print(apis.api_docs.show_api_descriptions(app_name="supervisor'))

# step3

print(apis.supervisor.show_profile())

# stepd

passwords = apis.supervisor.show_account_passwords()

spotify_password = next(p["password"] for p in passwords if p["account_name"] == "spotify")

login_result = apis.spotify.login(username="'carbrown@gmail.com', password=spotify_password)
spotify_access_token = login_result["access_token"]
# step5
print(apis.api_docs.show_api_descriptions(app_name="spotify'))
# stepé6
print(apis.api_docs.show_api_doc(app_name='spotify', api_name='show_song_queue'))
# step7
song_queue = apis.spotify.show_song_queue(access_token=spotify_access_token)
# step8
print(apis.api_docs.show_api_doc(app_name="spotify', api_name='show_liked_songs'))
# step9
liked_songs =apis.spotify.show_liked_songs(access_token=spotify access_token)
# steplo
queue_song_ids = {song["song_id"] for song in song_queue}
liked_song_ids = {song["song_id"] for song in liked_songs}
songs_to_like = [song for song in song_queue if song["song_id"] not in liked_song_ids]
for song in songs_to_like:
apis.spotify.like_song(access_token=spotify access_token, song_id=song["song_id"])
# stepll
apis.supervisor.complete_task()

Figure 8: AppWorld cases. Now-Playing Artist Followers Lookup vs. Conditional “Like Queue” with Dedup
Filtering.
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You are exploring based on specific
guidance to help improve an Al agent's
capabilities.

## Your Task:

1. Observe the current environment state
and identify available actions

2. Analyze available actions and determine
which ones will help with the exploration goal

3. Select a relevant action and execute it in
the required format

4. Focus on thorough exploration of the
targeted area

# Action Format:
{action_format}

## Instructions:

— Choose only one action at a time

— Carefully read the environment
description and task instructions

— Ensure that the action is in the correct
format

— Do not use undefined actions

— Always include a valid action and action
tags in your reply

— First enter your reason, then enter your
action

{exploration_guidance}

## Environment Description:
{initial_obs}

## Recent History:
{history_text}

Please select an appropriate action based on
the exploration goal and current state.

Figure 9: Prompt templates for exploration: (a) system-

side prompt and (b) user-side prompt.

Exploration Goal: Reinforce Forgotten Skills
The agent previously succeeded but now
FAILS on this type of task.

Your exploration should:

1. Practice the exact operations from the
context below

2. Create variations with different parameters
3. Connect this skill to related operations

4. Build up from simple to complex usage
Context of forgetting:

{context}

Focus on thorough practice of these specific
operations.

Exploration Goal: Explore Rare Scenarios
The agent encountered a RARE scenario that
needs more exposure.

Your exploration should:

1. Explore variations of the scenario below
2. Try different parameter combinations

3. Test edge cases and boundary conditions
4. Collect diverse examples of this rare pattern
Context of rare event:

{context}

Try to discover and document various forms
of this scenario.

Exploration Goal: Explore Boundary Cases
The agent's performance is BORDERLINE (
near success/failure threshold).

Your exploration should:

1. Explore boundary conditions for these
operations

2. Try similar tasks with slight parameter
variations

3. Focus on distinguishing factors between
success and failure

4. Collect examples at various difficulty levels
Context of boundary case:

{context}

Focus on understanding what makes the
difference between success and failure.

Figure 10: Prompt templates for three types of explo-
ration signals: (a) forgetting, (b) rare event, and (c)
boundary case.
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You are an expert at analyzing trajectory—level failure and behavioral instability for an LLM agent.
Analyze the following feedback signal and trajectory evidence:

Feedback Signal:
— Signal: {signal}

Trajectory Evidence:
{trajectory_context}

Your goal is to extract a structured exploration context that captures:
1) A concise recap of this trajectory

2) Why failure or instability happened

3) Which patterns or behaviors should be re—explored

4) What mistakes should be explicitly avoided

Return a JSON object with this schema:
{

"summary": "concise recap of the current trajectory evidence (task, key actions, and feedback
outcome)",

"failure_cause": "1-3 sentence root cause of failure or instability",

"instability_pattern": "1-2 sentence pattern summary",

"focus_pattern": ["pattern or behavior to focus on", "..."],
"exploration_objectives": ["concrete exploration objective”, "..."],
"do_not_repeat": ["common mistake to avoid", "..."]

}

Rules:

— Ground every statement in the provided evidence.

— Keep the output concise and actionable.

— First produce “summary" from the trajectory evidence, then derive the other fields from that
summary.

Figure 11: Prompt template for signal-conditioned trajectory summarization.
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You are a #Task Abstraction Expert:. Your specialty is to inspect an agent's
interaction history and distill concrete, goal—oriented tasks from it.

YOUR JOB

1. Inspect the interaction tuples (history, action, observation).

2. Identify the specific goal or task the agent is attempting to achieve.

3. Abstract each goal into a clear, concise #:xtask descriptions s, a sxquery::
(suitable for search or training), and the #+minimal action sequence::
that successfully completes the task.

ABSTRACTION RULES
— Focus on clear, goal—directed behaviour; ignore purely random exploration.

— Please include as many steps as possible in ActionSequence.

— Group similar behaviour patterns into the same task.

— Every task must have =:at least ones* action sequence that was executed successfully.

— Each task needs an explicit completion criterion.

— All actions listed in an action sequence must be valid and directly executable.

— Ensure all actions are combined into a minimum sequence from initial state to completion.
— The ActionSequence should have at least 3 steps.

OUTPUT FORMAT
For every task you identify, output exactly one block in the form below:
{output_format}

Figure 12: Prompt template for task abstraction.
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You are a strict task evaluation expert. Your goal is to determine whether the following multi—step
agent trajectory successfully completed the assigned task.

# Task Details

— Task Description: {task_description}

— Query: {query}

— Expected Outcome (API Call or Result): {ground_truth}
— Action Modality: {modality_hint}

# Execution Summary
— Trajectory Summary:
{trajectory_summary }

— Final Observation: {final_observation }
# Evaluation Instructions

Carefully analyze the trajectory to determine if the task was truly completed. Specifically,
consider the following aspects:

1. =+ API Matching=x: Did the agent correctly call the required APIs according to the task
requirements?

2. =xParameter Usage:: Were the parameters used in API calls correct and sufficient?

3. «xLogical Flow=:: Was the sequence of steps logical without unreasonable skips?

4. «+Final Results:: Did the final state achieve the expected outcome, reasonably solve the task,
obtain all necessary information, and complete the task objectives?

5. =«xFailed or Skipped Steps:: Were there any critical errors, skipped steps, or invalid code that
prevented the task from being actually executed?

# Format Your Response Strictly As:

Success: [true/false]
Reason: [Concise and specific explanation, referring to the above criteria.]

Note: Ignore all Connection timeout or No valid action, because it is very likely that it is the
former. Do NOT mark the task as successful if the correct API was never called, the parameters
were incorrect, or the result was not achieved, even if the intent seemed right.

Figure 13: Prompt template for task validation.
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