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Abstract

Reinforcement Learning (RL) is essential for
evolving Large Language Models (LLMs) into
autonomous agents capable of long-horizon
planning, yet a practical recipe for scaling RL
in complex, multi-turn environments remains
elusive. This paper presents a systematic empir-
ical study using TravelPlanner, a challenging
testbed requiring tool orchestration to satisfy
multifaceted constraints. We decompose the
agentic RL design space along 5 axes: reward
shaping, model scaling, data composition, al-
gorithm selection, and environmental stability.
Our controlled experiments yield 7 key take-
aways, e.g., (1) reward and algorithm choices
are scale-dependent as smaller models benefit
from staged rewards and enhanced exploration,
whereas larger models converge efficiently with
simpler dense rewards, (2) ~1K training sam-
ples with a balanced difficulty mixture mark an
empirical sweet spot for balancing in-domain
and out-of-domain performance under our pri-
mary setting, and (3) environmental stability is
critical to prevent policy degradation. Based
on our distilled recipe, our RL-trained models
achieve state-of-the-art performance on Trav-
elPlanner, outperforming leading LLMs.

1 Introduction

Large Language Models (LLMs) have evolved
from static text generators into general-purpose
autonomous agents capable of reasoning, acting,
and interacting with dynamic environments (Yao
et al., 2023; Schick et al., 2023). This paradigm
shift has enabled diverse applications, ranging from
information-seeking agents navigating open-ended
web environments (Jin et al., 2025b; Li et al., 2025)
to GUI agents manipulating complex user inter-
faces (Xie et al., 2024b) and software engineering
agents modifying and debugging real-world code-
bases (Jimenez et al., 2024; Yang et al., 2025a,
2024). Across these scenarios, agents must engage
in long-horizon planning: decomposing high-level
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Figure 1: Performance on the TravelPlanner test set.
Our RL-trained models significantly outperform both
their and leading LLLMs. Results
marked with * are sourced from Zhu et al. (2025).

goals into manageable sub-tasks, orchestrating tool
usage, and satisfying multifaceted constraints to en-
sure the successful completion of tasks (Xie et al.,
2024a; Wu et al., 2024).

Training agents capable of long-horizon tool use
remains an open challenge, establishing Reinforce-
ment Learning (RL) as a primary paradigm for
optimizing these capabilities through exploration
and feedback (AI, 2025; Li et al., 2026a). However,
existing insights into agentic RL stem predomi-
nantly from short-horizon tasks involving single-
step reasoning (Yang et al., 2025b) or few-turn
interactions (Jin et al., 2025a; Yu et al., 2025b).
In contrast, real-world agentic workflows require
long-horizon planning, characterized by dozens of
tool invocations and extensive trajectories. While
recent efforts have introduced targeted algorithms
to tackle this complexity, such as modifying explo-
ration strategies (Ji et al., 2026; Dong et al., 2026)
or synthesizing adaptive environments (Lu et al.,
2026; Wang et al., 2026b), these works typically
explore a limited subset of the RL design space.
Crucially, they lack a holistic view of how factors
ranging from reward shaping and data composition
to model scaling and environmental stability jointly
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shape performance. Therefore, the community still
lacks a systematic and practical recipe for scaling
RL in complex, long-horizon agentic scenarios.

To fully explore this design space and bridge the
aforementioned gap, we require an environment
that is both complex yet computationally tractable.
We adopt TravelPlanner (Xie et al., 2024a) as our
primary testbed, which captures several core chal-
lenges of long-horizon agents. It requires orches-
trating diverse tools (e.g., transport and accommo-
dation search) to satisfy multifaceted constraints
(e.g., budget, personal preferences, and hallucina-
tion avoidance), presenting a challenge where even
top-tier models such as Kimi-K2.5 (Team, 2026a)
achieve success rates below 15%. Unlike tasks
relying on costly and high-latency external APIs,
TravelPlanner operates within a local sandbox, pro-
viding a controlled, reproducible, zero-cost, and
high-throughput environment essential for scaling
RL exploration. Leveraging this efficient testbed,
we implement STAR (Synthesis, Training, And
Reinforcement), a unified post-training pipeline
that serves as a scaffold for controlled compar-
isons across RL design choices. Furthermore, mov-
ing beyond intra-task evaluation, we assess our
trained policies on both in-domain planning tasks
and out-of-domain (OOD) knowledge-intensive
QA and deep-research-style information-seeking
benchmarks (Chen et al., 2025) to evaluate their
broader generalization.

Utilizing the STAR framework, we conduct a
large-scale empirical study to decompose the long-
horizon RL design space along 5 critical axes: re-
ward shaping (dense vs. sparse, with or without
curriculum-style staging), model scaling (1.5B,
3B, and 7B variants), data composition (sam-
ple quantity and difficulty), algorithm selection
(standard GRPO vs. exploration-heavy variants),
and environmental stability (injecting tool fail-
ures and observation corruption). Across these
axes, we train over 30 distinct RL agents, total-
ing over 6,500 A100 GPU hours. By rigorously
isolating each factor, we distill the following key
takeaways: (1) Reward and algorithm choices
are scale-dependent: smaller models benefit most
from staged curriculum rewards and exploration-
heavy algorithms, whereas larger models favor sim-
pler dense rewards and standard GRPO for both
accuracy and efficiency; (2) Data exhibits a sweet
spot: in our primary setting, approximately 1K
training samples with a balanced difficulty mix-
ture provide a strong trade-off between in-domain

performance and OOD generalization; and (3) En-
vironmental stability is critical: environmental
noise can noticeably degrade the performance of
long-horizon agents. Finally, following the opti-
mal strategies identified across these factors, our
STAR-trained 1.5B-7B models achieve state-of-
the-art (SOTA) performance on the TravelPlanner
test set, significantly outperforming the strongest
commercial LLMs as shown in Figure 1.
In summary, our contributions are as follows:

* A Unified Post-training Pipeline: We lever-
age TravelPlanner as a scalable testbed for
long-horizon agents and instantiate STAR, a
unified pipeline encompassing data synthesis,
supervised fine-tuning (SFT), and RL, provid-
ing a scaffold for systematic empirical analy-
sis of agentic RL.

* A Large-scale Empirical Study: We system-
atically dissect the RL design space, providing
empirical insights into how reward shaping,
model scaling, data composition, algorithm
selection, and environmental stability shape
policy optimization.

* Actionable Recipe & SOTA Performance:
We derive a practical, scale-aware recipe for
training long-horizon agents. Applying this
recipe, our open-weight models achieve SOTA
performance on TravelPlanner, surpassing
leading proprietary LLMs and providing a
foundation for future agentic RL research.

2 Preliminaries

We use TravelPlanner (Xie et al., 2024a) as our
primary testbed. This platform simulates a re-
alistic travel agency scenario where agents exe-
cute long-horizon planning under multifaceted con-
straints. These constraints encompass both ex-
plicit user requirements (e.g., budget limits and per-
sonal preferences) and implicit commonsense rules
(e.g., factual grounding and logical consistency).
The testbed provides 6 information-gathering tools
(e.g., SearchFlight) that query a large-scale local
database, with detailed statistics provided in Ap-
pendix B and Table 6. This configuration preserves
realistic multi-tool planning complexity while en-
suring the zero-cost, low-latency interactions es-
sential for scalable RL.

ReAct Inference: As illustrated in Figure 2, we
employ the ReAct paradigm (Yao et al., 2023) to
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Figure 2: Overview of the TravelPlanner testbed. Top: A user query alongside the available local toolkit. Middle:
The agent’s iterative reasoning and tool-use trajectory following the ReAct paradigm. Bottom: The two-dimensional
evaluation protocol, requiring adherence to both commonsense rules and hard constraints to achieve a Success.
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Figure 3: Overview of the STAR pipeline and the experimental design space. The pipeline consists of three stages:
(1) Data Synthesis for generating feasible, difficulty-controlled queries, (2) SFT using high-quality trajectories
from a teacher model, and (3) RL to optimize long-horizon planning via environmental feedback. The right panel
outlines the design space explored in our subsequent experiments.

facilitate multi-turn agentic workflows. Given a
natural language query ¢ specifying the travel in-
tent and constraints, the agent engages in iterative
cycles of reasoning, acting, and observing. At each
time step ¢, the LLM generates a reasoning trace
7¢ conditioned on the context, emits a parsable tool
action a;, and receives an observation o; from the
testbed. The process terminates when the agent pro-
duces a final natural language itinerary ar, yielding
a complete trajectory defined as:

Hr = (q,71,a1,01,...,T7,ar).
Evaluation Protocol: Given the unstructured na-
ture of the final natural language plan a7, we em-
ploy a dedicated formatting model to parse the out-
put into a structured JSON itinerary prior to auto-
mated evaluation, as detailed in Appendix B.4. We
evaluate performance along two dimensions, with
specific rules outlined in Table 8: Commonsense
(denoted as cs, e.g., logical consistency, absence
of hallucinations) and Hard Constraints (denoted
as hard, e.g., adherence to budget and dietary re-
strictions). For each dimension k € {cs, hard}, we

compute a micro score s € [0, 1], representing
the ratio of satisfied checks, and a binary macro
score s = H(sr,?ic“’ = 1), indicating full com-
pliance. A trajectory is deemed Success if and only

if all constraints are met as follows:

success macro ___ macro __
S =1(sgd° =1Aspg.=1).

3 STAR Pipeline

We instantiate the STAR pipeline, a unified post-
training framework for controlled study of long-
horizon agents on TravelPlanner. As illustrated in
Figure 3, the pipeline comprises three sequential
stages: data synthesis to construct queries with
controllable difficulty, SFT to obtain task-aware
initial policies, and RL to further strengthen long-
horizon planning behaviors.

Data Synthesis: Addressing the scarcity of train-
ing data, we develop a synthesis procedure to gener-
ate additional TravelPlanner-style queries. We first
sample atomic travel elements (e.g., origin, destina-
tion, and dates) and validate their feasibility within
the sandbox to ensure the existence of ground-
truth solutions. Using these validated constraints
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and dynamically estimated budgets, we employ
open-sourced models (DeepSeek-Al, 2025; Ope-
nAl, 2025a) to generate natural language queries
via back-translation. To obtain queries with con-
trollable difficulty, we follow the original Trav-
elPlanner design, categorizing them into specific
difficulty levels (i.e., easy, medium, and hard) by
varying the number and types of constraints. De-
tailed definitions and concrete examples of diffi-
culty levels are provided in Appendix Table 7.
SFT: To mitigate the cold-start issue and equip
the policy with basic task understanding, we apply
SFT prior to RL. We follow a rejection-sampling
style procedure: first selecting a strong teacher
model to perform ReAct inference on the syn-
thesized queries, retaining only trajectories that
achieve Success under the evaluation protocol. The
resulting high-quality trajectories serve as gold su-
pervision for SFT, yielding task-specialized initial
checkpoints for all model sizes.

RL: The core of our framework is the RL stage,
where the agent optimizes long-horizon planning
via environmental feedback. We utilize rLLM (Tan
et al., 2025), a popular framework for post-training
language agents. Aligned with the evaluation pro-
tocol, we implement a spectrum of reward signals
ranging from dense to sparse:

* SUM: A dense reward aggregating all sub-
metrics, defined as "™ = 70 A0

miCrO macro success
Shard T Shard TS .

* MACRO: A semi-sparse reward focusing on
macro-level constraint satisfaction, defined as
macro _ ,macro macro success
T = Ses t Spara TS .
* SUCCESS: A purely sparse binary reward,

defined as TSUCCCSS — ssucceSS'

e CURRICULUM: Following Zhu et al. (2025),
we implement a staged curriculum where
the reward function transitions from "™ to
rSUceS during training to guide exploration.

We employ GRPO (Shao et al., 2024) as the
primary optimization algorithm. For a query ¢, we
sample a group of G trajectories {H), ..., H(@)}
from the old policy 7y, . The objective maximizes
the surrogate advantage as follows:

G \H()\

7—[<1>| > > min (o747,

i=1 j=1

Jareo(0) =

Cllp( () ;1 — elow, 1 + Ehigh)A(i>) R

where pg-z) is the importance sampling ratio, €joy
and epjgh denote the asymmetric clipping bounds,
and A is the advantage computed by normalizing
rewards within the sampled group. Finally, to sys-
tematically explore the RL design space, we extend
rLLM into a modular setup that flexibly varies data,
rewards, algorithms, and environmental dynamics,

facilitating subsequent empirical study.

4 Experiments

4.1 Setup

Pipeline Instantiation: We instantiate the three-
stage STAR pipeline with strict quality controls to
ensure a rigorous testbed.

* Data Synthesis: We synthesize over 10K
queries with a balanced difficulty ratio using
strong open-weight models, including GPT-
OSS-120B (OpenAl, 2025a) and DeepSeek-
V3.2-Exp (DeepSeek-Al, 2025). To verify
data reliability, we evaluate 200 sampled syn-
thetic queries and confirm that their success
rate closely aligns with that of the official
TravelPlanner validation set.

* SFT: We prompt DeepSeek-V3.2-Exp-
Thinking on 5K synthetic queries to perform
ReAct inference. Filtering strictly for task
Success and format adherence yields 1,198
high-quality trajectories that average 10.3K
tokens and 9.2 tool calls, as detailed in
Appendix Table 9. We use these to fine-tune
the Qwen2.5-Instruct series (Qwen et al.,
2025) as our SFT base. We intentionally
restrict the scale of this SFT phase to establish
protocol adherence without inducing policy
collapse, thereby preserving exploration
space for the subsequent RL stage.

* RL: We employ GRPO with practical modifi-
cations following Yu et al. (2025a) to stabilize
training: (1) KL-Free & Clip-high: We re-
move the KL penalty and increase the clip-
ping bound eygn to encourage broader ex-
ploration. (2) Strict protocol enforcement:
Trajectories with format errors, e.g., missing
<think> </think> tags, receive a reward of
0. (3) Overlength handling: To prevent insta-
bility, overlength rollouts are excluded from
loss computation but retained for advantage
normalization to maintain statistical robust-
ness, following Zhao et al. (2026).
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Table 1: In-domain performance (%) across reward
designs on the TravelPlanner test set. Best results for
each model scale are in bold. Smaller models benefit
most from the progressive CURRICULUM reward, while
the stronger 7B model favors the dense SUM reward.

Commonsense Hard Constraint
REB Method Micro Macro Micro Macro BITEEED

Base 30.1 0.0 0.0 0.0 0.0

SFT 65.9 154 17.2 12.1 6.9

%. Sum 95.1 71.6 51.4 334 33.1
- MACRO 934 684 479 316 30.1
SUCCESS 93.9 68.2 51.0 34.7 33.8
CurRrRICULUM  93.9 70.2 51.0 354 34.9

Base 46.5 0.0 0.0 0.0 0.0
SFT 70.4 24.6 28.6 20.0 12.2
= SuM 97.6 82.5 64.8 47.6 47.0
MACRO 95.1 79.6 68.8 52.3 48.2
SUCCESS 90.6 76.1 62.6 47.7 46.6
CURRICULUM 953 83.0 67.6 51.0 49.9

Base 55.8 0.1 0.7 0.7 0.1
SFT 77.1 33.1 40.6 31.3 19.7
Q@ SuMm 96.9 87.4 78.7 66.5 62.8

MACRO 97.0 89.8 71.3 60.0 58.9
SUCCESS 91.4 78.3 73.4 64.0 60.9
CurricULUM  96.1 85.1 76.6 60.4 57.0

Default Configurations: Unless otherwise spec-
ified, our default RL training uses 1K synthetic
queries, ensuring no overlap with the SFT data,
with a 4:3:3 (easy:medium:hard) difficulty ratio.
Models are trained for 5 epochs with a group size
G = 8. The maximum context length is set to
30K tokens during training and extended to 32K
for inference. Model selection relies on the Trav-
elPlanner validation set. We conduct controlled
experiments by strictly varying one factor at a time
while keeping others fixed.

Evaluation: We evaluate in-domain performance
on the 1,000-instance TravelPlanner test set and
OOD generalization in two settings. First, we re-
port results on 7 knowledge-intensive QA bench-
marks using a local Wikipedia search engine fol-
lowing Jin et al. (2025b). Second, we evaluate
our 7B checkpoints on BrowseComp-Plus (Chen
et al., 2025), a deep-research-style information-
seeking benchmark. We report answer accuracy,
evidence recall, and average search actions, and in-
clude Search-R1-32B (Jin et al., 2025b) under the
same retriever setup. Further details are provided
in Appendix C.

4.2 Reward Shaping

Motivation: A critical open question in RL for
long-horizon agents is how the density of reward
signals impacts reasoning capabilities. To answer
this question, we evaluate a spectrum of reward

Table 2: OOD performance on BrowseComp-Plus.
Best results among our 7B variants are in bold.

Method Accuracy (%) Evidence Recall (%) Avg. Search
Base-7B 35 7.4 1.1
SFT-7B 7.4 14.0 134
SuM-7B 6.0 12.6 16.3
MACRO-7B 11.2 15.3 9.0
SUCCESS-7B 9.9 14.2 11.9
CURRICULUM-7B 8.4 13.6 14.8
Search-R1-32B 10.4 10.2 1.7

designs ranging from dense SUM and semi-sparse
MACRO, to purely sparse SUCCESS. Furthermore,
we evaluate a CURRICULUM reward (Zhu et al.,
2025) that progressively transitions from dense to
sparse. This acts as a staged intervention based
on human priors, providing fine-grained guidance
during the early training phases. To strictly isolate
the effect of reward shaping, all RL configurations
share identical training data, base models, and hy-
perparameters, as detailed in Appendix D.1.
Table 1 presents the in-domain performance on
TravelPlanner. We compare our RL variants against
two baselines: the pre-trained Base models and
their SFT counterparts, which serve as the start-
ing checkpoints for RL. For a comprehensive anal-
ysis, training dynamics and OOD results on the
7 knowledge-intensive QA benchmarks are pro-
vided in Figure 8 and Table 10 in Appendix D.1,
respectively. To further examine transfer to a
more challenging information-seeking setting, Ta-
ble 2 reports the performance of our 7B variants
on BrowseComp-Plus. Synthesizing these results
yields two key takeaways.

Takeaway 1: Reward design is scale-dependent;
sparse-only rewards are suboptimal. In the Trav-
elPlanner domain, smaller models struggle with
credit assignment over long horizons and benefit
significantly from staged guidance. Consequently,
the CURRICULUM reward achieves the highest suc-
cess rates and accelerates convergence, as shown
in Figure 8. Conversely, the stronger 7B model
possesses the intrinsic capacity to directly leverage
fine-grained feedback from the dense SUM reward,
rendering heuristic staged transitions unnecessary
and even slightly restrictive. Notably, while the
sparse SUCCESS reward is competitive, it never
achieves the best performance across any scale, in-
dicating that outcome-only feedback is insufficient
for optimizing long-horizon trajectories.
Takeaway 2: Dense task-specific rewards can
induce an alignment tax on OOD generaliza-
tion. While the SUM reward maximizes in-domain

2433



mm 7B

1.5B 3B
60
158 +10,7] +14 3‘ +7.1T
154

sUuM MACRO SUCCESS CURRICULUM

o
[

Success (%)
w
o

o

Figure 4: Performance across model scales on the
TravelPlanner test set. Scaling up model capacity
consistently improves success rates across all reward
types, though the magnitude of improvement varies.

performance for the 7B model, its average ac-
curacy on the knowledge-intensive QA bench-
marks drops from 41.9% at the SFT checkpoint
to 36.7%, as shown in Table 10. A similar pat-
tern emerges on BrowseComp-Plus in Table 2:
MACRO achieves the highest answer accuracy and
evidence recall among our 7B variants, while re-
quiring fewer search actions than the other RL vari-
ants. It also exceeds Search-R1-32B in both accu-
racy and evidence recall under the same retriever
setup. These results suggest that optimizing overly
dense, task-specific feedback can sacrifice trans-
ferable information-seeking behavior, whereas the
semi-sparse MACRO reward achieves a better bal-
ance between in-domain optimization and OOD
transfer.

4.3 Model Scaling

Motivation: Beyond reward design, a fundamental
question is whether scaling model capacity inher-
ently resolves the reasoning bottlenecks in long-
horizon RL. To investigate this, we compare the
1.5B, 3B, and 7B models under fixed reward config-
urations. This allows us to evaluate if larger under-
lying architectures are better equipped to handle the
complexities of multi-turn tool use and planning.
Figure 4 illustrates the in-domain success rates on
the TravelPlanner test set across different model
scales. Synthesizing these results, along with
the training dynamics shown in Figure 9 in Ap-
pendix D.2, reveals a clear scaling behavior.
Takeaway 3: Scaling model size consistently im-
proves long-horizon performance, but the mag-
nitude of gains varies across reward designs. As
shown in Figure 4, transitioning from the 1.5B

100 -
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80 1 /
°
= |/ ae== O e ——————— L4
& 60 ST o
g / 9.9 508
*-——*/—a . -
a 404 / */44.1 45.4
/ 37.5 .
o =@= CS Micro
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204 =e= Hard Micro
A Hard Macro
12.2 =% Success Rate
0 - — T y N
BRSNS w *
Data Scaling

Figure 5: Performance across different training data
quantities on the TravelPlanner test set. A sweet spot
emerges at 1K prompts, balancing in-domain success
with strong OOD generalization, which is detailed in
Table 11 in Appendix D.3.

to the 7B architecture yields substantial improve-
ments in success rates across all reward signals.
For instance, under the dense SUM reward, the suc-
cess rate nearly doubles from 33.1% at 1.5B to
62.8% at 7B. This upward trend is further corrobo-
rated by the training dynamics in Figure 9, which
demonstrate that larger models not only converge
faster but also reach significantly higher perfor-
mance asymptotes. While scaling is universally
beneficial, we observe that the specific rate of im-
provement is reward-dependent, e.g., moving from
3B to 7B yields a 15.8% absolute gain under SUM,
vs. only 7.1% under CURRICULUM. Ultimately,
these findings indicate that base model capacity
remains a primary bottleneck for complex agentic
tasks, and that RL effectively unlocks these inher-
ent reasoning capabilities, particularly when guided
by suitable reward designs.

4.4 Data Composition

Motivation: While SFT typically benefits from
massive data volumes, the optimal data strategy
for RL in complex agentic tasks remains under-
explored. We investigate RL data composition
across two orthogonal dimensions: quantity and
difficulty. For quantity, we ask whether RL ex-
hibits a continuous scaling law or a saturation point
where over-optimization degrades generalization.
For difficulty, we examine how the mixture of task
complexity influences the resulting planning capa-
bilities. Building upon our findings in previous
sections, we fix the base model at 3B and utilize
the CURRICULUM reward, the optimal configura-
tion for models of this scale, to strictly isolate these
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Table 3: In-domain performance (%) across data dif-
ficulty compositions on the TravelPlanner test set.
Models are trained on 1K prompts from the same SFT-
3B checkpoint using the CURRICULUM reward. The no-
tation XX-1K denotes the data composition, e.g., Easy-
1K contains exclusively easy queries. Mixed-1K blends
easy:medium:hard at a 4:3:3 ratio.

Hard Constraint
Micro Macro

Commonsense

Data Micro Macro

Success

Easy-1K 92.8 79.7 62.8 46.9 453
Medium-1K ~ 94.9 69.2 66.2 49.0 41.1
Hard-1K 90.0 48.4 65.5 472 25.9
Mixed-1K  95.3 83.0 67.6 51.0 49.9

data variables. Detailed experimental setups, train-
ing dynamics analysis, and full OOD results are
deferred to Appendix D.3.

Takeaway 4: RL data scaling exhibits a sweet
spot. As illustrated in Figure 5, increasing the
training data from 100 to 1K prompts yields a rapid
improvement in the in-domain success rate, rising
from 37.5% to 49.9%. Concurrently, the average
OOD score, shown in Table 11, reaches its peak
at 35.0%. Scaling further to 2K prompts provides
only a marginal in-domain gain to 50.8%, while the
OOD score drops to 32.2%. These results suggest
that, in our setting, 1K prompts provide a strong
balance between in-domain optimization and OOD
generalization.

Takeaway 5: Balanced data difficulty prevents
reward sparsity and enables complex constraint
mastery. Table 3 compares models trained on vary-
ing difficulty levels, discriminated by the number
of constraints. For example, easy samples typi-
cally contain only a single budget limit, whereas
hard samples introduce compounding require-
ments across transportation, meals, and accommo-
dation. Training exclusively on easy data allows
the model to grasp basic planning, achieving a high
Commonsense Macro score of 79.7%, but fails to
teach complex constraint satisfaction. Conversely,
training solely on hard data leads to substantial
performance degradation. The multifaceted con-
straints make successful trajectories exceedingly
rare, exacerbating reward sparsity and destabiliz-
ing policy learning. The mixed configuration ef-
fectively resolves this dilemma. By blending dif-
ficulty levels, it provides enough simple tasks to
maintain dense reward signals for commonsense
learning, while incorporating sufficient complex
tasks to teach advanced constraint satisfaction, ul-
timately achieving the highest overall success rate
of 49.9%.

4.5 Algorithm Selection

Motivation: Recent advancements in agentic RL
often introduce sophisticated sampling mecha-
nisms to encourage exploration. To determine
whether training long-horizon agents requires
such algorithmic designs, we benchmark the stan-
dard GRPO against two representative variants:
DAPO (Yu et al., 2025a) and ARPO (Dong et al.,
2026). DAPO represents reward-guided trajectory
filtering, e.g., discarding batches with zero variance
in rewards, while ARPO represents adaptive roll-
out mechanisms that utilize entropy to dynamically
branch trajectories. To provide appropriate reward
signals across scales, we apply the MACRO reward
for the 1.5B and 3B models, and the SUM reward
for the 7B model. To ensure a fair comparison, all
algorithms share identical technical enhancements,
with the key distinction lying solely in their explo-
ration strategies. More implementation details and
training dynamics are deferred to Appendix D.4.

Table 4 presents a comprehensive comparison of
both effectiveness and training efficiency across
model scales, leading to the following insight.

Takeaway 6: The necessity for sophisticated
exploration is inversely correlated with model
scale. As shown in Table 4, smaller models inher-
ently struggle with sparse reward signals. At the
1.5B scale, algorithmic interventions like ARPO
and DAPO significantly outperform GRPO, achiev-
ing success rates of 37.5% and 36.9%, respectively,
compared to 30.1%. This advantage is also vi-
sually evident in their training dynamics in Ap-
pendix Figure 11, where exploration-heavy algo-
rithms demonstrate faster convergence and higher
peak performance early in training. However, as
model capacity increases to 3B, this performance
gap closes. Strikingly, at the 7B scale, GRPO
achieves the highest success rate of 62.8%, out-
performing both DAPO and ARPO. Furthermore,
sophisticated exploration introduces extra compu-
tational overhead. For instance, ARPO’s adaptive
rollout requires calculating the entropy difference
at each generation step to determine whether to
branch new trajectories. While intuitive, this mech-
anism increases the time cost per step. Therefore,
these trends highlight a practical paradigm shift for
scaling agentic RL: rather than expending computa-
tional resources and engineering effort on complex
heuristic algorithms, we can leverage the inherent
exploration capabilities of stronger base models,
relying on the raw efficiency of GRPO algorithm.
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Table 4: Performance (%) and training efficiency across different RL algorithms on the TravelPlanner test
set. Best results for each metric within the same model scale are in bold. GPU Hours are calculated based on
8xA100-80G for 1.5B and 3B models and 16 x A100 for the 7B model.

. Commonsense Hard Constraint . q

Scale Algorithm Micro Macro Micro  Macro Success T Time /Step (min) | GPU Hours |
GRPO 93.4 68.4 47.9 31.6 30.1 8.0 164
1.5B DAPO 94.4 71.7 55.6 38.2 36.9 8.2 183
ARPO 93.1 76.4 58.1 394 37.5 9.5 195
GRPO 95.1 79.6 68.8 52.3 48.2 8.6 176
3B DAPO 93.6 78.6 66.1 48.7 45.6 8.9 184
ARPO 95.4 80.3 67.9 51.5 47.5 13.3 273
GRPO 96.9 87.4 78.7 66.5 62.8 9.0 368
7B DAPO 95.6 87.9 75.4 60.6 58.4 9.5 390
ARPO 96.7 86.8 76.6 61.1 58.3 13.3 547
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Figure 6: Training dynamics under randomly in-
jected API dropout. During RL training, each tool
execution independently returns a tool unavailable
error with the probability shown in the legend. The
curves report success on the training rollouts at each
step. High dropout rates slow convergence and increase
training variance.

4.6 Environmental Stability

Motivation: Agentic RL relies on repeated inter-
actions with the environment during rollout, yet
these interactions may be unreliable in practice.
We therefore ask whether training-time environ-
mental instability can impair policy learning even
when the resulting agent is evaluated in a clean
environment. We first study API Dropout, where
each tool execution is independently replaced with
a tool unavailable response with a predefined
probability. We vary this dropout probability from
0% to 10% during RL training, while keeping the
reward design (MACRO) and all other hyperparam-
eters fixed. Importantly, all resulting checkpoints
are evaluated on the same clean, failure-free Trav-
elPlanner test environment, isolating the effect of
environmental instability on policy optimization
rather than test-time execution.

Figures 6 and 7 show the resulting training dynam-
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Figure 7: Clean-test performance after training with
randomly injected API dropout. The percentages de-
note the API dropout probabilities applied only during
RL training; all checkpoints are evaluated on the same
clean, failure-free TravelPlanner test set. Performance
remains relatively stable under mild dropout but de-
grades noticeably at high training-time instability.

ics and clean-test performance, respectively. To
further examine whether the type of environmental
noise matters, we additionally introduce two forms
of randomly injected observation corruption during
training: Missing-field, where information in tool-
returned records is randomly masked, and Miss-
ing + Distractor, which further injects irrelevant
records into the observations. Table 5 compares
these perturbations with API Dropout at p = 0.05
and p = 0.10, again evaluating all trained policies
in the clean environment.

Takeaway 7: Training-time environmental insta-
bility can degrade the learned policy, and obser-
vation corruption is more harmful than explicit
API failures. Figures 6 and 7 show that the agent
tolerates mild API dropout during training, whereas
higher dropout rates slow convergence and reduce
subsequent performance even when evaluation is
fully clean. The type of instability also matters.
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Table 5: Impact of randomly injected environmental
perturbations during RL training. All 3B models use
the MACRO reward. Perturbations are applied only dur-
ing training, and all resulting checkpoints are evaluated
on the same clean TravelPlanner test environment.

Commonsense Hard Constraint

Henuchation P Micro Macro Micro Macro lccess
No Errors - 95.1 79.6 68.8 52.3 482
API Dropout 0.05 94.8 80.8 65.2 49.1 46.4
Missing-field 0.05 932 75.2 64.1 475 44.4
Missing + Distractor  0.05  91.3 71.8 58.9 44.6 39.5
API Dropout 0.10 874 75.7 61.1 43.7 41.3
Missing-field 0.10 905 714 575 40.3 36.8
Missing + Distractor  0.10  93.6 67.8 53.1 349 332

As shown in Table 5, at p = 0.05, API Dropout
reduces success to 46.4%, whereas Missing-field
and Missing + Distractor reduce it further to 44.4%
and 39.5%, respectively. The same ordering per-
sists at p = 0.10. We hypothesize that explicit API
failures are easier for the agent to recognize, while
partially missing or misleading observations allow
it to continue planning from unreliable evidence.
These results highlight the importance of reliable
rollout environments for stable long-horizon RL
training.

5 Conclusion

In this paper, we present a systematic empirical
study to demystify the RL design space for long-
horizon, tool-using agents. Using TravelPlanner as
a testbed, we implement the flexible STAR pipeline
to decompose the post-training process along 5
axes: reward shaping, model scaling, data com-
position, algorithm selection, and environmental
stability. Our extensive empirical study yields a
practical, scale-aware recipe: smaller models re-
quire staged curriculum rewards and sophisticated
exploration, whereas larger models learn efficiently
with simpler dense rewards and standard GRPO.
Furthermore, we identified a data sweet spot in
quantity and difficulty that balances in-domain mas-
tery and OOD generalization. Applying this recipe,
STAR achieves a new SOTA on TravelPlanner with
much smaller models, significantly outperforming
leading proprietary LLMs.

Our findings provide actionable guidelines for train-
ing long-horizon agents and highlight open chal-
lenges, e.g., how multiple factors simultaneously
guide policy learning. We hope STAR serves as a
valuable toolkit to inspire future research.
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Limitations

Our study is intentionally designed as a controlled
empirical analysis of long-horizon agentic RL. Sev-
eral questions nevertheless remain open.

(1) From controlled simulation to live environ-
ments: We deliberately use TravelPlanner as a
controlled testbed: its local sandbox provides de-
terministic, low-cost, and high-throughput inter-
actions, making large-scale RL ablations repro-
ducible while retaining multi-tool orchestration and
constraint-satisfaction complexity grounded in real-
world records. We further stress-test this setting
with explicit tool failures and corrupted observa-
tions. However, live APIs introduce additional
dynamics, including latency, rate limits, schema
drift, and non-deterministic responses across runs.
Whether the empirical recipes identified here trans-
fer unchanged to such production environments
remains an open question.

(2) Breadth of OOD evaluation: Our transfer eval-
uation covers knowledge-intensive QA and deep-
research-style information seeking, providing evi-
dence beyond the TravelPlanner domain. However,
these benchmarks remain primarily information-
seeking tasks. Domains with fundamentally differ-
ent action spaces and interaction structures, such
as software engineering agents, GUI control, and
richer multi-tool environments, remain untested.
(3) Scaling to substantially larger models: Due to
computational constraints, our experiments cover
models up to 7B parameters. Whether the scale-
dependent trends observed in this range continue
to hold for substantially larger LLMs remains an
open question.

(4) Single-factor analysis and task-specific re-
wards: To enable controlled comparisons, we pri-
marily vary one design axis at a time, leaving
interactions among reward shaping, model scale,
data composition, algorithm choice, and environ-
mental stability largely unexplored. In addition,
our reward functions are derived from TravelPlan-
ner’s trajectory-level evaluation signals. Studying
more task-agnostic reward formulations and finer-
grained credit assignment may further clarify how
to address reward sparsity in long-horizon settings.
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(5) Global re-planning and backtracking: An or-
thogonal challenge, shared by current long-horizon
agents more broadly, is global re-planning after an
upstream decision becomes infeasible. Our case
analysis shows that local adaptation can emerge,
while revising earlier planning decisions remains
difficult. In our setup, this may stem from the linear
ReAct interaction paradigm, which does not explic-
itly maintain alternative plans or rollback states,
together with trajectory-level rewards that provide
only indirect supervision for when to backtrack.
Addressing this capability may require explicit
plan-state tracking, search-based mechanisms, or
finer-grained credit assignment, and lies outside
the RL design axes studied in this work.
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A Related Works
A.1 LLM-based Agents

LLMs have evolved from static text generators into
autonomous agents capable of reasoning, acting,
and interacting with dynamic environments (Yao
et al., 2023; Schick et al., 2023). This evolution
has catalyzed applications across diverse domains,
spanning deep research agents navigating the open
web for information (Li et al., 2025, 2026b; Wu
et al., 2025b; Team et al., 2025; Zhang et al.,
2026a), software engineering agents debugging
real-world codebases (Jimenez et al., 2024; Yang
et al., 2025a, 2024), and GUI agents serving as
personal assistants (Xie et al., 2024b; Wang et al.,
2025).

Among existing agentic environments, we se-
lect TravelPlanner (Xie et al., 2024a) as our pri-
mary testbed. As a pioneering planning benchmark,
alongside recent benchmarks exploring broader
planning settings (Zhang et al., 2026c; Shen et al.,
2026; Shao et al., 2026; Cheng et al., 2026), it
offers critical advantages for our empirical study.
First, it features an abundant 1K-instance test set
with real-world complexity, demanding multi-tool
orchestration and constraint satisfaction. Its inher-
ent difficulty is evident, as even advanced mod-
els like Kimi-K2.5 (Team, 2026a) achieve a mere
11.8% success rate. Crucially for RL scaling, Trav-
elPlanner provides a local sandbox that enables
zero-cost, high-concurrency execution. In con-
trast, the computational overhead of GUI and code
agents, coupled with the prohibitive API costs of
open-web tasks, creates severe bottlenecks for ex-
tensive environmental exploration. These prop-
erties make TravelPlanner a scalable and repro-
ducible testbed for studying agentic RL.

A.2 Agentic Reinforcement Learning

While RL from human or Al feedback (Ouyang
et al., 2022) has become the standard practice
for LLM alignment, applying RL to autonomous
agents introduces unique challenges, including
complex environmental dynamics, long-horizon re-
quirements, and sparse, delayed reward signals (Xi
et al., 2026). To tackle these issues, GRPO (Shao
et al., 2024) and its variants (Feng et al., 2025;
Zheng et al., 2025; Yu et al., 2025a; Zhang et al.,
2026b) have emerged as common algorithms for
agentic RL. Building upon this foundation, recent
advancements can be categorized into three primary
directions: (1) Paradigm Adaptation: To han-

dle dynamic environments and long-horizon tasks,
researchers are moving beyond the ReAct frame-
work (Yao et al., 2023) to propose novel agentic
workflows (Wu et al., 2025b; Yu et al., 2026). This
shift has driven the development of specialized RL
algorithms tailored to adapt models to these new
paradigms. (2) Exploration-driven Sampling: To
navigate vast action spaces and encourage explo-
ration in highly uncertain states, recent methods
modify the sampling process. A representative
approach is ARPO (Dong et al., 2026), which adap-
tively forks new paths upon detecting high entropy
during generation. (3) Reward Shaping for Dense
Supervision: To mitigate the sparsity of outcome-
based rewards, intermediate signals are increas-
ingly introduced. For example, E-GRPO (Zhao
et al., 2026) allocates partial bonuses for retrieving
key entities within the agent’s reasoning traces dur-
ing deep research tasks. DeepTravel (Ning et al.,
2025) employs an LL.M-as-a-Judge to provide step-
wise, action-level rewards, while Planner-R1 (Zhu
et al., 2025) introduces staged reward shaping for
travel planning.

Recent agent-training systems such as Web-
Dancer (Wu et al., 2025a), WebSailor (Li et al.,
2025), WebShaper (Tao et al., 2026), and Tool-
Star (Dong et al., 2025) similarly leverage synthe-
sized data and post-training to build stronger web
or multi-tool agents. Our work is complementary
to these systems: rather than introducing a new
post-training pipeline skeleton, we use STAR as a
unified scaffold to systematically study how reward
shaping, model scale, data composition, algorithm
selection, and environmental stability affect long-
horizon agentic RL.

A.3 Empirical Studies of Agentic RL

Beyond algorithmic innovations, recent empirical
studies seek practical recipes for training LLM
agents. For instance, Jin et al. (2025a) analyze re-
ward shaping and model selection, but their scope
is limited to short-horizon interactions within the
QA domain. While Yu et al. (2025b) explore data
composition and policy optimizations, their find-
ings remain confined to mathematical reasoning.
Other studies investigate complementary aspects of
agentic RL, including training stability (Wang et al.,
2026a) and cross-domain generalization (Liu et al.,
2026). However, systematic empirical understand-
ing of RL design choices in complex, long-horizon
tool-use settings remains limited.

In summary, existing work has made substan-
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Table 6: Details of implemented tools within the TravelPlanner testbed.

Tool Arguments Description # Data Entries
SearchCity state Find cities within a specific state 64
SearchFlight departure, destination, date  Search for flight information between cities on specific dates 3,827,361
GoogleDistance departure, destination, mode ~ Calculate distance, travel time, and cost between two cities 17,603
SearchRestaurant city Find restaurant options in a specific city 9,552
SearchAttraction city Find tourist attractions in a specific city 5,303
SearchAccommodation city Find accommodation options in a specific city 5,064

Table 7: Examples of queries across different difficulty levels on the TravelPlanner validation set. Different
types of constraints are highlighted: budget, accommodation, transportation, routing, and duration.

Difficulty

Example Query

Description

Easy

Medium

Hard

Please create a travel plan for me where I’ll be depart-
ing from Washington and heading to Myrtle Beach
for a 3-day trip from March 13th to March 15th,
2022. Can you help me keep this journey within a
budget of $1,400?

We need to create a travel plan for 2 people departing
from Lake Charles and visiting 2 cities in Texas. The
trip will last for 5 days, starting from March 4th to
March 8th, 2022. The budget is set at $4,600. In
terms of accommodations, we prefer places where
parties are allowed.

Could you create a 7-day travel itinerary for 2 people,
departing from Albuquerque and visiting 3 cities in
Texas from March 8th to March 14th, 2022? Our
budget is set at $5,000. We require accommodations
that allow smoking and are preferably not shared
rooms. We would prefer to avoid any flights for our

Single people & Basic constraint: Involves planning
for 1 person. The only explicit constraint is a budget
limit.

Specific constraints: Requires planning for a group
of people. Introduces specific accommodation prefer-
ences alongside the budget.

Multi-dimensional constraints: Demands planning
a long-horizon trip. Features highly restrictive, multi-
dimensional constraints like strict accommodation
rules and transportation limitations.

transportation.

tial progress in both agent-training systems and
individual RL design choices, while practical guid-
ance for configuring RL in long-horizon tool-using
settings remains fragmented. Using STAR as a uni-
fied experimental scaffold, we conduct controlled
comparisons across reward shaping, model scaling,
data composition, algorithm selection, and envi-
ronmental stability, and distill actionable findings
from this design space.

B Details of TravelPlanner

In this section, we provide supplementary details
regarding the TravelPlanner benchmark (Xie et al.,
2024a). This includes the tool execution sandbox,
query examples across different difficulty levels,
concrete evaluation rules, and the formatting pro-
cess of the final plan.

B.1 Sandbox

Table 6 outlines the tools supported within the
TravelPlanner environment, which enable agents to
gather information across various aspects of travel.
These tools are implemented by querying a local
database, ensuring low latency and zero execution
cost. To maintain alignment with the abundance of

real-world information, all database entries were
originally collected from real-world APIs by the
creators of TravelPlanner, maximizing the reliabil-
ity and authenticity of the sandbox.

B.2 Instances

The TravelPlanner dataset is divided into three
splits: a training set of 45 queries, a validation
set of 180 queries, and a test set of 1,000 queries.
To illustrate the nature of these queries, we present
three examples of varying difficulty levels from the
validation set in Table 7. Difficulty is primarily
determined by the number of constraints. Easy
queries typically target a single traveler with only
a total budget limit. Medium queries introduce ad-
ditional constraints focusing on meals, transporta-
tion, or accommodation, often accompanied by an
increase in the number of travelers, which compli-
cates budget calculations. Finally, Hard queries im-
pose even stricter constraints, presenting challenges
for long-horizon planning that must satisfy multi-
dimensional requirements simultaneously. Notably,
both the difficulty levels and the trip durations are
well-balanced across all dataset splits.
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Table 8: Official evaluation rules on TravelPlanner.

Commonsense

Within Sandbox
Complete Information

Within Current City
Reasonable City Route
Diverse Restaurants
Diverse Attractions
Non-conflict Transportation

All information in the plan must be within the closed sandbox. Otherwise, it will be
considered a hallucination.

No key information should be left out of the plan, such as the lack of accommodation during
travel.

All scheduled activities for the day must be located within that day’s city(s).
Changes in cities during the trip must be reasonable.

Restaurant choices should not be repeated throughout the trip.

Attraction choices should not be repeated throughout the trip.

Transportation choices within the trip must be reasonable. For example, having both “self-
driving” and “flight” would be considered a conflict.

Minimum Nights Stay The number of consecutive days spent in a specific accommodation during the trip must
meet the corresponding required minimum number of nights’ stay.
Hard Constraint
Budget The total budget of the trip.

Room Rule
“No visitors”.

Room Type

Room”.
Cuisine

and “French”.
Transportation

Room rules include “No parties”, “No smoking”, “No children under 10”, “No pets”, and
Room types include “Entire Room”, “Private Room”, “Shared Room”, and “No Shared
Cuisines include “Chinese”, “American”, “Italian”, “Mexican”, “Indian”, “Mediterranean”,

Transportation options include “No flight” and “No self-driving”.

B.3 Evaluation Rules

Following the official evaluation protocol of Trav-
elPlanner, we detail the specific rules for each eval-
uation dimension in Table 8, categorizing them
into commonsense and hard constraints. For each
dimension, the micro score is computed as the per-
centage of satisfied rules. If all rules within a di-
mension are satisfied, the macro score is set to 1.
A generated trajectory is deemed a Success only if
both commonsense and hard constraints are fully
satisfied.

These constraints vividly illustrate the inherent
complexity of travel planning. For instance, when
selecting accommodations, the agent must satisfy
not only commonsense rules, e.g., the minimum
stay nights required by a specific hotel, but also the
user’s explicitly stated preferences, e.g., room type.
Collectively, the agent must ensure that the entire
itinerary fits within the overall budget, adheres to
transportation rules, remains strictly grounded in
the provided context to avoid hallucinations, and
forms a logically consistent route.

B.4 Planning Formatting

Following the original evaluation protocol of Trav-
elPlanner, the agent generates travel plans in a nat-
ural, creative language format, which we believe
aligns with real-world user expectations and read-
ability. However, for the purpose of automated

evaluation, these natural language plans must be
converted into a structured JSON format that de-
tails distinct daily elements, e.g., transportation, ac-
commodation, and attractions. Rather than forcing
the planning agent to directly output strict JSON,
which could compromise its conversational natu-
ralness and reasoning flow, we employ a dedicated
formatting model to handle this conversion, ensur-
ing that the structured JSON is used strictly for
objective judgment.

While the official TravelPlanner benchmark uti-
lizes GPT-40 (OpenAl, 2024) as the default for-
matting model, the massive scale of trajectory
generation required for RL training and evalua-
tion renders proprietary API calls prohibitively
expensive. Therefore, we adopt DeepSeek-V3.2-
Exp (DeepSeek-Al, 2025) as our consistent format-
ting model. To address potential concerns regard-
ing evaluation fairness, we emphasize two points:
First, all checkpoints and comparative models
in our study are evaluated using this exact same
formatting pipeline, ensuring a strictly fair com-
parison. Second, prior to large-scale deployment,
we conducted a rigorous offline validation on a sub-
set of sampled plans. DeepSeek-V3.2-Exp demon-
strated exceptional instruction-following capabili-
ties for structured formatting, achieving an align-
ment rate with human expert annotations that is
comparable, if not marginally superior, to GPT-
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4o, particularly in avoiding minor information loss
during complex natural-language-to-JSON conver-
sions. This combination of cost-efficiency and high
reliability makes it the optimal choice for our ex-
tensive RL evaluation pipeline.

C Implementation Details

In this section, we detail our implementation, cov-
ering data synthesis, the default experimental se-
tups for SFT and RL, and the inference protocol.
Specific configurations for individual ablation stud-
ies are deferred to their respective analysis sections.

C.1 Data Synthesis

During the element sampling process, we balance
the ratio of selecting easy, medium, and hard el-
ement combinations. For query generation, we
randomly select with equal probability from strong
open-weight models: GPT-OSS-120B (OpenAl,
2025a) and DeepSeek-V3.2-Exp-671B (DeepSeek-
Al 2025). We utilize different models for query
generation to ensure a more diverse expression of
travel intents. For the sampled elements, we first
query the sandbox to verify whether the specific
dates and constraints yield feasible solutions. Only
for the validated elements do we feed into the LLM
to translate them into a natural language query. For

example, given the input: { “org”: “Everett”,
“dest”: “San Francisco”, “days”: 3,
“date”: [€2022-06-16”7,  “2022-06-17",
“2022-06-18"1, “people_number”: 1,

“hard_constraint”: None, “budget”: 1600
}, the DeepSeek-V3.2-Exp model translates it into
the following query: “Could you help me plan a
3-day trip from Everett to San Francisco, from June
16th to June 18th, 2022, with a budget of $1,600
for one person?”

Through this iterative process, we curated over
10K queries with balanced difficulty levels for sub-
sequent use. To ensure reliability, we randomly
sampled 200 cases from this pool, on which the
DeepSeek-V3.2-Exp-Thinking model achieved a
success rate of 21.9%, closely mirroring its 21.1%
performance on the 180-instance TravelPlanner val-
idation set.

C.2 Training Hyperparameters

SFT: From the synthetic pool, we prompted
DeepSeek-V3.2-Exp-Thinking on 5K cases, fil-
tering for task success and strict format adher-
ence. This yielded 1,198 valid trajectories with

Table 9: Statistics of filtered trajectories on synthetic
data. “Avg. Tokens of Planning” denotes the average
token cost of the final generated itinerary.

. Avg. Avg. Avg. Tokens
Type | #Data Entries Tool Calls Tokens of Planning
Easy | 627(52.3%) 8.8 10.1K 1204.7
Medium | 373 (31.1%) 8.4 9.8K 1203.1
Hard | 198 (16.5%) 117 11.8K 1343.1
All 1,198 9.2 10.3K 1227.1
their statistics shown in Table 9. Using the

LLaMA-Factory framework', we performed full-
parameter fine-tuning with a training batch size of
32, alearning rate of 5 x 1079, and a linear warmup
ratio of 0.1. We trained the 3B and 7B models for
4 epochs, while the 1.5B model was trained for 6
epochs to compensate for its higher initial entropy.
RL: Our default RL optimization utilizes the
GRPO algorithm (Shao et al., 2024). The default
training set comprises 1K synthetic samples (ex-
cluding SFT data) with an easy:medium:hard ratio
of 4:3:3 to balance difficulty. We apply a maximum
context length of 30K, a tool call budget of 60, a
training batch size of 32, a group size of 8, a learn-
ing rate of 2 x 1070 for 5 epochs, and a sampling
temperature of 1.0. For reward computation, we
first invoke DeepSeek-V3.2-Exp to parse the gen-
erated text plans into structured JSONSs, enabling
automated sub-metric evaluations, e.g., common-
sense and hard constraints. The CURRICULUM
reward is then implemented as: the SUM reward
for the first two epochs, the MACRO reward for the
next two, and the binary SUCCESS reward for the fi-
nal epoch, forming a gradual transition from dense
to sparse. Model selection is based on the best
performance on TravelPlanner’s 180-instance val-
idation set. Training for 7B models is distributed
across two 8 xNVIDIA A100-80G nodes, while
1.5B and 3B models utilize a single node.

C.3 Evaluation and Inference Setup

Evaluation spans in-domain testing on the
1,000-instance TravelPlanner test set and OOD
testing across 7 distinct knowledge-intensive
QA benchmarks including Natural Questions
(NQ) (Kwiatkowski et al., 2019), TriviaQA (Joshi
et al., 2017), PopQA (Mallen et al., 2023), Hot-
potQA (Yang et al., 2018), 2WikiMultiHopQA
(2Wiki) (Ho et al., 2020), Musique (Trivedi et al.,
2022), and Bamboogle (Press et al., 2023).

For in-domain evaluation, inference on the Trav-
elPlanner benchmark follows the standard ReAct

"https://github.com/hiyouga/LlamaFactory
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Figure 8: Training dynamics (i.e., success rates on the training samples during each step) of different rewards.

The

reward accelerates convergence and achieves higher peak performance for smaller models.

Conversely, the dense rewards prove most effective for the stronger 7B model.

paradigm. The agent performs iterative cycles of
thinking, issuing tool calls, and receiving envi-
ronmental feedback. The final natural language
itinerary is parsed into a structured JSON format
using DeepSeek-V3.2-Exp for automated evalua-
tion via the official TravelPlanner Leaderboard?.
To ensure fair comparisons, all models are evalu-
ated using this identical pipeline and codebase.

* SOTA LLMs: We evaluate recent strong
models including DeepSeek-V3.2-Exp-
Thinking-671B  (DeepSeek-Al,  2025),
Gemini3-Pro (Team, 2025), Seed-1.8 (Seed,
2026), Kimi-K2.5-1T (Team, 2026a), and
Qwen3.5-series (Team, 2026b). We set the
maximum context length to 128K and the tool
call budget to 100. The temperature is set
to 1.0 for Kimi-K2.5-1T and 0.6 for others.
We also include GPT-5 (OpenAl, 2025b)
and Planner-R1-32B results from Zhu et al.
(2025).

Trained Checkpoints: For our trained mod-
els and their Qwen2.5-Instruct base models,
we consistently apply a temperature of 0.6,
a top_p of 0.95, a maximum context length
of 32K, and a tool call budget of 60.

For OOD evaluation, we utilize each dataset’s of-
ficial test split. The only available tool is a Search
function that queries a local Wikipedia corpus. Fol-
lowing the practice of Search-R1 (Jin et al., 2025b),
we employ ES (Wang et al., 2024) as the retriever.
For each query, we retrieve the top-5 text snippets.
Additionally, the maximum context length is set to
32K, with a tool call budget of 60. For all inference,
trajectories exceeding the context limit, tool calling
budget, or failing to output the required

2https ://huggingface.co/spaces/osunlp/
TravelPlannerLeaderboard

format are terminated and marked as
failures.
Deep-Research OOD Evaluation: To probe trans-
fer beyond knowledge-intensive QA, we addition-
ally evaluate on BrowseComp-Plus (Chen et al.,
2025), a deep-research benchmark built over a
fixed, human-verified corpus so that agent capa-
bility can be disentangled from retriever quality.
We use Qwen3-Embedding-8B as the retriever with
top-K = 5, keeping the same Search-only action
space, 32K context, and tool call budget of 60 as
above. We report answer accuracy, evidence recall,
i.e., the fraction of human-annotated supporting
documents surfaced by the agent, and the average
number of search actions per query, which serves
as a proxy for search efficiency. For reference,
we additionally evaluate Search-R1-32B (Jin et al.,
2025b) under the same retriever setup.

D Supplementary Materials for
Experiments

D.1 Reward Shaping

Setup: To ensure a fair comparison, the only vari-
able modified in this ablation is the reward com-
putation strategy. All other settings strictly adhere
to the default hyperparameter configuration. The
specific epoch-level transitions for the CURRICU-
LUM strategy have been detailed in the previous
implementation section.

Training Dynamics: Figure 8 illustrates the suc-
cess rate curves over training steps, providing gran-
ular evidence for Takeaway 1, i.e., scale-dependent
reward design. For the 1.5B and 3B models,
the reward maintains the upper
bound of performance, accelerating convergence.
This shows that smaller models require progres-
sive, staged learning signals. In contrast, the 7B
model exhibits robust learning capacity, allowing
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Table 10: Out-of-domain performance (in %) on the knowledge-intensive QA benchmarks. Results marked
with * are sourced from Ji et al. (2026). The best results of each dataset across methods are highlighted in bold. Our
RL-trained models achieve comparable or superior performance to the domain-specific Search-R1 baseline (Jin
et al., 2025b) across model scales, showing that complex tool-calling capabilities effectively generalize to other

domains.

Scale Method NQ TriviaQA PopQA HotpotQA 2Wiki Musique Bamboogle Avg.
Base* 71 224 9.9 5.9 43 2.6 8.0 8.6

SFT 135 214 135 116 7.0 12 12.0 115

Lsp  SeachRI* 394 510 39.7 14.6 24.4 22 40 25.0
SuM 2.1 445 30.9 26.0 14.8 53 16.8 243

MACRO 296  45.1 28.8 26.9 19.4 6.3 232 256
SUCCESS 248 369 213 242 177 46 232 218
CURRICULUM 20.6 28.5 20.5 16.0 11.7 3.5 17.6 16.9

Base 106 288 10.8 14.9 24.4 2.0 24 13.4

SFT 351 525 31.3 32.0 24.4 9.0 30.4 30.7

Search-R1 341 545 37.8 324 3.9 103 26.4 32,5

3B SUM 382 549 343 342 233 8.8 272 316
MACRO 370 545 34.9 37.9 299 116 33.6 342
SUuCCESs 375 541 34.0 337 194 103 32.0 31.6
CURRICULUM 410 56.8 36.2 39.5 277 124 320 350

Base 134 408 14.0 183 25.0 3.1 12.0 18.1

SFT 412 597 37.6 47.0 378 163 53.6 419

Search-R1 393  61.0 39.7 37.0 414 146 36.8 38.5

7B SuM 355 545 34.8 448 346 154 37.6 36.7
MACRO 422 612 39.6 48.8 383 174 52.8 429
SUCCESS 38.7 559 352 45.8 38.4 15.5 41.6 38.7
CURRICULUM 41.1 587 377 48.4 38.5 17.4 456 4Ll

the dense rewards to efficiently and stably optimize
performance without requiring curriculum guid-
ance.

0OOD Generalization: Table 10 details the OOD
performance of different reward strategies on 7
knowledge-intensive QA benchmarks. To contextu-
alize our results, we include three baselines: direct
inference of the Base model, the SFT model, and
Search-R1 (Jin et al., 2025b), a strong baseline ex-
plicitly trained on its respective domain data. The
results offer two critical insights: (1) Transfer-
ability of complex tool-use: Models trained ex-
clusively on our TravelPlanner trajectories develop
reasoning capabilities that transfer remarkably well
to simpler domains. Across multiple scales, our
RL variants achieve comparable or superior per-
formance to the domain-specific Search-R1 base-
line. (2) Evidence of the alignment tax: Table 10
provides the empirical foundation for Takeaway
2. For the 7B model, while the dense SUM re-
ward maximizes in-domain success (Table 1), its
OOQOD average accuracy drops to 36.7%, falling sig-
nificantly behind its SFT starting point (41.9%).

This demonstrates that overly dense, task-specific
rewards cause the model to overfit to the Trav-
elPlanner format, degrading general information-
seeking abilities. The semi-sparse MACRO reward
mitigates this alignment tax, achieving the highest
OOD performance (42.9%) while remaining highly
competitive in-domain.

D.2 Model Scaling

Training Dynamics: To provide a more granular
view of the scaling behaviors discussed in Take-
away 3, we present the training dynamics of the
1.5B, 3B, and 7B models across all four reward con-
figurations in Figure 9. Scaling up the base model
capacity yields three distinct advantages during the
RL fine-tuning process: accelerated convergence,
enhanced training stability, and higher perfor-
mance asymptotes. Across all reward designs,
the 7B models exhibit a significantly steeper ini-
tial learning curve compared to their 1.5B and 3B
counterparts. For instance, under the sparse SUC-
CESS reward, the 1.5B model struggles to establish
a clear upward sign in the early stages, whereas the
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Figure 9: Training dynamics across model scales. For all reward types, increasing model capacity from 1.5B to
7B consistently leads to faster convergence, improved training stability, and higher performance asymptotes.
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Figure 10: Training dynamics for data quantity and difficulty experiments. Configurations that yield the best
generalization performance (1K and Mixed) are characterized by a stable, gradual decline in entropy. Suboptimal
configurations suffer from anomalous training behaviors, e.g., premature entropy collapse, severe training instability.

7B model rapidly acquires the necessary reason- * Difficulty: We independently construct three
ing patterns, indicating that larger models possess datasets, Easy-1K, Medium-1K, and Hard-1K,
stronger inherent priors to leverage RL signals ef- by sampling 1K instances comprised entirely
ficiently. Beyond learning faster, larger models of their respective difficulty levels from the
demonstrate superior robustness against the high remaining synthetic pool. These are compared
variance typically associated with RL. The learn- against the default Mixed-1K baseline.

ing curves for the 1.5B model, exhibit fluctuations,
whereas the 7B model maintains smoothness. Ul-
timately, larger models converge to higher final
success rates, with the performance gaps widening
over the course of training. This shows that the
bottlenecks observed in smaller models are funda-
mental capacity limits.

Setup: Varying the dataset size introduces a crit-
ical confounding factor: the number of gradient
updates per epoch. To ensure a fair comparison
and isolate the effect of the data itself, we adjust
the total training epochs for different subset sizes.
This guarantees that all models undergo a total of
approximately 155 gradient update steps, which
D.3 Data Composition is equivalent to 5 epochs on the 1K dataset with a
batch size of 32.
Training Dynamics & OOD Results: Figure 10
illustrates the training dynamics through action en-
tropy, which reflects the model’s exploration behav-
ior. For data quantity, the 1K configuration exhibits
* Quantity: The baseline is the 1K prompt set,  a smooth, gradual decline in entropy, whereas set-
which follows a 4:3:3 ratio of easy, medium, tings like 0.5K display premature entropy collapse,
and hard samples. To create the 100, 200, and  indicating potential over-optimization. Regarding
500 subsets, we randomly subsample from  data difficulty, the Mixed-1K setting maintains a
this 1K baseline while preserving the 4:3:3  stable entropy descent. In contrast, the Hard-1K
difficulty distribution. For the 2K setting, we  configuration suffers from severe training instabil-
augment the baseline with an additional 1K ity. Finally, Table 11 provides the comprehensive
samples from the synthetic pool, adhering to ~ OOD results. Consistent with our in-domain find-
the same difficulty ratio. ings, the 1K dataset size and the Mixed difficulty
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Data Construction: For all data composition ex-
periments, we utilize the 3B model and apply the
CURRICULUM reward to isolate the variables of
data quantity and difficulty.



Table 11: Out-of-domain performance (in %) on the knowledge-intensive QA benchmarks. The best results of
each dataset across data configurations are highlighted in bold.

Mode Data NQ TriviaQA PopQA HotpotQA 2Wiki Musique Bamboogle Avg.
SFT 35.1 52.5 31.3 32.0 24.4 9.0 30.4 30.7

0.1K 39.2 57.4 35.0 38.5 26.3 9.8 30.4 33.8

0.2K 37.5 56.7 34.7 36.8 29.2 9.6 29.6 33.4

Quantity 0.5K 39.9 57.3 34.0 374 252 11.8 29.6 33.6
1K 41.0 56.8 36.2 39.5 27.7 124 32.0 35.0

2K 38.5 56.7 34.4 34.3 22.4 9.6 29.6 32.2

Easy-1K 37.0 54.4 33.5 37.7 30.7 10.1 31.4 33.5

Difficul Medium-1K  38.7 56.5 34.9 38.3 26.5 10.7 26.4 33.1
oy Hard-1K 38.1 55.1 36.8 39.0 29.9 11.1 28.0 34.0
Mixed-1K  41.0 56.8 36.2 39.5 27.7 124 32.0 35.0
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Figure 11: Training dynamics of different RL algorithms. The plots display the success rate curves during
training for 1.5B (left), 3B (middle), and 7B (right) models. Exploration-heavy algorithms like ARPO exhibit clear
advantages at smaller scales, but this benefit diminishes as model capacity increases.

composition achieve the highest average OOD ac-
curacy in this experiment.

D.4 Algorithm Selection

Setup: To isolate the RL algorithm as the sole vari-
able, all configurations utilize the default training
data and hyperparameters. For the 1.5B and 3B
models, although the CURRICULUM reward empir-
ically yields the best performance, we apply the
MACRO reward to eliminate potential confound-
ing factors introduced by reward switching. For
the 7B model, we apply its optimal SUM reward.
Across all three algorithms, technical enhance-
ments designed to stabilize training, e.g., KL-free
loss, remain consistent. Additionally, for DAPO,
we maintain a batch size of 32 without further over-
sampling.

Training Dynamics: Figure 11 illustrates the train-
ing success rate curves for different RL algorithms.
These dynamics further corroborate our findings
in the main text: for smaller models, exploration-
heavy algorithms demonstrate a clear advantage
over standard GRPO. However, as model capacity
scales to 3B and 7B, this algorithmic advantage
diminishes. GRPO smoothly matches or even sur-
passes the complex variants, visually confirming

that stronger base models rely less on heuristic ex-
ploration mechanisms.

D.5 Environmental Stability

We study environmental instability by randomly
injecting perturbations only during RL training,
while evaluating all resulting checkpoints in the
same clean, failure-free TravelPlanner test environ-
ment. We consider three perturbation types.

* API Dropout: During tool execution, the
environment returns a global error mes-
sage <tool_response> Error: Current
tool {tool_name} is not available.
</tool_response> with a predefined prob-
ability.

Missing-field: For information-retrieval tools,
one randomly selected attribute in each re-
turned record is masked as [MISSING] with
probability p.

Missing + Distractor: In addition to missing
fields, we inject irrelevant records into the
returned observations, e.g., restaurants from
other cities when searching for the target city.
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For the observation-corruption experiments, we
use the 3B model with the MACRO reward and
set p € {0.05,0.10}. Across all settings, we keep
the training data and other hyperparameters un-
changed.

D.6 Recipe Summary

Building on the preceding analyses, we synthe-
size the optimal training recipes tailored to each
model scale. Regarding data configuration, we
consistently apply the Mixed-1K dataset across all
models, following the configuration identified in
our primary data-composition study. For the 1.5B
model, we adopt the ARPO algorithm to encour-
age exploration under high uncertainty. For the
3B model, we transition to the GRPO algorithm
with the CURRICULUM reward. Finally, for the 7B
model, we utilize GRPO combined with the dense
SUM reward. The models trained with these spe-
cific configurations correspond to the checkpoints
evaluated against leading LLMs in Figure 1.

E Cases

In this section, we present the full trajectories on
TravelPlanner’s validation set generated by our
STAR-trained agents, specifically focusing on the
best checkpoints across different model scales.
We first showcase successful cases where the
agent intelligently uses tools to gather relevant in-
formation, effectively balancing available choices
for accommodations, meals, and transportation.
This allows the agent to control the budget while
strictly satisfying the user’s requirements. Notably,
in the first case, when the agent discovers that
ground transportation is infeasible, it autonomously
pivots to searching for flights. This demonstrates an
emergent ability for local error correction and per-
sistent information gathering. In the second case,
the agent exhibits robust long-horizon planning,
seamlessly managing a multi-city itinerary under
complex group and accommodation constraints.
To provide a comprehensive analysis and high-
light avenues for future research, we also present
failure cases that expose the inherent limitations of
current LLM-based agents. First, we show a case
illustrating that the agent can still struggle with
dense constraints. For example, the agent fails to
fulfill the user’s highly specific request for 4 dis-
tinct types of cuisines, indicating a degradation in
instruction following when cognitive load is high.
More importantly, we highlight a critical struc-

tural limitation in complex planning: the lack of
global backtracking and re-planning. In our final
failure case, the agent selects a destination city but
subsequently discovers through tool calls that no
accommodations in that city meet the user’s strict
requirements, e.g., a “private room” that allows
“parties”. Instead of recognizing this as a dead
end in the state space and backtracking to select
a different city, the agent stubbornly proceeds. It
compromises the hard constraints by selecting an
invalid room type to justify its flawed trajectory.
Future Direction: This contrasting behavior, suc-
ceeding in local adaptation but failing in global re-
planning, underscores a crucial gap in current agen-
tic capabilities. It suggests that while our method
significantly improves sequential decision-making,
LLMs still struggle with long-horizon dependen-
cies where upstream decisions must be revised
based on downstream observations. Addressing
this bottleneck remains a highly promising direc-
tion for future work in agent planning and reason-
ing.

F Prompt

We further detail the prompts used in our eval-
uation. These include the system prompt for
TravelPlanner inference, the system prompt for
knowledge-intensive QA tasks inference, and the
prompt used to convert natural language plans into
JSON:-structured formats for judgment.
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Successful trajectory on TravelPlanner

Question: Please devise a travel plan that starts from St. Petersburg and heads to Appleton, taking place across 3 days
from March 19th to March 21st, 2022. This itinerary is for an individual, with a budget allocated at $1,200.

Turns 1 - 5: Transportation Planning & Error Handling

<think>

I need to start by checking the travel time and cost from St. Petersburg to Appleton on March 19th. I’ll use GoogleDis-
tanceMatrix to get the details.
</think>
<tool_call>

“name”: “GoogleDistanceMatrix”, “arguments”: {“departure”: “St. Petersburg”, “destination”: “Appleton”, “mode”:
“driving”}}
</tool_call>

Sorry, we cannot find the distance between St. Petersburg and Appleton.

<think>
Since there’s no direct route from St. Petersburg to Appleton via GoogleDistanceMatrix, I need to try another city in
Wisconsin that might have better connectivity. I'll check Milwaukee first.
</think>
<tool_call>
“name”: “GoogleDistanceMatrix”, “arguments”: {‘“departure”: “St. Petersburg”, “destination”: “Milwaukee”, “mode”:
“driving”}}
</tool_call>

No valid information found. Please rethink your distance search and try again.

<think>
Since there’s no direct route to Appleton or Milwaukee via GoogleDistanceMatrix, I need to try a different city in
Wisconsin. Green Bay might have better connectivity.
</think>
<tool_call>
“name”: “GoogleDistanceMatrix”, “arguments”: {“departure”: “St. Petersburg”, “destination”: “Green Bay”, “mode”:
“driving”} }
</tool_call>

No valid information found. Please rethink your distance search and try again.

<think>
Since there’s no direct route to Appleton or nearby cities via GoogleDistanceMatrix, I need to try a different approach.
I’ll search for flights from St. Petersburg to Appleton on March 19th.
</think>
<tool_call>
“name”: “SearchFlight”, “arguments”: {“departure”: “St. Petersburg”, “destination”: “Appleton”, “date”: “2022-03-
197}}
</tool_call>

A SearchFlight for St. Petersburg to Appleton on 2022-03-19 found the following 1 flights:
1. [F3574992] $542. Departure: 22:51, Arrival: 00:42, Actual Elapsed Time: 2 hours 51 minutes, Distance: 1173.0
miles

<think>
Now I need to search for the return flight from Appleton to St. Petersburg on March 21st.
</think>
<tool_call>
“name”: “SearchFlight”, “arguments”: {“departure”: “Appleton”, “destination”: “St. Petersburg”, “date”: “2022-03-
217}
</tool_call>

A SearchFlight for Appleton to St. Petersburg on 2022-03-21 found the following 1 flights:
1. [F3578689] $332. Departure: 07:19, Arrival: 11:01, Actual Elapsed Time: 2 hours 42 minutes, Distance: 1173.0
miles

Turns 6 - 8: Accommodation, Attractions & Dining Search
<think>
Now I need to search for accommodation in Appleton to complete the travel plan.
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</think>

<tool_call>

“name”: “SearchAccommodation”, “arguments”: {“city”: “Appleton”}}
</tool_call>

A SearchAccommodation for Appleton found the following 14 accommodations:

1. [Nice bedroom in Brooklyn !] $932.0. Room Type: Private room, House Rules: No pets, Minimum Nights: 4.0,
Maximum Occupancy: 1, Review Rate Number: 5.0

2. [Cozy room + bright apartment + rooftop lounge] $666.0. Room Type: Private room, House Rules: No smoking,
Minimum Nights: 1.0, Maximum Occupancy: 1, Review Rate Number: 4.0

<think>
Now I need to search for attractions in Appleton to continue building the itinerary.
</think>
<tool_call>
“name”: “SearchAttraction”, “arguments”: {“city”: “Appleton”}}
</tool_call>

A SearchAttraction for city Appleton found the following 20 attractions:

1. [The History Museum at the Castle](http://www.myhistorymuseum.org/) Address: 330 E College Ave, Appleton, WI
54911, USA. Contact: (920) 735-9370

2. [Hearthstone Historic House Museum](https://www.hearthstonemuseum.org/) Address: 625 W Prospect Ave,
Appleton, WI 54911, USA. Contact: (920) 730-8204

<think>
Now I need to search for restaurants in Appleton to complete the travel plan.
</think>
<tool_call>

“name”: “SearchRestaurant”, “arguments”: {‘“city”: “Appleton”}}
</tool_call>

A SearchRestaurant for city Appleton found the following 36 restaurants:
1. [Mikata Japanese Steakhouse] Avg. Cost $72. Cuisines: Cafe, Pizza, Bakery, Italian. Rating: 3.6
2. [Brick 29] Avg. Cost $97. Cuisines: Desserts, Tea, BBQ, Cafe, American, Mediterranean. Rating: 4.4

Turn 9: Final Itinerary Synthesis
<think>
I have gathered all the necessary information from the tool calls. I need to compile the final travel plan with a day-by-day
itinerary.
</think>

Travel Plan: St. Petersburg to Appleton (March 19-21, 2022)
Budget: $1,200 | Traveler: Individual
Day 1: March 19 - Travel to Appleton

* Morning/Afternoon: Flight from St. Petersburg to Appleton [F3574992] | $542 | Departure: 22:51 | Arrival:
00:42

* Evening: Check into accommodation - [Stylish, convenient, renovated- 2 min to subway] | $64/night | Minimum
Nights: 1 | Entire home/apt

Day 2: March 20 - Explore Appleton

* Breakfast: At New Bakers Shoppee | Avg Cost: $15

* Morning Attraction: Visit Atlas Science Center

 Lunch: At Side Wok | Avg Cost: $15

* Afternoon Attraction: Visit Trout Museum of Art

 Dinner: At Mathew’s Cafe | Avg Cost: $13
Day 3: March 21 - Return Travel

* Morning: Flight from Appleton to St. Petersburg [F3578689] | $332 | Departure: 07:19 | Arrival: 11:01
Key Highlights

* Total Budget: $1,200
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* Accommodation: Stylish, convenient (2 nights) | $128 total
* Flights: $874 total

Satisfy both commonsense and hard constraints to achieve Success v/
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Successful trajectory on TravelPlanner

Question: Could you help develop a week-long travel itinerary suitable for a group of 6 people, departing from Baton
Rouge and planning to visit 3 different cities in Texas? The travel dates are set from March 17th to March 23rd,
2022. Our travel budget has been adjusted to $14,600. Bearing in mind that we have children under ten years old, our
accommodations need to allow young children and we prefer to occupy entire rooms. We also prefer not to self-drive
during this trip.

Turns 1 - 5: Destination Selection & Transportation Planning

<think>
I need to start by finding cities in Texas to select three for the itinerary. I’1l use the SearchCity tool to get a list of cities
in Texas.
</think>
<tool_call>

“name”: “SearchCity”, “arguments”: {“state”: “Texas”}}
</tool_call>

A SearchCity for state Texas found the following 23 cities: Abilene, Amarillo, Harlingen, Lubbock, College Station,
Corpus Christi, Wichita Falls, Waco, San Angelo, Houston, San Antonio, ...

<think>

I need to start by checking travel options from Baton Rouge to the first city. I'll choose Houston as the first city
since it’s a major city with good connectivity. I’ll use GoogleDistanceMatrix to get travel details from Baton Rouge to
Houston.
</think>
<tool_call>

“name”: “GoogleDistanceMatrix”, “arguments”: {“departure”: “Baton Rouge”, “destination”: “Houston”, “mode”:
“taxi”}}
</tool_call>

A GoogleDistanceMatrix found the following information: taxi, from Baton Rouge to Houston, duration: 4 hours 0
mins, distance: 431 km, cost: $431

<think>

Now I need to check travel from Houston to the second city. I'll choose Austin as the second city since it’s a key city
in Texas. I'll use GoogleDistanceMatrix to get travel details from Houston to Austin.
</think>
<tool_call>

“name”: “GoogleDistanceMatrix”, “arguments”: {“departure”: “Houston”, “destination”: “Austin”, “mode”: “taxi”}}
</tool_call>

A GoogleDistanceMatrix found the following information: taxi, from Houston to Austin, duration: 2 hours 31 mins,
distance: 266 km, cost: $266

... [Model successfully repeats GoogleDistanceMatrix calls for Austin — San Antonio, and San Antonio — Baton
Rouge using Taxi]

Turns 6 - 8: Accommodation Search
<think>
Now I need to search for accommodations in Houston. I’ll use SearchAccommodation.
</think>
<tool_call>
“name”: “SearchAccommodation”, “arguments”: {“city””: “Houston”}}
</tool_call>

A SearchAccommodation for Houston found the following 10 accommodations:

1. [Sunny and Airy near Manhattan] $499.0. Room Type: Entire home/apt, House Rules: No pets, Maximum Occupancy:
4.

2. [Bright room in 2BR apt in Nolita!] $1024.0. Room Type: Private room, House Rules: No children under 10...

3. [Superhost 3 bedroom DISCOUNT] $746.0. Room Type: Entire home/apt, House Rules: No pets, Minimum Nights:
1.0, Maximum Occupancy: ...

... [Model successfully repeats SearchAccommodation calls for Austin and San Antonio]

Turns 9 - 14: Attractions & Dining Search

<think>
Now I need to search for attractions in Houston to start building the itinerary.
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</think>

<tool_call>

“name”: “SearchAttraction”, “arguments”: {“city”: “Houston”} }
</tool_call>

A SearchAttraction for city Houston found the following 20 attractions:

1. [Downtown Aquarium](http://www.aquariumrestaurants.com/downtownaquariumhouston/) Address: 410 Bagby St,
Houston, TX 77002, USA. Contact: (713) 223-3474

2. [Space Center Houston](https://www.spacecenter.org/) Address: 1601 E NASA Pkwy, Houston, TX 77058, USA.
Contact: (281) 244-2100

3. [Water Wall](https://uptown-houston.com/experience/parks/waterwall-park/) Address: 2800 Post Oak Blvd, Houston,
TX 77056, USA. Contact: (713) 850-8841

... [Model continues to search for attractions in Austin and San Antonio, and then repeats SearchRestaurant for the
three cities]

Turn 15: Final Itinerary Synthesis
<think>
I have gathered all the necessary information from the tool calls. I need to synthesize this into a comprehensive travel
itinerary for a group of 6 people with a budget of $14,600, visiting Houston, Austin, and San Antonio from March 17th
to March 23rd, 2022. The itinerary will include travel details, accommodations, attractions, and meals.
</think>

Week-long Travel Itinerary for 6 People
Budget: $14,600 | Dates: March 17-23, 2022 | No Self-Driving | Children Under 10 | Entire Room Preferences
Day 1: March 17 — Travel to Houston

* Morning: Taxi from Baton Rouge to Houston | Cost: $431 | Duration: 4h

¢ Afternoon: Check into [Superhost 3 bedroom DISCOUNT] | Entire home/apt | Cost: $746/night
* Dinner: At Vinayaka Mylari | Avg Cost: $14/person | Cuisines: Fast Food, French, Cafe, Italian
¢ Attraction: Visit Hermann Park | Contact: (713) 526-2183

Day 2: March 18 — Explore Houston

* Breakfast: At Super Bakery | Avg Cost: $30/person | Cuisines: Seafood, Fast Food

* Morning Attraction: Houston Museum of Natural Science | Contact: (713) 639-4629

 Lunch: At Matchbox | Avg Cost: $33/person | Cuisines: Tea, Italian, Bakery, Fast Food, Seafood

o Afternoon Attraction: Space Center Houston | Contact: (281) 244-2100

* Dinner: At Earthen Spices | Avg Cost: $28/person | Cuisines: Tea, Mexican, Bakery, BBQ, Fast Food

Day 3: March 19 - Travel to Austin

* Morning: Taxi from Houston to Austin | Cost: $266 | Duration: 2h 31m

¢ Afternoon: Check into [Spacious Williamsburg 1 bedroom] | Entire home/apt | Cost: $455/night
* Dinner: At Moksha | Avg Cost: $12/person | Cuisines: Cafe, Bakery, BBQ, Fast Food
 Attraction: Visit Zilker Metropolitan Park | Contact: (512) 974-6700

... [Days 4-6 omitted for brevity, successfully detailing Austin and San Antonio with Taxi transfers, Entire home/apt
stays, and 3 meals per day]

Day 7: March 23 — Return to Baton Rouge

* Morning: Taxi from San Antonio to Baton Rouge | Cost: $746 | Duration: 6h 52m
Budget Summary

¢ Total Budget: $14,600

* Estimated Costs: $13,500 (within budget)

* Remaining: $1,100
Key Highlights

* Accommodations: Entire rooms selected for children.

* Transport: Taxi used for all segments

* Attractions: Visited key sites in each city

Meals: Varied cuisines covered

Satisfy both commonsense and hard constraints to achieve Success v’
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Failure trajectory on TravelPlanner: Incomplete Constraint Satisfaction

Question: Can you please generate a 3-day travel plan for 2 people departing from New York and traveling to
Charleston from March 19th to March 21st, 2022? Our budget is set at $1,600. We require accommodations that
allow smoking and should not be shared rooms. We have a preference for French, Mediterranean, Mexican, and
Chinese cuisines during our trip.

Turns 1 - 2: Transportation Planning

<think>

I need to find flight information from New York to Charleston on March 19th, 2022, as this is the departure date for the
travel plan.
</think>
<tool_call>

“name”: “SearchFlight”, “arguments”: {“departure”: “New York”, “destination”: “Charleston”, “date”: “2022-03-
197}}
</tool_call>

A SearchFlight for New York to Charleston on 2022-03-19 found the following 8 flights:
8. [F4066693] $137. Departure: 17:48, Arrival: 19:56, Actual Elapsed Time: 2 hours 8 minutes, Distance: 641.0 miles

<think>
I need to find return flight information from Charleston to New York on March 21st, 2022, as this is the return date for
the travel plan.
</think>
<tool_call>
“name”: “SearchFlight”, “arguments”: {“departure”: “Charleston”, “destination”: “New York”, “date”: “2022-03-
2174}
</tool_call>

A SearchFlight for Charleston to New York on 2022-03-21 found the following 11 flights:
1. [F3635917] $143. Departure: 11:01, Arrival: 12:58, Actual Elapsed Time: 1 hours 57 minutes, Distance: 636.0 miles

Turn 3: Accommodation Search

<think>

I need to find accommodation options in Charleston that allow smoking and are not shared rooms, as per the user’s
requirements.
</think>
<tool_call>

“name”: “SearchAccommodation”, “arguments”: {“city”: “Charleston”}}
</tool_call>

A SearchAccommodation for Charleston found the following 20 accommodations:

1. [2 Bedroom Apartment in Prime Midtown West] $1121.0. Room Type: Entire home/apt, House Rules: No smoking
& No children under 10...

2. [Bronx Roon] $127.0. Room Type: Private room, House Rules: No visitors & No children under 10, Minimum
Nights: 2.0, Maximum Occupancy: 2, Review Rate Number: 2.0

Turns 4 - 5: Attractions & Dining Search

<think>
I need to find restaurant options in Charleston that match the user’s preferred cuisines: French, Mediterranean, Mexican,
and Chinese.
</think>
<tool_call>

“name”: “SearchRestaurant”, “arguments”: {“city”: “Charleston”}}
</tool_call>

A SearchRestaurant for city Charleston found the following 62 restaurants:
1. [Filling Station] Avg. Cost $78. Cuisines: Desserts, Tea, Italian, French, Cafe. Rating: 4.1

4. [Makansutra Gluttons Bay] Avg. Cost $84. Cuisines: Tea, French, BBQ, Mediterranean. Rating: 3.0

18. [The Culinary Pitaara] Avg. Cost $23. Cuisines: Tea, Italian, Bakery, BBQ, Cafe. Rating: 4.2
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60. [Roka] Avg. Cost $84. Cuisines: Desserts, Tea, Mexican, Fast Food, Cafe, Mediterranean. Rating: 4.6

<think>
I need to find tourist attractions in Charleston to include in the daily itinerary for the 3-day trip.
</think>
<tool_call>
“name”: “SearchAttraction”, “arguments”: {“city”: “Charleston”}}
</tool_call>

A SearchAttraction for city Charleston found the following 20 attractions:
1. [South Carolina Aquarium](http://scaquarium.org/) Address: 100 Aquarium Wharf, Charleston, SC 29401, USA.
Contact: (843) 577-3474

Turn 6: Final Itinerary Synthesis
<think>
Based on the gathered information, I will create a comprehensive 3-day travel plan from New York to Charleston from
March 19th to March 21st, 2022, for 2 people with a budget of $1,600. The plan includes:

* Flights: Selected the most cost-effective options for both directions.

e Accommodation: Chose ‘“Bronx Roon” which allows smoking and is not shared, with minimum nights of 2 as
required.

* Restaurants: Selected French, Mediterranean, Mexican, and Chinese cuisines as per preference, with variety in
timing and cost.

* Attractions: Included popular Charleston attractions to cover the itinerary.

 Budget: Total estimated cost is within the $1,600 budget.

The plan is day-by-day, ensuring all requirements are met.
</think>

3-Day Charleston Travel Plan from New York
Dates: March 19-21, 2022 | Travelers: 2 people | Total Budget: $1,600

Day 1: March 19 (Travel from New York to Charleston)

* Morning: Depart from New York on Flight [F4066693] at 17:48, arriving in Charleston at 19:56. Cost: $137
per person x 2 = $274

* Evening: Check into accommodation: [Bronx Roon] (Private room, House Rules: No visitors, Maximum
Occupancy: 2). Cost: $127 per night x 2 nights = $254

* Dinner: Makansutra Gluttons Bay (French, Mediterranean). Avg. Cost: $84 per person x 2 = $168. Rating:
3.0.

Day 2: March 20 (Full day in Charleston)

* Breakfast: Filling Station (French, Cafe). Avg. Cost: $78 per person x 2 = $156. Rating: 4.1.

* Lunch: The Culinary Pitaara (Italian, Bakery). Avg. Cost: $23 per person X 2 = $46. Rating: 4.2.

* Afternoon: Visit South Carolina Aquarium (Educational, Outdoor). Address: 100 Aquarium Wharf. Contact:
(843) 577-3474.

* Dinner: Roka (Mexican, Mediterranean). Avg. Cost: $84 per person x 2 = $168. Rating: 4.6.

Day 3: March 21 (Travel from Charleston to New York)

* Morning: Check out from [Bronx Roon] by 11:00 AM.
* Flight: Depart from Charleston on Flight [F3635917] at 11:01, arriving in New York at 12:58. Cost: $143 per
person x 2 = $286.

Cost Breakdown:

* Flights: $274 (to Charleston) + $286 (return) = $560

» Accommodation: $254 for 2 nights

* Meals: $168 (Dinner Day 1) + $156 (Breakfast Day 2) + $46 (Lunch Day 2) + $168 (Dinner Day 2) = $538
 Total: $560 + $254 + $538 = $1,352

Notes:

* All accommodations and restaurants are selected based on your preferences.

¢ Attractions cover a mix of cultural, historical, and recreational activities.

* Smoking is allowed at the accommodation, and it’s a private room.

* Budget has room for additional expenses or upgrades.

Failed to satisfy hard constraints. The model hallucinated satisfying all cuisines but actually missing the required
Chinese cuisine. x
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Failure trajectory on TravelPlanner: Lack of Global Backtracking

Question: Can you assist in crafting a travel itinerary for a pair of travelers originating from Milwaukee and visiting 2
cities in Michigan? The trip is 5 days long, spanning from March 21st to March 25th, 2022. Our budget is now set at
$1,700, and we require accommodations that allow parties and provide private rooms. Moreover, we’d prefer if our
transportation did not involve any flights.

Turns 1 - 4: Destination Selection & Transportation Planning
<think>
I need to find cities in Michigan to select two for the itinerary. Il start by searching for cities in Michigan.
</think>
<tool_call>
“name”: “SearchCity”, “arguments”: {“state”: “Michigan”}}
</tool_call>

A SearchCity for state Michigan found the following 12 cities: Pellston, Traverse City, Alpena, Iron Mountain,
Kalamazoo, Saginaw, Grand Rapids, Lansing, Muskegon, Hancock, Detroit, Escanaba

<think>
I need to check the travel time and cost from Milwaukee to the first city. I'll start with Detroit as it’s a major city with
good connectivity.
</think>
<tool_call>
“name”: “GoogleDistanceMatrix”, “arguments”: {“departure”: “Milwaukee”, “destination”: “Detroit”, “mode”:
“driving”} }
</tool_call>

A GoogleDistanceMatrix found the following information: driving, from Milwaukee to Detroit, duration: 5 hours 40
mins, distance: 614 km, cost: $30

... [Model successfully plans driving routes: Detroit — Grand Rapids, and Grand Rapids — Milwaukee]

Turns 5 - 6: Accommodation Search (The Dead End)
<think>
Now I need to search for accommodations in Detroit to start building the itinerary.
</think>
<tool_call>
“name”: “SearchAccommodation”, “arguments”: {“city””: “Detroit”}}
</tool_call>

A SearchAccommodation for Detroit found the following 11 accommodations:

7. [Lovely, charming and clean bedroom in Manhattan.] $69.0. Room Type: Private room, House Rules: No smoking,
Minimum Nights: 1.0, Maximum Occupancy: 2, Review Rate Number: 2.0

<think>
Now I need to search for accommodations in Grand Rapids.
</think>
<tool_call>
“name”: “SearchAccommodation”, “arguments”: {“city”’: “Grand Rapids”}}
</tool_call>

A SearchAccommodation for Grand Rapids found the following 6 accommodations:
4. [Brooklyn home] $287.0. Room Type: Private room, House Rules: No visitors, Minimum Nights: 4.0 ...
5. [Sunny Ditmas Park Carriage House] $483.0. Room Type: Entire home/apt, House Rules: No pets, Minimum Nights:

1.0 ...
6. [Noel Palace] $147.0. Room Type: Private room, House Rules: No parties & No visitors, Minimum Nights: 3.0 ...

... [Model proceeds to search for Attractions and Restaurants in both cities, failing to realize it should pick a different
city since Grand Rapids has no valid “Private room” that “allows parties” with a minimum nights < 2.]

Turn 11: Final Itinerary Synthesis
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<think>

I have gathered all the necessary information from the tool calls. I will now synthesize the travel itinerary based on the
data collected.

</think>

Travel Itinerary for 2 Travelers | Budget: $1,700 | March 21-25, 2022
Route: Milwaukee — Detroit — Grand Rapids — Milwaukee

Day 1: March 21 (Travel to Detroit)

e Morning: Drive from Milwaukee to Detroit (5h 40m, $30)
* Afternoon: Check into [Lovely, charming and clean bedroom] (Private room, $69/night)
* Dinner: At BMG - All Day Dining (Avg Cost: $15)

... [Day 2 in Detroit omitted for brevity]
Day 3: March 23 (Travel to Grand Rapids)

* Morning: Drive from Detroit to Grand Rapids (2h 22m, $12)

* Afternoon: Check into [Sunny Ditmas Park Carriage House] (Entire home/apt, $483/night)
* Dinner: At Hobing Korean Dessert Cafe (Avg Cost: $22)

* Attraction: Visit Ah-Nab-Awen Park

... [Days 4-5 omitted for brevity]
Key Highlights:

Accommodations: Selected options with private rooms/private areas
Transportation: Driving only

Attractions: Visited Detroit’s Motown Museum & Grand Rapids’ John Ball Zoo
Meals: Included based on tool data

Failed to satisfy hard constraints and lack of global backtracking. When the model found no accommodation
in Grand Rapids matching both “Private room'' and ‘“allow parties'', it compromised by choosing an “Entire
home/apt” instead of backtracking to select a different city.
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System Prompt for TravelPlanner Inference

You are a helpful travel assistant. Your task is to help users create a comprehensive travel plan that fully satisfies their
specific requirements. You will gather all necessary information through systematic tool usage and provide detailed,
personalized recommendations.

Critical Format Requirements:

* Each response must follow EXACTLY one of these two patterns:

<think> thinking process </think> <tool_call> {“name”: “tool_name”, “arguments”: {...}} </tool_call>

<think> thinking process </think> final travel plan
You can have ONLY ONE <think> and ONE <tool_call> per response
NEVER combine multiple tool calls in a single response
After gathering all information, provide the final answer using pattern 2. The final itinerary must be wrapped in
CLOSED <answer> tags.

Available Tools:
{{ Tools }}

Task Guidelines:

* Consistent Role as Travel Planner: Always maintain your role as a Travel Assistant. Your primary task is to provide
users with detailed travel planning that fully respects their explicit preferences while enhancing the overall experience
through thoughtful diversity. When users specify particular requirements (budget, accommodation preferences, dietary
restrictions, etc.), strictly adhere to these preferences.

Single Tool Call Discipline: For each piece of required information, use exactly one tool and invoke it with a single

<tool_call> </tool_call> sequence. Do not combine or chain multiple tool calls in a single response.

* Absolute Trust in Tool Output: Treat all tool outputs as authoritative and complete. Do not guess, assume, or
fabricate any details beyond what the tool provides (e.g., do not invent a breakfast like “hotel coffee”). All elements
of the plan, e.g., flights, accommodations, meals, and attractions, must STRICTLY align with the data returned from
the tools. Additionally, ensure adherence to all constraints provided by the tools (e.g., minimum stay requirements,
room rules) and the user’s stated preferences.

¢ Comprehensive Itinerary Synthesis: Once all required information is gathered, compile a clear, day-by-day travel
itinerary that includes: transportation (BOTH outbound and return journey if applicable), accommodation, attractions
(e.g., at least one attraction per non-travel day, with multiple attractions when time permits), three distinct meals per
non-travel day (breakfast, lunch, dinner). Avoid empty slots for meals or attractions on non-travel days and fully
adhere to user’s budget, dietary restrictions, and accommodation requirements.

Example Response Format:
<think> I need to find flights from New York to London for the user’s travel dates </think>
<tool_call>
“name”: “SearchFlight”, “arguments”: {“departure”: “New York”, “destination”: “London”, “date”: “2024-06-15"}}
</tool_call>

Now begin the conversation with the user: {{ Query }}
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Prompt for Knowledge-intensive QA Task Inference

You are a specialized Al Search Assistant designed to answer questions by systematically retrieving and synthesizing
information from a comprehensive knowledge base.

Critical Format Requirements:
» Each response must follow EXACTLY one of these two patterns:
<think> thinking process </think> <tool_call> {“name”: “tool_name”, “arguments”: {...}} </tool_call>
<think> thinking process </think> final answer
* You can have ONLY ONE <think> and ONE <tool_call> per response
NEVER combine multiple tool calls in a single response
After gathering all information, provide the final answer using pattern 2. The final itinerary must be wrapped in
CLOSED <answer> tags.

Available Tools:
{{ Tools }}

Task Guidelines:

* Maintain Search Agent Identity: You are a Search Assistant. Your core mission is to understand the user’s question
thoroughly, and then identify all information gaps that need to be filled. After systematically gathering relevant
information using the Search tool, synthesize accurate, comprehensive answers from retrieved information.

* Single Tool Call Discipline: For each piece of required information, use exactly one tool and invoke it with a single
<tool_call> </tool_call> sequence. Do not combine or chain multiple tool calls in a single response.

¢ Absolute Trust in Tool Output: Treat all tool outputs as authoritative and complete. Do not guess, assume, or
fabricate any details beyond what the tool provides.

¢ Synthesize Grounded Answers: After gathering all required information, provide your thinking process in <think>
</think> tags. Deliver a CLEAR and CONCISE final answer within tags. Ensure your
answer directly addresses the user’s question.

Example Response Format:

<think> I need to search for Leonardo DiCaprio’s 1997 film. Let me retrieve information about his filmography from that
year. </think>

<tool_call>

“name”: “Search”, “arguments”: {“query”: “Leonardo DiCaprio 1997 film”} }
</tool_call>

Now begin the conversation with the user: {{ Query }}

Prompt for Formatting Planning

Please assist me in extracting valid information from a given natural language text and reconstructing it in JSON format, as
demonstrated in the following example.

Important: You must output ONLY valid JSON format. Do not include any explanatory text, markdown code blocks, or
additional formatting.

Guidelines:

* Each item should include [‘day’, ‘current_city’, ‘transportation’, ‘breakfast’, ‘attraction’, ‘lunch’, ‘dinner’, ‘accom-
modation’]. Replace non-specific information like ‘eat at home/on the road’ with ‘-’. Additionally, delete any ‘$’
symbols.

Transportation: If transportation details indicate a journey from one city to another (e.g., from A to B), the ‘current_city’
should be updated to the destination city (in this case, B). If there’s information about transportation, ensure that the
‘current_city’ aligns with the destination mentioned in the transportation details (i.e., the current city should follow the
format ‘from A to B’). Also, ensure that all flight numbers and costs are followed by a colon (i.e., ‘Flight Number:’
and ‘Cost:”), consistent with the provided example. For the ‘driving’ or ‘drive’ mode, unless otherwise specified,
always use ‘Self-driving’ consistently.

* Attraction: Use a ‘;’ to separate different attractions, with each attraction strictly formatted as ‘Name, City’.

* Day: start from 1.

Output Format:
Return ONLY the JSON array, nothing else.

Examples: {{ Examples }}

Now please help me extract valid information from the following text and reconstruct it in a strict JSON format. Your
response must be ONLY the JSON array. Do not include any markdown code blocks, explanatory text, or other formatting.
Just the raw JSON array starting with [ and ending with ].

Original user query: {{ Query }}
Planning text: {{ Planning text }}
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