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Abstract

LLM agents are transforming language models from chatbots into interactive sys-
tems that operate through memory, tool use, and external environments. Training
such agents requires coherent goals, multi-step trajectories, feedback, and outcomes
derived from long-horizon interactions, yet these data are difficult to collect at scale
because environments are costly, human oversight is limited, and execution traces
are complex. Therefore, data synthesis offers a practical route to scaling agent
learning by sampling supervision from source distributions such as teacher models,
seed-conditioned generators, simulators, judges, or executable environments. De-
spite growing interest, no survey has systematically organized synthetic data for
LLM agents. To bridge this gap, we present a comprehensive survey that classifies
synthesis methods for LLM agents, by their outputs within the agent–environment
loop, including task specifications, agent trajectories, feedback signals, and envi-
ronments. We examine the lifecycle of these artifacts, from grounding and quality
control to their utilization in learning, evaluation, and downstream applications,
and identify key challenges for reliable and scalable agent-data synthesis.

1 Introduction

LLM agents are increasingly deployed to tackled complex and real-world tasks. By integrating
planning, tool use, and memory with interactive environments, these systems can sustain the long-
horizon engineering required for autonomous execution [143, 211, 300, 338]. Recent advancements
have proved their effectiveness across diverse domains, spanning web navigation and coding to
deep research and specialized medical or educational assistance [63, 181, 193, 226, 251, 295].
Crucially, this evolution represents a fundamental shift from passive question answering to active
execution. By acting as autonomous interfaces, these agents can seamlessly manipulate external
systems, transforming how we automate complex, end-to-end workflows.

Since agent tasks are often long-horizon and interactive, training such agents requires supervision
that goes beyond isolated input–output pairs to capture the entire process of multi-step executions [17,
31, 215, 303, 313]. Yet, gathering real-world interaction data is difficult: recording live user logs
is expensive, web and software environments change constantly, and critical failure cases may not
be safely tested in production [205, 268, 301]. Therefore, the main challenge is not just checking
the final outcome is right, but obtaining coherent and verifiable interaction traces. Moreover, recent
studies show that an agent’s capability is directly driven by the quality and variety of this interaction
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Figure 1: Overview of data synthesis for LLM agent learning, spanning data sources, synthetic
artifacts, quality control, learning paradigms, evaluation, and downstream applications.

data, such that the abundant, diverse, and verifiable one is a key character to improve capability.
This suggests that, scaling agent learning requires more than increasing model size: agents should
learn from massive, high-quality, and diverse interaction experiences that expose them to various
scenarios, environments, and unexpected failure modes [32, 183, 296, 345].

These challenges have motivated the use of Agent Data Synthesis as a scalable alternative to costly
real-world data collection. Unlike traditional synthesis methods that relied on rigid templates, gram-
mars, rules, or domain-specific simulators, recent LLM-driven approaches can simluate the interactive
ecosystem, including autonomously generating complex tasks, evolving execution trajectories, and
providing evaluative feedback, etc. [162, 165, 188, 255, 288, 293]. Viewed more generally, this multi-
dimensional data synthesis functions similarly to a generalized form of knowledge distillation, where
the agent samples its entire training experience from an underlying source distribution [77, 80]. Since
agent tasks are inherently dynamic and require multi-step execution, this synthesis must continue to
scale up data volume and scenario diversity. However, a critical issue is that as interactions extend
over long horizons, ensuring the reliability of the data becomes much harder. The central challenge is
thus two-fold: we need to expand the data scale, while ensuring that both the generative source and
its internal verifiers remain dependable enough to guide complex target behaviors.

While recent surveys comprehensively cover LLM agent architectures, evaluation, and tool learn-
ing [93, 129, 147, 196, 247, 302], a dedicated survey focusing on data synthesis for agent learning
remains absent. To address this, this survey provides a comprehensive and structured overview of
data synthesis for LLM agent learning from an artifact-centered perspective. We organize existing
methods around four core artifacts in the agent–environment loop—task specifications, agent tra-
jectories, feedback signals, and interactive environments, which naturally capture varying levels of
signal granularity and informational density required for agent training. Based on these artifacts, we
then examine quality-control mechanisms in §3 and investigate how curated artifacts are applied to
agent learning in §4. We further survey synthetic evaluation data in §5 and showcase downstream
applications in §6. Finally, we outline open risks and future directions for reliable and scalable data
synthesis in §7. Fig. 1 illustrates the overall framework of this survey.

2 Data Synthesis Methods

We organize the literature into four levels based on the artifact being synthesized: task-level (§2.1),
trajectory-level (§2.2), feedback-level (§2.3), and environment-level (§2.4). Specifically, task syn-
thesis samples problem specifications; trajectory synthesis samples conditional behaviors; feedback
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Task-Level (§2.1)

Self-Instruct Style Self-Instruct [255], WizardLM [282], Star-Agents [336], Auto-Evol [314]

Content-Grounded AgentInstruct [165], WorkflowLLM [51], PaSa [78], TaskCraft [210]

Environment-Interactive OMNI-EPIC [50], EnvScaler [214], GenEnv [70], Agent-World [44]

Constraint-Driven R2E-Gym [96], SWE-smith [295], BugPilot [217], GRAID [198]

Trajectory-Level (§2.2)

Constraint-Guided ToolLLM [193], APIGen-MT [188], GEM [289], TARGA [91]

Environment-Grounded Toucan [288], CodeAct [251], NNetNav [169], Learn-by-Interact [221]

Failure-Driven Re-ReST [46], CaRT [138], Co-Evolving [106], Reinforced Distillation [156]

Experience Distillation UrbanKGent [172], MetaFlow [52], ChatMap [101], Hindsight [83]

Feedback-Level (§2.3)

Reward Synthesis REvolve [76], Grove [38], OpenReward [86], Code-as-Reward [238]

Preference Synthesis ETO [216], ExeSQL [326], MAGNET [304], OPTIMA [28]

Critique & Reflection MultiCritique [114], RL4F [4], CycleResearcher [266], Lighthouse [297]

Process Supervision AgentPro [41], QLASS [137], Loong [92], STeCa [244]

Environment-Level (§2.4)

LLM-as-Simulator WebEvolver [55], SynWorld [54], Scaling Agents [32], Simulating Env. [134]

Programmatic
Engineering R2E-Gym [96], FactorSim [225], AutoForge [12], AgentScaler [53]

Quality Control (§3)

Execution-Grounded ETO [216], WebSTAR [79], TARGA [91], CoVe [23]

Evaluator-Guided APIGen-MT [188], Re-ReST [46], CATCH [26], MultiCritique [114]

Multi-Stage Filter Toucan [288], APIGen-MT [188], Math CL [241], MobileIPL [89]

Training-Time Noise CURE [254], CoMAS [290], Persona RL [1], Beyond Qty. [19]

Learning Frameworks (§4)

Non-Parametric

Episodic Retrieval BAGEL [168], Learn-by-Interact [221], GEM [289], DéjàQ [204]

Meta-Relational Memory Reflexion [211], AutoGuide [58], A-MEM [285], GAM [275]

Procedural Skills AutoManual [25], PRINCIPLES [108], PLAY2PROMPT [56]

Parametric

Pre-training / CPT Hephaestus [344], AgentFrontier [29], ToolGen [250], MathCoder2 [151]

Supervised FT FireAct [17], Agent-FLAN [31], xLAM [323], APIGen-MT [188]

Reinforcement Lrn. GRPO [69], DAPO [309], Agent-RLVR [39], mDPO [280]

Continual Learning Imaginarium [243], Confucius [62], Math CL [241]

Figure 2: Taxonomy of data synthesis for LLM agent learning, covering synthesis methods (§2.1–
§2.4), quality control (§3), and learning frameworks (§4).

synthesis samples evaluative signals; and environment synthesis constructs the substrate from which
tasks, transitions, and rewards emerge. Rather than being isolated, these levels are hierarchically
nested, where each higher level subsumes the lower ones to provide an increasingly dense and
interactive stream of supervision. For instance, a trajectory requires a task, while a fully simulated
environment can dynamically spawn tasks, trajectories, and feedback alike. To maintain conceptual
clarity amid this nesting, we classify each work by the deepest and most complex level at which it
performs data synthesis for agents. The taxonomy can be found in Fig. 2.

2.1 Task-Level Specification Synthesis

Task-level specification synthesis defines the problem an agent must solve. A task typically includes
a goal, inputs, constraints, tool schemas, and, in some cases, a target answer or verifier. We focus
on methods that synthesize task specifications, categorizing them according to their sources: seed
prompts, grounded artifacts, live environments, and explicit constraints.

Self-Instruct-Style Synthesis Self-instruct-style methods scale up a small set of human-written
seed instructions by prompting a language model to generate new ones in the same format. For
instance, Self-Instruct [255] generates new instruction triples from human-written seeds and removes
near-duplicates. Later work improves difficulty and teacher diversity through mutation prompts [282,
314], learned prompt rewriting [203], voting [118], role-specialized prompting [336], or reviewer-
adjudicator designs [64]. These pipelines scale easily, but they remain weakly grounded, where the
generated tasks may not reflect the actual distribution of instructions users issue in practice, in terms
of topic, phrasing, or difficulty.
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Content-Grounded Synthesis Rather than generating tasks from model-written seeds, content-
grounded methods derive task specifications from real-world artifacts, e.g., documents, code frag-
ments, API schemas, and similar resources harvested from existing corpora. Two common patterns
emerge. (1) Single-artifact grounding: each task is constructed from a single harvested item, such
as a document span, code fragment, API field, Python script, or Apple Shortcut [51, 131]. For
example, AgentInstruct [165] transforms raw documents or code through a multi-agent pipeline.
It first converting seeds into intermediate representations, then generating and iteratively refining
tasks from them. DroidCall [279] and Hammer [136] instead ground tasks directly in tool schemas:
the former generates natural language instructions paired with Android intent calls from predefined
function definitions, while the latter masks function names during synthesis to force models to
reason from parameter descriptions rather than memorized identifiers. (2) Compositional-artifact
grounding scales task complexity by linking multiple artifacts rather than grounding each task in
a single item. One line of work builds tasks from knowledge graphs: by sampling subgraphs of
increasing traversal depth and deliberately obfuscating entity information, these methods gener-
ate tasks that require models to follow multi-hop evidence chains rather than recall memorized
facts [34, 60, 78, 98, 122, 123, 141, 179, 324, 341]. Another line composes tasks from multi-step
tool workflows: WorkflowLLM [51] collects real Apple Shortcuts and expands them into new task
queries, while TaskCraft [210] starts from verified atomic tool tasks and combines them through
depth- and width-based extensions to produce hierarchically complex challenges [191, 218].

Environment-Interactive Synthesis Unlike content-grounded methods that rely on static artifacts,
this category synthesizes task specifications inside simulators or sandboxes, using execution outcomes
as a verifier rather than relying on the artifact itself to guarantee task validity. A first wave of
work instantiates this idea in specific domains: OMNI-EPIC [50], EnterpriseBench [240], and
InvestAlign [246] each embed task generation inside a runnable environment that span generated
game levels, enterprise access-control systems, and investment simulators, respectively. Then the
following work EnvScaler [214], ScaleEnv [235], and AWM [258] further support the large-scale
programmatic synthesis of environments and tool interfaces. Evolving beyond this, GenEnv [70],
Agent-World [44] shift toward execution-driven reverse-engineering, synthesizing queries and rubrics
directly from randomly executed tool trajectories. While offering stronger grounding than static
artifacts, these methods inherently depend on domain-specific executable infrastructure that is costly
to build and difficult to transfer across settings.

Constraint-Driven Synthesis Rather than sourcing tasks from seeds or environments, constraint-
driven methods synthesize tasks by first defining an explicit, checkable property and then generating
instances designed to satisfy or violate it. Specifically, Controlled-bug methods instantiate this
by introducing code faults through mutations, commit reversals, or patch composition, using test
execution to confirm that a bug exists and is meaningful [96, 217, 295]. Policy-violation methods
specify forbidden behaviors through policy documents, classifiers, or privacy norms, and generate
targets in which an agent must navigate or detect those violations [111–113, 139, 158, 198]. Domain-
validator methods outsource verification to external tools that certify synthesized tasks against
domain-specific correctness criteria, such as theorem provers, physics simulators, or DFT scores [85,
186, 192, 218]. The tradeoff is clear: every new target property requires a corresponding verifier,
making these methods precise but also tends to limit the generality of these methods across domains.

2.2 Trajectory-Level Data Synthesis

While task-level synthesis defines what an agent should do, training agents also requires supervision
over how they do it. A trajectory records the full sequence of an agent’s actions, including reasoning
steps, tool calls, and environment interactions, that leads to a final outcome. Thus, synthesizing such
data is the focus of this section.

Constraint-Guided Reasoning Synthesis A central challenge in trajectory synthesis is ensuring
that intermediate steps are coherent and grounded, rather than plausible-sounding but unverifiable.
This category addresses it by anchoring each step to an external signal that constrains how the
trajectory unfolds, rather than relying on free-form Chain-of-Thought [261]. Search-based methods
enumerate candidate paths and retain those passing execution checks, utilizing DFS to explore APIs
call sequences [193] or MCTS to navigate chemistry reaction spaces [271]. Outcome-anchored
approaches work in the opposite direction: starting from a valid endpoint or executed trajectory,
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they retroactively infer the reasoning path that could have produced it [125, 221]. Structural meth-
ods constrain trajectory shapes upfront using predefined standard operating procedures or task
blueprints [26, 91, 135, 188]; GEM [289] extends this by mining such workflows directly from large
text corpora rather than hand-authoring them. When execution feedback is unavailable, model-based
verifiers supply proxy signals [226, 330], though at the cost of high path-exploration overhead and
verifier bias.

Environment-Grounded Synthesis Constraint-guided methods produce trajectories that are inter-
nally coherent, but they do not necessarily reflect how an agent would behave in a real environment.
Environment-grounded methods close this gap by using actual execution outcomes, e.g., success
flags, error messages, and state transitions, as the primary supervision signal. Execute-and-filter
methods run candidate actions and keep successful trajectories across Model Context Protocol (MCP)
servers, data-science tasks, user-agent-tool loops, or Python-as-action formats [251, 293, 329]. Tou-
can [288] scales this paradigm across MCP servers with rule- and model-based admission checks,
while FireFly [150] shows how real APIs can serve as grounded environments for large-scale verified
tool-call data generation. Explore-then-summarize methods take a complementary approach: they
first find successful action sequences through environment interaction, then retroactively name the
tasks those sequences solve. For instance, NNetNav [169] prunes paths without sub-task annotations,
and Learn-by-Interact [221] applies the same idea to interaction logs. Execution provides strong
supervision, but only when exploration manages to reach useful states.

Failure-Driven Synthesis Both constraint-guided and environment-grounded methods largely
discard failed rollouts, retaining only trajectories that succeed. Failure-driven synthesis takes the
opposite stance: failures carry information about where agents go wrong, and retaining them enables
models to learn recovery strategies and discriminative behaviors. Specifically, repair-based methods
generate failure-reflection-correction triples by having a teacher model identify early-stage errors
and rewrite the trajectory into a successful one, or by perturbing failed rollouts into corrected
alternatives [110, 156]. Negative-construction methods take a different angle: rather than repairing
failures, they preserve them as contrastive or preference supervision, exposing models to plausible-
but-wrong behavior so they learn to discriminate [106, 148]. CaRT [138] applies this idea specifically
to termination decisions, constructing minimal counterfactuals about when an agent should stop. For
these methods, failure-derived supervision offers a signal that success-only approaches cannot, that
it can teach agents not just what to do, but how to recover when things go wrong. However, the
quality of this supervision is bounded by what the generator or teacher can produce: if failures are
too random or too rare, the resulting signal offers little meaningful learning.

Experience Distillation and Rewriting The preceding methods all synthesize trajectories from
scratch or from live interactions. Experience distillation takes a different angle: rather than generating
new trajectories, it transforms existing logs, rollouts, or task traces into more reusable training
artifacts. One approach compiles experience into structured programs or templates that can be
retrieved and adapted to new tasks. For example, UrbanKGent builds a reusable geospatial instruction
set from interaction logs, and MetaFlow extracts retrievable task templates from past rollouts [52,
172]. Another approach distills experience into natural language, capturing behavioral patterns
that fixed schemas often fail to represent: hindsight relabeling mines failed episodes for corrective
signal, ChatMap distills reusable service strategies from customer-service dialogues, and AgentTrek
reconstructs web trajectories by replaying steps described in online tutorials [83, 101, 287]. Structured
representations are easier to retrieve and reuse, while natural-language forms are more flexible but
depend more heavily on model judgment to extract meaningful patterns.

2.3 Feedback-Level Data Synthesis

Trajectory-level synthesis (§2.2) builds the behavior agents train on, while feedback-level synthesis
builds the evaluative signals used to judge that behavior. These signals, including scalar rewards,
pairwise preferences, natural-language critiques, and step-level process labels, are materialized as
offline feedback artifacts that support reward modeling, preference optimization, critic training, or
feedback-based adaptation, rather than serving as transient trajectory filters. Some methods use
rollouts, search, or interaction during data construction; we include them here only when these
procedures produce reusable feedback artifacts rather than serving solely as online rewards during
policy optimization.
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Reward Synthesis Reward synthesis transforms sparse outcome signals into reusable reward
artifacts over collected trajectories, including scalar labels, reward models, and executable reward
functions. One line of work annotates offline trajectories through consistency checks or hindsight
labels, while others train tool-augmented reward models from synthesized judgments [86, 119, 187].
A second line synthesizes executable reward functions as reusable artifacts, validating or refining them
through automated code verification, human-guided evolutionary search, or VLM-based feedback [38,
76, 238]. A third family derives reward signals from external priors or task-specific consistency
checks, such as game manuals or persona-consistency constraints [1, 274]. Across all three, the
central risk is grounding: a dense reward helps only if it tracks the real task rather than artifacts of the
annotator, verifier, or external prior.

Preference Synthesis Because scalar rewards require absolute calibration, which foundation-
model annotators often struggle to provide, preference-based methods synthesize relative judgments,
comparing which of two behaviors is better without requiring calibrated scores. Execution provides
one of the most reliable sources of preference pairs: ETO compares successful and failed trajectories
directly, and ExeSQL verifies text-to-SQL queries against execution results [216, 326]. When
execution is unavailable or only partially informative, model judges or verifiers construct preference
pairs from agent rollouts. MAGNET [304] models multi-turn function call interactions as a graph,
traversing signature paths to generate positive and negative trajectory pairs for preference optimization.
Methods like DecEx [120] and others construct pairs from inference trees or step-level samples, using
model-based judgment to rank candidate behaviors [27, 126, 281]. Multi-agent settings open up a
further source of preference signal: Optima [28] treats conversation turns as tree nodes and uses
MCTS to explore diverse interaction paths, while other methods derive preferences from cross-agent
debates, self-play, user edits, or communication games [57, 59, 220, 241, 339, 343]. To summarize,
preferences are easier to elicit than calibrated scores, but they discard magnitude information and
inherit biases from their underlying source.

Critique and Reflection Preferences indicate which behavior is better but not why. Therefore,
critique synthesis metods fill this gap by producing natural-language feedback artifacts, such as error
descriptions, revision advice, or critique-revision pairs [132]. MultiCritique [114] aggregates flaw-
specific critiques from multiple LLMs and retains only those that improve downstream revision, while
RL4F [4] trains a small critique generator to maximize downstream repair by a large frozen model.
Another line turns generator-evaluator loops into reusable critique-revision traces: the evaluator
identifies errors or weak decisions, and the generator revises its next attempt using that feedback,
producing paired artifacts that capture both the failure mode and the corrective response [82, 266, 297].
In general, critique synthesis produces the interpretable form of feedback among the three categories,
making it particularly useful for tasks where understanding failure modes matters as much as
correcting them. However, natural-language feedback is harder to verify than scalar signals and prone
to inheriting the evaluator’s blind spots.

Process Supervision Preceding three forms primarily operate at the trajectory level, requiring the
agent to infer which intermediate steps contributed to success or failure. Process supervision addresses
this credit-assignment problem by attaching feedback directly to individual reasoning or action steps.
Specifically, tree-search and value-estimation methods generate step labels by propagating outcome
signals backward through exploration trees. For instance, QLASS [137] builds an exploration tree
from agent rollouts and estimates Q-values at each node, producing step-level annotations that reflect
long-term utility rather than immediate outcomes. Other methods in this group assign step labels
from one-step lookahead or transition statistics [41, 133, 161]. A second group derives step-level
feedback without tree search: STeCa [244] identifies suboptimal actions through step-level reward
comparison during exploration and uses LLM-driven reflection to construct calibrated replacement
trajectories. Other methods in this group derive step signals from reflection-based repair, paired
code-and-test generation, or independent verification checks [92, 254, 310, 318]. A key frontier for
agentic settings is exposing denser intermediate signals, e.g., state diffs, tool validity checks, subgoal
progress, and recovery indicators, that make partial progress measurable before a final outcome is
observed. Across all these approaches, step-level feedback is most valuable on long-horizon tasks,
but reliable only when labels track genuine progress rather than surface correlates of success.
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2.4 Environment-Level Data Synthesis

The previous levels synthesize tasks, trajectories, and feedback; environment-level synthesis builds
the interactive substrate from which those artifacts can emerge. In this sense, an environment is
not only a task container but also a source distribution and verifier: it generates reachable states,
constrains possible actions, and returns feedback about whether an interaction changed the world
in the intended way. Recent environment-scaling work similarly views environments as producers
of experience through generation, execution, and feedback rather than passive containers for agent
activity [93].

LLM-as-Simulator LLM-as-simulator methods use an LLM as a text-based environment that
returns observations and rewards. This gives broad coverage because a single backbone can simulate
websites, APIs, dialogue partners, or workflows. Frozen LLM simulators improve throughput but not
fidelity [32, 134]. WebEvolver [55] raises fidelity by co-evolving a world-model LLM for training-
time simulation and inference-time lookahead. Other work adds MCTS or tabular Q-learning over
imagined transitions [14, 54]. However, the weakness is that the simulator is still bound by the LLM’s
world knowledge, so hallucinated dynamics can become reward hacking.

Programmatic Environment Engineering Programmatic environment engineering builds environ-
ments with code, so execution defines dynamics and reward. Software engineering is the cleanest case
because codebases and tests already act as environments; R2E-Gym [71, 96] combines native test
suites with synthesized checks. For tool-use agents, recent systems synthesize stateful mock services
with executable tools, database-backed state, and verification code, extending environment scaling
from abstract tool interfaces to executable approximations of real software systems [12, 53, 214, 258].
This line of work also extends beyond tool APIs to broader computer use environments. MobileGym
provides programmable mobile simulators with reset, rollout forking, and state verification, while
WebGym scales visual web training with realistic tasks, rubric-based evaluation, and efficient rollout
collection [6, 269]. CLI-Anything complements these systems by exposing real software through
command line harnesses with explicit state, backend execution, and programmatic feedback [298].
The same programmatic paradigm also appears in evaluation-oriented and industrial pipelines, which
generate task specifications, tool interfaces, scoring rubrics, or training environments for large-scale
agent tuning [130, 231, 233, 249]. Outside software and tool use, methods convert static resources or
high-level specifications into interactive environments for domains such as embodied manipulation
and procedural simulation [24, 40, 48, 107, 223, 312]; FactorSim [225] builds simulations from
natural language with factored POMDPs, while AutoEnv [325] shows that more environments help
less without an adaptive curriculum.

3 Quality Control for Synthetic Data

Building on the taxonomy in §2, quality control examines and controls synthesized tasks, trajectories,
feedback signals, and environments before they are used for learning or evaluation. Its core issue
is verifier reliability: executable checks provide precise signals when tests, constraints, tools, or
state changes are available, while human and model judges cover less formal criteria but introduce
calibration bias [20, 335]. We organize existing work into execution-grounded filtering, evaluator-
guided scoring, multi-stage pipelines, and training-time noise handling.

Execution-Grounded Filtering Execution-grounded filtering uses tools, environments, tests, or
task constraints as automatic checkers. A synthetic trajectory can then be kept, rejected, or relabeled
according to whether execution reaches the expected state. The simplest form assigns only final
success or failure labels [216]. More fine-grained methods inspect intermediate behavior, which
is important for long trajectories because a single late error should not erase evidence that earlier
steps were valid. DeepAnalyze verifies data-science outputs against executable constraints [329],
WebSTAR filters GUI rollouts at the action level [79], TARGA validates structured reasoning
steps [91], and CoVe folds explicit task constraints into both generation and verification [23]. The
same principle also appears before and after trajectory generation: tool-oriented pipelines screen
APIs or MCP environments before synthesis begins, while search-tree methods explore candidate
paths and label branches by downstream success [27, 41, 120, 193, 288]. Execution provides the
cleanest quality signal among these mechanisms, but only when the relevant notion of correctness
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has already been made executable. Open-ended tasks remain difficult because success may depend
on preferences, strategies, or partial progress that cannot yet be reduced to tests or state predicates.

Evaluator-Guided Scoring When execution cannot decide quality, evaluator-guided scoring uses
a model or human judge to assess synthetic artifacts. The evaluator may assign an absolute score,
compare candidates, or produce feedback that guides revision. Because a single judge can be
unstable, many systems reduce variance through reviewer committees, ensembled judgments, or
disagreement-aware critics [119, 188, 241]. Others evaluate the feedback itself, for example by
checking whether a critique improves the downstream actor that uses it [114]. This mechanism can
also make quality control corrective rather than purely selective: Re-ReST revises trajectories using
environment feedback [46], while CATCH and APIGen-MT rewrite low-scoring samples according
to quality scores and reviewer comments [26, 188]. Human review remains useful for criteria that
model judges often miss, including SOP compliance and reward-function design [76, 135]. The
central risk is correlated error: if the generator and evaluator share model families, training data, or
assumptions, both may overlook the same defect. Rubrics reduce this risk only when they express the
quality dimensions that users actually care about.

Multi-Stage Filtering Pipelines Since objective and subjective checks fail in different ways,
stronger pipelines usually chain them. A typical pipeline first removes format errors or non-executable
samples, then applies model or human review, and finally regenerates or reranks the remaining data.
Toucan follows this structure for tool-use data by combining automatic checks on format and
executability with model-based quality review [288]. APIGen-MT, Math CL, and MobileIPL adopt
similar staged designs for multi-turn APIs, mathematical reasoning, and mobile-screen control [89,
188, 241]. These systems are best understood as data-engineering pipelines rather than single filtering
algorithms. Their effectiveness depends less on the number of gates than on whether the gates cover
complementary failure modes. A pipeline that stacks several model judges may still preserve the
same blind spot, whereas a pipeline that combines schema checks, execution, rubric review, and
targeted regeneration can expose errors at different points in the synthetic data lifecycle.

Training-Time Noise Handling The preceding mechanisms try to remove weak data before
training. Training-time noise handling makes a different choice: it keeps imperfect data, but changes
the learning signal so that weaker samples receive less influence. CURE uses co-evolved unit testers
as reward signals [254], SPORT refines preference labels across iterations [126], and Persona RL and
CoMAS use multi-turn reinforcement learning (RL) to reduce the effect of noisy interactions [1, 290].
A related direction controls quality through data composition. For code agents, trajectory diversity
can matter more than raw volume, and plausible negative samples can be more useful than random
wrong answers [19, 43]. This approach is attractive when neither the source distribution nor the
verifier is clean enough to support hard filtering. It also links quality control directly to the learning
frameworks in the next section: a sample that is too noisy for imitation may still be useful as a ranked
comparison, a negative example, or a low-reward trajectory. Its main limitation is the instability of
this tradeoff, since training objectives may absorb moderate synthetic noise in some settings but
amplify repeated verifier errors in others.

4 Agent Learning Frameworks

After synthesis and quality control, synthetic artifacts become learning material. They may remain
outside the model as retrievable experience, or they may be converted into gradients that update
the model weights. This distinction shapes both the benefit and the risk of synthetic data. External
memories are editable and can track changing tools or environments, but they depend on retrieval and
reuse at inference time. Parametric training produces behavior that is available without retrieval, but
errors can become embedded in the policy. We therefore organize agent learning into non-parametric
and parametric frameworks.

4.1 Non-parametric Learning

Non-parametric learning treats synthesized experience as an external resource. The stored artifact
can be close to the original interaction, as in an episodic trace, or it can be compressed into a lesson,
relation, procedure, or skill. Moving from episodes to skills improves reuse across tasks, but it also
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increases the burden on synthesis: the system must decide which details are incidental and which are
generally useful.

Episodic Experience Retrieval Episodic experience retrieval stores solved interactions and reuses
them as demonstrations for similar future tasks. This is the least abstract form of non-parametric
learning: the synthetic artifact is still a concrete task trace, often including the instruction, actions,
observations, and final outcome. Self-Generated In-Context Examples stores successful traces for
few-shot retrieval [208], while Learn-by-Interact grounds its traces in documentation, tutorials, and
executable interaction so that retrieved examples remain tied to the environment they came from [221].
Other systems improve the store by refining exploration into instruction-trace pairs, mining tool-use
workflows from text, rewriting failures into successful cases, evolving verifiable problems, or indexing
trajectories by skill [75, 168, 204, 264, 289]. This directness makes episodic retrieval easy to refresh
without weight updates, but it also limits transfer: if a new task is phrased differently, requires a
different tool composition, or departs from the stored state distribution, the retrieved episode may
provide misleading guidance rather than useful supervision.

Meta-Cognitive and Relational Memory Meta-cognitive memory moves one level above episodic
reuse by storing what the agent should learn from an interaction rather than the interaction itself.
MetaReflection distills trial and error into reusable instructions [74], AutoGuide selects context-aware
guidelines [58], and Reflexion stores verbal self-reflections after failures [211]. A-MEM links each
new note to earlier memories, allowing the memory base to grow as a connected record rather than an
unordered collection [285]. Relational memory adds temporal or causal structure through contextual
replay, chronological timelines, or hierarchical graphs [144, 174, 275]. These abstractions are useful
because agent tasks often recur in form even when their surface details change: a lesson about
checking tool preconditions can transfer across many tools, whereas a stored trajectory may apply
only to one API state. The risk is overgeneralization, since a synthesized reflection or relation is
valuable only if it captures a stable pattern, not a detail that happened to matter in one episode.

Procedural and Skill Memory Procedural and skill memory compresses experience into assets
that can be invoked directly during future interaction. AutoManual compiles environment rules
into instruction manuals [25]. PRINCIPLES learns strategy memory from self-play dialogues, and
PLAY2PROMPT converts tool play into prompting templates [56, 108]. CoEvoSkills adds a verifier
to the synthesis loop, co-evolving the checker and the skill generator so that skill construction still
receives feedback when no external test is available [321]. This is the most compact non-parametric
use of synthetic data, turning many trajectories into a smaller procedural interface that is easier to
inspect and edit than a large retrieval store. The same compression raises the cost of errors: a flawed
procedure can be reused across many tasks, so procedural memory needs either strong verification
during synthesis or later mechanisms that detect when an invoked skill is no longer appropriate.

4.2 Parametric Learning

Parametric learning uses synthetic artifacts as training signals that update the model itself. The
relevant artifact changes across stages. Pre-training needs broad corpora that expose agent-like
patterns. Supervised fine-tuning needs high-quality trajectories that can be imitated. Reinforcement
learning needs rewards, preferences, or verifiers that score behavior. Continual learning needs a
cycle that can synthesize new data as tasks, tools, and environments evolve. Because the learned
behavior persists after training, parametric methods are more sensitive to systematic noise than
external-memory methods.

Pre-training Pre-training applies self-supervised objectives to synthetic agent corpora before task-
specific adaptation [162]. Agentic continual pre-training exposes the model to planning, tool-use,
code, and instruction-style sequences so that later training starts from a model already biased toward
interactive behavior [29, 36, 151, 203, 222, 344]. AgentFounder frames this stage as a bridge between
general pre-training and fine-tuning [222], while Hephaestus-Forge and AgentFrontier study how
agent, code, and text mixtures should be separated from later tool-augmented post-training [29, 344].
ToolGen takes a different route by assigning tools virtual tokens, making tool identity part of the
model vocabulary [250]. The role of synthesis at this stage is to shape a broad prior rather than to
teach one verified behavior. Scale and coverage therefore matter, but so does the mixture of agentic
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and non-agentic text. The interaction between these broad synthetic priors and later supervised fine-
tuning or reinforcement learning remains under-specified, especially when later stages use narrower
but more strongly verified data.

Supervised Fine-Tuning Supervised fine-tuning (SFT) turns synthesized trajectories into imitation
targets. The model observes states, reasoning traces, actions, tool outputs, and final answers, and
learns to reproduce similar behavior on related tasks. Early agent-tuning work used diverse trajectories,
corrective signals, and modular annotations to inject interactive behavior into the model weights [17,
31, 303, 313]. Recent work focuses more directly on the tension between trajectory quality and task
coverage. MAGNET constructs function-call paths over dependency graphs and distills both positive
and negative trajectories from a teacher [304]. APIGen-MT starts from verified task blueprints
with ground-truth actions and then converts them into realistic multi-turn interactions [188]. Other
pipelines expand coverage through multi-source training, execution-verified API traces, or workflows
mined from text [142, 193, 289, 323]. SFT is therefore where the quality-control decisions from
§3 become most visible: a useful trajectory should cover realistic tool use without teaching invalid
calls or brittle reasoning. At scale, SFT often provides the initial tool-use competence that later
reward-driven training refines [122, 231].

Reinforcement Learning Reinforcement learning changes the role of synthetic data from imitation
target to scoring signal. The agent samples new behavior, and synthesized tasks, environments,
rewards, or preferences determine which behavior is reinforced. Recent agent training often uses
Group Relative Policy Optimization (GRPO) because it estimates relative advantages within a group
of sampled responses without a separate value model [69], with later variants adjusting clipping,
normalization, baseline estimation, or tree-structured rollouts [3, 100, 146, 309]. For this survey, the
optimizer is secondary to the source of the reward. In code and tool-use settings, verifiable rewards are
especially important because correctness can be checked by execution, unit tests, or environment-state
comparisons [33, 39]. Data synthesis supplies the task distribution and runnable environments that
make such rewards available; if the synthesized tasks are too narrow, RL discovers narrow behavior,
and if the verifier is incomplete, RL may exploit it. Other settings use denser process reward models,
outcome reward models, or preference comparisons [4, 61, 114, 115, 126, 154, 199, 248, 280, 318].
These signals connect back to feedback-level synthesis in §2.3: the value of RL depends on whether
synthesized feedback tracks real task progress rather than artifacts of the checker or judge.

Continual Learning Continual learning closes the loop by repeating synthesis, filtering, and train-
ing as tasks, tools, and environments change. Imaginarium and Confucius learn from simulated trial
and error or self-generated curricula [62, 243]. Math CL cycles through fine-tuning, fresh synthesis,
preference optimization, and replay so that new synthetic data improves current performance with-
out erasing earlier skills [241]. This setting makes the lifecycle view explicit: the agent’s current
behavior changes the data that will train its future behavior. The main challenge is therefore not only
generating new cases, but also curating them across rounds so that synthetic noise is corrected rather
than accumulated.

5 Synthetic Evaluation Data for Agents

Synthetic data also serves as evaluation infrastructure. The previous sections treated synthetic
artifacts as training material; here, similar artifacts make agent behavior observable under controlled
conditions. A benchmark must specify the task, tools, initial state, hidden user goal, interaction
environment, scoring rule, and often a simulated user or adversary. These components are difficult
to obtain from live deployments because APIs change, websites drift, user state is private, and long
trajectories can mix planning, tool use, memory, recovery, and safety failures in a single final score.
Synthetic evaluation therefore becomes a form of verifier construction: it determines which parts
of the agent–environment loop are observable, which states can be reset, which failures can be
diagnosed, and which risky situations can be tested without harming real users or systems. Tab. 1
summarizes representative component-level and scenario-level benchmarks discussed in this section
and §6.
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Type Area Representative benchmarks

Agent
Module

Agent Planning PlanBench [237]; TravelPlanner [278]; TripCraft [16];
BioPlanner [175];

Agent Memory LoCoMo [160]; LongMemEval [268]; MemoryAgentBench [84];
MemSim [332]

Agent Tool Use
API-Bank [124]; BFCL [182]; ACEBench [18]; τ -bench [301];
τ2-bench [8]; MCP-Universe [155]; MCPMark [276]; MCP-Atlas [7];
Toolathlon [121]

Scenario

Software
Engineering

HumanEval+ [140]; LiveCodeBench [95]; BigCodeBench [347];
SWE-bench Verified [102]; SWE-Gym [178]; MLE-bench [15]

Agentic Search FRAMES [109]; AssistantBench [306]; WebWalkerQA [270];
HotpotQA [299]

AI for Science DiagBench [195]; 3MDbench [227]; ReasonMed [226];
ChemToolBench [271]

Social Good Agent4Edu [63]; SADAS [87]; CharacterCraft [305]; ESC-Judge [159]

AI Safety and
Security FinRpt-Gen [103]; AIDSAFE [112]; ASTRA [286]; ASB [320]

Table 1: Representative agent benchmarks discussed in §5 and §6, grouped by agent module and
application scenario.

5.1 Synthetic Evaluation Benchmarks

Agent Tool Use Tool benchmarks evaluate whether an agent can choose the right tool, fill its
arguments, chain dependent calls, interpret outputs, and leave the backend in the intended state.
Early benchmarks emphasized call-level correctness. Gorilla grades the structure of generated
API calls rather than only matching surface text [181], API-Bank extends tool use to multi-turn
API dialogues [124], and ToolBench adds executable trajectories constructed over dependent tool
calls [193]. Later benchmarks add state and protocol complexity. BFCL checks backend-state
changes for mock APIs [182], while ToolSandbox, StableToolBench, and DICE-Bench introduce
simulated users, stable virtual backends, or explicit tool-dependency graphs [73, 97, 149]. The most
recent benchmarks move from static or mocked interfaces toward realistic software environments:
MCP-Universe evaluates agents over real MCP servers [155], and later MCP benchmarks scale this
setting to larger tool ecosystems, live connectors, diagnostic states, and long-horizon workflows [7,
121, 166, 259, 276]. This progression improves ecological validity, but it also makes reproducibility
harder because live-like benchmarks must stabilize backend state, tool versions, and scoring rules.

Human-Agent Interaction Human-agent interaction benchmarks add a variable that tool bench-
marks usually omit: the goal is partially hidden inside another actor. The benchmark must therefore
synthesize private goals, policies, personas, role backgrounds, payoff structures, or organizational
state, and the agent must infer them through interaction [348]. Customer-service benchmarks make
this setting concrete by pairing user simulators with synthetic backends. τ -bench scores whether
a retail or airline agent reaches the correct final database state [301], while τ2-bench makes both
sides act under partial observability [8]. Persona and role-play benchmarks fix hidden profiles and
judge consistency across long conversations [45, 190, 207, 236, 257, 337, 340]. Multi-agent and
organizational benchmarks extend the same hidden-state idea to bargaining, coordination, mixed
collaboration-competition, and enterprise work [2, 9, 283, 284, 342]. The main risk is simulator
fidelity: an LLM-based user may be too cooperative, reveal private information too easily, or share
biases with the evaluated agent. In that case, the benchmark may measure compatibility with the
simulator rather than competence with real users, so strong interaction benchmarks need calibration
against human behavior and real deployment failures in addition to diverse synthetic personas.

Long-Horizon Agent Evaluations Long-horizon benchmarks address a diagnostic problem that
becomes visible only after many steps: a final score often hides where the agent failed. Synthetic
evaluation makes intermediate behavior measurable by planting facts, updates, conflicts, timestamps,
subgoals, milestones, tests, or rubrics. Memory benchmarks plant ground-truth facts and later test
whether the agent preserves them under distraction or update. LongMemEval uses gold anchors and
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distractor sessions [268], LoCoMo builds event-graph timelines [160], MemSim controls fact distri-
butions with a Bayesian simulator [332], and MemoryAgentBench isolates updates and conflicts [84].
Process-oriented benchmarks expose partial progress through solution paths, subgoal sequences, or
milestones [5, 66, 153, 157, 193]. User-intent-shift benchmarks extend this idea by changing the target
mid-trajectory and measuring whether a web agent can be interrupted and redirected [349]. Open-
ended professional and research benchmarks use generated tests, rubric trees, agentic judges, or exe-
cutable checks when no single gold path exists [15, 21, 35, 67, 99, 104, 170, 219, 232, 267, 307, 346].
These signals are more diagnostic than final success, but they can also overconstrain valid alternative
strategies if the gold path or rubric is too narrow.

Agent Safety and Security Safety and security benchmarks synthesize risky situations that should
not be tested directly on live systems [22]. Attack benchmarks create sandboxes in which unsafe
behavior can be observed without real harm. ToolEmu uses a language-model-emulated tool envi-
ronment to reveal unsafe tool actions [205], ASTRA automates spatial and temporal red-teaming
for coding assistants [286], and ASB formalizes common agent-security attacks and defenses [320].
Robustness benchmarks perturb missions, user goals, or vulnerable codebases to test whether the
agent recovers and stays within policy [116, 202, 308]. Social-risk benchmarks simulate adversarial
harassment attacks [176]. These benchmarks should report task completion and safety together:
broad refusal can look safe while failing the task, and policy-blind completion can look capable
while violating constraints. Synthetic evaluation makes such tradeoffs measurable under controlled
conditions, but the verdict remains trustworthy only when the scenarios, user simulators, and scoring
rules are calibrated against real incidents and human judgment.

6 Applications

Having traced how synthetic artifacts are produced (§2), filtered for quality (§3), and consumed in
learning (§4) and evaluation (§5), we now turn to where these pipelines are actually deployed. We
organize the landscape along two complementary cuts: the core agent modules that synthesis must
support (§6.1), and the end-to-end application scenarios in which those modules are exercised under
domain-specific pressures (§6.2). Across both, one pattern recurs: as tasks grow more interactive and
long-horizon, useful synthesis shifts away from isolated input–output pairs toward generating the
users, environments, and feedback that make complex behaviors both learnable and verifiable.

6.1 Agent Module

An agent’s competence rests on a handful of reusable capabilities: deciding what to do, acting on
the world through tools, and retaining state across time. Each of them poses a distinct synthesis
bottleneck, which we examine in turn.

Agent Planning Agentic planning turns a user goal into executable subgoals or tool calls, so
it is a natural bottleneck for data synthesis. Planning benchmarks cover classical PDDL plan-
ning, constrained itinerary planning, and diagnostic long-horizon tasks: PlanBench [237] tests
Blocksworld-style domains, TravelPlanner [278] and TripCraft [16] test hard travel constraints, and
BioPlanner [175] plus HeroBench [5] remain mostly diagnostic. Synthesis work concentrates on
two of these settings, classical and itinerary planning, which differ in where validity comes from and
which we take in turn.

For classical planning, early work fine-tunes on synthetic symbolic plans, while later work improves
diversity, search traces, and validation. Plansformer [177] distills Fast-Downward problem-plan pairs,
CMDS [127] reduces data cost through graph-based diversity selection, and Bohnet et al. [11] show
that scaling Blocksworld data still leaves out-of-distribution generalization brittle. System-1.x [206]
synthesizes A* traces with subgoal-level mode labels, PDDL-INSTRUCT [239] uses logical traces
and VAL feedback for obfuscated PDDL, Plan2Evolve [88] self-evolves new domains, and Correa et
al. [37] replace hand-designed rewards with iterative filtering.

For itinerary planning, where feasibility hinges on hard external constraints rather than symbolic
preconditions, synthesis mainly supplies feedback and rewards. FAFT [30] labels synthetic plans
with an oracle checker, TTG [105] maps natural language to MILP constraints, DeepTravel [173]
combines cold-start trajectories, RL samples, and a spatio-temporal verifier, and TripScore [197] uses
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a continuous feasibility-and-quality reward. IMAGINE [331] distills GPT-4o multi-agent traces into
an 8B model, while STAR [272] studies which parts of a Synthesis-SFT-RL pipeline actually matter.
Across both planning lines, gains mostly come from richer synthetic supervision, but many pipelines
still depend on large teachers.

Agent Tool Use If planning fixes what an agent intends to do, tool use governs whether those
intentions survive contact with real interfaces. Tool-use applications show a shift from static
function-call data to multi-turn trajectories and simulated interaction. API-Bank [124], BFCL [182],
ACEBench [18], τ -bench [301], and τ2-bench [8] now span multi-turn API dialogues, single- and
multi-turn function calling, ambiguous or incomplete instructions, customer-service tool-agent-user
interaction, and dual-control settings. Recent methods differ mainly in how they synthesize interac-
tion: PARL-MT [13] adds progress-aware summaries, MUA-RL [333] trains with simulated users,
ToolACE-MT [316] and ToolACE-R [315] use iterative refinement, TRUSTEE [229] uses a local
model to simulate tasks, users, tools, and rewards, ToolMind [293] uses function-graph sampling and
turn-level filtering, APIGen-MT/xLAM-2 [188] builds verified blueprints and simulated human-agent
trajectories, and Tool-N1 [328] applies RL over structural and functional rewards. The common pat-
tern is that realistic tool use requires synthetic users, state transitions, and interaction-level feedback,
not only schema-level function-call correctness.

The same trend holds at larger scale, where model and dataset reports converge on the same recipe.
APIGen-MT/xLAM-2 [188] centers on executable trajectory blueprints, ToolMind [293] mixes
open-source data with graph-sampled synthetic traces, Kimi K2 [231] integrates large-scale agentic
synthesis with joint RL in real and synthetic environments, and TRUSTEE [229] shows that self-
simulated tool environments can provide a lower-cost training signal.

Agent Memory Planning and tool use both operate within a single episode; memory is what sus-
tains competence across episodes. Agentic memory requires agents to decide what to write, read, and
update across sessions [90]. Benchmarks probe cross-session recall, fact updates, conflict resolution,
temporal reasoning, and multi-platform state tracking through LoCoMo [160], PerLTQA [49], Long-
MemEval [268], MemoryAgentBench [84], MEMTRACK [42], TReMu [65], and MemSim [332].
Training work focuses mostly on LoCoMo and LongMemEval, where synthetic trajectories and
rewards are available, and splits into two complementary lines.

One line treats memory operations as learnable actions. Memory-R1 [291] labels ADD / UPDATE /
DELETE / NOOP decisions with a teacher model, MEM-α [256] scales synthetic multi-turn streams
and long contexts, MemLoRA [10] distills memory skills into small adapters, MemBuilder [209]
adds dense session-level rewards, and MemSkill [322] expands the skill bank during training. A
second line synthesizes long-term conversations around planted facts: LongMemEval [268] provides
distractor sessions and query expansion, RMM [228] trains retrieval with LLM-cited evidence,
UMA [327] builds Ledger-QA for end-to-end state maintenance, and InfMem [253] uses teacher
trajectories over very long contexts. AtomMem [94] and Mem-T [311] reinforce the same shift
toward learnable memory operations. The remaining gap is coverage: several memory benchmarks
still lack synthesis-trained entries.

6.2 Application Scenarios

The three modules rarely act in isolation; deployed agents weave them together under the constraints
of a concrete domain. We therefore move from capabilities to scenarios, where planning, tool use,
and memory are exercised jointly and where each domain imposes its own standard for what counts
as a valid trajectory and a trustworthy verifier.

Software Engineering Among these scenarios, software engineering offers the cleanest grounding,
since repositories and their test suites already behave as executable verifiers. Software engineering
agents translate natural-language intents into code edits, shell commands, and test executions across
large repositories, making them a stress test for long-horizon trajectory synthesis. Recent benchmarks
span function-level generation, repository-level issue resolution, and end-to-end ML engineering:
HumanEval+ [140] hardens the canonical function-synthesis baseline with stronger test suites, while
LiveCodeBench [95] and BigCodeBench [347] introduce contamination-resistant, time-stamped con-
tests and library-rich function calls; SWE-bench [102] and its human-validated SWE-bench Verified
subset have become the de facto evaluation for repository-level agents such as SWE-agent [294],
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OpenHands [252], Agentless [277], Moatless, and SWE-RL [265], with SWE-Gym [178] providing
the paired training environment and Commit0 [334] pushing toward from-scratch library reconstruc-
tion; SWT-bench [167] isolates reproduction-test generation; and MLE-bench [15] probes full ML
engineering pipelines over 75 Kaggle competitions.

Because that grounding is executable, software-engineering agents use synthesis to turn repositories
into tasks, trajectories, tests, and rewards. SWE-smith [295] generates bug-triggering task instances
from codebases, COAST [145] synthesizes debugging dialogues with problem-setter, learner, and
teacher agents, CURE [254] co-evolves code and unit-test generators through pairwise rewards, and
SWE-Dev [245] combines training and inference scaling for software-engineering agents. Tool-
and API-oriented pipelines also matter for coding agents: ToolBench [193] builds DFS tool-use
trajectories, APIGen-MT [188] uses task blueprints, ToolACE [142] self-evolves function-calling
data, ToolMind [293] adds reasoning chains, and MAGNET [304] translates dependency graphs
into multi-turn interactions. Execution-grounded work validates trajectories by running them, as in
CodeAct [251] and CodeContests+ [260]. Open frameworks such as SWE-agent, OpenHands, and
Agentless show that strong SWE-bench Verified performance is possible without proprietary infras-
tructure, while commercial tools now split between IDE-embedded copilots and more autonomous
coding agents.

Agentic Search If software engineering gives synthesis a closed world with built-in checkers,
agentic search faces the opposite condition: an open, drifting web where ground truth is dispersed
and must be reconstructed rather than executed. Deep research and agentic search agents are
evaluated along two axes: open-web browsing under realistic latency and multi-hop reasoning
over retrieved evidence, and recent benchmarks have shifted decisively toward harder, hint-free
settings. BrowseComp [263] has emerged as the dominant frontier evaluation for browsing agents
such as OpenAI Deep Research, WebSailor [123], DeepDive [324], and Fathom-DeepResearch [72],
with the text-only subset of Humanity’s Last Exam [185] increasingly used to stress-test long-
horizon retrieval and reasoning; FRAMES [109] and AssistantBench [306] probe factuality and
realistic web-task completion, and WebWalkerQA [270] targets multi-hop navigation specifically.
For training and shorter-horizon evaluation, multi-hop QA datasets including HotpotQA [299],
2WikiMultihopQA [81], MuSiQue [234], and Bamboogle [189] remain the workhorse testbeds
for synthesized search trajectories used in Search-R1, R1-Searcher, and DeepResearcher, with
SimpleQA [262] serving as a short-form factuality calibration baseline.

With no executable oracle to lean on, search synthesis must build its own validity into each trajec-
tory. Deep research agents need multi-hop search [164], source selection, and long-form synthesis
trajectories that are complex but still verifiable. Structured-knowledge methods synthesize search
paths from knowledge graphs, MCTS over KBs, urban KG construction, abductive evidence-to-query
paths, or factorized deep-search evaluation [125, 152, 163, 172, 213, 324]. Self-evolving methods
score, filter, and retrain on search trajectories for web search, paper search, long reasoning, and
open-source deep-research tasks [72, 78, 92, 319, 341]. Feedback-driven RAG methods synthesize
trajectories or preferences for retrieval, reranking, generation, peer review, and executable scientific
tasks [128, 131, 184, 266, 317]. Open systems such as STORM and MindSearch show that the same
agentic search loop can be built outside closed products; the key bottleneck is increasingly reasoning
over retrieved evidence, not retrieval alone.

AI for Science The same premium on verifiable reasoning over imperfect evidence carries into
science and medicine, where a further obstacle dominates: the data itself is hard to obtain. Healthcare
and scientific discovery use synthesis because real data is private, expensive, or tied to complex
workflows. Several generated benchmarks leverage the conversational and reasoning abilities of
LLMs, including DiagBench for multi-turn diagnostic interaction trajectories [195], 3MDbench for
multimodal medical dialogues [227], and ReasonMed for advanced medical reasoning [226].

On the method side, work clusters by sub-domain. In medical diagnostics, DiagGym and Dia-
gAgent [195] create virtual clinical environments for RL over diagnostic trajectories, while Rea-
sonMed [226] distills and refines large numbers of medical reasoning paths. In mental health,
PsyCoTalk [242] synthesizes psychiatrist-validated diagnostic dialogues from clinical protocols,
CATCH [26] uses progressive dialogue synthesis for counseling, PACE [117] builds panic-support
data from first-person narratives, and PsyDial [194] reconstructs real dialogues in a privacy-preserving
form. In chemistry and science, CheMatAgent [271] integrates chemical tools and HE-MCTS plan-
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ning through ChemToolBench, while MIMIR [230] uses role-play to generate agent-tuning data for
scientific tasks. The shared theme is that synthesis supplies interactive, verifiable practice where real
supervision is hard to collect.

Social Good When the object of synthesis is human behavior rather than verifiable facts, the
difficulty shifts in kind: the challenge is less about acquiring data than about convincingly standing
in for the people an agent must serve. Human-facing agents use synthesis to simulate learners
(e.g., Agent4Edu with generated learner responses [63]), collaborators and negotiators (e.g., SADAS
with synthetic business negotiations [87]), personas (e.g., CharacterCraft for character dialogues
from novels [305]), and emotional-support seekers (e.g., ESC-Judge with generated help-seeker
conversations [159]).

These roles recur across three broad settings. In education, Agent4Edu [63] simulates students with
learner profiles and memory, while DataEnvGym [107] treats data generation as a teacher-agent
problem guided by student-model feedback. For collaboration, Assistive LLM Agents [87] use role-
play and remediation in negotiation, Coral [171] uses self-play to create collaborative preference data,
and DiscussLLM [180] teaches agents when to stay silent or intervene in group discussion. For role-
play and support, personality-scale data [201], CharacterCraft [305], and SimsChat/SimsConv [292]
improve character consistency, ESC-Judge [159] synthesizes help-seeker roles for theory-grounded
evaluation, and SAPIENT [47] uses MCTS for conversational planning. These domains benefit from
controllable simulation, but fidelity to real social behavior remains the hard part.

AI Safety and Security Fidelity matters most when the behaviors being modeled are dangerous
in themselves. High-stakes domains use synthesis to create professional tasks and controlled risk
scenarios, such as FinRpt-Gen for equity research [103], ExCyTIn-Bench for cyber threat investi-
gation [273], ASB for agent security attacks and defenses [320], and AIDSAFE [112] for safety
reasoning.

Concretely, FinRpt-Gen [103] builds multi-agent equity-research-report data from several finan-
cial sources, and Beyond Reactive Safety [224] uses long-horizon simulations to reveal indirect
harms from model advice. Security work synthesizes vulnerable projects, red-team probes, cyber-
investigation questions, and agent attack-defense tasks through SEC-bench [116], ASTRA [286],
ExCyTIn-Bench [273], and ASB [320]. Multi-turn jailbreak work creates both attacks and defenses:
X-Teaming [200] optimizes collaborative multi-turn attacks and releases XGuard-Train, while AID-
SAFE [112] synthesizes policy-embedded reasoning data for safer responses. Across these frontiers,
synthetic data is valuable because the target failures are rare, risky, or too costly to collect directly.

Across both the modules and the scenarios, the same tension recurs in domain-specific dress: progress
depends less on producing more synthetic data than on whether the synthesized source distribution
covers the behaviors that matter and whether its verifier can be trusted. Such two questions organize
the open challenges that we discuss in §7.

7 Challenges and Future Directions

Data synthesis can scale agent learning, but it also introduces risks from weak grounding, noisy
feedback, long-horizon interaction, and simulated environments. These risks are manifestations
of two deeper questions: whether the source distribution provides supervision that matches the
target behavior, and whether the verifier provides feedback that is valid enough to filter, rank, or
improve that supervision. A third, more basic question underlies both: whether the model tasked with
synthesis is itself capable of producing such sources and verifiers reliably. We organize the discussion
around these three axes: source-distribution reliability (§7.1), verifier reliability (§7.2), and synthesis
capability (§7.3), pairing each diagnosis with concrete directions for future work.

7.1 Source Distribution Reliability

Data synthesis and distillation can be viewed as sampling supervision from a source distribution
conditioned on seeds such as prompts, tasks, demonstrations, tools, environments, or evaluation
harnesses. Agent synthesis enriches this process because the sampled object is not only an input–
output pair, but a joint structure over goals, tool calls, observations, state transitions, trajectories,
feedback, and sometimes memory. The central risk is whether this source distribution preserves the
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factors that determine target behavior, rather than surface style, simulator artifacts, or prompt-template
regularities.

Several common concerns in agent synthesis can be viewed as manifestations of this source-
distribution problem. For example, limited task coverage means the source distribution may miss
important goals, tools, user states, or failure modes, causing downstream agents to learn only a narrow
slice of the target behavior. Sandbox training may overrepresent simplified APIs or unrealistic user
behavior, so behavior learned in the synthetic environment may not transfer to deployment. Recursive
self-improvement can also repeatedly sample from and reinforce the same biased source distribution
across training rounds [32, 68, 212, 338].

What unifies these concerns is that the field still lacks ways to tell a well-targeted source distribution
from a merely large one. Future work should move beyond reporting dataset size or task diversity and
characterize which features of a source distribution actually predict downstream agent improvement.
These features include coverage over goals, tools, user states, environment dynamics, failure modes,
and recovery paths; grounding in executable constraints and valid state transitions; and calibration of
task difficulty, simulator behavior, and feedback signals to deployment conditions. A useful direction
is to develop diagnostics that identify whether failures come from missing task modes, unrealistic
environment assumptions, invalid trajectory dynamics, or difficulty distributions that are mismatched
to the policy being trained.

7.2 Verifier Reliability

A reliable source distribution is necessary but not sufficient: even well-chosen supervision is only
as good as the feedback used to filter, rank, and reward it. The second question is whether verifier
feedback is a faithful proxy for task success. Objective verifiers are strongest when success can be
decomposed into rules, tests, executable constraints, or state changes, but such decomposition is
difficult when the relevant factors of success are not yet fully understood, isolated, or quantifiable.
Subjective verifiers, such as LLM-as-a-judge or learned reward models, cover broader tasks but
replace tacit human preferences with an explicit rubric or learned judge, which may fail to align
with human expectations beyond its calibration data. For agents, the most grounded verifier is the
environment itself: whether actions produce the intended effects under real constraints.

Future work should therefore treat verifier design as a problem of proxy alignment: which aspects
of task success the verifier captures, which aspects it omits, and under what distribution shifts its
judgments remain valid. This requires audits that compare synthetic feedback with executable checks,
human judgments, and real task outcomes, rather than assuming that judge scores or reward-model
labels are reliable training targets. Long-horizon error propagation is a concrete example: a small
hallucinated tool call, invalid state update, or wrong observation can contaminate later steps if no
process-level verifier catches it early. Synthesis-time validation is useful only if intermediate checks
reveal whether failures arise from task construction, trajectory generation, feedback modeling, or
data filtering. Dynamic evaluation raises a related issue: scoring should use state changes and support
valid alternative trajectories, rather than relying only on fixed references.

Catching such errors early, before they propagate, requires verification that does not wait for the final
outcome. Future harnesses should also turn sparse final outcomes into dense process-level verifiability
through intermediate state changes, tool-call validity, subgoal completion, rollback signals, memory
consistency, and environment feedback. The long-term goal is for agents to learn not only from final
success or failure, but also to discover and use intermediate checks that make their own execution
process more observable, debuggable, and correctable.

7.3 Synthesis Capability

Both the source distribution and the verifier are, in the end, produced by a model, which raises a
question upstream of either: is that model actually able to synthesize them well? It remains unclear
how a model’s problem-solving capability translates into its ability to synthesize useful agent training
data. A strong model may solve a task correctly, but this does not guarantee that it can generate
diverse tasks, faithful trajectories, reliable feedback, or training examples that improve other agents.
Data synthesis therefore depends not only on the generator model’s raw capability, but also on how
the synthesis process elicits, verifies, filters, and diversifies the generated artifacts.
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Future work should study capability-aware synthesis pipelines that assign different roles to models
with different strengths. For example, stronger models could be used to plan task distributions,
guide trajectory construction, identify missing coverage, and verify generated samples, while smaller
models could support large-scale generation, paraphrasing, perturbation, and preliminary filtering
under executable or human-grounded supervision. This also requires evaluating synthesis capability
directly: whether a model can produce tasks with controlled difficulty, trajectories that preserve
causal state changes, feedback that agrees with reliable verifiers, and data mixtures that improve a
target policy rather than merely resembling high-quality demonstrations. Such evaluations would
separate the ability to solve tasks from the ability to construct useful supervision for other agents.

Across all three axes, the requirement for trustworthy synthesis is the same: a source distribution that
samples the behaviors that matter, a verifier that judges them faithfully, and a generator capable of
producing both, and progress on any one is ultimately bounded by the other two.

8 Conclusion

This survey frames data synthesis for LLM agents as a workflow built around agent artifacts. We
organize artifact synthesis into four levels: tasks, trajectories, feedback signals, and environments.
We then examine how these artifacts are controlled for quality, used in agent learning, turned into
evaluation infrastructure, and applied across agent modules and application scenarios. Across these
levels, the central challenge is not merely generating more data, but identifying reliable source
distributions and constructing verifiers that expose dense, environment-grounded learning signals.
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