Reinforcement Learning for Self-Improving Agent with Skill Library
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Abstract

Large Language Model (LLM)-based agents
have demonstrated remarkable capabilities in
complex reasoning and multi-turn interactions
but struggle to continuously improve and adapt
when deployed in new environments. One
promising approach is implementing skill li-
braries that allow agents to learn, validate, and
apply new skills. However, current skill library
approaches rely primarily on LLM prompting,
making consistent skill library implementation
challenging. To overcome these challenges, we
propose a Reinforcement Learning (RL)-based
approach to enhance agents’ self-improvement
capabilities with a skill library. Specifically,
we introduce Skill Augmented GRPO for self-
Evolution (SAGE), a novel RL framework that
systematically incorporates skills into learn-
ing. The framework’s key component, Sequen-
tial Rollout, iteratively deploys agents across
a chain of similar tasks for each rollout. As
agents navigate through the task chain, skills
generated from previous tasks accumulate in
the library and become available for subse-
quent tasks. Additionally, the framework en-
hances skill generation and utilization through
a Skill-integrated Reward that complements
the original outcome-based rewards. Experi-
mental results on AppWorld demonstrate that
SAGE, when applied to supervised-finetuned
model with expert experience, achieves 8.9%
higher Scenario Goal Completion while re-
quiring 26% fewer interaction steps and gen-
erating 59% fewer tokens, substantially out-
performing existing approaches in both accu-
racy and efficiency. Our code is available at
https://github.com/amazon-science/SAGE.

1 Introduction

Large language model (LLM)-based agents have
been widely applied to automate complex tasks
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through active environmental interactions, includ-
ing coding agent (Yang et al., 2024; Novikov et al.,
2025), deep research (OpenAl, 2025), assistant
agent (Yao et al., 2024; Chen et al., 2025), and
web browsing (Yao et al., 2022; Zhou et al., 2024).
To enhance the performance of these multi-turn in-
teractive agents, researchers have successfully inte-
grated reinforcement learning (RL) techniques into
their frameworks (Chen et al., 2025; Qi et al., 2025;
Zhou et al., 2025a; Wang et al., 2025a). Recent
advances, particularly in reinforcement learning
with verifiable rewards (RLVR) (Shao et al., 2024;
Guo et al., 2025), have enabled effective end-to-end
agent training for improved performance (Jin et al.,
2025). However, despite RL’s effectiveness, sig-
nificant limitations persist: RL-trained agents are
often limited to specific training scenarios (Zheng
et al., 2024a; Li et al., 2024). When deployed in
new environments, they struggle to demonstrate
continual learning capabilities to effectively utilize
valuable on-going experiences for future tasks.

To address these limitations, one potential solu-
tion is enabling agents to transform their previous
interaction experiences into reusable skills, which
can be stored in a skill library for future reference.
When agents encounter similar tasks, these pre-
viously acquired skills can be leveraged through
experience replay to improve task success rates,
particularly in scenarios that were not encountered
during training but experienced during deployment.
Furthermore, since each skill is composed of a list
of actions, utilization of these skills can enhance
agent efficiency by condensing complex action se-
quences into reusable operations.

Recent research has made significant strides in
enabling agents to compose reusable skills (Wang
et al., 2024a; Cai et al., 2024; Nguyen et al., 2024;
Wang et al., 2024c; Zheng et al., 2025; Wang et al.,
2025b). For instance, Wang et al. (2025b) focuses
on inducing high-level web browsing skills from
successful action trajectories, transforming primi-
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def spotify_get_playlists(access_token):
page_index = 0
playlists = []
while True:
playlist_page = apis.spotify.
show_playlist_library(access_token, page_index)
if playlist_page:
playlists.extend(playlist_page)
page_index += 1
else:
break
return playlists
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Figure 1: Iustration for Skill Library Agent an

tive actions like click and search into more complex
operations such as search product. While these
works have demonstrated the effectiveness of skill
libraries for deployed agents, they predominantly
rely on manually crafted prompts for skill genera-
tion and utilization. This prompt-based approach,
however, is inherently constrained by the instruc-
tion following capabilities of the base model, lim-
iting both the quality and adaptability of the skill
library.

In this paper, we explore enhancing agents’ self-
improvement capabilities through RL with a skill
library. Given the diverse frameworks of agents for
various tasks, we focus specifically on tool-using
agents that interact with environments through API
calls and receive corresponding feedback. Our
implementation extends the CodeAct framework
(Wang et al., 2024b), which enables agents to com-
pose code by combining multiple APIs with ba-
sic programming constructs (such as for loops)
to solve complex tasks. Building upon this foun-
dation, we develop a specialized framework for
self-improving agents with skill library (referred
to as skill library agents for simplicity). Unlike
previous frameworks such as Agent Skill Induc-
tion (Wang et al., 2025b), which typically define
reusable skills only after task completion, we im-
plement a unified format for both task solving and
skill generation, following Nguyen et al. (2024).
In our approach, when the agent model interacts
with the environment through APIs, it generates
programmatic functions that can be saved as skills

§ Rollout =1L Task Success Reward 1. g4, ¢, success ‘ Skill Generation
S Iter1 'g' 1. Save Skill 2. Generated Skill Reward

= Task q; Used by g, ZN  Extra

=3 »
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3 Rollout . ‘ @ 2. Use SklII Skill Library 1. g2 success ‘ skill Usage
S |ter2 2. Use Skill Reward

= Task Task Success Reward Generated by g,

d Sequential Rollout with Skill-integrated Reward.

and subsequently called to execute, rather than us-
ing multiple APIs directly. Given that in-context
prompting struggles to adapt open-source models
to this newly proposed skill library agent, super-
vised fine-tuning (SFT) is first applied before RL
using high-quality trajectories collected through
expert experience generated by advanced LLMs.

Based on the SFT model, we propose a novel RL
framework for skill library agents. Traditional RL
approaches typically consider rewards only for in-
dividual examples, limiting their scope to ongoing
task performance. For skill library agents, the focus
is on developing high-quality, reusable skills while
improving accurate skill usage from the library for
task optimization. To realize this, we extend Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024) and propose Skill Augmented GRPO for
self-Evolution (SAGE), consisting of Sequential
Rollout and Skill-integrated Reward. Instead of
single-task trajectories, the agent is trained with
chains of similar tasks. We implement the Sequen-
tial Rollout process on the task chain, where skills
generated in the previous tasks are preserved and
made available for use in the following ones. Under
this framework, the final Skill-integrated Reward is
computed as the sum of two components: the veri-
fiable outcome-based reward and an extra reward
for high-quality skill generation and utilization.

To evaluate the effectiveness of SAGE for skill li-
brary agents, we conducted experiments on the Ap-
pWorld dataset (Trivedi et al., 2024), where agents
interact with their environment through API docu-
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mentation lookup, API calls, and logical program-
ming constructs to solve complex practical tasks.
AppWorld utilizes the Scenario Goal Completion
(SGC) metric, which measures the success rate
of scenarios where all three similar tasks within
a scenario are successfully completed. This met-
ric effectively evaluates how well generated skills
transfer across similar tasks. After applying SAGE
to Qwen2.5-32B-Instruct, we observe significant
improvements compared to prompting-based ap-
proaches. Our method achieves more than 3x SGC
score (60.7% vs. 19.6%) while requiring less than
half of generated tokens (1,475 vs. 2,988). Anal-
ysis of skill utilization reveals that agents trained
with SAGE demonstrate more than 2x success rates
(0.72 vs. 0.31) when utilizing learned skills.

Furthermore, our approach achieves state-of-the-
art performance on both Test Normal and Test Chal-
lenge datasets compared to previous training meth-
ods which also applied RL but without a skill li-
brary. For example, our method achieves 72.0%
Task Goal Completion (TGC) and 60.7% SGC with
an average of 12.1 interaction steps and 1,475 gen-
erated tokens on the Test Normal set. This repre-
sents substantial improvement over baseline train-
ing with GRPO, which achieved 69.2% TGC and
51.8% SGC while requiring 16.4 average steps and
3,613 tokens. These improvements demonstrate
the effectiveness of our approach in enhancing both
task performance and efficiency through the skill
library agent.

2 Related Work

LLM-based Agent. Recent advancements in
instruction-tuned LLMs have enabled them to fol-
low user instructions for interacting with exter-
nal environments as autonomous agents. Various
frameworks have been developed to enhance these
backbone LLLMs’ capabilities in performing agentic
tasks. Yao et al. (2023) pioneered a "reason-then-
act" pipeline, guiding LLMs to generate interactive
actions for agents after a text reasoning process.
Erdogan et al. (2025) extended this approach by
incorporating an additional planning phase. Ad-
ditionally, Wang et al. (2024b) demonstrated that
generating executable Python code and then run
it within a code interpreter could significantly im-
prove agent performance. To further enhance agent
capabilities, researchers have applied both super-
vised fine-tuning (Schick et al., 2023; Chen et al.,
2023; Zeng et al., 2024; Zhang et al., 2024) and re-

inforcement learning (Song et al., 2024; Bai et al.,
2024; Wang et al., 2025a; Chen et al., 2025; Qi
et al., 2025; Zhou et al., 2025a) to develop more
effective and adaptive agent backbone LLM:s.
Self-Improving Agent with Skill Library. While
RL algorithms have enabled agents to self-improve
through valuable experiences explored during roll-
outs (Zhou et al., 2025b; Putta et al., 2024; Qi et al.,
2025), enabling continuous self-improvement after
deployment, especially in new environments, re-
mains challenging. Wang et al. (2024a) pioneered
the use of a skill library to record successful be-
haviors for later retrieval in Minecraft exploration.
Subsequently, numerous studies have demonstrated
the effectiveness of such skill libraries across vari-
ous agentic tasks, including web exploration (Wang
et al., 2024c; Zheng et al., 2025; Wang et al.,
2025b), computer control (Zheng et al., 2024b; Wu
et al., 2024), and math problems (Nguyen et al.,
2024). These skills can take two forms: natural
language experience memories serving as a refer-
ence, or executable skills that can be directly im-
plemented in the environment. In this paper, we
focus on leveraging RL to enhance agents’ self-
improvement capabilities by teaching them to gen-
erate executable skills for the skill library during
test time.

3 Method

In this section, we first introduce our skill library
agent and distinguish it from existing approaches.
We then present our novel RL framework SAGE,
which is specifically designed to integrate the skill
library during training process. An illustrative fig-
ure of the skill library agent and the key component
of SAGE, Sequential Rollout with Skill-integrated
Reward, is shown in Figure 1.

3.1 Skill Library Agent

Before implementing RL, we first need to develop a
self-improving agent that integrates the skill library
for tool-using agents. This framework will serve
as the foundation for RL rollout process and task
evaluations.

Existing frameworks for skill library agents,
such as Agent Skill Induction (Wang et al., 2025b),
Agent Workflow Memory (Wang et al., 2024c),
and Voyager (Wang et al., 2024a), typically de-
fine reusable skills after completing entire tasks.
While this approach allows agents to observe com-
plete task trajectories before determining skill defi-
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nitions, it limits the RL process in two ways: (1) In
long-horizon tasks, the additional skill generation
process further extends the context length, poten-
tially exceeding the model’s limitations; (2) The
separation between task execution and skill gen-
eration creates an inconsistency that may impact
learning effectiveness.

To address these limitations, we follow the Dy-
naSaur approach (Nguyen et al., 2024) and imple-
ment a unified format for both task solving and skill
generation. Specifically, when interacting with API
environments, the agent model first defines a func-
tion and then calls it to process the task. This newly
defined function is directly saved into the skill li-
brary. By eliminating the need for an additional
LLM to summarize the skill, our continuous agent
trajectory enables online RL. An example of the
format difference is presented in Appendix A.

Formally, given a task set (), our agent is de-
signed to perform online learning from start to
finish with a skill library M, which can be ini-
tialized with either an empty set or previously de-
fined skills. For each task ¢ ~ @, the agent first
retrieves a skill subset [aq, ..., ax] from the skill
library M and adds them into context before per-
forming the task. After that, the agent can auto-
matically perform the following actions to interact
with the skill library: (1) Skill Usage: Perform
skill a; € [a1, ..., ai] to process the task; (2) Skill
Generation: Define a skill function a@ composed of
multiple actions aimed at solving the task and then
immediately call it to process the task; (3) Skill
Update: If the skill a, either from the skill library
or newly defined, fails to execute, update the skill
and recall it to process the task; (4) Skill Save: If
the skill can be executed without error, add the new
skill or update the existing skill in the skill library
M. Additionally, direct API calls are allowed for
cases where defining a function skill is unnecessary
for task processing.

3.2 SAGE for Skill Library Agent

We begin the description of our SAGE framework
by introducing the preliminary GRPO algorithms,
followed by our specifically-designed components
for skill library agents: Sequential Rollout and
Skill-integrated Reward.

3.2.1 Preliminary

In this paper, we build our SAGE based on GRPO
(Shao et al., 2024). For each query g, GRPO first
samples a group of outputs {01, ...,0c} from the

old policy mg_,, and then optimizes the policy by
maximizing the following objective:

Jarro(0) :E[qNQ,{oi}iG:lNWeold(O|Q)]
1 G 1 |oi] .
a Z ol Z{min[si,tAi,t,
i=1 "t =1

~

Cllp (Si,tv 1-— €, 1 + 6) Ai7t] — ﬁDKL}

70,,,(0,t14,0i,<t)

and [ is the ratio of KL penalty between pol-
icy model 7y and reference model 7. /L-,t is
the advantage calculated based on the relative re-
wards of the outputs inside each group. Given
rewards r = {ry,ro,...,7¢} of the outputs un-

der the same group, the advantage is defined as
n r; —mean(r)

Ay = std(r)

where s;; = , € is the clip ratio

3.2.2 Sequential Rollout

A principled method to augment agents’ self-
improving ability with skill library is through end-
to-end RL. However, skill generation and usage
processes often need multiple tasks to reveal the
quality of skills. One potential solution to enabling
the end-to-end RL is that instead of one task, we
could give the agent a chain of tasks. Then a se-
quential rollout process is performed across these
tasks, enabling the agent to progressively accumu-
late skills in its library throughout the task chain.
Any skills learned in earlier tasks could be used in
subsequent tasks. In this way, rewards signal from
the successful usage of skills in later tasks can be
back-propagated to the skill generation in the previ-
ous tasks. To ensure that the generated skills can be
immediately applied to subsequent tasks, we con-
struct the sequential tasks with examples sharing
similar instructions.

While a longer task chain with multiple exam-
ples would better approximate practical sequential
evaluation processes on the whole test set, it would
significantly increase training costs. For simplicity,
this paper focuses on task chains containing only
two examples. A detailed discussion of Sequential
Rollout with extended task chains is provided in
Appendix B.

3.2.3 Skill-integrated Reward

Unlike baseline RL that relies on outcome-based
rewards, our training framework incorporates addi-
tional rewards specifically designed for the agent’s
interactions with the skill library. For this purpose,
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we introduce the Skill-integrated Reward. Specifi-
cally, we aim to encourage two additional behaviors
across a two-example task chain: skill generation in
the first example and skill utilization in the second
example.

Formally, let 7,2 € [0, 1] denote the verifiable
outcome-based rewards of the task chain (¢!, ¢?)
collected from Sequential Rollout, where the skills
generated by ¢! are directly utilized by ¢. We
formulate Skill-integrated Rewards R' and R? as:

R' = vl 4+ 1[r! = 1) % 1[r? = 1] * L (4?|q")
R2 =72+ 1[r2 = 1] * Lyu(¢®lqh)

where indicator 14;(q%|q') denotes whether ¢?
uses skills generated by ¢'; and 1[r = 1] repre-
sents whether the outcome-based reward equals 1,
i.e. successful task completion. To ensure the skill
library agent adheres to a specific format that gen-
erates code for each interaction, we impose a -1.0
penalty reward specifically on responses where the
agent provides no code and terminates the task.

3.24 SAGE

After collecting the rollout trajectories and comput-
ing the corresponding rewards, we implement our
Skill Augmented GRPO for self-Evolution (SAGE)
to train the skill library agent. Following Chen et al.
(2025), we choose not to use the KL. divergence
penalty and the advantage would not be normalized
by standard deviation of the rewards.

Given the current policy mp and the old pol-
icy mg,,,, we first sample task chains from the
original data distribution: (¢',¢?) ~ Q. For
each task pair, we then perform G group rollout
{7}, ~ 7., (|(q*, ¢?)), where 7; represents the
Sequential Rollout trajectory collected by sequen-
tially processing (¢!, ¢?). To differentiate outputs
for each task query in 7;, we define of € 7; as
the 7™ output for ¢* in the group, where k is the
chain index. The current policy is then optimized
by maximizing the following objective function for
skill library-integrated GRPO:

=1 %
=1

Tagent(0) = E(g1 2)~0 4738, ~moy (1(a"a)

1 8.2 |of | A
G Z Z |oF| Z{min[sﬁtAf,
(2

i=1 k=1 t=1
Kk ik
clip (Si,t’ 1—€1+ e) A7}

7r9(071,'€,t|qk7-/\/lf“:707’;€,<t) . and Ak; —
ﬂgold(Of‘thk,/\/l?;,oﬁ<t)) ’ v

RY —mean({R}|i = 1,2,..,G}). sF, represents

B
where Sip =

the importance sampling term; flf’ is the advan-
tage computed by the Skill-integrated Reward Rf;
Mf’ denotes the skill library integrated with the
query ¢¥ for group . Here M is an empty set and
Mf includes skills generated when performing qil.
Since our skill library agents need multi-turn inter-
actions with the environments to process the task,
the outputs |0¥| only consider the LLM generation
contents, while the observations from the environ-
ment are masked.

The key differences between our approach and
the original GRPO described in Section 3.2.1 are
highlighted in red. In our method, due to the Se-
quential Rollout mechanism, the expectation is
computed across the task chain. Notably, within the
same group, the generations 012 are derived from dif-
ferent skill libraries M?, unlike the original GRPO
where generations stem from identical queries.

4 Experiments

We begin this section with the details of our experi-
mental settings followed by the presentation of our
main results. Further analysis and ablation studies
are conducted to better demonstrate the effective-
ness of SAGE.

4.1 Experimental Settings

AppWorld Dataset. To evaluate the effectiveness
of SAGE for skill library agents, particularly for
those designed for long-horizon tool usage, we
adopt the AppWorld dataset (Trivedi et al., 2024).
In the AppWorld dataset, agents are required to
complete everyday digital tasks (e.g.,transferring
money to roommates) by consulting API documen-
tation and executing API calls through generated
code. Unlike other API usage datasets, AppWorld
provides a high-quality execution environment that
simulates 9 everyday apps (e.g., Spotify) with to-
tally 457 APIs and features interactions with over
100 simulated users. For an accurate evaluation,
each task incorporates a manually written program
that evaluates the final environment state against
predefined criteria, producing a completion rate
(0-1) that serves as our outcome-based reward.
AppWorld provides a suite of 750 tasks divided
into four divisions: Train (105), Dev (60), Test-
Normal (168) and Test-Challenge (417). We uti-
lize the Train set for all training steps, including
SFT and subsequent SAGE. The Dev set guides the
best checkpoint selection during training. Evalu-
ation is performed on both Test-Normal and Test-
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Challenge splits. Besides, the Test-Challenge set
requires the agent to use APIs from apps that are
absent from the Train, Dev, and Test-Normal sets.
This design specifically evaluates the models’ abil-
ity to generalize to unfamiliar APIs.

Notably, the 750 tasks come from 250 scenarios,
each consisting of three tasks sharing similar in-
structions under different simulated users. This
scenario-based structure of AppWorld makes it
well-suited for Sequential Rollout. By default, we
directly sample two tasks from a single scenario to
form the sequential rollout task chain.

Base Model. To ensure a fair comparison with the
previous work (Chen et al., 2025) on AppWorld,
we used Qwen?2.5-32B-Instruct (Qwen, 2024) as
our base model for training purpose.

Skill Library Agent. Following the ReAct agent
(Yao et al., 2023) as presented in the AppWorld
paper (Trivedi et al., 2024), we implemented our
skill library agent with a specifically designed in-
context example and detailed instructions to guide
the base model in using the skill library to perform
complex tasks. The detailed prompt of our skill
library agent is presented in Appendix C. Regard-
ing skill retrieval, we employed an idealized case
during sequential rollout where skills are retained
and utilized only within the same scenario in the
task chain. This approach eliminates the need for
a retrieval model, significantly simplifying the RL
rollout processes.

Baseline GRPO. Since the baseline method LOOP
(Chen et al., 2025) does not provide source code
or model, and their paper does not report agent
efficiency metrics, it is challenging to make a di-
rect, fair comparison. Therefore, we implemented
our own baseline training using the GRPO method
without Skill Library for comparison purposes. Fol-
lowing Chen et al. (2025), our baseline GRPO re-
moves the KL divergence penalty and calculates
advantage using the mean reward within the group
instead of normalizing by the standard error. The
only difference between our baseline GRPO and
LOOP is that we perform strictly on-policy RL
without PPO epochs. More training settings of
Baseline GRPO are presented in Appendix D.
SAGE. Initial RL experiments with open-source
models revealed their limited capabilities in fol-
lowing instructions when integrated with our
skill library agent, despite carefully designed
prompts. This limitation resulted in insufficient
self-improvement capabilities, hampering the gen-
eration of high-quality sequential rollouts neces-

sary for our SAGE. Thus, we first implemented
supervised fine-tuning prior to RL using an expert
experience dataset. To be specific, we employed
an advanced model, Claude 3.5 Sonnet V2, as the
expert to produce high-quality trajectories within
the skill library agent. The experimental details
of expert data generation for SFT are shown in
Appendix E. Based on the SFT model, we then
performed our SAGE with sequential rollout and
skill-integrated reward. Details of training parame-
ters and processes are listed in Appendix F.
Evaluation. Our default evaluation setting lever-
ages the scenario structure provided in AppWorld.
Consistent with the training setting, the skill library
is shared exclusively within a single task scenario.
The agent executes the three tasks within each sce-
nario sequentially. Skills generated during earlier
tasks accumulate in the library and become acces-
sible for subsequent ones. Although this default
setup assumes an ideal case where scenario labels
are provided, we conduct additional experiments in
our ablation study with alternative retrieval meth-
ods to address real-world conditions where such
labels may not be available.

Metrics. We assessed performance using two pri-
mary metrics: Task Goal Completion (TGC) mea-
sures the accuracy of successfully completed in-
dividual tasks; and Scenario Goal Completion
(SGC) calculates the proportion of scenarios where
all three included tasks are successfully completed.
To evaluate efficiency, we counted average inter-
action steps (Avg. Steps) and average generated
tokens (Avg. Tokens) required for task comple-
tion, where fewer steps and tokens indicate more
efficiency. All reported numbers in this paper rep-
resent the average of three agent evaluation runs
using the same model.

4.2 Main Results

Table 1 presents our main results of SAGE com-
pared with various baselines. From the table,
we can observe that SAGE demonstrates signifi-
cantly improved performance compared to the base-
line GRPO, particularly a 8.9% improvement in
SGC (Scenario Goal Completion) on test normal
dataset. Since SGC measures the agent’s perfor-
mance across multiple related tasks within a sce-
nario, this improvement demonstrates our model’s
ability to effectively transfer and reuse skills across
similar tasks. Additionally, skill library agent
trained by SAGE significantly reduces average in-
teraction steps and generated tokens, with 59% less
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Table 1: Task Performance of SAGE compared with various baselines. Results of Methods marked with "*" are
taken from (Chen et al., 2025). In these cases, Avg. Steps and Tokens were not reported, thus denoted by "- -".

Test Normal Test Challenge
Base Model Methods TGC SGC  Avg. Steps Avg Tokens  TGC SGC  Avg. Steps  Avg. Token
Training Free Methods
GPT-40 ReAct* 488 32.1 302 13.0
OpenAl ol ReAct* 61.9 411 -- -- 36.7 19.4 -- --
Claude Sonnet 3.5 V2 ReAct 57.1 411 157 1,542 492 28.8 21.8 2,084
Qwen2.5 32B Instruct ReAct* 392+£35 18.6+2.0 -- 21.0£14 75+12 --
RL without Skill Library
Qwen2.5 328 Instruct LOOP* 713+13 53.6+22 -- 457+13 266%15 -- --
: i GRPO 692427 518+58 164202 36132200 407+15 269+15 219+0.1 5211+65
Our Approach
Skill Library Agent 30.7+3.1 19.6+14 134204 2988+73 153%17 7.0%12 187+04 4803117
Qwen2.5 32B Instruct  + SFT 552215 41.7+17 114205 1,340+65 372£12 209+18 162+03 1,909+ 80
+SAGE 720215 60.7+15 121202 1475+127 501£20 324+37 173+£03 1,807+29
tokens compared to the baseline agent trained by il Base Model
Il Usage = SFT

GRPO. This demonstrates that skill reuse can ac-
complish complex tasks more efficiently at lower
cost. Although our final results rely on SFT using
expert experience data generated by Claude, our RL
approach with the skill library enables open-source
models to surpass the expert performance.

For the results of our approach, we presented the
findings in a stepwise manner to better demonstrate
the improvements achieved at each stage (prompt-
ing based skill library agent, SFT, and SAGE). Ini-
tially, when compared to the baseline training-free
approach using the Qwen2.5 32B Instruction model
with ReAct agent, our skill library agent shows
lower performance, indicating the limitations of
prompt-based methods for self-improving agent
with skill library. The performance significantly
improves after SFT with expert experience gener-
ated by Claude, though still not surpassing the base-
line GRPO without skill library. This indicates that
merely imitating expert behaviors is insufficient
for optimized performance. Ultimately, our RL
method further enhances the SFT-trained model,
achieving superior performance compared to all
baselines. To better understand how our approach
enhances task performance with skill library, we
provide examples of actual task execution across
different agent models in Appendix G.

4.3 SKkill Library Usage Analysis

Though SAGE has reached state-of-the-art per-
formance on AppWorld, it remains unclear how
skill library are actually involved during evalua-
tion. This section provides a detailed analysis of
skill library usage patterns at each stage of our ap-
proach. We employ various metrics to evaluate skill

Rate 10

B SAGE
Success Skill
Usage Rate

Skill Library
Size

Used Skill
Num

0.0 05 10 15 20
Relative Change (Test Normal Set)

Figure 2: Analysis of Skill Usage Patterns. Performance
metrics are shown as ratios relative to Base Model base-
line, with numerical values annotated.

library utilization during evaluation. (1) Skill Us-
age Rate: Among examples with skill library, the
proportion that use skills; (2) Success Skill Usage
Rate: Among examples that use skills, the propor-
tion that reach successful task completion; (3) Skill
Library Size: Total number of generated skills in
the skill library; (4) Used Skill Num: Number of
skills in the skill library being used. The analysis
results are summarized in Figure 2.

Analysis of the results reveals that SAGE signif-
icantly improves both Skill Usage Rate and Suc-
cess Skill Usage Rate compared to previous steps.
This improvement demonstrates enhanced skill uti-
lization and self-improving capabilities developed
during the RL process.

We also observed that the Base Model exhibits
a high Skill Library Size and Skill Usage Rate,
indicating its fundamental ability to generate and
use skills in response to instructional prompts. Al-
though the Base Model generates more skills than
SAGE, its lower Used Skill Num and Success Skill
Usage Rate indicate limitations in both skill gen-
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eration quality and utilization effectiveness. To
investigate the cause of the Base Model’s larger
Skill Library Size, we conducted a qualitative anal-
ysis by manually comparing its generated skills
with those of SAGE. As illustrated by the examples
in Appendix H, some skills generated by the Base
Model only conduct a single API call rather than
complex combinations of multiple APIs, reflecting
lower generation quality. Quantitatively, we found
that 356 of 361 (approximately 99 %) skills gener-
ated by SAGE feature complex combinations (de-
fined as utilizing multiple API calls), compared to
only 362 of 439 (approximately 82 %) for the Base
Model. This further demonstrates that SAGE facil-
itates the generation of more sophisticated, high-
quality skills, yielding a smaller but significantly
more effective skill library.

Additionally, the SFT model only surpasses the
Base Model in Success Skill Usage Rate. This out-
come may be attributed to the limitations of SFT
from expert experiences. While these experiences
enhance overall performance, they appear insuffi-
cient for developing the model’s self-improvement
capabilities in skill generation and usage.

4.4 Ablation Studies

To further demonstrate the effectiveness of SAGE,
we perform ablation studies shown as follows:
Evaluation without Skills. To validate that the
inclusion of the skill library indeed contributes to
better performance, we conducted additional evalu-
ations of the skill library agent but with an empty
skill library, on the test normal dataset.

Table 2: Stepwise performance of skill library agent
compared with no skills involved.

Step  With Skill Test Normal

TGC SGC Avg. Steps  Avg. Tokens

Skill Library v 307+3.1 196+14 134+04 2988+73
Agent X 347+£30 149+£3.1 164+05 3,704+139
SFT v 552+15 41.7+1.7 114£05 1,340+65

X 548+2.1 399+22 135+0.1 1,611 £11

SAGE v 72015 60715 12.1+02 1475+127

X 71.4£0.5 548+08 160+02 1,937+81

As shown in Table 2, all agent models achieve
improved SGC scores with reduced average steps
and tokens when employing skills compared to
no skill settings. This improvement highlights the
importance of incorporating the skill library to en-
hance SGC performance and task efficiency, even
in the absence of training. However, we observe
a decline in TGC scores for Skill Library Agent.
This decline may be attributed to the models’ lim-

ited proficiency in skill utilization, resulting in in-
appropriate skill applications and consequent task
failures, as detailed in Section 4.3.

Skill Library Agent with Retrieval in Practice.
In practical applications, tasks often lack explicit
scenario information that would enable direct skill
acquisition from the same scenario as used dur-
ing training. To address this limitation, we imple-
mented an additional retrieval process that iden-
tifies and leverages relevant skills from previous
experiences during evaluation. Specifically, we
explored three different retrieval methods: Query
N-gram, Query Embedding, and Skill Embedding.

Table 3: SAGE with different retrieval methods.

. Test Normal
Retrieval Methods TGC SGC Avg. Steps  Avg. Tokens
Same Scenario 720+£1.5 60.7+15 12102 1475+127
Query N-gram 72.0£2.0 60.1+1.7 12703 1,466+ 101
Query Embedding 69.6+1.6 59.5+22 11.8+0.2 1,335+63
Skill Embedding 663 +0.7 56.0+0.8 145+0.3 1,692+10

The results in Table 3 show that retrieval method

selection significantly impacts performance. Care-
fully designed skill retrieval mechanisms can ap-
proach or even partially outperform the best per-
formance achieved under Same Scenario condi-
tions. A comprehensive description of each re-
trieval method, along with detailed results analysis,
can be found in Appendix 1.
Training without Scenario Information. Al-
though the AppWorld dataset naturally provides
scenario information where each scenario contains
three related tasks, our method does not rely on this
property. In fact, applying SAGE to a dataset with-
out such scenario labels requires only a minimal
additional preprocessing step. Specifically, we can
conduct a similarity search for each query in the
training set and record the top-k most similar tasks.
During Sequential Rollout, we simply sample one
task from these top-k neighbors to construct the
task chain for each query.

To demonstrate the feasibility of this similarity
search-based task chain construction, we masked
the original scenario labels and then reconstructed
the training set by sampling the nearest task for
each query to form the task chain based on the
similarity score computed using the SentenceTrans-
formers model (all-MiniLM-L6-v2) (Reimers and
Gurevych, 2019). With this new task chain con-
struction method, we then apply SAGE to the same
SFT model used in the main experiments. The
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results of SAGE on Test Normal without task sce-
nario labels compared with the original approach
are presented in Table 4. The Same Scenario setting
is the default setting used in our main experiments.

Table 4: SAGE with different task chain constructions.

Task Chain Test Normal
Construction TGC SGC Avg. Steps  Avg. Tokens
Same Scenario  72.0%+1.5 60.7+15 12102 1,475+127
Similarity Search 72.8+2.3 62529 13.0+03 1535114

As the results indicate, SAGE achieves compa-
rable performance even without access to scenario
labels, with slightly higher TGC and SGC scores
at a modestly increased cost. This demonstrates
that SAGE is not dependent on predefined dataset
structures and can be applied more broadly.
Reward Design. To demonstrate the effectiveness
of our Skill-integrated Reward design, we con-
ducted ablation studies comparing it with two alter-
native reward designs: Outcome-based Reward and
Chain-based Reward. Details of the alternative re-
ward designs and their corresponding formulations
are included in the Appendix J.1.

Table 5: SAGE with different reward designs.

Reward Design Test Normal

TGC SGC Avg. Steps  Avg. Tokens

Skill-integrated 72.0+1.5 60.7+1.5 12.1+£0.2 1475+127
Outcome-based 69.8+1.0 554+14 13.1+0.2 1,469 + 61
Chain-based  67.9+2.1 56.6+1.6 157+03 1,361+58

As shown in Table 5, our Skill-integrated Re-
ward design achieves superior TGC and SGC
scores compared to alternative reward designs. Re-
garding efficiency, while Skill-integrated Reward
yields the lowest Avg. Seps, it results in relatively
high Avg. Tokens. This trade-off likely stems from
skill usage reducing the number of steps while re-
quiring additional tokens for skill generation. We
further analyze the skill library usage behaviors
across different reward designs through additional
studies (similar to Section 4.3) in Appendix J.2.
RL Initialization. In this paper, we initialized
SAGE using SFT. To demonstrate the necessity of
using extra data for SFT before RL, we conducted
ablation studies with various initialization methods
including Base Model, Self-Distillation and RL
Warm-Up (detailed in Appendix K).

The comparative results in Table 6 demonstrate
that SAGE, when initialized with SFT on the expert

Table 6: SAGE initialized with different methods.

Initialization ~ Extra Test Normal
Method Data TGC SGC Avg. Steps  Avg. Tokens
Base Model X 40.7+£23 256+07 11.9%0.1 2,532+93
Self Distillation X 665+16 53.6+53 13.1+£04 2321+103
RL Warm-Up X 683+0.7 553+£38 16003 2,556+62
SFT vV 72015 60.7+1.5 12.1+02 1,475%127

experience dataset, significantly outperforms other
approaches. This underscores the crucial role of
expert trajectories in guiding the agent model to-
wards state-of-the-art performance while maintain-
ing high efficiency. Among the methods without
extra data, RL. Warm-up shows better performance
compared to Self Distillation, while training di-
rectly from the Base Model yields notably poor
results. These findings further indicate the base
model’s limited capability in skill library usage and
its inadequacy for generating high-quality trajecto-
ries during rollouts without proper initialization.

SFT Initialized Baseline GRPO. To ensure a
fair comparison, we additionally conducted exper-
iments using SFT to initialize the baseline GRPO
model. Table 7 presents the performance of this
SFT initialized GRPO (denoted as SFT + GRPO)
alongside the baseline GRPO and SAGE. Even
with this setting, SAGE demonstrates significantly
better performance. Detailed experimental setups,
results, and analysis are provided in Appendix L.

Table 7: Performance of SFT initialized GRPO.

Test Normal

Method TGC SGC Avg. Steps  Avg. Tokens
GRPO 69.2+27 51.8+58 164+0.2 3,613+200
SFT+GRPO 66.1+13 512+08 128+0.1 1,284+18
SAGE 72015 60.7+15 121+02 1475+127

5 Conclusion

This paper presents a pioneering work in explor-
ing the application of RL to self-improving agents
with skill library. To achieve this, we propose a
novel RL framework named SAGE, which incor-
porates GRPO with Sequential Rollout and Skill-
integrated Reward. When applied to AppWorld
datasets, our approach enables the skill library
agent to significantly outperform baselines in both
performance and efficiency, paving the way for
enhanced self-improvement capabilities with skill
libraries through RL.
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Limitations

In this paper, we evaluate SAGE exclusively on the
AppWorld dataset to demonstrate its effectiveness
for skill library agents. We selected this dataset
because its simulated environment closely mirrors
real-world application scenarios. Although SAGE
exhibits strong generalization to tasks involving un-
seen APIs, this transferability remains confined to
the AppWorld environment. The observed perfor-
mance gains and self-improvement capabilities are
difficult to transfer to other benchmarks. Achieving
robust generalization across diverse environments
remains a broader challenge, typically necessitat-
ing large-scale training across multiple domains.
We plan to explore this in our future work.
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A Interaction Format Example of Skill
Library Agent

In this section, we provide examples of the inter-
action format for Skill Library Agent compared
to the baseline agent on AppWorld. The follow-
ing Figure 3 and Figure 4 present one interaction
step of generating code to login the app Spotify for
baseline agent and skill library agent respectively.

The Spotify password is an entry in the “passwords’ list
with the account_name=spotify. I can use it to login now
with the provided email address.

" python
spotify_password = [account_password["account_name"] ==
"spotify" for account_password in passwords][0] ["password"]

login_result = apis.spotify.login(username="jay@gmail.
com", password=spotify_password)

print(login_result)

Figure 3: The baseline agent directly generates codes to
process the task.

I can define a new function “spotify_login® to login
spotify with supervisor's email.

* python
def spotify_login(email: str) -> str:

Login to Spotify by automatically obtaining the
supervisor's password and then proceeding with the
login process.

Args:
email: supervisor's username presented as email.

Returns:
The login result of spotify.

passwords=apis.supervisor.show_account_passwords()
spotify_password = [account_password["account_name"]
== "spotify" for account_password in passwords] [8]

["password"]

login_result = apis.spotify.login(username=email
password=spotify_password)

return login_result
login_result = spotify_login("jay@gmail.com")

print(login_result)

Figure 4: Skill Library Agent will first define a function
and then call it to process the task.

B SAGE with Longer Task Chain in
Sequential Rollout

To help readers better understand our SAGE with
Sequential Rollout and Skill-integrated Reward, we
present a simple but effective case in Section 3.2
where only two example are involved for the task
chain. In fact, SAGE has a general format which
can be adapted to more than two tasks in the task
chain of Sequential Rollout.

Assuming that we sample K examples from
the dataset to form the task chain, denoted as
(', ¢%, ..,¢") ~ @Q, the Sequential Rollout pro-
cess is performed sequentially from ¢ to g% with
a skill library, where skills are accumulated into
the library and become available to use for all sub-
sequent tasks within the task chain.

With the Sequential Rollout, here we present the
general format for our Skill-integrated Reward. Let
rl,r2 ...,rK € [0,1] be the verifiable outcome-
based rewards of each task in the long task chain
(q', ¢, ...,q), the general format for the Skill-
integrated Reward of the k™ task RF (1 < k < K)
can be formulated as:

}zk _ Tk
1k =1 1t = 1] * 1oy (q*| "
+1r ]*Jf%}%( [r ] % Lariu(q'lq™))

+ 1% =1 % Lgeu(d®lq", .. 571

where 1,::(¢%|q", ..., ¢ 1) evaluates whether the
task ¢* uses the skills generated from previous
tasks ¢',..¢" ! in the task chain. For the special
cases of k = 1 and k = K, the reward becomes
slightly different. The first example (k = 1) begins
with an empty skill library, thus cannot utilize previ-
ous skills. The last example (k = K') cannot have
its generated skills verified by subsequent tasks.
Therefore, we formulate these boundary cases as:

1_ .1 1 _ i ) il 1
R =r +1[r _1]*11235%(1[7” = 1] * Lsrau(q'lq))

RE =% 4 l[rK =1] % 1skm(qK\q1, ...,qul)

To summarize, the basic idea of Skill-integrated
Reward design is that beyond the task completion
rewards, the agent model receives additional 1.0
skill relevant rewards in two scenarios:

Skill Generation Reward - when successfully
completed task generates skills that are utilized in
at least one subsequent task within the task chain
and lead to its success task completion;
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Skill Usage Reward - when the agent effectively
applies previously acquired skills from earlier tasks
to successfully complete the current task.

Similar to Section 3.2.4, we describe the gen-
eral format of SAGE as follows. Given the cur-
rent policy mg and the old policy my,,,, we first
sample task chain with K examples from the orig-
inal data distribution: (¢', ¢, ...,¢%) ~ Q. For
each task pair, we then perform G groups rollout
{7}, ~ 7o, (g, 62, ..., %)), where 7; repre-
sents the Sequential Rollout trajectory collected by
sequentially processing (¢!, ¢?, ..., ¢®*). To differ-
entiate outputs for each task query in 7;, we define
Of € 7; as the ™ outputs for ¢* in the group, where
k is the chain index. The current policy is then
optimized by maximizing the following objective
function for skill library integrated GRPO:

jAgent(g) = E(ql7 )NQ {7’1} L1~Togq (g a5))

*ZZ Z{mln st

=1 k= 1 Z t=1
Chp(ztv _671+6)A§]}

7F9(0§,t|qk M )05 <t)
”901d(0i,z|‘1 va f<z )
RF — mean({RF|i = 1,2,..,G}). s* i+ Tepresents
the importance sampling term; A"C is the advantage
computed by the Skill-integrated Reward Rk ./\/lk
denotes the skill library integrated for the query qZ
for group <.

To better understand SAGE’s performance with
longer task chains during Sequential Rollout, we
extended our experiments by combining all three
tasks within one scenario into a continuous task
chain. This experiment maintained similar settings
to the original one described in Appendix F, with
one key modification: both batch size and mini-
batch size were increased to 576 to accommodate
the additional rollouts required by the longer task
chains. Table 8 compares the performance between
SAGE using three-example task chain and the orig-
inal two-example task chain.

: and Af =

where sft =
b

Table 8: Performance of SAGE with longer task chain.

Task Chain Test Normal
Length TGC SGC Avg. Steps  Avg. Tokens
2 720+15 60.7+15 121+£02 1475+127
3 706+3.6 548+42 143+0.1 2585+13

The results indicate that longer task chains do
not necessarily improve the skill library agent’s
performance. This may be attributed to two factors:
(1) Reward Distribution Imbalance: Examples in
the task chain are typically clustered by similar in-
structions, leading to most relevant skills being gen-
erated during the first example’s execution. Conse-
quently, the first example predominantly receives
rewards for skill generation, while subsequent ex-
amples mainly receive rewards for skill utilization,
creating an asymmetric reward structure. (2) Gra-
dient Variance: As the chain lengthens, later tasks
begin with increasingly divergent skill libraries,
deviating from standard GRPO settings. This devi-
ation potentially leads to larger gradient variance,
which may adversely affect the final performance.
Besides, the iterative nature of Sequential Rollout
process results in substantially increased computa-
tional costs as the number of tasks grows. Given
these challenges and the empirically suboptimal
performance, we ultimately chose a two-example
task chain structure. This configuration allows the
first example to focus on skill generation while the
second emphasizes skill usage.

C Prompt for Skill Library Agent

Figure 11 illustrates the prompt template used for
our skill library agent. Within the prompt, place-
holders (marked in red and enclosed in brackets)
are designed to be replaced with corresponding
content. The template requires an example task
to serve as an in-context example, while the skill
library section would be replaced with available
function skills. All remaining information is de-
rived directly from the AppWorld dataset’s task
specifications.

D Training Details of Baseline GRPO

We built our training framework based on the verl
repository (Sheng et al., 2024), which uses vLLM
(Kwon et al., 2023) for rollout and FSDP (Zhao
et al., 2023) for gradient update. While our training
configuration largely followed Chen et al. (2025),
there are still some key modifications: we imple-
mented strictly on-policy reinforcement learning
and employed full-parameter fine-tuning instead of
LoRA. The implementation details of the baseline
GRPO used in our paper are shown as follows:

Training Framework. Our baseline GRPO differs
from the original algorithm presented in Section
3.2.1. Here we eliminated the KL penalty and
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recomputed the advantage of each group as flw =
r; — mean(r) without normalized by the standard
erTor.

Dataset. We only applied the difficulty-1 and
difficulty-2 tasks in the Train split of AppWorld
dataset for our baseline training.

Rollout Settings. For each step of training, we per-
formed the rollout process with 1.0 temperature for
36 random sampled examples with G = 8 agents
for each group, resulting in totally 288 rollout. Dur-
ing the agents interact with AppWorld environment,
we allowed 40 maximum interaction turns with
a limitation of 1,500 output tokens for each turn.
Due to the GPU memory limitation, we set the con-
text limitation as 28,048 during rollout. For each
task, once its trajectory length tokens exceed the
limitation during interaction, the rollout will be
stopped and marked as completed. Besides, we ob-
served that the code execution outputs returned by
the AppWorld environment may be extremely long
(e.g., print all examples in the list). Thus, we ap-
plied truncation for returned environment outputs
exceeding 12,000 characters and append prompt
“Observation truncated for display.” afterwards as
a truncation notification. After each environment
output, we also appended a reminder about the task
related information before agents generate the next
step. Last but not least, to improve the rollout effi-
ciency, we make an early stop for the entire rollout
process when at least 25 interaction steps for un-
finished rollout, at least 6 rollouts for each task
and 90% of the total number of rollouts have been
collected.

Training Settings. We performed the whole RL
training process on 4xNVIDIA H100 8-GPU nodes.
Due to the long-horizon trajectories, we utilized
the ulysses sequence parallel (Jacobs et al., 2023),
allocating each example on 4 GPUs. We kept the
mini batch size the same as the 288 batch size of
rollout. A constant learning rate of 1e-6 and clip the
gradient norm to 1 were applied for policy gradient
update.

E Expert Experience Dataset Generation

To collect the expert experience dataset for SFT,
we implemented a rejection sampling process un-
der our skill library agent with the advanced model
Claude Sonnet 3.5 V2 as the expert. Specifically,
we conducted rejection sampling on the training set
using the expert model with temperatures ranging
from 0.05 to 1.0, with increments of 0.05 across

20 steps. The AppWorld dataset comprises 30 dis-
tinct scenarios, and we sequentially deployed the
skill library agent through all three tasks within
each scenario, allowing skills generated in previ-
ous tasks to be directly utilized for subsequent tasks
within the same scenario. When processing each
task, we implemented a maximum retry limit of 10
attempts, terminating sampling within the whole
scenario when this limit is reached. Finally, we
retained only those scenarios where either all three
tasks or at least the first two tasks are successfully
completed, as failures in the second task typically
indicate potential issues with the skill generation
process. This process finally yielded 1,129 valid
examples.

Using these collected examples as an expert
experience dataset, we employed Llama-Factory
(Zheng et al., 2024c¢) to perform full parameter
fine-tuning with 4xNVIDIA H100 8-GPU nodes.
During fine-tuning, since all trajectories in the ex-
pert experience dataset consist of multiple turn in-
teractions, we did gradient update exclusively on
the agent responses with prompt and environment
outputs masked. The model was trained with a
batch size of 128 and employed a learning rate of
le-6, using a cosine scheduling strategy with 0.1
warmup ratio. Due to Llama-Factory’s limitations
in sequence parallel, we set the maximum token
length to 12,500, and any examples exceeding this
limit were excluded from the dataset.

F Training Details of SAGE

To ensure a fair comparison with the baseline
GRPO method, we maintained consistency in most
training parameters. However, the introduction of
the Sequential Rollout process necessitated certain
modifications. Below, we detail the specific adjust-
ments made to our training configuration.
Training Framework. Refer to Section 3.2 for
SAGE framework used for training.

Dataset. While we continued to utilize difficulty-1
and difficulty-2 tasks from the Train split of Ap-
pWorld as our training dataset, we implemented
a revised sampling strategy to accommodate the
Sequential Rollout process. We adopt a scenario-
based sampling approach to construct the required
task chains. Specifically, AppWorld tasks are inher-
ently organized into scenarios, with each scenario
comprising three distinct tasks. Our sampling pro-
cess consisted of two steps: we first selected a
certain number of task scenarios, and then within
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each selected scenario, we sampled two tasks to
form a task chain.

Rollout Settings. Because the Sequential Roll-
out process requires iterative interactions within
the task chain, the rollout completion time approx-
imately doubles compared to the baseline if we
maintain the same total number of rollouts. To ac-
celerate the training process, we required a larger
number of total rollouts. For each step of training,
we decided to use all scenarios in the Train split of
AppWorld with difficulty-1 and difficulty-2 tasks,
which only contains 24 scenarios. Sampling two
task examples from those scenarios resulted in 48
tasks. Under the same agent number G = 8 for
each group, we finally obtained 384 rollouts for
each step.

Training Settings. The only change during train-
ing was the mini batch size for policy gradient up-
date. Here we aligned it to the batch size of rollout,
which is 384.

Training Details. We present the training curve
with average training reward per step in Figure 5.
During training, we saved model checkpoints ev-
ery 5 steps and evaluated their performance on
the Dev set. The checkpoint achieving the high-
est combined TGC and SGC scores on the Dev
set was selected as our final model. Evaluation
curve showing the TGC and SGC scores on the
Dev set is illustrated in Figure 6. The figure clearly
demonstrates that the model achieves optimal per-
formance in both TGC and SGC metrics at step 75.
Thus, we selected the model checkpoint at step 75
as our final agent model.
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Figure 5: Training curve of SAGE.

G Task Execution Examples with
Different Models

This section presents several real task execution
examples on AppWorld, comparing agent models
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Figure 6: SGC and TGC scores on Dev set for each 5
training steps.

from the baseline GRPO and each stage of our
approach. These examples demonstrate the advan-
tages of the skill library agent and the improve-
ments in skill library usage achieved by SAGE.
Due to the extensive length of the trajectories, all
examples are presented in a summarized format.
For each interaction turn, we represent the agent’s
action using an emoji accompanied with a brief
description. Figure 7 provides explanations for the
meaning of each emoji.

" Look up APl docs
! Code execution fails
® Executes logic

~ API call succeeds
X Define or use a function
© Anti-pattern

Figure 7: Action Explanations. Code execution failures
encompass various issues including unsuccessful API
calls, errors in skill generation, and improper skill us-
age. Anti-patterns primarily refer to the key actions that
ultimately lead to task failures.

To clearly demonstrate the skill generation and
usage process, we present two task execution exam-
ples for each agent model under the same scenario.
Examples of the baseline GRPO are shown in Fig-
ure 12. The results for the Skill Library Agent, SFT,
and SAGE stages of our approach are presented in
Figures 13, 14, and 15 respectively.

Analyzing the task execution examples across
different stages of our approach reveals several
key observations. The Skill Library Agent, before
training, demonstrates poor performance in task
execution with the skill library. It often requires
multiple attempts to define a executable function,
and even then, errors may still occur. Additionally,
it tends to simulate data for task processing and
exhibits unexpected behaviors such as repetitive
generation.

After SFT, the agent model shows significantly
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reduced interaction steps and fewer errors in skill
generation and usage. However, while these pat-
terns learned from expert experience data mini-
mize basic errors, the SFT model still struggles to
achieve successful task completion.

In comparison to the baseline GRPO, agent
model trained by SAGE substantially improves task
efficiency by eliminating the need for step-by-step
API calls and reducing redundant actions in similar
tasks.

H Example of Generated Skills

In this section, we offered two example skills gen-
erated by Base Model and SAGE to present the
quality differences.

def phone_login(phone_number: str, password: str) -> dict:

Log in to the phone app using the supervisor's phone
number and password.

Args:
phone_number: Supervisor's phone number.
password: Supervisor's phone app password.

Returns:
The login result containing the access token.

login_result = apis.phone.login(username=phone_number,

password=password)
return login_result

Figure 8: Skill example generated by Base Model.

def phone_login(phone_number: str) —> dict:

Login to Phone app by automatically obtaining the
supervisor's password and then proceeding with the
login process.

Args:
phone_number: The phone number to login with

Returns:
dict: Contains access token and token type

Example:
result = phone_login("1234567890")

passwords = apis.supervisor.show_account_passwords()
phone_password = next(account["password"] for account
in passwords if account["account_name"] == "phone")
login_result = apis.phone. login(username=phone_number,
password=phone_password)

return login_result

Figure 9: Skill example generated by SAGE.

As illustrated in Figure 8 and Figure 9, the
phone_login function defined by Base Model
merely wraps a single API call. In contrast, the
one defined by SAGE combines multiple APIs to

pipeline the process of obtaining the password and
logging in.

I Retrieval Method Ablation Study

In this section, we introduce each retrieval method
presented in Table 3 and provide more analysis for
the results.

1.1 Details of Retrieval Methods

Same Scenario. The Same Scenario method is our
paper’s default evaluation setting as described in
the Experimental Settings Section.

Query N-gram. The core concept of this retrieval
method is to leverage skills generated from tasks
with similar queries (Xu et al., 2025). Under this
approach, each query is associated with its own
skill library, which can be directly inherited once
being retrieved. For simplicity, we initially im-
plement a model-free retrieval approach based on
2-gram Jaccard Similarity to identify the most sim-
ilar query. To ensure retrieval quality, we establish
a threshold of 0.5 for the Jaccard Similarity score;
any retrieved queries falling below this threshold
are discarded.

Query Embedding. This retrieval method shares
the same fundamental principle as Query N-gram,
but employs a more advanced text-embedding
model to compute embedding similarity for query
retrieval. Specifically, we utilize the all-MiniLM-
L6-v2 model (Reimers and Gurevych, 2019) for
computing query embeddings with a threshold of
0.65 for the cosine similarity.

Skill Embedding. Skill Embedding retrieves rele-
vant skills from the skill library for each task query
using a standard retrieval model. Each newly gener-
ated skill is encoded into embeddings and indexed
in the skill library for future retrieval purposes.
We employ Qwen3-Embedding-0.6B (Zhang et al.,
2025) as our retrieval model and keep the top 5
retrieved skills for usage. This model differs from
the general text-embedding model used for Query
Embedding because it is specifically trained for
document retrieval, where we treat skills as docu-
ments and task instructions as queries.

1.2 Further Analysis

Among the three retrieval methods studied in our
ablation study, Query N-gram achieves perfor-
mance most similar to the ideal Same Scenario case.
This is because tasks under the same scenario in Ap-
pWorld share the same query structure. Some tasks
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within the same scenario even use identical query
under different simulated users. Queries within the
same scenario naturally share high similarity un-
der N-gram metric. With a proper threshold, the
skill library can be effectively constrained to skills
within the same scenario.

Query Embedding shows slightly lower perfor-
mance in TGC and SGC but higher efficiency with
fewer Avg. Steps and Tokens. Since text embed-
ding models primarily focus on semantic meaning
rather than structural patterns, and queries with
different structures can convey similar semantic
meanings, it is challenging for Query Embedding
restricting queries to a single scenario. On the other
hand, with Query Embedding, most initial exam-
ples within each task scenario can retrieve similar
queries from other scenarios. While this broader
skill usage leads to fewer interaction steps and to-
kens, it doesn’t necessarily improve accuracy due
to difficult cross-scenario skill adaptation.

The Skill Embedding method demonstrates
lower performance compared to other approaches.
This may be attributed to the inherent difficulty in
retrieving useful skill functions based on queries,
as it requires understanding tool usage rather than
just text relevance. Future work could explore the
development of skill/tool-specific retrievers to en-
hance skill library agent performance.

J Reward Design Ablation Study

This section supplements the reward design abla-
tion study by providing detailed descriptions of
alternative reward designs and additional analysis
of skill library usage.

J.1 Details of Reward Designs

Outcome-based Reward. Outcome-based Reward
design solely relies on the task completion rate as
the reward. In this case, skill learning is driven
exclusively by Sequential Rollout.

Formally, let 71,72 € [0, 1] denote the verifi-
able task completion rate of the task chain (¢!, ¢?)
collected from Sequential Rollout. The Outcome-
based Rewards can be directly formulated as Rlo =
r' and R = r?. Similar to the Skill-integrated
Reward design, we impose a -1.0 penalty reward
specifically on responses where the agent provides
no code and terminates the task.

Chain-based Reward. Chain-based Reward de-
sign adds a bonus reward of 1.0 when all tasks
within the task chain are successfully completed,

rather than rewarding the skill generation and usage
throughout the execution. This design aims to test
the necessity of tracking precise skill usage during
the rollout process.

Formally, let 7%, 72 € [0, 1] denote the verifiable
outcome-based rewards of the task chain (¢!, ¢?)
collected from Sequential Rollout. We can formu-
late the Chain-based Rewards R}, and RZ, as:

RL=rl 41l =1 x1}r? =1]
R, =r? 410l =1 x1[r? = 1]

where indicator 1[r = 1] represents whether the
outcome-based reward equals 1. Similar to the
Skill-integrated Reward design, we impose a -1.0
penalty reward specifically on responses where the
agent provides no code and terminates the task.

J.2  Skill Library Usage Analysis

Skill-integrated Reward = Outcome-based Reward M Chain-based Reward

Skill Usage 0.78
Rate 0.38

Success Skill 0.71
Usage Rate 0.69

Skill Library 343
Size 5

Used Skill 136
Num

00 02 04 06 08 10
Relative Change (Test Normal Set)

Figure 10: Analysis of skill usage patterns across differ-
ent reward designs. Performance metrics are shown as
ratios relative to Skill-integrated Reward design, with
numerical values annotated.

To better illustrate the advantages of Skill-
integrated Reward design, we conducted a detailed
skill library usage analysis similar to Section 4.3
for agent models trained with different reward de-
signs. Figure 10 summarizes the relative perfor-
mance changes when comparing alternative reward
designs to our Skill-integrated Reward. The results
reveal that while the agent model trained with Skill-
integrated Reward exhibits significantly more skill
usage behaviors (Skill Usage Rate, Skill Library
Size and Used Skill Num), all three reward designs
maintain similar Success Skill Usage Rate. This
indicates that our reward design substantially en-
hances skill usage frequency, but successful skill
application appears to be a general behavior achiev-
able across different reward designs. Furthermore,
the smaller Skill Library sizes and fewer Used Skill
Nums in both Outcome-based and Chain-based Re-
wards explain their higher Avg. Steps but lower
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Avg. Tokens compared to Skill-integrated Reward.
This pattern emerges because while skill usage typ-
ically reduces interaction steps, the generation of
skill functions generally requires more tokens. In-
terestingly, the Chain-based Reward shows notably
lower skill usage behaviors compared to even the
Outcome-based Reward. This phenomenon might
be attributed to the early training stages where, de-
spite successful task completion in the task chain,
skill usage rates remain low. Consequently, the
additional reward added in Chain-based Reward
may inadvertently reinforce behavior patterns that
exclude skill usage.

K RL Initialization Methods

This section details various initialization methods
before implementing SAGE.

Base Model. In this approach, we directly apply
the base model, Qwen2.5-32B-Instruct, to the RL
process without any additional initialization.

Self Distillation. Like SFT initialization, Self Dis-
tillation employs supervised fine-tuning. However,
instead of using Claude to generate the expert expe-
rience dataset, it utilizes the base model (Qwen2.5-
32B-Instruct) for data generation.

RL Warm-Up. This method initializes SAGE
through a preliminary RL process. It employs base-
line GRPO with the skill library agent prompt, but
without actual skill library involvement, to famil-
iarize the model with the agent format before im-
plementing SAGE.

L SFT Initialized Baseline GRPO

For the SFT initialized baseline GRPO, we used the
same SFT model checkpoint as in SAGE. Unlike
the original baseline GRPO settings described in
Appendix D, this SFT-initialized version utilizes
the skill library agent framework without engag-
ing the skill library, rather than using the original
ReAct framework. Specifically, we employed the
skill library agent prompt illustrated in Figure 11 to
guide the rollout process, wherein the model first
generates a function and then executes it to process
the task. Since the baseline GRPO operates without
the skill library, we applied an empty skill library to
the prompt placeholder for each task during rollout.
To align with the training process, only SAGE in
Table 7 performs the evaluation with skill library
involved.

From the results, we observe that SFT may
not benefit the baseline training, resulting in even

worse performance than the original baseline. On
the other hand, SFT initialized baseline GRPO
demonstrates lower average generated tokens. This
phenomenon may be attributed to the agent model
remaining constrained by the initial patterns ac-
quired through SFT.

1547



| am your supervisor and you are a super intelligent Al Assistant whose job is to achieve my day-to-day tasks completely autonomously.

To do this, you will need to interact with app/s (e.g., spotify, venmo etc) using their associated APIs on my behalf. For this you will undertake a *multi-step
conversation* using a python REPL environment. That is, you will write the python code and the environment will execute it and show you the result,
based on which, you will write python code for the next step and so on, until you've achieved the goal. This environment will let you interact with app/s
using their associated APIs on my behalf.

Here are three key APIs that you need to know to get more information

#To get a list of apps that are available to you.

* " python
print(apis.api_docs.show_app_descriptions())

#To get the list of apis under any app listed above, e.g. spotify

** “python
print(apis.api_docs.show_api_descriptions(app_name='spotify'))

#To get the specification of a particular api, e.g. spotify app's login api
* " python
print(apis.api_docs.show_api_doc(app_name='spotify', api_name='login'))

Each code execution will produce an output that you can use in subsequent calls. Using these APIs, you can now generate code, that | will execute, to
solve the task.

Additionally, a skill library (if available) will be provided for your reference. While solving the tasks, you may either use the provided functions from the
skill library or create a new function and then call it.

Let's start with the example task

{example task}

**Step by Step Guideline**:

(1) Use the three key APIs under the " apis.api_docs category " to gather sufficient information for completing the tasks.

(2) If a skill library is provided, carefully consider whether any of its functions can be used to accomplish the current step.

(3) If no suitable function exists in the skill library, you should define a new function first and then call it to complete the step.

(4) You can use single API if there is no need to call multiple APIs at once.

(5) Once you have completed the task, make sure to call apis.supervisor.complete_task(). If the task asked for some information, return it as the answer
argument, i.e. call apis.supervisor.complete_task(answer=<answer>). Many tasks do not require an answer, so in those cases, just call
apis.supervisor.complete_task() i.e. do not pass any argument.

**Function Definition Rule**:

(1) The function is abstract, modular, and reusable. Specifically, the function name must be generic under one application

(e.g.,” spotify_get_songs_by_genre" instead of “get_pop_songs"). The function must use parameters instead of hard-coded values (e.g., specific email
address "jay@gmail.com"). The function body must be self-contained.

(2) Explicitly declare input and output data types using type hints. Example: * def function_name(param: str) -> list[dict]:"

(3) Include detailed description of the function with input and output explanation and an usage example.

(4) The function should not be similar to the existing functions in the skill library.

(5) The function must involve multiple processing steps. Simply returning the result of an API call without additional logic does not qualify as a valid
function.

(6) Never call other functions from the skill library or any previously defined functions.

(7) Do not import any Python packages.

**Key instructions**:

(1) Make sure to end code blocks with * ™ * followed by a newline(\n).

(2) Remember you can use the variables in your code in subsequent code blocks.

(3) Remember that the email addresses, access tokens, variables (e.g., spotify_password) and functions (e.g., spotify_login) in the example above are not
valid anymore.

(4) You can use the "supervisor" app to get information about my accounts and use the "phone" app to get information about friends and family.

(5) Always look at API specifications (using apis.api_docs.show_api_doc) before calling an API.

(6) Keep in mind that high-level functions in the skill library should be prioritized to improve efficiency, as long as their descriptions and implementations
are precisely aligned with the task requirements. To ensure accuracy, do not misuse a skill. Only use the skill when you are confident it applies correctly.
(7) Write small chunks of code and only one chunk of code in every step. Make sure everything is working correctly before making any irreversible change.
(8) Many APIs return items in "pages". Make sure to run through all the pages by looping over “page_index".

**Skill Library**:
{skill library}

Using the available APIs and the Skill Library, now generate code to solve the actual task. Remember to use functions from the Skill Library and define
new ones to solve the task, rather than calling APIs directly.

Today's date is: {datetime}
My name is: My name is: {first name} {last name}. My personal email is {email} and phone number is {phone number}.
Task: {task instruction}

Figure 11: Prompt for Skill Library Agent.
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Task ID: 0d8adee_1

Task Instruction: Send the following phone message to my parents and
siblings, who do not have a venmo account, "Please get on venmo.".
Skill Library: None

Success: False

Turn Action

Task ID: 0d8adee_2

Task Instruction: Send the following phone message to my siblings and
roommates, who do not have a venmo account, "Get on venmo please!".
Skill Library: None

Success: True

Turn Action

1 * look up docs for phone app
2 * look up docs for phone.search_contacts
3 ! call phone.login
4 call supervisor.show_account_passwords
5 @ extract password for phone app
! call phone.login
6 1 extract password for phone app
call phone.login
7 iteratively call phone.search_contacts
* look up docs for venmo.login
9 ¥ extract password for venmo app
call venmo.login
10 iteratively call venmo.search_contacts
11 ! iteratively call venmo.search_contacts
12 " look up docs for venmo app
13 * look up docs for venmo.search_users
14 ! iteratively call venmo.search_users
15 iteratively call venmo.search_users

16 * look up docs for phone.send_text_message
17 iteratively call phone.send_text_message

1 * look up docs for phone app

2 * look up docs for phone.login

3 call supervisor.show_account_passwords
4 @ extract password for phone app

call phone.login

* look up docs for venmo.search_contacts
iteratively call phone.search_contacts

* look up docs for venmo.search_users

* look up docs for venmo.login

@ extract password for venmo app
call venmo.login

10 iteratively call venmo.search_users
11 * look up docs for phone.send_text_message

W 0N O WU,

12 iteratively call phone.send_text_message

Figure 12: Task Execution Examples for Baseline GRPO

Task ID: 0d8adee_1

Task Instruction: Send the following phone message to my parents and
siblings, who do not have a venmo account, "Please get on venmo.".
Skill Library: None

Success: False

Task ID: 0d8adee_2
Task Instruction: Send the following phone message to my siblings and
roommates, who do not have a venmo account, "Get on venmo please!".

Skill Library: phone_login; get_relevant_contacts; send_message_to_contacts

Success: False

Turn Action Turn_Action

1 * look up docs for phone app ! call function phone_login from skill library

2 * look up docs for phone.search_contacts ! define function phone_login_corrected and call it
3-5 ! define function phone_login and call it ! define function get_phone_password and call it

6 A define function phone_login and call it (obtain invalid credentials)
7 A define function phone_login and call it (obtain invalid credentials)
8 ! define function get_relevant_contacts and call it
9 A define function phone_login and call it (obtain invalid credentials)
10 O simulate fake access token
! define function get_relevant_contacts and call it
11-14 © simulate fake access token
! define function get_relevant_contacts and call it
! define function send_message_to_contacts and call it
15 @ simulate fake access token
© simulate fake contacts
A define function get_relevant_contacts and call it
A define function send_message_to_contacts and call it

1

2

3

4 ! define function get_phone_credentials and call it

5 * look up docs for phone.login

6 X define function get_phone_credentials and call it

7 * look up docs for phone app

8 X define function get_relevant_contacts and call it

9 X define function send_message_to_contacts and call it

10 © forget to stop with supervisor.complete_task
(repeat defining and calling send_message_to_contacts)

Figure 13: Task Execution Examples for Skill Library Agent

Task ID: 0d8adee_1

Task Instruction: Send the following phone message to my parents and
siblings, who do not have a venmo account, "Please get on venmo.".
Skill Library: None

Success: False

Turn_Action

* look up docs for phone app
* look up docs for phone.search_contacts
* look up docs for phone.login

call supervisor.show_account_passwords

A define function get_family_members_without_venmo and call it

1

2

3

4

5 X define function phone_login and call it

6

7 * look up docs for phone.send_text_message
8

A define function send_message_to_contacts and call it

Task ID: 0d8adee_2

Task Instruction: Send the following phone message to my siblings and
roommates, who do not have a venmo account, "Get on venmo please!".
Skill Library: phone_login; get_family_members_without_venmo;
send_message_to_contacts

Success: False

Turn_Action

1 K call function phone_login from skill library
2 * look up docs for phone app

3 call phone.show_contact_relationships

4

‘A define function get_non_venmo_contacts and call it
A call function send_message_to_contacts from skill library

Figure 14: Task Execution Examples for SFT
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Task ID: 0d8adee_1

Task Instruction: Send the following phone message to my parents and
siblings, who do not have a venmo account, "Please get on venmo.".
Skill Library: None

Success: True

Turn Action

Task ID: 0d8adee_2

Task Instruction: Send the following phone message to my siblings and
roommates, who do not have a venmo account, "Get on venmo please!".
Skill Library: phone_login; phone_get_contacts_by_relationships;
venmo_login; venmo_check_user_accounts;
phone_send_messages_to_contacts

1
2
3
4
5
6
7
8
9

10
11
12
13
14

* look up docs for phone app
* look up docs for phone.show_contact_relationships
* look up docs for phone.login
call supervisor.show_account_passwords
A define function phone_login and call it
call phone.show_contact_relationships
* look up docs for phone.search_contacts
A define function phone_get_contacts_by_relationships and call it
* look up docs for venmo
A define function venmo_login and call it
* look up docs for venmo.search_users
A define function venmo_check_user_accounts and call it
* look up docs for phone.send_text_message
A define function phone_send_messages_to_contacts and call it

Success: True

Turn_Action

1 A call function phone_login from skill library

2 A call function phone_get_contacts_by_relationships from skill library
(get sibling and roommate contacts)

3 A call function venmo_login from skill library

A call function venmo_check_user_accounts from skill library
(extract users without venmo)

5 A call function phone_send_messages_to_contacts from skill library

Figure 15: Task Execution Examples for SAGE
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