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Abstract

Autonomous agents based on large language
models (LLMs) are becoming an increasingly
prevalent paradigm for tackling complex and
real-world tasks. Despite the remarkable zero-
shot capabilities of modern LLMs, specialized
agent training is often essential to obtain re-
liable and improved performance for specific
target tasks. In this work, we present a struc-
tured survey dedicated exclusively to the train-
ing process of LLM-based agents. We establish
a clear taxonomy by examining key method-
ological steps: environment setups, data prepa-
ration strategies, the formulation of effective
learning signals, as well as the training objec-
tives and schemes. Finally, we conclude with
discussions on potential future directions.

1 Introduction

Autonomous agents based on large language mod-
els (LLMs) have been applied to a wide variety
of real-world applications (Wang et al., 2024a; Xi
et al., 2025b; Luo et al., 2025a). These agents are
designed to complete target tasks by engaging in
an interactive loop with their environment. They
utilize the LLMs as the core cognitive engine to
process environmental perceptions and decide sub-
sequent actions. This paradigm has shown great
promise for the development of Al assistants that
can automate workflows across diverse domains.
Earlier agent systems primarily depend on
prompt engineering techniques applied to the under-
lying LLMs (Hong et al., 2023; Qian et al., 2024;
Wu et al., 2024). Although the powerful context-
understanding capability of LLMs can offer viable
initial solutions, this paradigm is inherently insuffi-
cient for the growing complexity and specificity of
real-world applications. A key point is that agents
need to interact with external environments to com-
plete the target task. In practice, the LLMs may
be unfamiliar with the target environmental obser-
vations or action spaces, which are not adequately

Algorithm 1 A simplified agent training procedure.

Input: Environment E, Agent System A, Underlying Large
Language Model M, Training Iteration I.
Output: Trained Model M.

1: M =M > Start with an Initial Model
2: for iter in range(I) do
3: E.setup() > Setup Environment (§3)

4 Q = collect_query() > Obtain Query (§4.1)
5: T = sample(Q, A, M’, E) > Sample Trajectory (§4.2)
6: S = get_signal(Q, T,E) > Learning Signal (§5.1)
7 M’ = train(Q, T, S, M”) > Model Training (§5.2)
8: end for

9: return M’

represented in their pre-training or standard post-
training stages. This mismatch can substantially
degrade task performance and success rates. This
motivates the need for dedicated agent training,
which could fundamentally adapt these LLMs to
effectively handle the target agent tasks.

Although there have been many existing surveys
for LLM-based agents, few of them place a spe-
cific and central focus on the training process of
LLM-based agents. General surveys cover agent
research in a broad manner (Wang et al., 2024a;
Xi et al., 2025b; Luo et al., 2025a) or focus on gen-
eralized improvement strategies (Gao et al., 2025a;
Fang et al., 2025a; Du et al., 2025), while others
focus on specific aspects, such as memory (Zhang
et al., 2025j), planning (Huang et al., 2024), tool-
use (Qin et al., 2024; Qu et al., 2025a), multi-agent
(Guo et al., 2024; Tran et al., 2025) and evaluation
(Yehudai et al., 2025), specific algorithms, such as
reinforcement learning (Zhang et al., 2025c), as
well as specific applications, such as multi-modal
(Xie et al., 2024), web (Ning et al., 2025) and GUI
(Zhang et al., 2024a; Tang et al., 2025a; Nguyen
et al., 2025a) agents. In this work, we aim to pro-
vide a literature review dedicated exclusively to the
training process of LLM-based agents.

The primary highlight of this work is its process-
centric organization. Instead of a purely taxonomic
approach, this work is structured around the steps



of a typical agent training procedure, including key
topics such as environment setup (§3), data collec-
tion (§4), and learning signal generation (§5). We
outline a typical agent training process in Algo-
rithm 1, and the remainder of this survey is struc-
tured to examine each of the main steps in this
process. With this practical organization, we hope
to provide actionable guidance and clear design
choices for better implementing and optimizing the
entire agent training process.!

2 Background

2.1 LLM-Based Agents

An LLM-based agent is an Al system designed
to interact with the environment to achieve target
goals. These agents leverage the inherent under-
standing and reasoning capabilities of LL.Ms and
interact with the environment in an iterative way.
At each time step ¢, the agent receives a represen-
tation of the environment’s current state s; € S
and determines an action a; € A, where S and A
denote the state and action spaces, respectively.
The action decision is made by the underlying
LLM, which processes the environmental obser-
vations and the interaction history as input, and
generates the action decision as output. The ac-
tion will be executed, leading the environment to
a new state s;y1, where the agent will make fur-
ther decisions. The interaction will continue until
a termination state s, resulting in a sequence of
states and actions, formally known as a trajectory:

T = (80,00, 51,01, - ., ST).

2.2 Agent Training

Although LLMs have remarkable instruction-
following capabilities, allowing them to be directly
prompted for action decisions without specific pa-
rameter updates, the effectiveness of this approach
is constrained, especially when the LLM is unfamil-
iar with the state and action representations of the
target environment. To enable more stable and im-
proved results, dedicated agent training is usually
essential. While the overall agent training process
shares similarities with the ordinary LLM training,
the multi-step environmental interactions required
by agent tasks introduce specific considerations.

'The detailed paper collection procedure is described in
Appendix A. In this work, we primarily focus on approaches
that involve parameter updates to the main agent policy, while
other related aspects are discussed in Appendix B.

3 Environment

The environment is a key component that distin-
guishes agent tasks from standard non-interactive
text generation tasks. An agent operates in a multi-
turn manner by iteratively receiving observations
from the environment and deciding actions that
further influence the environment’s state. Conse-
quently, the representations of the observations and
actions directly define the input and output spaces
of the underlying decision model. A key motivation
for agent training is precisely the LLM’s unfamil-
iarity with these specific environmental settings.

The nature of the environment is inherently tied
to the target task, with each task type putting dis-
tinct specifications. For example:

* Search agents (Xi et al., 2025a; Zhang et al.,
2025h) typically interact with external retrievers
or search engines, where actions are formalized
as search queries and observations are the corre-
sponding retrieved texts.

* Web agents (Ning et al., 2025) interact with a
browser. They receive observations of web pages,
and their actions include typical browser opera-
tions like clicking, scrolling, and typing.

* The scope can be extended to GUI applications
(Zhang et al., 2024a) for general computer use
(Hu et al., 2025b) if visual inputs of screenshots
are incorporated.

¢ In software engineering tasks (Liu et al., 2024;
Wang et al., 2025d), the environment includes a
code repository, enabling agents to apply actions
such as code editing and repository manipulation.

3.1 Observation Representation

Observation Processing. The current state’s ob-
servation from the environment is a crucial input
signal that directly influences the agent’s decision.
Compared to general natural language inputs, a
unique property of agent observations is their ten-
dency to be highly structured and complex. This
complexity often requires specialized processing
steps to enable the model to accurately understand
the current state. To process input observations:

* Augmentation methods enrich the original raw
observations to ease understanding. For exam-
ple, techniques like Set-of-Mark (Yang et al.,
2023), which adds special marks to annotate vi-
sual elements, have been utilized in agent appli-
cations (Zhang et al., 2025b). SeeAct (Zheng
et al., 2024a) enhances element grounding by



augmenting inputs with element attributes and
textual choices. OmniParser (Lu et al., 2024b)
specifically fine-tunes models to parse screen-
shots and provide function semantic annotations.

 Simplification methods are essential because
raw observations are often complex and redun-
dant, a concern amplified by the context length
constraints of LLMs. Synapse (Zheng et al.,
2024b) extracts task-relevant information from
raw states to form cleaner observations. Simi-
larly, AgentOccam (Yang et al., 2025a) demon-
strates that providing less redundant yet infor-
mative observations can improve agent perfor-
mance. With similar objectives, LCoW (Lee
et al., 2025) trains a contextualization module
to enhance this process, FocusAgent (Kerboua
et al., 2025) uses a lightweight retriever to extract
the most relevant lines from the observation, and
Prune4Web (Zhang et al., 2025¢e) generates exe-
cutable Python scoring programs to dynamically
filter elements in observations.

History Processing. In addition to the current
observation, the record of past interaction steps is
a critical input source for the next action decision.
A primary challenge here is that as the number of
interaction steps increases, the cumulative history
representation can quickly grow, making it ineffi-
cient and difficult for the LLM to process the entire
context effectively. To manage the growing history:

* Truncation provides a straightforward solution,
by adopting a local window that includes only
the details of the most recent steps and omitting
previous steps (Tang et al., 2025b).

* Summarization provides a more informative ap-
proach by converting the previous trajectory into
a more concise representation. This approach can
be applied periodically (Yen et al., 2025), trig-
gered by heuristic rules such as approaching the
token budget (Wu et al., 2025¢; Lu et al., 2025b),
or dynamically decided based by the agent itself
(Sun et al., 2025c¢; Ye et al., 2025).

The history management directly relates to the
broader concept of agent memory (Zhang et al.,
2025j) and context engineering (Mei et al., 2025),
as the previous trajectory can be regarded as the
agent’s short-term memory, necessitating efficient
encoding and retrieval to optimize the sequential
decision process.

3.2 Action Representation

The output generated by the LLM directly decides
the next action. For LLM-based agents, the output
space is inherently diverse and structured. This
is one of the key differences to classical agents,
which often operate with a few fixed action options.
The output decision is typically formalized in the
style of function calling (Patil et al., 2024), where
the LLM is required to select and parameterize a
function from either a pre-defined action list or a
tool-use library. To facilitate reliable parsing and
execution, these output representations often uti-
lize structured text formats such as JSON or other
special formats. Moreover, code-based represen-
tation is a natural and elegant way to represent
the output (Wang et al., 2024d), and it can enable
flexible action compositions by generating and ex-
ecuting programs (Nguyen et al., 2025b). Beyond
the format, the design of the action space is a criti-
cal area of investigation, for which there have been
some recent discussions on building more agent-
friendly APIs and tools (Song et al., 2025c; Lu
et al., 2025; Zhang et al., 2025a).

3.3 Environment Modeling

While the primary goal of agent training is to learn
a good policy 7(a¢|s;) that decides the next action,
an agent system may also benefit from training
a model that predicts the transition of the envi-
ronment p(s;41|st, a;). This component, often re-
ferred to as a world model (Ha and Schmidhuber,
2018), predicts the next state s;11 given the current
state s; and the action taken a;. Such environ-
ment modeling can be directly used in the agent’s
planning process, enabling decisions to be made
with a better internal simulation and awareness of
potential future outcomes (Chae et al., 2025a; Gu
et al., 2025). Furthermore, it can also enhance the
training process through better data synthesis (Fang
et al., 2025b) and environment synthesis (Guo et al.,
2025b; Liu et al., 2025a), or by serving as the tar-
get for specialized intermediate pre-training stages
(Copet et al., 2025).

Takeaway for §3: Environment design funda-
mentally shapes agent training by defining the
observation, history, and action representations,
often requiring specialized processing and, in
some cases, explicit environment modeling.



4 Data

Data quality is one of the most important factors for
agent training. While manual annotation could of-
fer the best way to ensure quality (Lu et al., 2024a;
Rawles et al., 2023; Deng et al., 2023; Li et al.,
2024), it is inherently tedious and cost-prohibitive.
Moreover, agent tasks require not only the input
queries, but also the multi-step interaction trajec-
tories, posing great challenges to the data curation
process. Consequently, recent research has focused
on automated and scalable LLM-based data syn-
thesis approaches (Tan et al., 2024). The following
subsections® will illustrate how these techniques
are specifically applied to agent tasks.

4.1 Queries

Similarly to standard LLM tasks, agent training
first requires the synthesis of queries that define the
goal that the agent needs to complete. We catego-
rize related methods based on the complexity and
the grounding level of the synthesizing process.

Direct Synthesis. This approach uses the inher-
ent instruction-following capabilities of LLMs to
synthesize new task queries in a direct way. The
simplest method involves direct prompting, where
an LLM is asked to generate target tasks, often in-
spired by existing examples. This is a technique
widely adopted for agent task synthesis, drawing
inspiration from Self-Instruct (Wang et al., 2023;
Patel et al., 2024; He et al., 2025). Considering that
agent tasks are intrinsically grounded in a specific
environment, a natural and necessary extension
is context-aware querying. Here, the synthesiz-
ing LLM is provided with environmental context,
such as website names and screenshots (Zhou et al.,
2025), crawled web pages (Wu et al., 2025b), pre-
training documents (Cen et al., 2025), or multi-hop
paths in knowledge graphs (Lu et al., 2025¢). How-
ever, queries constructed via these direct methods
may still suffer from limitations, potentially being
too simple or lacking intricate connections to the
target environment’s full complexity.

Iterative Extension. To address the simplicity
limitation of previous methods and improve the
overall difficulty of the synthesized queries, an it-
erative extension approach can be adopted. This
technique usually starts with a seed item and incre-

1t is also important to perform data filtering to ensure
the quality of the training data. This is closely tied to the
construction of training signals, which will be covered in §5.1.

mentally transforms it into a more complex goal
through repeated refinement. The core goal is to
generate challenging but realistic query-answer
pairs, a process heavily investigated in recent work
of deep search agents (Shi et al., 2025a; Gao et al.,
2025b; Li et al., 2025b; Tao et al., 2025). The
extension process itself is typically mediated by
an LLM, often equipped with external tools. For
example, WebExplorer (Liu et al., 2025b) oper-
ates by prompting LLMs equipped with search and
browsing tools to guide the construction. Moreover,
this approach can be used to build more complex
agent tasks; AgentSynth (Xie et al., 2025), for ex-
ample, iteratively forms a sequence of subtasks
that are then summarized into a composite task for
computer-use agents. Nevertheless, this approach
may produce unnatural queries, and building com-
plex yet natural tasks remains a challenge.

Exploratory Construction. To obtain queries
that are more connected to the target environments,
the construction itself can be viewed as an agent
task, and a dedicated data construction agent can be
designed to explore the environment. This typically
follows a reverse construction process: firstly in-
teracting with the environment with an exploration-
based policy and then reversely synthesizing the
query with the exploration trajectory. This ap-
proach has been adopted for a variety of target envi-
ronments and tasks, including search (Wang et al.,
2025c), web (Murty et al., 2024b; Pahuja et al.,
2025; Trabucco et al., 2025), GUI (Su et al., 2025a;
Sun et al., 2025b; Ramrakhya et al., 2025), and
tool-use (Zhai et al., 2025). Although this method
can create queries that are closely related to the
target environment, there still remain challenges
such as constructing non-trivial and challenging
tasks and controlling the extra exploration cost.

4.2 Trajectories

In addition to the task queries, agent training also
requires the interaction trajectories to support the
full multi-turn decision process of the agent.

Trajectory Conversion. A simple way to collect
trajectories is through trajectory conversion, by
repurposing and transforming existing trajectories
originally collected for related tasks (Gandhi et al.,
2024). For agent applications, this may be chal-
lenging due to the format differences across various
target tasks and environments. This complexity has
driven standardization efforts, with work such as
ADP (Song et al., 2025b) and AgentOhana (Zhang



et al., 2024b) aiming to define unified data formats
and protocols to facilitate better data reuse. Fur-
thermore, when the format discrepancy between
the original and desired data is large, LLM-based
transformation can be utilized, where an LLM
acts as a robust parser and translator to complete
the conversion (Yin et al., 2024a). While such ap-
proaches effectively utilize existing resources, the
availability of relevant and high-quality source data
is often lacking, necessitating more target-specific
trajectory construction approaches.

Sampling. The most fundamental method to col-
lect agent trajectories is sampling, which involves
using a designated policy to run target tasks di-
rectly within the corresponding environment. For
the underlying LL.M policy used during the sam-
pling process, there are two primary choices: uti-
lizing a stronger teacher model to generate high-
quality data that guides the learner (Chen et al.,
2023; Zeng et al., 2024), or employing the current
version of the agent model itself to enable direct
self-improvement (Patel et al., 2024; Fang et al.,
2025b). While the simplest implementation in-
volves independently sampling each trajectory in
parallel, more complex algorithms like tree search
(Zhou et al., 2024a; Koh et al., 2025; Lin et al.,
2025a; Hou et al., 2025) can be employed to per-
form deeper exploration and generate better paths.

Special Construction. There have also been a
range of specialized approaches developed to con-
struct high-quality agent trajectories by leveraging
diverse external knowledge or employing special
refinements. Some methods focus on knowledge-
based transformation, such as Synatra (Ou et al.,
2024), which uses procedural knowledge resources
like WikiHow as a source to be transformed into
trajectories, and AgentTrek (Xu et al., 2025), which
crawls internet tutorials and converts them into
structured representations suitable for guided re-
play. Other techniques center on refinement and
bootstrapping for quality improvement: BAGEL
(Murty et al., 2024a) applies a round-trip boot-
strapping approach that transforms between syn-
thetic instructions and refined trajectories, while
UlI-Simulator (Wang et al., 2025¢) employs a tra-
jectory wrapper that reconstructs raw rollouts into
high-quality training instances by inferring user
instructions and generating a coherent reasoning
process. Finally, methods like ActRe (Yang et al.,
2024) focus on reasoning injection by randomly
sampling an action and subsequently generating

a detailed explanation to compose a full reason-
then-act trajectory, and WebCoT (Hu et al., 2025a)
curates trajectory data that exemplifies special abil-
ities by reconstructing the agent’s reasoning algo-
rithms into chain-of-thought rationales. These spe-
cialized techniques enable the creation of richly
annotated agent trajectories.

Takeaway for §4: Agent training requires scal-
able synthesis of both task queries and inter-
action trajectories, with recent methods using
LLM-driven generation, environment-grounded
exploration, and sampling-based rollouts to con-
struct diverse and high-quality training data.

5 Training

5.1 Signal

The acquisition and utilization of high-quality
learning signals is one of the most important factors
for successful agent training. In this sub-section,
we examine learning signals from three comple-
mentary perspectives: source (where the signals
originate), granularity (the level at which the sig-
nals are provided) and form (the representation of
the signals themselves).

5.1.1 Signal Source

Expert Supervision. The most straightforward
way to obtain training signals relies on the direct
expert supervision, including manual annotation
or knowledge distillation from superior “teacher”
models (Hinton et al., 2015; Kim and Rush, 2016).
One typical way is to collect oracle trajectories us-
ing a teacher model and use them as direct demon-
strations to train the agent policy (Chen et al., 2023;
Zeng et al., 2024).

Environment-Based Feedback. In many agent
scenarios, training supervision is provided by pre-
defined external signals from environments. LLM-
based agent tasks differ fundamentally from plain
LLM tasks in that the agents are interacting with the
environment, which can directly provide environ-
mental learning signals. The precise form of such
signals depends on the target environment: for ex-
ample, they may be directly determined by changes
in the environmental state (Brockman et al., 2016;
Shridhar et al., 2021) or calculated by pre-defined
evaluation functions (Yao et al., 2022; Zhou et al.,
2024b). A typical and valuable characteristic of
these external signals is that they could be rule-
based or verifiable, making them suitable for



methods like reinforcement learning with verifi-
able rewards (RLVR) approaches (Lambert et al.,
2024; Guo et al., 2025a). If the target task is to
provide a single final answer, signals can be readily
obtained by matching the predicted answer with
the gold reference answer (Jin et al., 2025; Song
et al., 2025a; Chen et al., 2025; Qian et al., 2025;
Wei et al., 2025). In addition to final answers, there
can also be external signals that provide partial
evaluation of the predicted trajectory, such as en-
tity matching ratios (Zhao et al., 2025) or sub-goal
scaffolding (Luo et al., 2025b) in complex search
tasks. An interesting connection is that external
signals can often be obtained by construction dur-
ing the data synthesis phase (§4), where the queries
and the corresponding target answers or evaluation
functions are constructed simultaneously.

Model-Based Feedback. The learning signals
can also be generated by models. It is common to
use stronger models in the way of LLM-as-a-judge
(Gu et al., 2024), such as providing judgments as
RL rewards (Lee et al., 2024) or filtering highest-
quality data (Zeng et al., 2024; Trabucco et al.,
2025). Moreover, the agent or its underlying LLM
to be trained can also serve as an internal source,
generating its own learning signals. One of the
key metrics is confidence, which can potentially
indicate the correctness of generated trajectories.
This is typically calculated by checking the gener-
ation probability of the model outputs (Wu et al.,
2025d) or by verifying consistency across multiple
generation paths (self-consistency; Huang et al.,
2023; Kang et al., 2025). Leveraging the LLM’s
general-purpose ability to reason and evaluate, the
model can be treated as its own judge in a self-
rewarding setting (Yuan et al., 2024), generating
reward signals based on its own assessment of the
generated output. Furthermore, LLMs have demon-
strated strong abilities of self-reflection (Shinn
et al., 2023; Madaan et al., 2023), and this inherent
capacity can be utilized to provide internal critique
(Zhang et al., 2025f; Li et al., 2025c).

5.1.2 Signal Granularity

Agent tasks are unique in that they consist of multi-
turn trajectories containing interleaved action pre-
dictions and environmental observations, rather
than just a linear sequence of generated tokens
as in plain LLM tasks. Consequently, learning
signals can be provided at various levels, includ-
ing trajectory-level, step-level, or even token-level.

Considering the multi-step characteristic of agent
tasks, the most interesting discussions are on the
comparison between trajectory-level versus step-
level signals. This directly mirrors the general
LLM alignment debate over outcome reward mod-
els (ORM) versus process reward models (PRM).
While ORM signals are typically easier to obtain,
PRM signals offer denser supervision (Uesato et al.,
2022; Lightman et al., 2024; Zheng et al., 2025a).

In agent tasks, ORM provides trajectory-level
signals, typically as one aggregated evaluation
score for the full agent trajectory. Many of the
verifiable rewards discussed in the previous sec-
tion (§5.1.1) are examples of this granularity. The
inherent challenge of this approach is that such sig-
nals are sparse, often provided only after the full
trajectory is completed, which may lack sufficient
supervision to effectively guide the learning for the
intermediate decision steps.

Considering step-level signals is a natural ex-
tension, as each step in the agent trajectory corre-
sponds directly to one action decision. Neverthe-
less, these finer-grained signals are much more dif-
ficult to obtain, for which manual annotation (Chae
et al., 2025b) could be tedious and expensive. We
categorize the typical automatic approaches used
to acquire step-level signals in the following:

¢ Critic-based methods use LLM-based reward
models, where an LLM critic can directly ex-
amine each step’s details and assign rewards
(Tan et al., 2025b; Yu et al., 2024; Zhang et al.,
20251). In addition, specific critic models can be
explicitly trained to provide these signals. For
instance, Liu et al. (2025d) optimize an implicit
PRM to provide step-level rewards as the log
ratios between the action probabilities with the
learned PRM and the old policy, while Xi et al.
(2025¢) adopt a temporal difference-based es-
timation method for PRM training. Similarly,
Zhou et al. (2024c¢) learns a high-level value func-
tion with off-policy RL to provide signals for
low-level action generation.

* Search-based techniques use complex search
algorithms to yield more fine-grained rewards.
A common strategy involves generating a search
tree with the current policy and assigning rewards
to the intermediate steps according to the rewards
of its descendants (Hou et al., 2025). The search
tree can be constructed in various ways, includ-
ing Monte Carlo sampling (Xiong et al., 2024),
entropy-guided rollout (Shen et al., 2025), or it-



erative expansion (Lin et al., 2025b; Wu et al.,
2025a). Additionally, if step states across differ-
ent trajectories can be grouped, step-level signals
can be calculated using the state rewards within
each group (Feng et al., 2025).

* Task-specific methods provide step-level sig-
nals uniquely tailored to target tasks. Examples
include rewards based on information gain by
checking action probabilities depending on the
ground-truth answer (Wang et al., 2025a), re-
wards based on the usefulness and redundancies
of retrieved documents for each query action
(Zheng et al., 2025c), and specialized rewards
generated by detecting suboptimal behaviors for
the target search task (Wu et al., 2025c).

Although step-level signals provide denser learning
supervision, the performance and stability could
be highly dependent on the choice of the learning
algorithms (Wang and Ammanabrolu, 2025), and
the potential noise inherent in such signals should
be carefully considered.

5.1.3 Signal Form

The learning signals can be presented in various
forms. The most common form is numeric re-
wards, which provide a scalar judgment on the
correctness or goodness of the evaluated trajectory
or action. In addition, natural-language feedback
provides more detailed critique, providing richer
and qualitative signals for the training of the LLMs
(Scheurer et al., 2022; Chen et al., 2024; Xu et al.,
2024) and the agents (Yang et al., 2025b). In sce-
narios where assigning absolute scores is difficult,
it might be easier to provide preference signals,
indicating which of two actions or trajectories is su-
perior. Such comparative signals are utilized to per-
form preference learning (Rafailov et al., 2023) for
agents (Xiong et al., 2024; Song et al., 2024). More-
over, if expert sources can provide direct demon-
strations of the correct actions, these signals can
be directly utilized for imitation learning.

A special type of learning signal is the super-
vision of error correction. For example, Lyu
et al. (2025) propose a student-centered framework
where an expert corrects only the earliest error in a
student-generated trajectory, iteratively guiding the
erroneous path towards a correct one. However, a
central difficulty in obtaining correction signals is
in the problem of error attribution, which remains
an important research question (Cemri et al., 2025;
Zhang et al., 2025g,d; Zhu et al., 2025).

5.2 Loss

The loss functions utilized for agent training largely
stem from those established for plain LLM training.
The most widely used losses include the standard
cross-entropy loss in supervised fine-tuning (SFT),
the preference loss used in direct preference op-
timization (DPQO; Rafailov et al., 2023), and var-
ious reinforcement learning (RL) losses (Sutton
and Barto, 2018). The fundamental details of these
functions are omitted here as they are well-known,
and unfamiliar readers are referred to related sur-
veys (Zhao et al., 2023; Wang et al., 2024c; Tie
etal.,2025; Liu et al., 2025c; Du et al., 2025; Zhang
et al., 2025c). Each loss function requires a cor-
responding type of learning signal (§5.1.3): SFT
needs direct demonstrations of the oracle action,
DPO requires preference pairs of positive and neg-
ative action instances, and RL demands rewards
associated with the agent trajectories.

For agent applications, there are several special
considerations for the loss. First, since agent tra-
jectories consist of interleaved agent actions and
environmental observations, it is common to adopt
observation masking (or loss masking) during
training, as the observation tokens are not directly
generated by the model. Jin et al. (2025) show that
leveraging loss masking for retrieved tokens can be
beneficial. Second, there have been various modifi-
cations of standard RL losses to adapt to the agent
setting and further stabilize training (Wang et al.,
2025f; Yu et al., 2025; Deng et al., 2025; Li et al.,
2025a). Finally, considering the multi-turn nature
of agent trajectories, different loss functions can be
applied at different levels, exemplified by ArCHer
(Zhou et al., 2024c¢), which adopts a hierarchical
approach running two distinct RL algorithms in
parallel to manage high-level action decision and
low-level action token generation.

5.3 Scheme

In Algorithm 1, we only list a simplified version
of the agent training scheme; in practice, there are
numerous variations with different considerations.

Training Efficiency. In agent training, data col-
lection can be costly, especially in online learn-
ing scenarios where trajectory sampling and model
updating are interleaved in a fine-grained manner.
This poses significant challenges for practical train-
ing efficiency. One typical strategy to mitigate this
cost is to shift towards offline learning approaches
(Levine et al., 2020). While pure offline learning



assumes training with previously collected data
and no additional online interactions, intermediate
methods are often considered, adopting an iterative
and coarse-grained approach for balancing data
freshness with computational savings (Patel et al.,
2024; Aksitov et al., 2024; He et al., 2025). Further-
more, to fully utilize available computational re-
sources and parallelize operations, asynchronous
training methods have been increasingly employed
(Tan et al., 2025a; Gao et al., 2025b; Jiang et al.,
2025; Lu et al., 2025a).

Training Stages. Similar to plain LLM post-
training, the agent training procedure can be
split into multiple stages with different training
schemes. A widely adopted scheme involves first
performing an offline phase of SFT on expert
demonstrations, followed by an online phase of RL
to refine the policy through interaction (Vattikonda
et al., 2025; Wu et al., 2025b). Furthermore, to
enhance the model’s foundational understanding
and better support agentic behaviors, some work in-
corporates a continual pre-training stage that pre-
cedes the main post-training (SFT/RL) fine-tuning
(Wang et al., 2025b; Su et al., 2025b; Copet et al.,
2025). This additional stage focuses on preparing
the model with relevant knowledge and capabilities
for effective downstream agent operation.

Training Curriculum. The data and environ-
mental setup can also be adjusted across the train-
ing procedure, naturally adopting the idea of cur-
riculum learning (Bengio et al., 2009). This ap-
proach structures the learning process by starting
with simpler tasks or data and gradually increas-
ing the difficulty. Examples of curriculum learn-
ing in agent training include starting with easy
samples and then progressively introducing more
complex ones (Lai et al., 2024), generating new
tasks from previous unsuccessful attempts to cre-
ate a self-evolving curriculum (Qi et al., 2025),
and incrementally degrading the quality of simu-
lated environment observations using a curriculum-
based rollout strategy to improve generalization
(Sun et al., 2025a).

Takeaway for §5: Agent training is driven by
learning signals from experts, environments, or
models, whose granularity and form determine
the training losses, while training schemes orga-
nize data collection, optimization, and curricu-
lum for efficient and effective learning.

6 Conclusions and Future Directions

This work presents a structured survey of training
methodologies for LLM-based agents, organizing
existing approaches along the key stages of the
training pipeline: environment design, data synthe-
sis, and training mechanisms. By examining these
components from a process-centric perspective, we
aim to clarify the design space of agent training
and provide guidance for future research.

Scalable Supervision. One main difficulty in train-
ing LLM-based agents is the lack of sufficient high-
quality supervision signals. Agent tasks often re-
quire long interaction trajectories in complex en-
vironments, making data collection costly while
reward signals remain sparse or noisy. One promis-
ing direction is reducing interaction cost through
simulation, where learned environment models al-
low agents to practice and generate trajectories in-
ternally (Ding et al., 2025; Liu et al., 2025a; Team
et al., 2025). Meanwhile, improving the automatic
construction of reliable reward models, especially
for tasks without verifiable outcomes, remains a
fundamental problem (Leike et al., 2018).

Multi-modal Agent Training. Many real-world
agent applications involve multi-modal environ-
ments such as graphical interfaces, visual observa-
tions, or audio inputs (Xie et al., 2024). While the
overall training procedure remains similar, these
settings introduce additional challenges in ground-
ing and perception, requiring agents to correctly
associate language and symbolic reasoning with
sensory inputs (Zheng et al., 2024a). Despite re-
cent advances in multi-modal LLMs (Yin et al.,
2024b), integrating perception, reasoning, and ac-
tion into a unified and reliably trained agent system
remains an open challenge.

Life-Long Learning. One important develop-
mental goal for agents is to enable fast and ro-
bust adaptation to the dynamic environments en-
countered in real-world applications (Zheng et al.,
2025b). To achieve this, it will be crucial to in-
tegrate agent training with established techniques
from life-long or continual learning (Chen and Liu,
2018; De Lange et al., 2021; Wang et al., 2024b;
Shi et al., 2024). This inherently involves a holis-
tic integration of the different components within
the agent system, making it crucial to accurately
identify which components should remain invariant
across tasks and which should be adapted quickly
in response to external environmental changes.



Limitations

This work has several limitations in its design and
scope. Firstly, we specifically focus on the training
process of LLM-based agents, omitting other sig-
nificant aspects such as architectures, evaluation,
and specific applications. This strategic choice is
made because many of these areas are already well-
covered by existing literature, and we refer read-
ers to the other comprehensive agent surveys men-
tioned in the introduction (§1). Secondly, the de-
scriptions provided in this work are mostly brief to
provide a comprehensive coverage within the con-
straints of page limits. Our approach is to present
related works in meaningful and structured groups
rather than describing them in unstructured detail.
We hope that this work can serve as a high-level in-
dex where further details can be found in the corre-
sponding cited papers. Finally, this work is a pure
survey without any experiments or empirical re-
sults. While performing comparative experiments
across various agent training strategies would un-
doubtedly provide more meaningful and actionable
guidance, we leave this resource-intensive effort
for dedicated future work.
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A Detailed Procedure of Paper Collecting

We begin the paper collection process by searching
for relevant papers on arXiv. Figure 1 illustrates
the quarterly volume of related papers by search-
ing specific keywords on arXiv. The figure shows
a rapid increase in publications on LLM-based
agents. Together with this overall growth, research
on agent training has also progressed rapidly, high-
lighting the need for a timely review of existing
methodologies for training LLM-based agents.

To collect the statistics shown in Figure 1, we
adopt a two-stage filtering process for arXiv papers.
First, we perform a coarse-grained search using the
keyword “agent” in the CS categories. We then
apply a fine-grained filtering step to judge whether
a paper focuses on LLM-based agents and whether
it involves agent training. For this second step, we
employ QWEN3-8B with the following prompt.

PROMPT FOR STATISTICS COLLECTING

Role: You are an expert research assistant
with a specialization in Large Language
Models and AI Agents. Your task is to
carefully read a paper’s title and abstract
and classify it according to a precise set
of criteria.

Task: You will be given the title and
abstract of a research paper. Based only

on this information, you must:
* Determine if the paper is about LLM

Agents.

e Determine if the paper involves Agent
Training.

e Extract a list of the paper’s main
keywords.

* Respond only with a single,
valid JSON object containing your
classifications.

Definitions:

1. “is_agent”: (bool) Set this to true
if the paper describes an LLM-based
system that exhibits autonomous
behavior. Mark this as false if no
LLM is utilized.

. “is_training”: (bool) This field is
dependent on the first. If “is_agent”
is false, this must also be false. If
“is_agent” is true, set this to true
only if the paper discusses modifying
the LLM’s model weights to improve its
agentic capabilities.

e Includes:
(full-parameter),
tuning (on agent-specific
Reinforcement Learning (e.g.,
PPO, GRPO), Parameter-Efficient
Fine-Tuning (PEFT, e.g., LoRA,
QLoRA), Adapter training, or
training a new agent-specific model
from scratch.

Fine-tuning
Instruction
data),

DPO,
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Figure 1: Trends of LLM-based agent research on arXiv.
The data is aggregated per season (three months), il-
lustrating the number of publications on general LLM-

based agents and on dedicated agent training methods.

* Excludes (NOT training): Prompt
Engineering (e.g., ReAct, Chain
of Thought), In-Context Learning
(Zero-shot, Few-shot), wusing a
static pre-trained LLM as a “brain”
without updating its weights, or
building a system around a black-box
LLM.

. “keywords”: (list[str]) Extract a list
of 3-5 of the most important and
specific keywords or phrases from
the abstract (e.g., “fine-tuning”,
“tool use”, “autonomous agent”, “ReAct
framework”) .

Input:
Title: {title}
Abstract: {abstract}

Output Format (JSON Only): Your response
must be only the JSON object, with no
introductory text or explanation.
{
"is_agent"”: bool,
"is_training": bool,
"keywords”: ["keywordl"”,
"keyword3"]
3

"keyword2",

For the paper collection in this survey, we fur-
ther adopt a recursive reference expansion (snow-
balling) approach by examining frequently cited
papers encountered during reading. Our goal is
to provide a timely and comprehensive survey of
the related work, with particular attention to recent
arxiv papers. We have conducted a thorough au-
dit to replace arXiv citations with peer-reviewed
conference or journal versions wherever available.
Moreover, we also monitor newly available arxiv
papers and include related ones.

B Other Aspects

Training Target. While our focus is on the train-
ing of the main policy model, which is the compo-



nent responsible for deciding the next action based
on the current input, an agent system often contains
other trainable components that also require ded-
icated training. These auxiliary components can
be trained in similar ways to achieve specialized
functionalities, such as managing memory (Zhang
et al., 2025j; Yan et al., 2025; Shi et al., 2025b;
Yu et al., 2026), performing explicit error correc-
tion (Wang et al., 2025g), or generating improved
plans (Qu et al., 2025b; Xiong et al., 2025). For
systems structured with multiple components, the
training signals for a specific component can of-
ten be obtained by running the full system while
keeping other components frozen. The complexity
may be further amplified in multi-agent systems
(Guo et al., 2024; Tran et al., 2025), which have
become widely adopted, and whose effective train-
ing requires careful consideration (Albrecht et al.,
2024; Park et al., 2025; Motwani et al., 2025; Hong
et al., 2025).

Prompting. While this work has primarily fo-
cused on traditional model learning approaches
that involve tuning model parameters, the remark-
able advancements in LLMs necessitate discussing
methods that leverage their inherent capabilities.
Specifically, the strong in-context learning and
instruction-following abilities of modern LLMs
enable significant improvements in agent systems
through prompting (Liu et al., 2023). The key ad-
vantage of prompting-based approaches is their
flexibility and light-weight nature. They can be
easily adopted to accumulate experience (Tang
et al., 2025¢), perform reflection (Shinn et al.,
2023; Madaan et al., 2023) and incorporate external
knowledge (Mialon et al., 2023).

C About AI Assistants

Al is only used for linguistic polishing; the concep-
tual framework, literature synthesis, and organiza-
tion are entirely the original work of the authors.
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