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Abstract

The advancement of LLM agents with tool-use
capabilities requires diverse and complex train-
ing corpora. Existing data generation methods,
which predominantly follow the paradigm of
random sampling and shallow generation, of-
ten yield simple and homogeneous trajectories
that fail to capture complex, implicit logical
dependencies. To bridge this gap, we introduce
HardGen, an automatic agentic pipeline de-
signed to generate hard tool-use training sam-
ples. First, HardGen establishes a dynamic
API Graph built upon agent failure cases, from
which it samples hard tool-execution sequences.
Second, these execution sequences are used to
reversely build advanced tools that combine
multi-step operations into one, which then help
generate hard queries requiring unstated inter-
mediate steps. Finally, advanced tools and
hard queries drive the generation of Chain-
of-Thought (CoT), which is iteratively refined
through closed-loop verification feedback. Ex-
tensive evaluations demonstrate that a 4B pa-
rameter model trained with our curated dataset
achieves superior performance compared to
several leading open-source and closed-source
competitors (e.g., GPT-5.2, Gemini-3-Pro and
Claude-Opus-4.5). Our code, models and the
curated dataset with 27,000 samples will be
open-sourced to facilitate future research.

1 Introduction

Equipping Large Language Models (LLMs) with
the capability to execute external tools!, primar-
ily through Function Calling (FC), has signifi-
cantly expanded the boundaries of artificial intelli-
gence (Wang et al., 2026; Shen, 2024; Wang et al.,
2025). As agents are deployed in increasingly so-
phisticated scenarios—from enterprise workflow
automation to intricate data analysis—the demand
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Figure 1: Results on the BFCLv3 Leaderboard (Patil
et al., 2025). A HardGen trained 4B model (HardGen-
4B-RL) consistently surpasses leading frontier models.

for high-quality, diverse, and complex training
corpora has become the primary bottleneck lim-
iting their advancement (Liu et al., 2024; Zeng
et al.,, 2026). Although recent work has made
strides in synthesizing diverse datasets, existing
data generation pipelines adhere predominantly
to the paradigm of random sampling and shallow
generation—randomly selecting API combinations
from static tool pools and generation of trajecto-
ries through basic user-assistant simulation (Huang
et al., 2025; Prabhakar et al., 2025). Trajectories
generated by those pipelines tend to be homoge-
neous and follow a “happy path”, failing to capture
the unstated intermediate steps and multi-turn rea-
soning required in hard real-world tasks. For in-
stance, real-world problems often necessitate bridg-
ing logical gaps, where the output of one tool serves
as a latent precondition for another, or implicitly
parameterizes the subsequent tool call. Current
pipelines often miss these deep structural complex-
ities, resulting in agents that are robust on sim-
ple queries but fragile when facing hard, logically-
intertwined instructions (Zhang et al., 2026a).

To bridge this gap, we introduce HardGen, an
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automated agentic pipeline designed to synthesize
challenging training samples for overcoming the
performance bottleneck of tool-use agents. Unlike
previous pipelines that focus primarily on broad-
ening API coverage or enforcing syntactic correct-
ness, HardGen prioritizes the logical complexity
and difficulty of the generated trajectories. The
core philosophy of HardGen is to automatically
generate challenging training samples that capture
complex, real-world tool-use scenarios. Specifi-
cally, instead of sampling from a static tool pool,
HardGen establishes a dynamic API Graph derived
explicitly from agent failure cases. This allows the
pipeline to sample hard tool-execution sequences
that target the specific weaknesses of models. Next,
we utilize these sequences as conditional priors to
guide the generation of advanced tools that com-
bine multi-step operations into one. These tools
are then leveraged as stepping stones to formulate
hard queries that necessitate multi-step reasoning
and implicit dependency, moving beyond simple
API pattern matching. At the end, the synergy
of advanced tools and hard queries facilitates the
generation of Chain-of-Thoughts (CoTs), with a
closed-loop evaluation feedback mechanism steer-
ing the continuous refinement of the generation
process, where reasoning correctness is further ver-
ified through a function call checking module. This
robust, repeatable pipeline enables HardGen to con-
struct trajectories of high diversity and complexity
for tool-use agents.

Generated Dataset. Using HardGen, we build
a large-scale dataset of 27,000 trajectories cover-
ing 2,095 APIs from real environments (see Sec-
tion 3.6). The dataset features diverse and challeng-
ing interaction scenarios, especially hard queries
requiring implicit dependency inference and multi-
step reasoning without explicit guidance. This high-
fidelity corpus provides a rigorous foundation for
training tool-use agents with deep reasoning and
dependency modeling capabilities.

Remarkable Results. We evaluate HardGen by
applying SFT and RL training to Qwen3-4B using
the curated HardGen dataset, producing HardGen-
4B-SFT and HardGen-4B-RL. On challenging
benchmarks including BFCLv3, HardGen-4B-RL
achieves an overall accuracy of 79.14, establishing
a new state of the art at the 4B scale (see Table 3).
Despite its compact size, it surpasses strong pro-
prietary models, outperforming OpenAl GPT-5.2
by 19.02, DeepSeek-V3.2 by 10.33 (see Figure 1).
These gains further generalize to additional tool-

use benchmarks, including ACEBench, APIBank,

and BFCLv4 Agentic, demonstrating robust agen-

tic reasoning rather than template memorization.
Our contributions are summarized as follows:

* We propose HardGen, a novel pipeline de-
signed to generate hard samples for tool-use
agents.

» HardGen is compatible with a wide spectrum
of APIs and models, facilitating the synthesis
of tool-use datasets characterized by both high
fidelity and complexity.

* Extensive experiments demonstrate that mod-
els trained on our generated data achieve su-
perior performance, allowing a 4B parameter
model to surpass powerful competitors.

2 Related Work

Tool-use Ability of LLMs. Empowering LLMs
to interact with external APIs is pivotal for the re-
alization of autonomous agentic systems (Wang
et al., 2026; Hao et al., 2026). By bridging the gap
between static knowledge and dynamic environ-
ment, this paradigm enables models to interrogate
databases, synthesize code, and manipulate digital
interfaces (Jimenez et al., 2024; Mohammadjafari
et al., 2024; Gao et al., 2024; Zhang et al., 2026¢).
However, the transition from isolated function in-
vocations to coherent, multi-turn tool orchestra-
tion presents a substantial barrier (Guo et al., 2025;
Chen et al., 2025). In these scenarios, agents are
required to maintain state and resolve dependencies
over extended interaction horizons. The core bot-
tleneck is the lack of large-scale, verifiable training
corpora that faithfully encode realistic multi-turn
interactions, including implicit preconditions, pa-
rameter couplings, and cross-turn logical depen-
dencies (Prabhakar et al., 2025; Xu et al., 2025).

Data Synthesis for Tool-use Training. Current
paradigms in tool-use data generation focus pre-
dominantly on expanding breadth and ensuring ex-
ecutability (Yin et al., 2025; Acikgoz et al., 2025),
typically via synthesis from fixed tool sets or multi-
agent simulations (Prabhakar et al., 2025; Yin
et al., 2025). Although these methods scale dataset
size (Xu et al., 2025), they suffer from a critical lim-
itation: the difficulty of the generated trajectories
is often artificial—derived from explicit structural
constraints—rather than reflecting the intrinsic rea-
soning hurdles and implicit dependencies charac-
teristic of authentic agentic workflows (Zeng et al.,

6521



Init. & Phase I: Execution Sequence Sampling

=] <>
— =
]

—
!
[l
& N

Self-evaluation

Failure
APIs

>

Evaluation

Models API Graph

Update v

Execution
Environment

O—)O—)O Execution Sequence *

Phase Il: Execution-conditioned Tool Evolution

—
- Advanced Hard-query
Tool Maker Tools Generator

Query Set

Descriptions Hard Queries

/

Phase lll: Feedback-guided CoT Refinement

A /

r ~
N High-quality - - - D“l%\ B o
Y CoTs @6 -

A

2

FC
Checking

Reasoner Sub Tools

)

Repeat h
Sampling °
Verifier

Feedback

Figure 2: Overview of HardGen. The framework consists of three phases: I) Execution Sequence Sampling for
constructing error-prone traces; II) Execution-conditioned Tool Evolution for synthesizing advanced tools and
hard queries; and III) Feedback-guided CoT Refinement for closed-loop reasoning correction.

Symbol Concept

S Environment Simulation Space

A% Tool Node Set (all 2,095 tools)

TCV Failure API Set (1,204 tools)

5=(,D,P) API Graph (Tool Nodes V, Edge
set D, Parameter Constraints P)

To €T Target / Anchor Tool of a trajectory

T.€V Generic candidate tool considered
for sampling

Pre(T:) CV Prerequisite tools of 7. (in-
neighbours in §)

HCV History of executed tools (replaces
Tcalled)

Tiegat (H) Legal candidate set at the current
step

Ar,Aqg,Ar,Av  Agents: Tool Maker, Hard-query
Generator, Reasoner, Verifier

Qhard Hard Query

Taav Advanced Tool

K; Iteration index at which step % first
succeeds

M Number of Tool Executions Per
Turn

N Number of Turns Per Trajectory

Table 1: Core notations. Summary of symbols and
definitions used in HardGen.

2026; Lam et al., 2024; Xu et al., 2025). In contrast,
our HardGen aims to generate complex, verifiable
tool-use trajectories that deliver grounded reason-
ing for SFT and precise rewards for RL (Qian et al.,
2025; Hao et al., 2025), thereby driving superior
performance in agentic tasks.

3 The Proposed HardGen Pipeline

In this section, we present HardGen, an automatic
pipeline for generating challenging tool-use train-
ing samples (Figure 2); the corresponding notation
is summarized in Table 1.

3.1 Initialization

Instead of uniformly sampling tool combinations,
HardGen uses failure-driven self-evaluation to iden-
tify tools and dependencies that challenge the cur-
rent model. The resulting API Graph captures
failure-prone tools and their interaction patterns.

Failure-driven Self-evaluation and Graph Con-
struction. We deploy a large-scale API environ-
ment comprising 2,095 tools, which together form
the node set V of the API Graph, to perform model
self-evaluation. For each tool, HardGen generates
a tool-execution sequence and constructs a corre-
sponding hard query, forming a Self-evaluation
Query Set used to evaluate Qwen3-4B (Yang et al.,
2025) and Llama-3.2-3B-Instruct (Grattafiori et al.,
2024); the whole construction procedure is detailed
in Appendix B. A tool is designated as challenging
if both models produce incorrect execution results
during inference. Through this process, we iden-
tify 1,204 challenging tools, which constitute the
Failure API Set T C V and serve as the admissible
target tools when sampling on the API Graph G, en-
abling systematic capture of challenging tools and
their dependencies. The graph construction and its
update are shown in Appendix C. By performing
self-evaluation and graph construction on Qwen
and Llama models, our approach demonstrates ro-
bust performance across heterogeneous architec-
tures as shown in Table 3, Table 5 and Table 16,
validating the strong generalization capability of
the HardGen synthesized data.

Dependency Filtering. The initial API Graph
G = (V,D,P) (see Appendix C) contains spurious
yet type-compatible dependencies. We therefore
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apply two-stage filtering. First, Semantic Compat-
ibility Filtering checks whether the output domain
of T; aligns with the semantic constraints of 7}’s
input using type signatures, value ranges, and API
descriptions. Second, Execution Validation ex-
ecutes each surviving edge in the sandbox: if T}
fails or produces invalid results using 7;’s output,
the edge is removed. After filtering, 5,783 of 8,462
candidate edges (68.3%) remain over the full node
set V of 2,095 tools, among which T contains 1,204
failure tools. Full graph construction and dynamic
updates are provided in Appendix C.

3.2 Phase I: Execution Sequence Sampling

Sampling tool-execution sequences over the API
Graph G must avoid two pitfalls: producing opera-
tionally invalid calls that violate tool dependencies,
and drifting away from the failure-prone targets
in J. Phase I therefore (i) restricts sampling to
dependency-legal tools at every step, and (ii) bi-
ases the trajectory toward a chosen target T, € 7,
yielding executable yet challenging tool-execution
sequences I'; as input to Phase II.
Legality-constrained Sampling. To guarantee
execution validity, tool selection is subject to a
strict dependency constraint. For any candidate
tool 7. € V, let Pre(T¢) C 'V denote the set of
its prerequisite tools (i.e., the in-neighbours of 7,
in G, induced by the edge set D); T is callable if
and only if every tool in Pre(7,) has already been
executed. We denote the history of executed tools
at the current step by H{ C 'V (used in place of
Tealled to avoid confusion with the Failure API Set
T). This legality condition is formalized as

I(Te, ) = Lipre()coe)s (1)

where 1/, is the indicator function. We further
define the set of legal tools at the current step as

Tlegat(H) = {Tc € VNI : I(Te,H)=1}.

2)
Tool-execution Sequence Sampling. To reach the
selected target tool T}, while satisfying its prerequi-
site constraints, we design a Sampler that explicitly
biases execution sequence construction toward 75,.
Sampling is run for a fixed budget of M steps: at
each step, the Sampler employs a greedy heuristic
over the legal candidate set Tjegqi (), prioritizing
tools that minimize the graph distance dist(-, -) to
T, where dist(T},T,) denotes the length of the
shortest path from 7}, to 7, in §. Once the target
T, has been collected into J, the remaining steps

until the budget M is reached are drawn uniformly
at random from Tiega (3() in order to enrich the sur-
rounding workflow. The resulting sampling policy
is formally defined as:

Ty = Sampler (T}, )
rand(ﬂ'legal(ﬂ{)), T, € H,
To, I(To,H)=1AT, ¢ XK,

argmin dist(7,Ty), otherwise.
Tk S ‘T]ega] (ﬂ-f)
(3)

The sampled tool T is executed with param-
eters Ps as a call Cs = (75, Ps), producing en-
vironment feedback E; and updating the system
state S, the history of executed tools H, and the
dynamic API graph §. Sampling terminates once
the prescribed budget of M steps has been col-
lected, and the resulting execution trace I'; =
(C1,E1,...,Cur, Eyyp) serves as a failure-aware
prior for subsequent phases.

3.3 Phase II: Execution-conditioned Tool
Evolution

The hard execution sequence I'; from Phase I guar-
antees correct execution and captures the under-
lying workflow. However, robust tool-use agents
must also learn implicit logical bridging—inferring
missing intermediate steps from underspecified
queries. Directly generating queries from explicit
traces weakens this ability, as models may rely
on pattern matching rather than genuine reasoning.
To address this, Phase II reformulates the execu-
tion sequence through a two-stage process: first
abstracting the multi-step workflow into a high-
level operation, and then constructing a hard query
that implicitly requires this abstraction.
Advanced Tool Construction. Given I';, the Tool
Maker (Ar) synthesizes a high-level abstraction,
denoted as the advanced tool Tqy:

Tagy = A7 (Iy) , 4)

where Ap abstracts the multi-step tool-execution
sequence into a high-level operation that encapsu-
lates the collective functionality and interdependen-
cies of all tool calls within I';.

Hard Query Generation. Conditioned on the ad-
vanced tool T}qy, the Hard-query Generator (Ag)
generates a challenging query QQharqg Whose solution
requires realizing the functionality abstracted by
T4y using primitive tools. Formally, the process is
expressed as:

Qhard - AQ (Tadv) . (5)
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3.4 Phase III: Feedback-guided CoT
Refinement

While the hard query Qnarg from Phase II intro-
duces implicit logical dependencies, it also in-
creases the difficulty of generating correct and
coherent CoT reasoning. To address this, Phase
III adopts an iterative refinement mechanism that
progressively corrects flawed reasoning through
feedback-driven prompting, steering the CoT to-
ward valid solutions.

Reasoning with Hint. Given the hard query Qharq,
the Reasoner Ag attempts to generate the correct
function call with the hint from the description of
the advanced tool 7,4y. The initial prompt, denoted
as Promptgl), is constructed from the hard query,
the primitive tool set used to define the advanced
tool, and the advanced tool description.

Error Diagnosis. If the attempt fails (FCEk) # (),
the Verifier Ay compares it with the ground truth,
identifies the error and provides corrective feedback
Errorgk) without revealing the answer.

CoT Refinement. At attempt &, the corrective hint
(k)

Error;™ is appended to the current prompt:
Promptl(kﬂ) = Concat(PromptE ) Error ) (6)

Using the updated prompt, Ar generates a re-

1)

fined reasoning process COT§k+ and function call

FCZ(.kH). Refinement continues until the function
call is correct or the maximum attempt limit K a5
is reached.

Let K¥ = min{k < Kpa : FCP = ¢}
denote the iteration at which step ¢ first succeeds.
The successful prompt of step i together with the
executed call and feedback is then used to initialize

step ++1:
Prompt( +)1 = Concat(PromptZ(»K;), s, El) (7)

This conditions subsequent reasoning on the full
execution history. A trajectory is retained only if all
M function calls are successfully generated within
Kax attempts each.

Repeating the three-phase pipeline produces re-
liable yet challenging multi-turn trajectories, form-
ing a high-quality corpus for tool-use training.
Multi-turn Dialogue Construction. A trajectory
contains /N user turns, each with at most M tool
executions. The first turn uses the procedure above.
For every subsequent turn, Ag is conditioned on
the accumulated dialog, verified calls and feedback,

Metric Min Max Mean
Dependency Depth (d) 0 6 2.14
Latent Variable Count (¢) 0 5 2.37
Branching Factor (b) 32 478 18.6

Table 2: Hardness metric statistics over the HardGen
dataset. The dataset spans a broad difficulty spectrum,
from single-step to deeply chained multi-tool reasoning.

and the current state of the sandbox, and generates
a follow-up goal that depends on the information
or the state established earlier. Phase III verifies
and refines each turn, and the complete trajectory
is retained only if every turn executes successfully.
Thus, multi-turn denotes context-dependent user-
agent dialogue, rather than multiple calls within
one user turn.

3.5 Definition of Hardness

To move beyond intuitive notions of difficulty,
HardGen also defines three quantitative hardness
metrics grounded in the structure of the API Graph
G and the generated queries.

Dependency Depth (d). The length of the short-
est directed path in G from any root node to the
target tool 7,, where d = 0 indicates that 7, is
itself a root node and requires no prerequisite. A
tool sequence with d = 1 requires only a single
prerequisite, while d > 2 implies a chain of latent
preconditions.

Latent Variable Count (¢/). The number of
intermediate tool calls in I'; whose outputs serve
as required inputs to downstream calls but whose
execution is not explicitly referenced in the
hard query Qpara. Formally, ¢ = [{C; € T :
C; provides a parameter to some Cj, with k >
J, and Cj is not referenced in Qnard }|-
Branching Factor (b). The average number of
legal tools available at each sampling step: b =
M Z ‘71ega1 )|, where 3{; is the execution
history just before step ¢ and Tiegal (3(;) is the cor-
responding legal candidate set defined in Eq. 2.

3.6 Generated Dataset

Dataset Statistics. We deploy HardGen on a
large-scale real-world API environment compris-
ing 2,095 tools, which form the node set V of
the API Graph §. Among them, 1,204 tools are
identified as failure tools through systematic self-
evaluation and constitute the Failure API Set T C 'V
that supplies the admissible target tools, while the
remaining tools serve as legitimate intermediate
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Single-Turn Multi-Turn
Parameter , , Subset Miss Miss Lon Subset
Model Counts Non-Live  Live Overall Base Func Param Contj;ct Overall Overall
Closed-source
Claude-Opus-4-5-20251101 - 88.58 79.79 84.19 81.00 64.00 58.00 70.50 68.38 78.92
Claude-Sonnet-4-5-20250929 - 88.65 81.13 84.89 69.00 65.00 52.50 59.00 61.38 77.05
Gemini-3-Pro-Preview - 90.65 83.12 86.89 64.50 60.00 54.50 64.00 60.75 78.17
Grok-4-1-fast-reasoning - 88.27 78.46 83.37 70.50 59.50 43.00 62.50 58.88 75.20
GPT-5.2-2025-12-11 - 81.85 70.39 76.12 36.50 18.00 27.50 30.50 28.13 60.12
GPT-40-2024-11-20 - 83.88 70.54 77.21 55.50 34.50 29.00 51.00 42.50 65.64
Open-source
Kimi-K2-Instruct 1043B 81.60 78.68 80.14 62.00 41.00 44.50 55.00 50.63 70.30
DeepSeek-V3.2-Exp 671B 85.52 76.02 80.77 55.00 49.00 27.00 48.50 44.88 68.81
Llama-4-Maverick 400B 88.65 73.65 81.15 27.00 22.00 14.00 18.00 20.25 60.85
GLM-4.6 355B 87.56 80.90 84.23 74.50 68.00 63.00 66.50 68.00 78.82
Qwen3-235B-A22B-Instruct 235B 90.33 78.68 84.51 54.00 42.50 31.50 50.50 44.63 71.21
Qwen3-32B 32B 88.77 82.01 85.39 56.00 52.50 40.00 43.00 47.88 72.88
Qwen3-30B-A3B-Thinking 30B 85.77 77.94 81.86 43.50 10.50 25.00 41.00 30.00 64.57
ToolACE-2-8B 8B 87.10 77.42 82.26 49.00 28.00 30.50 46.00 38.38 67.63
ToolACE-MT 8B 84.94 71.52 78.23 57.50 31.50 34.00 38.00 40.25 65.57
Nanbeige4-3B-Thinking-2511 3B 81.58 79.42 80.50 58.50 54.00 45.00 47.00 51.12 70.71
xLAM-2-3b-fc-r 3B 82.96 62.92 72.94 71.50 59.00 57.50 45.50 58.38 68.09
Qwen3-4B (Base Model) 4B 87.88 76.39 82.14 26.50 21.00 15.50 25.50 22.13 62.13
HardGen-4B-SFT 4B 89.03 82.42 85.73 55.20 49.10 41.40 52.90 49.65 73.70
A +1.15 +6.03 +3.59  +28.70 +28.10 42590 +27.40 +27.52  +11.57
HardGen-4B-RL 4B 90.73 83.55 87.14 68.50 64.50 50.50 69.00 63.13 79.14
A +2.85 +7.16  +5.00 +42.00 +43.50 +35.00 +43.50 +41.00 +17.01

Table 3: Performance on BFCLv3 (last updated on 2025-12-16). All metrics are calculated using the official script
and reported in terms of Accuracy (%), and A values are gains over the Qwen3-4B base model.
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Figure 3: Statistics and distribution of the generated
dataset. (Top) Histogram of total tool calls per trajec-
tory (left) and key dataset metrics (right). (Bottom)
Distribution of API domains (left) and the proportion of
single and multiple dialogue turns (right).

steps along prerequisite chains. From § we syn-
thesize 27,000 trajectories using Qwen3-30B-A3B-
Thinking (Yang et al., 2025) as the agent backbone
with Kax = 3 refinement attempts. To quantita-
tively characterize dataset difficulty, we compute
all three hardness metrics across the full corpus
(Table 2): dependency depth averages d = 2.14
(max 6), latent variable count averages £ = 2.37,

and the mean branching factor b = 18.6 (range
from 3.2 to 47.8) confirms substantive decision
complexity at each sampling step.

As shown in Figure 3, the dataset exhibits sub-
stantial diversity across task complexity, domain,
and reasoning structure. Each trajectory contains 1
to 8 tool calls in total (average 3.24), with 62.9%
containing three or more calls. API coverage spans
seven domains, namely Finance (20.4%), Data
(19.5%), Tools (16.8%), Social (12.1%), Math
(11.5%), Other (10.2%), and Game (9.5%). Orthog-
onally to tool-call count, 63.7% of trajectories are
multi-turn, requiring sustained implicit reasoning
across dialogue turns. Notably, single-turn trajecto-
ries may still contain multiple parallel tool calls, so
the 36.3% single-turn ratio does not correspond to
the 37.1% of trajectories with fewer than three tool
calls. Additional cases and prompts are provided
in Appendix L and Appendix M.

Training—test Tool Overlap Audit. To rule out
benchmark overfitting, we audit tool overlap be-
tween our 2,095-tool synthesis environment and the
four evaluation benchmarks via (i) exact name/sig-
nature matching and (ii) semantic matching us-
ing sentence-embedding similarity at 7=0.85. As
shown in Table 4, the total overlap rate is at most
4.35% (BFCLv3) and remains below 3% on the
other benchmarks. To further isolate the method-
ology from environment leakage, we remove all
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Benchmark Tools Exact Semantic Overlap Rate
BFCLvV3 2,000 28 59 4.35%
BFCLv4 Agentic 34 0 0 0.00%
APIBank 2964 33 42 2.53%
ACEBench 4,538 45 64 2.40%

Table 4: Tool-level overlap between the HardGen
synthesis environment and evaluation benchmarks.

overlapping tools and their associated trajectories
(~0.4% of the 27,000-trajectory corpus) and re-
train HardGen-4B-RL under identical settings: the
held-out model attains 78.87 BFCLv3 Overall, only
0.27 points below the full model (79.14). This con-
firms that HardGen’s gains stem from the genera-
tion method rather than from environment overlap.

4 Experiments

In this section, we evaluate our proposed pipeline
by performing Supervised Fine-Tuning (SFT) and
Reinforcement Learning (RL) on several baseline
models using the HardGen curated dataset.

4.1 Experiment Setup

Baseline Models. We use Qwen3-4B (Yang
et al., 2025) as the main baseline, and ad-
ditionally evaluate Qwen2.5-7B-Instruct (Yang
et al., 2024), Llama-3.2-3B-Instruct, Llama-3.1-
8B-Instruct (Grattafiori et al., 2024), and Qwen3-
0.6B/1.7B to verify generalization. We split
the 27,000 trajectories at each assistant turn
and train models to predict only the current re-
sponse. SFT and RL are conducted with LLaMA-
Factory (Zheng et al., 2024) and Verl (Sheng et al.,
2025), respectively. Implementation details are
provided in Appendix G.

Benchmarks. We evaluate on BFCLv3 (Patil
et al., 2025), APIBank (Li et al., 2023), and
ACEBench (Chen et al., 2025), covering both
single-turn and multi-turn tool-calling scenarios
(see Appendix E). To assess generalization and
agentic capabilities, we additionally include BF-
CLv4 Agentic (Patil et al., 2025), which evaluates
Web Search and Memory scenarios.

4.2 Experimental Results

Results on BFCLv3. As shown in Table 3, Hard-
Gen substantially improves Qwen3-4B on BF-
CLv3 (Patil et al., 2025), increasing the multi-
turn score from 22.13 to 49.65 (+27.52) after SFT
and to 63.13 (+41.00) after RL. Despite having
only 4B parameters, HardGen-4B-RL surpasses
all strong competitors, establishing a new state of

Model Single-Turn ~ Multi-Turn  Overall
Base Model 77.30 7.62 54.07
TOUCAN 76.51 22.62 58.55
InfTool 81.18 22.75 61.70
ToolACE-MT 80.51 27.57 62.86
+ HardGen-SFT 83.99 40.75 69.58
A +6.69 +33.13 +15.51

Table 5: Comparison with state-of-the-art data syn-
thesis pipelines on BFCLv3. The baseline model is
Qwen2.5-7B-Instruct.

Variant P-I P-11 P-1I1 Overall
Base Model - 62.13
(a) Random Random 64.90
(b) Failure Failure graph 67.64
(c) Failure+7 4y Failure graph ~ Tyay 70.18
(d) Failure+Refine Failure graph Refinement ~ 69.23
(e) HardGen (Full) Failure graph 7,4y Refinement 73.70

Table 6: Ablation study of the HardGen training
stages. Each variant removes or modifies one Phase
(P-I to P-III) of the pipeline.

the art at its scale. HardGen-trained models also
achieve balanced gains across all sub-metrics, indi-
cating strong generalization and stability. Notably,
both HardGen-4B-SFT and HardGen-4B-RL out-
perform Qwen3-30B-A3B-Thinking (Yang et al.,
2025) across all sub-metrics. These results show
that failure-driven sampling, execution-conditioned
tool evolution, and feedback-guided refinement
jointly amplify capability beyond the generator
model’s inherent limits. Llama-family results in
Appendix I further demonstrate consistent gains
across architectures.

Results on Other Benchmarks. Figure 4(a)
and Figure 4(b) show results on APIBank and
ACEBench. On APIBank (Li et al., 2023), our
models achieve top-tier Level-1 accuracies of 71.9
and 69.9, surpassing GPT-40 (66.7). On the more
challenging Level-2 tasks, they improve over the
base model (33.3) by +12.6 and +8.2, respectively.
On ACEBench (Chen et al., 2025), our models fur-
ther demonstrate strong generalization under both
training settings. For single-turn tasks, they achieve
81.5 and 80.5 accuracy, outperforming GPT-40
(78.0) and Llama-3.1-8B-Instruct (39.8). The gains
are even larger in multi-turn settings, where our
models reach 76.0 and 74.0, exceeding Llama-3.1-
8B-Instruct (28.0) by +48.0 and +46.0. Overall,
these results demonstrate strong and consistent tool-
use capabilities across diverse benchmarks. Ad-
ditional results on agent-specific benchmarks are
provided in Appendix F.
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Figure 4: Additional evaluations. (a) Comparison of different models on APIBank. (b) Comparison of different
models on ACEBench. (¢) Scaling trends of HardGen-SFT and HardGen-RL on BFCLv3 across model parameters.

Comparison with State-of-the-art. To further
demonstrate the efficacy of HardGen, we compare
it against state-of-the-art data synthesis pipelines
using Qwen2.5-7B-Instruct under an SFT-only set-
ting, as reported in Table 5. While prior methods
such as InfTool (Li et al., 2025), TOUCAN (Xu
et al., 2025) and ToolACE-MT (Zeng et al., 2026)
offer incremental gains over the base model, Hard-
Gen establishes a clear and consistent performance
advantage. Notably, our method secures a score
of 83.99 (+6.69) in single-turn tasks and delivers a
striking 40.75 (+33.13) in multi-turn interactions.
This substantial margin validates HardGen as a
more robust and effective data generation strategy
for complex tool-use scenarios.

4.3 Further Analysis

Component Ablation. We compare HardGen with
four simplified variants, all built on the same 2,095
tool environment and 27,000 training trajectories
for fair comparison. All models are trained with
SFT on Qwen3-4B and evaluated on BFCLv3 (Ta-
ble 6). Randomly sampled execution traces with
direct query construction and CoT distillation (a)
improve over the base model by +2.77, but re-
main 8.80 points below full HardGen. Failure-
oriented execution sampling (b) brings an addi-
tional +2.74 gain over random sampling. Building
on (b), advanced-tool-based hard query construc-
tion (c¢) and CoT refinement (d) further improve
performance by +2.54 and +1.59. The full pipeline
(e) achieves the best performance, showing that all
phases are complementary. Fine-grained analyses
for each phase are provided in Appendix H.

Hardness-Error Correlation. To analyze the rela-
tionship between difficulty and model performance,
we conduct the hardness-error correlation analysis
by randomly selecting 5,000 trajectories from the
HardGen-generated dataset. Table 7 reports the
Pearson correlation coefficients () between each

Metric Range  r with Base Err. 1 with AAcc
Dep. Depth (d) 0-6 0.71 0.58
Latent Vars (¢) 0-5 0.68 0.63
Branch Factor (b)) 3.2-47.8 0.42 0.37

Table 7: Correlation between hardness metrics and
model behavior. Pearson correlations (r) between hard-
ness metrics, base model error rate, and accuracy gain
(AAcc). All correlations are positive and statistically
significant (p < 0.01).

hardness metric and two key outcomes: (1) the
error rate of the base model (Qwen3-4B) on the
corresponding trajectories, and (2) the accuracy im-
provement (AAcc) achieved after SFT on HardGen
data. All correlations are positive and statistically
significant (p < 0.01). The three metrics show
positive correlations with the base model error rate
(r > 0.42,p < 0.01), confirming that structurally
more complex trajectories are indeed harder for
untrained models. Importantly, the training bene-
fit AAcc also correlates positively with hardness
(r > 0.37), indicating that HardGen achieves the
largest improvements on the hardest instances.

Tool-use and General Capability Trade-off. We
study the trade-off between tool-use specialization
and general capability using IFEval (Zhou et al.,
2023) and BFCLv3 in Figure 5. Compared with the
Qwen3-4B base model, training on HardGen leads
to only modest IFEval degradation (83.4 to 81.4
for RL; 83.4 to 79.1 for SFT), while substantially
improving BFCLv3 by +17.01 and +11.57, respec-
tively. Among all compared models, HardGen-4B-
RL achieves the strongest balance between the two
capabilities, remaining close to the base model on
IFEval while significantly outperforming it on BF-
CLv3. Moreover, RL is consistently more Pareto-
efficient than SFT, improving both IFEval (+2.3)
and BFCLv3 (+5.44). We attribute this favorable
trade-off to failure-driven sampling and verifier-
guided CoT refinement, which enhance tool-use
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Figure 5: Pareto analysis of tool-use and general ca-
pability. HardGen-4B-RL (%) lies on the high-tool-use
end of the Pareto frontier, achieving the best BFCLv3
score while outperforming most models on both axes.

ability while preserving natural reasoning.

5 Conclusion

In this work, we introduce HardGen, an automatic
agentic pipeline designed to generate challenging
tool-use training samples with verifiable reasoning.
HardGen adopts a failure-driven approach, produc-
ing training samples that capture the implicit logi-
cal dependencies and multi-step reasoning charac-
teristic of real-world tasks. Extensive experiments
demonstrate that a 4B parameter model trained with
our curated dataset achieves state-of-the-art perfor-
mance on BFCLv3 for its scale, surpassing leading
proprietary models. HardGen exhibits strong gen-
eralization across model architectures, parameter
scales, and agentic benchmarks, paving the way for
developing more robust models capable of complex
tool-use and agentic reasoning.

Limitations

While HardGen demonstrates strong performance
across multiple benchmarks and model architec-
tures, several limitations merit consideration. 1)
Although our evaluation covers 2,095 tools across
diverse domains, the extent to which HardGen gen-
eralizes to entirely new API ecosystems or spe-
cialized domains remains to be fully explored. 2)
Our approach requires executable environments for
verification, which may not be feasible for propri-
etary APIs or tools with complex external depen-
dencies. 3) The abstraction quality of advanced
tools relies on the Tool Maker’s ability to correctly
identify high-level operations from primitive tool
sequences, which may occasionally produce sub-
optimal abstractions for highly irregular or domain-

specific tool chains.

Ethical Considerations

This work aims to improve the tool-use and rea-
soning capabilities of large language model agents,
which can enhance their usefulness in real-world
applications but may also introduce risks such as
unintended tool execution, unsafe actions, privacy
leakage, and misuse in sensitive scenarios. Our
experiments are conducted in simulated tool-use
environments, and the training data are publicly
available or synthetically generated without inten-
tionally using personal or sensitive information.
Models trained with our approach should be care-
fully evaluated and equipped with appropriate safe-
guards before real-world deployment.
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A Notation

To facilitate reading, we consolidate in Table 1 all
the symbols introduced throughout the HardGen
pipeline. The notation is organized along four logi-
cal groups. (1) Environment objects. The simu-
lation space 8§ denotes the executable sandbox in
which every tool call is grounded; the node set V
contains all 2,095 tools registered in the API envi-
ronment; the Failure API Set T C 'V is the subset
of 1,204 tools on which both evaluator models fail
(Section 3.1); and the API Graph § = (V,D,P)
aggregates the tool nodes V, prerequisite edges D,
and parameter constraints P into a single dynamic
structure that drives Phase I sampling, where the
failure subset T specifies the set of admissible tar-
get tools. (2) Tool-level sets. For any candidate
tool T, € V, Pre(T,) C 'V denotes its prerequisite
tools (i.e., the in-neighbours of 7, in G induced by
D); H C 'V tracks the history of tools that have
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been executed so far at the current step (replacing
the more easily confused Tcajieq); and Tiegal (F() is
the set of currently legal candidates derived from
H and Pre(+). (3) Agents. Four specialized LLM
agents play distinct roles in the pipeline: the Tool
Maker At synthesizes advanced tools Tyqy from
execution sequences (Phase II), the Hard-query
Generator Ag produces hard queries Qnarq from
Tadv, while the Reasoner A and Verifier Ay form
the closed-loop refinement module of Phase III,
where K" denotes the iteration at which step 4 first
succeeds. (4) Trajectory dimensions. A trajec-
tory anchors on a selected target tool 7, € T and
contains M tool executions per turn over IV turns,
jointly characterizing the breadth and depth of the
synthesized data.

These symbols recur consistently across Sec-
tion 3 and the appendices, and the table can be
consulted at any time as a one-stop reference for the
meaning of each symbol used in equations, para-
graph definitions, and pipeline descriptions.

B Construction of Self-evaluation Query
Set

To systematically identify challenging tools, we
construct a Self-evaluation Query Set over the full
API environment of 2,095 tools. For each API T,
we generate a self-evaluation instance through the
following procedure.

Targeted Execution Sequence Generation. For
each tool T, in the tool library, HardGen treats
T, as the target tool and constructs an execution
sequence I', centered around it. Specifically, Hard-
Gen first identifies the prerequisite tools that T,
depends on within the API Graph G, then executes
them in valid order within the sandbox environment
so that their outputs provide the necessary param-
eters for T,. The sequence terminates with the
invocation of T, itself, producing a ground-truth
execution sequence I', = (C4, E1, . .. ,CJ\T/;, Eyr),
where C’Jj\;}’ is the call to the target tool and each £,
is the deterministic environment feedback.

Hard Query Construction. Based on the exe-
cution sequence I';, HardGen constructs a corre-
sponding hard query g, that describes the end-goal
accomplished by the entire sequence without ex-
plicitly enumerating the intermediate prerequisite
steps, thereby requiring the model to autonomously
infer the full tool chain needed to invoke 7.

Dual-Model Evaluation and Tool Filtering.
Each constructed query g, is fed to two heteroge-
neous lightweight models, Qwen3-4B (Yang et al.,
2025) and Llama-3.2-3B-Instruct (Grattafiori et al.,
2024). A tool T} is designated as challenging if and
only if both models produce incorrect outputs. Us-
ing two model families as dual evaluators mitigates
single-model bias, while the conjunction criterion
ensures that only genuinely difficult tools—rather
than those that happen to confuse one specific ar-
chitecture—are retained. Through this process, we
identify 1,204 challenging tools, which are incre-
mentally collected into the Failure API Set T C 'V
(while the full node set V of the API Graph § still
contains all 2,095 tools as potential intermediate
steps), enabling systematic capture of challenging
tools and their structural dependencies for subse-
quent hard sample generation.

C Construction of the API Graph

The API Graph § = (V,D,P) is the core data
structure underlying Phase I of HardGen. It en-
codes three types of information: (1) Tool Node
Set V: all 2,095 tools registered in the API envi-
ronment, which form the vertices of G and from
which the Failure API Set T C 'V (the 1,204 failure
APIs identified through dual-model self-evaluation
in Section 3.1) is drawn as admissible farget tools;
(2) Dependencies D: directed edges over V repre-
senting prerequisite relationships, where (7}, Tj) €
D indicates that T} requires 7;’s output to be exe-
cuted; and (3) Parameter Constraints P: specifica-
tions defining valid parameter ranges, types, and
inter-tool parameter mappings (e.g., the output type
of T; must match the input type of T}), extracted
from tool API schemas including type signatures,
value ranges, and required fields. Keeping all 2,095
tools as nodes (rather than restricting G to the fail-
ure subset) is essential: many non-failure tools
serve as legitimate intermediate steps that bridge
prerequisite chains toward a failure target.

Graph Initialization. All 2,095 tools in V are
registered as nodes. For every ordered pair
(T3, Tj), HardGen performs static analysis over
their API schemas: the output fields of 7; are
compared against the input parameters of T} by
matching declared types (e.g., string:zipcode
— string:zipcode). A candidate dependency
edge is created whenever a type match is found.
This schema-level process yields an initial graph
with 8,462 candidate edges that captures the struc-
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tural relationships latent in the API specifications.
Since type matching alone may introduce false pos-
itives (e.g., two string fields with incompatible
semantics), these candidates are subsequently re-
fined through the two-stage dependency filtering
described in Section 3.1.

Dynamic Graph Update. Beyond the initial
static construction, § is continuously refined
through execution feedback collected during ex-
ecution sequence sampling. Specifically, after each
tool call Cs = (T, Ps) is executed in the sand-
box, two complementary update mechanisms are
applied. For edge activation, when the execution
of T succeeds using outputs produced by a previ-
ously executed Tj, the edge (73, 7T}) is confirmed
as a validated dependency; conversely, if T fails
under the same conditions during sampling, the
edge will be removed. For constraint refinement,
parameter constraints in P are updated by tracking
the value validity ranges and type requirements ob-
served during execution—for example, if 7;’s out-
put field account_id consistently produces 8-digit
numeric strings, this observed range is propagated
to T;’s corresponding input constraint, tightening
the original schema-level specification. This con-
tinual update process enables G to capture implicit
value-level dependencies that extend beyond sim-
ple type-inclusion relationships, progressively bi-
asing subsequent sampling toward tool sequences
that are both executable and challenging.
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Figure 6: Analysis of generator model selection. Cor-
rectness rates of function call synthesis at different num-
bers of attempts (K) for three generator models.

Model Selection and Number of Attempts

To ensure computational efficiency for large-
scale synthesis, we restrict candidate models
around 30B parameter scale and evaluate three
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Figure 7: Impact of advanced tool descriptions. Cor-
rectness rates of the generator models across attempts
(K') when advanced tool descriptions are omitted, il-
lustrating the necessity of high-level abstractions for
reasoning.

strong generators—QwQ-32B (Qwen Team, 2025),
Qwen3-32B (Yang et al., 2025), and Qwen3-30B-
A3B-Thinking (Yang et al., 2025) under identical
HardGen configurations by having each model gen-
erate 2,000 trajectories. In Figure 6, Qwen3-30B-
A3B-Thinking achieves the highest correctness rate
across all K values, reaching 89% at K=3. Notably,
this model activates only 3B parameters per for-
ward pass through its mixture-of-experts architec-
ture, enabling significantly faster generation than
the dense 32B models while delivering superior per-
formance. Its combination of efficient inference, ro-
bust multi-step reasoning, and high correctness on
function call synthesis makes it the optimal choice
for cost-effective large-scale data generation.

The Necessity of Advanced Tool Description for
CoT. Compared with the findings in Figure 6,
Figure 7 further provides compelling evidence for
the necessity of advanced tool descriptions in CoT
generation. Across all models and attempt counts,
removing descriptions results in uniformly poor
performance, with maximum correctness rates be-
low 32%. The limited differentiation between mod-
els—only 2.5 percentage points separate the best
and worst performers at Kp,,x = 4, suggests that
the correctness of reasoning is low without ade-
quate tool information. Moreover, the diminish-
ing returns from additional attempts (performance
gains < 1% after K = 2) indicate that models
cannot iteratively refine their selections through
reasoning alone. These findings demonstrate that
advanced tool descriptions constitute a fundamen-
tal prerequisite rather than a mere performance
enhancement for enabling LLMs to engage in rigor-
ous reasoning when confronted with hard queries.

6532



Agent Backbone Single-Turn ~ Multi-Turn ~ Overall
None (Base Model) 82.14 22.13 62.13
QwQ-32B 86.19 52.37 74.92
Qwen3-32B 86.87 58.29 77.34
Qwen3-30B-A3B-Thinking 87.14 63.13 79.14

Table 8: Impact of data generation backbones. Per-
formance of the Qwen3-4B model trained on data syn-
thesized by different agent backbones.

Data Generation with Other Agent Backbones.
To demonstrate the robustness and generalizabil-
ity of HardGen across different agent backbones,
we conduct ablation experiments using alternative
model backbones for data generation. As shown
in Table 8, we evaluate three models—Qwen3-
32B (Yang et al., 2025), QwQ-32B (Qwen Team,
2025), and Qwen3-30B-A3B-Thinking (Yang et al.,
2025), as the agent backbones for synthesizing
training data, while keeping all other pipeline com-
ponents identical. The results demonstrate the
strong effectiveness of HardGen for synthetic data
generation, yielding substantial improvements over
the base model across all agent backbones. These
consistent and pronounced gains indicate that Hard-
Gen’s strategy of generating challenging, agent-
produced data effectively cultivates complex rea-
soning capabilities, with performance benefits scal-
ing in tandem with the strength of the generation
backbone.

E Evaluations

Recent efforts in benchmarking LLM tool-use have
centered on three key axes: scalability, robustness,
and realism.

BFCL. For scalability, the Berkeley Function
Calling Leaderboard (BFCL) (Patil et al., 2025) in-
troduces a novel validation strategy using Abstract
Syntax Tree sub-string matching. This approach
serves as a proxy for function execution, enabling
large-scale, deterministic evaluation across diverse
categories, including Single-Turn, Multi-Turn (BF-
CLv3), and Agentic scenarios (BFCLv4).

ACEBench. For robustness, the
ACEBench (Chen et al.,, 2025) uses a sand-
box environment that measures model performance
on dynamic, simulated tasks. It uses two distinct
metrics, End-to-End Accuracy, which compares
the final instance attributes of the environment
with the target state; and Process Accuracy, which
measures the consistency between the actual
function call process and the ideal process. This

Model Web Search  Memory  Overall
Llama-3.1-8B-Instruct 3.00 10.75 6.88
CoALM-8B 0.00 2.80 1.40
Tool ACE-2-8B 8.50 18.49 13.50
BitAgent-8B 4.00 12.47 8.24
xLAM-2-8b-fc-r 6.50 13.98 10.24
+ HardGen-RL 16.00 24.84 20.42
A +13.00 +14.09 +13.54

Table 9: Holistic Agentic Evaluation on BFCLv4.

approach is designed to capture task completion in
realistic, interactive scenarios.

APIBank. For realism, the APIBank (Li et al.,
2023) establishes a framework for runnable eval-
uation, grading tasks into complex, multi-step se-
quences. The system verifies whether the same
database queries or modifications are performed to
ensure the ground-truth outcome is achieved.

F Performance on the Holistic Agentic
Evaluation BFCLv4

Generalization of Agentic Capabilities. To as-
sess the transferability of the tool-use skills induced
by HardGen, we further evaluate our method on the
holistic agentic evaluation BFCLv4 Agentic, which
comprises two representative agentic subsets: Web
Search and Memory.

Web Search. This subset evaluates an agent’s
ability to answer complex multi-hop questions that
require retrieving and synthesizing information
from multiple web sources. Agents are equipped
with a search API and a URL content retrieval tool,
while the environment further introduces proba-
bilistic network failures to simulate realistic deploy-
ment conditions. As shown in Table 9, HardGen-
8B-RL achieves 16.00 on this subset, improving
over the base Llama-3.1-8B-Instruct by +13.00
points (from 3.00 to 16.00). It also substantially
outperforms other 8B baselines, including CoALM-
8B (0.00), BitAgent-8B (4.00), xLAM-2-8b-fc-r
(6.50), and ToolACE-2-8B (8.50), demonstrating
strong robustness in information-seeking scenar-
ios that require multi-step retrieval and reasoning
under realistic environmental uncertainty.

Memory. This subset evaluates an agent’s abil-
ity to maintain and utilize conversational context
over extended interaction horizons. The evalua-
tion is conducted across three memory backends:
a structured Key-Value store for exact retrieval, a
Vector Store for semantic retrieval, and a Recur-
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Hyperparameter Value
Batch Size 1024
Learning Rate 4e—>
Max Length 20480
Epoch Number 5

Table 10: Hyperparameters for SFT.

Hyperparameter Value
Batch Size 512
Learning Rate le—6
KL Coefficient le—3
Entropy Coefficient 0
Max Length 20480
Temperature 0.7
Epoch Number 5
Rollout Number 16

Table 11: Hyperparameters for RL training.

sive Summarization store for narrative recall. On
this subset, HardGen-8B-RL attains 24.84, yield-
ing an improvement of +14.09 points over the base
model (10.75 to 24.84). In addition, it consistently
surpasses all competing 8B baselines, including
CoALM-8B (2.80), BitAgent-8B (12.47), XLAM-
2-8b-fc-r (13.98), and ToolACE-2-8B (18.49). The
larger gain on Memory suggests that HardGen is
particularly effective at improving long-horizon
agentic reasoning, where successful performance
requires persistent context tracking and effective
memory utilization across turns.

Overall, HardGen-8B-RL improves the overall
BFCLv4 Agentic score from 6.88 to 20.42, cor-
responding to a gain of +13.54 points over the
base model. Moreover, it establishes a clear ad-
vantage over all other 8B baselines, outperforming
ToolACE-2-8B by +6.92 points, xLAM-2-8b-fc-r
by +10.18 points, BitAgent-8B by +12.18 points,
and CoALM-8B by +19.02 points. These results
demonstrate that the benefits of HardGen gener-
alize effectively to agentic settings, enabling the
model to acquire more robust capabilities in both
external information retrieval and long-horizon con-
textual reasoning.

G Training details

Supervised Finetuning. We conduct our super-
vised finetuning experiments using the open-source
LLaMA-Factory library (Zheng et al., 2024). The
main hyperparameter settings are listed in Table 10.

RL Training. We conduct our reinforcement
learning (RL) experiments using the open-source

QOwen3-4B Llama-3.2-3B-Instruct

Hard Query
Single-Turn  Multi-Turn ~ Single-Turn ~ Multi-Turn
X 84.17 54.38 79.08 32.23
v 87.14 63.13 84.05 40.13

Table 12: Impact of hard queries. Both Qwen3-4B
and Llama-3.2-3B-Instruct are trained with RL using
data with or without hard queries.

Verl library (Sheng et al., 2025). To ensure stable
and efficient training, we adopt the training set-
tings of Zhang et al. (2026b), where reinforcement
learning is applied directly without supervised fine-
tuning stage. The key hyperparameter settings are
summarized in Table 11. Both SFT and RL train-
ing runs are executed on a cluster equipped with 8
NVIDIA A100 80GB GPUs.

Reward Design. We adopt a simple yet effective
reward that is widely used in prior works (Zhang
et al., 2026b; Yu et al., 2025; GLM Team et al.,
2025). Given a query g with reference answer g,
the model’s output o is evaluated as follows. If o
contains a tool call, it is considered correct only
when it can be successfully parsed into valid func-
tion calls with proper parameters, exactly matches
g, and follows the prescribed reasoning template.
In contrast, if g does not contain a tool call, then
o is considered correct only when it contains no
valid function calls (i.e., is free-form text) while
still adhering to the required reasoning template.
The reward is thus defined as:

1, format correct & answer correct, )

Reward = )
0, otherwise.

This reward emphasizes the holistic integrity of the
output, enforcing not only semantic correctness but
also strict structural compliance, which is essential
for reliable downstream execution. In non-tool-
calling cases, the absence of valid function calls
implicitly verifies that the model produces a purely
textual response and prevents spurious or unneces-
sary tool invocations.

H Fine-grained Ablation

In this section, we present a fine-grained ablation to
further scrutinize our proposed HardGen pipeline.

Does HardGen’s effectiveness scale with model
size? To investigate the scalability of our ap-
proach, we evaluate the performance of the Hard-
Gen synthesized dataset across base models rang-
ing from 0.6B to 4B parameters on the BFCLv3
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Pearson Corr. Human Preference

Model w/o Tougy W/ Thay Models Consistency
w/o Tugy W/ Tyay W0 Taay W/ Tuay W0 Tuay W/ Tuay
Qwen3-30B-A3B 'Thml?‘“fvf 177 223 S;”;";hi?lg X 086 087 072 074 182 218
Qwen3-235B-A22B-Thinking 159 241 i
Qwen3-235B-
DeepSeek-V3.1 (671B) 125 275 AZBThinking 089 091 078 082 163 237
Table 13: Impact of the constructed advanced tools ggeﬁ;;‘l}) 092 095 084 090 129 1

T,av across different model scales. The values denote
the number of instances deemed more difficult by GPT-
4o from a pool of 400 generated queries.

benchmark. As shown in Figure 4(c), model per-
formance consistently improves with increasing
scale under both training paradigms. Specifically,
the Qwen3-0.6B model registers a gain of +16.12
points (rising from 44.01 to 60.13) via RL, whereas
Qwen3-4B realizes a more substantial improve-
ment of +17.01 points (62.13 to 79.14). Further-
more, RL consistently outperforms SFT across all
model sizes. This trend indicates that HardGen-
synthesized data is inherently well aligned with
RL, enabling stronger base models—particularly
at larger scales—to more effectively leverage RL
for improving tool-use capabilities.

How much do hard queries affect the quality of
the synthesized data? To assess the impact of
the constructed hard queries on data quality, we
perform ablation studies by conducting RL train-
ing on Qwen3-4B and Llama-3.2-3B. As shown
in Table 12, incorporating hard queries leads to
consistent performance improvements across both
model architectures and evaluation tasks. Specif-
ically, for Qwen3-4B, training with hard queries
yields notable gains of +8.75 points in the multi-
turn subset (from 54.38 to 63.13) and +2.97 points
in the single-turn subset (from 84.17 to 87.14). Sim-
ilarly, Llama-3.2-3B benefits from hard queries,
achieving improvements of +7.90 and +4.97 points
in the multi-turn and single-turn subsets, respec-
tively. The consistent gains observed across archi-
tectures and evaluation tasks demonstrate that the
constructed hard queries substantially enhance the
quality of the synthesized data, leading to stronger
tool-use capabilities, particularly in more challeng-
ing multi-turn scenarios, where the improvements
are most pronounced.

Do advanced tools really help with making log-
ical bridging? To evaluate the contribution of
the constructed advanced tools T4y to logical jump
bridging, we conduct a controlled comparison be-
tween model variants with and without 7,4, under
identical configurations. Each model is evaluated

Table 14: Agreement between manual and automatic
annotations. We report the Consistency rates and Pear-
son correlations between the two annotation methods,
alongside the Human Preference.

on 400 query-synthesis instances, where every in-
stance produces two queries: one that leverages
Thav for logical bridging and one that does not.
GPT-40 is employed as an automated judge to
determine which variant yields a more challeng-
ing query, i.e., one involving more difficult logi-
cal jumps. As shown in Table 13, incorporating
T.qv consistently increases the proportion of chal-
lenging queries across all model scales, with the
number of such instances rising from 223 to 275
as model capacity increases from 30B to 671B.
This trend indicates that 7,4y effectively facilitates
logical bridging, which is more pronounced with
increasing model capacity. Given the subjective na-
ture of difficulty judgments, we further complement
a human annotation study.

The difficulty judgments are the product of au-
tomatic annotation (GPT-40), and this evaluation
task moves beyond simple surface-level text gen-
eration judgment. To further evaluate whether the
model successfully navigates the hard logical jump
that the non-advanced tool model failed, three PhD
students in NLP field (three of the authors) form an
annotation team to re-annotate the samples using
logical jumps as the indicator. If there are differ-
ences between two annotations on a sample, the
third annotation will be introduced to determine
the final decision. From Table 14, we can observe
a strong consistency between the automatic and
manual annotations, with no significant differences
between the human and model conclusions. Over-
all, these results demonstrate that the introduction
of T,qy effectively enhances the model’s ability to
construct logically jumping queries, with consis-
tent benefits observed across model scales.

How significantly does feedback-guided CoT re-
finement boost reasoning? To quantify the im-
pact of our feedback-guided CoT refinement, we
compare model variants with and without Verifier
feedback. Concretely, we set K.« to 3 as the max-
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Model w/o Feedback w/ Feedback A

ggvlg?;ﬂ?gfi;g 77.80% 90.14%  +12.34%
g;;?é?jﬁng 82.57% 92.78%  +10.21%
52??211(3) 83.98% 95.60%  +11.62%

Table 15: Impact of feedback-guided CoT refinement.
The Verifier feedback boosts the three models.

Models Single-Turn ~ Multi-Turn  Overall
Llama-3.1-8B-Inst 77.38 11.12 55.29
+HardGen-RL 84.55 53.10 74.07
Llama-3.2-3B-Inst 70.50 4.00 48.33
+HardGen-RL 84.05 40.13 67.57

Table 16: Generalization to the Llama model family.
Performance comparison of two Llama models before
and after HardGen-RL training on BFCLv3 Single-Turn
and Multi-Turn tasks.

imum number of refinement iterations. As reported
in Table 15, incorporating the guided refinement
loop results in substantial accuracy gains of +12.34
on the 30B model, +10.21 on the 235B model,
and +11.62 on the 671B model. These consis-
tent improvements—each exceeding 10 percentage
points across all evaluated model scales—highlight
the critical role of feedback-guided refinement in
steering model reasoning toward correct solutions,
establishing it as an essential component of our
framework. A detailed analysis of the refinement
dynamics and the choice of K.« is provided in
Appendix D.

I Results on Other Models

Results on Llama-3 Models. To assess the gen-
eralizability of our approach beyond Qwen models,
we apply HardGen-RL to two Llama-3 variants,
Llama-3.1-8B-Instruct and Llama-3.2-3B-Instruct.
As shown in Table 16, both models demonstrate
substantial improvements after reinforcement learn-
ing. Llama-3.1-8B-Instruct achieves an overall ac-
curacy of 74.07 (+18.78), with particularly strong
gains on multi-turn interactions (53.10, +41.98).
Similarly, Llama-3.2-3B-Instruct improves from
48.33 to 67.57 overall (+19.24), with multi-turn per-
formance increasing from 4.00 to 40.13 (+36.13).
These results show that our approach generalizes
across model families and scales, making Hard-
Gen a robust framework for improving capabilities
beyond the Qwen architecture.

Failure-Labeling Criterion Failure Tools BFCLv3 Overall
Qwen3-4B only 1,386 71.92
Llama-3.2-3B only 1,451 70.88
Disjunction (either fails) 1,633 71.45
Random sampling (size-matched) 1,204 67.03
Conjunction (ours) 1,204 73.70

Table 17: Ablation on the failure-labeling criterion
for constructing the Failure API Set. “Random sam-
pling” draws the same number of tools as the conjunc-
tion rule uniformly at random from the 2,095-tool pool.
All variants are trained under identical Phase II/III con-
figurations with Qwen3-4B as the target model.

J Ablation on the Failure API Set
Construction Criterion

The Failure API Set 7 is the cornerstone of Phase I:
it determines which tools are eligible as target
tools during trajectory sampling and, consequently,
which trajectories are generated and further pro-
cessed in Phases II and III. All 2,095 tools nev-
ertheless remain as nodes in §. We construct T
via a conjunction criterion: a tool T, is labeled
as a failure tool only when both Qwen3-4B and
Llama-3.2-3B-Instruct fail on its self-evaluation
query (Section B). To validate this design choice,
we vary the failure-labeling rule while keeping the
rest of the pipeline and the compute budget fixed.

Table 17 shows that the conjunction criterion
yields the cleanest learning signal. Tools on
which two heterogeneous architectures indepen-
dently fail are more likely to encode genuine struc-
tural difficulty rather than model-specific quirks.
In contrast, the disjunction variant—specifically
the "either-fails" rule, which one might assume
is the most informative cross-architecture crite-
rion—yields poorer performance. This is because
most single-model failures stem from peculiarities
in formatting or tokenization that do not general-
ize across different models. Random sampling,
which lacks any difficulty signal, performs worst
by a large margin (-6.67 points). The choice of
Qwen3-4B and Llama-3.2-3B-Instruct as dual eval-
uators is both efficiency-driven (small models en-
able cheap self-evaluation over 2,095 tools) and
diversity-driven (independently developed architec-
tures, tokenizers, and pre-training corpora).

K Cross-Family Generalization Beyond
Qwen and Llama

Table 16 demonstrates that HardGen-RL trans-
fers to the Llama family. To further address
whether the gains generalize beyond the Qwen
and Llama initialization families, we additionally
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Model Base +HardGen-SFT A

Mistral-Small-2506 61.22 72.43 +11.21
Gemma-3-27b-it 57.50 68.13 +10.63
Qwen3-4B (reference) 62.13 73.70 +11.57

Table 18: Cross-family generalization of HardGen-
synthesized data. BFCLv3 Overall accuracy before
and after SFT on the 27,000 HardGen corpus. Improve-
ments are consistent across distinct model families with
independently developed tokenizers, pre-training cor-
pora, and architectures.

evaluate HardGen-synthesized data on two addi-
tional model families, Mistral (Mistral Al, 2025)
and Gemma (Gemma Team et al., 2025), under
the same SFT configuration without any pipeline
changes.

Table 18 shows that HardGen produces consis-
tent double-digit gains in Mistral (+11.21) and
Gemma (+10.63), closely matching the +11.57 gain
observed on Qwen3-4B. Combined with Llama re-
sults in Table 16 (+18.78 on Llama-3.1-8B and
+19.24 on Llama-3.2-3B), the improvements span
four independently developed model families. This
supports the view that the Failure API Set cap-
tures structurally challenging tools, long depen-
dency chains, a high branching factor, and many
latent variables (Table 2) rather than model-specific
idiosyncratic vulnerabilities of any single training
family.

L. Supplementary Case

This section presents a case study of HardGen, de-
tailing the synthesis process along with a complete
trajectory.

Hard Query Construction with Logical Jump.
Figure 8 illustrates the construction of hard queries
with logical jumps. Unlike the previous meth-
ods, which explicitly instruct the model to first
check zip codes before purchasing tickets, the hard
query directly requests ticket purchase between city
names without specifying intermediate steps. This
formulation requires the model to autonomously
infer the necessary tool chain—recognizing that
city names must first be converted to zip codes via
get_zipcode before invoking buy_tickets. The
advanced tool buy_tickets_adv demonstrates the
desired end-to-end capability of purchasing tickets
directly from city names, representing the ideal ab-
straction, a single function that internally handles
the multi-step process.

Model Reasoning for Hard Query. Figure 9 il-
lustrates the model’s reasoning process for a hard
query. Given the task to purchase tickets between
two cities by name, the model correctly recognizes
the mismatch between the query (city names) and
available tool inputs (zip codes). In its internal rea-
soning, the model analyzes the available tools, iden-
tifies the dependency structure, and decomposes
the task into three steps: 1) retrieve the zip code for
Rivermist, 2) retrieve the zip code for Stonebrook,
and 3) purchase tickets using both zip codes. The
model then executes this planned sequence through
appropriate tool calls, successfully completing the
multi-step task without explicit instructions.

Complete Trajectory. Figures 10 and 11 illus-
trate a complete multi-turn trajectory demonstrat-
ing sequential reasoning and context retention. In
Turn 1, the model is asked to determine the work-
ing directory and search for all files recursively.
The model correctly selects pwd and find tools, re-
trieves the directory structure, and summarizes the
results. In Turn 2, building on the previous context,
the user requests file contents from subdirectories
identified in Turn 1. The model recognizes tool
constraints—that cat and tail only operate within
the current directory—and constructs a four-step
plan involving directory navigation (cd) to access
the required files. This example demonstrates the
model’s ability to maintain context across turns and
adapt its strategy based on tool limitations.

M Prompts

This section provides the prompts used in the Hard-
Gen pipeline. Our framework employs four special-
ized agents, each with carefully designed prompts
to fulfill specific roles in the data generation pro-
cess. The Tool Maker (Figure 12) synthesizes ad-
vanced tools from multi-step tool-executions by
abstracting primitive tool sequences into high-level
operations. The Hard Query Generator (Figure 13)
creates challenging queries that require implicit
logical bridging, forcing models to infer necessary
intermediate steps rather than following explicit in-
structions. During the reasoning refinement phase,
the Reasoner (Figure 14 and Figure 16) attempts to
solve hard queries with hints from advanced tool de-
scriptions, while the Verifier (Figure 15) analyzes
incorrect attempts and provides targeted corrective
feedback without revealing answers directly.
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Case: Hard Query Construction with Logical Jump

Original Execution Sequence:

get_zipcode(city="Rivermist") — "83214"

get_zipcode(city="Stonebrook") — "74532"

buy_tickets(zipcodeA="83214", zipcodeB="74532") — "ticket_id": "14589"

Advanced Tool: buy_tickets_adv(cityA, cityB) -> ticket_id
Description: Purchase air tickets between two cities by city names, returning the purchased ticket information.

Easy Query:

Please check the zip code of the city “Rivermist” and “Stonebrook” first, then purchase air tickets between the
two cities according to the zip codes you checked.

Hard Query:

Please purchase air tickets between the city “Rivermist” and the city “Stonebrook”.

Hint:
Purchase air tickets between two cities by city names, returning the purchased ticket information.

Figure 8: Case Study: Hard Query Construction. Illustration of the data synthesis process where an original
execution sequence is abstracted into an “Advanced Tool” to generate a Hard Query that omits explicit intermediate
steps (zipcode lookup).
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Model Reasoning for Hard Query

Query: Please purchase air tickets between the city “Rivermist” and the city “Stonebrook”.
Available Tools: get_zipcode, buy_tickets, ...
Hint: Purchase air tickets between two cities by city names, returning the purchased ticket information.

<think>

The user wants to purchase air tickets between Rivermist and Stonebrook. Let me analyze the available tools:
e get_zipcode: retrieves zipcode for a given city
e buy_tickets: buys tickets using zipcodes of start and target cities

The user’s query is about purchasing tickets between two cities, but the tools require zipcodes. I cannot directly

buy tickets with city names; I need to get their zipcodes first.

Step 1: Use get_zipcode for Rivermist — get zipcode

Step 2: Use get_zipcode for Stonebrook — get zipcode

Step 3: Use buy_tickets with both zipcodes — purchase tickets

The sequence is correct: first get zipcodes, then use them to buy tickets.
</think>

<tool_call>
[get_zipcode(city="Rivermist"), get_zipcode(city="Stonebrook")]
</tool_call>

<tool_response>
[{"get_zipcode()": {"Rivermist"”: "83214"}},{"get_zipcode()": {"Stonebrook": "74532"}}]
</tool_response>

<think>
Now I have the zip code of the two cities, let me analyze:
e Zip codes obtained: Rivermist — 83214; Stonebrook — 74532.
o Next step: call buy_tickets with from zip 83214 and to zip 74532.
I will buy the ticket now.
</think>

<tool_call>
[buy_tickets(zipcodeA="83214", zipcodeB="74532")]
</tool_call>

Figure 9: Case Study: Reasoning process for a Hard Query. Visualization of the model’s Chain-of-Thought
(CoT) process, showing how it decomposes a high-level query into necessary primitive tool calls (e.g., retrieving zip
codes before purchase).
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Complete Trajectory — Turn 1

User: Determine the current working directory path, and then search for all files and directories in the current
directory and its subdirectories.

<think>
The user wants to: (1) determine current working directory, (2) search all files/directories recursively.
e pwd: returns current directory path (no parameters needed)

e find: searches files/directories; path=""." for current dir, name=None for all items
The 1s command only lists current directory, not subdirectories, so find is the right choice.
</think>

<tool_call>
[pwd(), find(path=".")]
</tool_call>

<tool_response>

[{’pwd()’: ’{"current_working_directory”: "/workspace"}’},
{’find(path=".")": ’{"matches”: ["./processed”, "./data", "./data/raw",
"./data/raw/dtpsp. json”, "./data/unggv.json”, ...1}’}]

</tool_response>

Assistant Summary: The current working directory is /workspace. The search found the following items:
["./processed”, "./data", "./data/raw”, "./data/raw/dtpsp.json”, ...]

Figure 10: Qualitative Example: Multi-turn Directory Exploration (Turn 1). A trajectory step where the model
correctly selects the pwd and find commands to satisfy a recursive search requirement.

6540



Complete Trajectory — Turn 2

User: Display the contents of the file named unggv. json in the data directory, and then display the last 7 lines
of the file named dtpsp. json in the raw subdirectory.

<think>
Current directory: /workspace. Need to access files in subdirectories.
Constraints: cat and tail only work on files in the current directory.
Plan:

(1) cd data — change to data directory

(2) cat unggv.json — display file contents

(3) cd raw — change to raw subdirectory

(4) tail dtpsp.json lines=7 — display last 7 lines
</think>

<tool_call>

[cd(folder="data"), cat(file_name="unggv.json"), cd(folder="raw"),
tail(file_name="dtpsp.json", lines=7)]

</tool_call>

<tool_response>

[{’cd(folder="data")’: ’{"current_working_directory”: "data"}’},
{’cat(file_name="unggv.json")’: ’{"file_content”: "{"data": {"id": "94"3}}"}’},
{’cd(folder="raw")’: ’{"current_working_directory”: "raw"}’},

{’tail(...)’: ’{"last_lines”: "{"data": {"id": "27"3}}"}’}]

</tool_response>

Assistant Summary:
The contents of “unggv.json™: {"data”: {"id": "94"}}
The last 7 lines of “dtpsp.json”: {"data"”: {"id": "27"}}

Figure 11: Qualitative Example: Context-Dependent File Retrieval (Turn 2). A subsequent trajectory step
demonstrating context retention, where the model navigates directories (cd) to access files based on tool constraints.
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Tool Maker Agent Prompt

System Prompt:
You are a Tool Maker agent responsible for synthesizing advanced tools from execution sequences.

Given the following execution sequence:
{execution_sequence}

Execution Sequence Details:

e Tool Call 1: {tool_1}({params_13}) — {result_1}
e Tool Call 2: {tool_23}({params_2}) — {result_2}

e Tool Call M: {tool_M}({params_M}) — {result_M}

Your task:
Create an advanced tool that abstracts this multi-step execution sequence into a single high-level operation.

Requirements:

1. The advanced tool should encapsulate ALL steps in the execution sequence
2. It should have a clear, intuitive name describing the end-to-end functionality
3. Parameters should be high-level inputs (not intermediate values)

4. The description should explain the overall goal, not individual steps

Output format:
{

"advanced_tool_name"”: "descriptive_name”,
"parameters”:
L
{IlnameH: llparam1 ll, “type": lltypelﬁ’
"description”: "what it represents”
1

Example:

Original execution sequence:
get_zipcode(city="A") — zipA
get_zipcode(city="B") — zipB
buy_tickets(zipA, zipB) — ticket_id
Advanced tool created:
buy_tickets_adv(cityA, cityB) — ticket_id
Description: “Purchase air tickets between two cities by city names, returning the purchased ticket informa-
tion.”
The advanced tool hides the intermediate step of zipcode lookup, allowing users to work directly with high-level
city names.

Figure 12: Prompt template for the Tool Maker Agent. Instructions used to synthesize advanced tools from
multi-step execution sequences.
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Hard Query Generator Prompt

System Prompt:
You are a Hard Query Generator agent.

Given the following advanced tool:
{advanced_tool_specification}

Advanced Tool: {tool_name}
Parameters: {parameters}
Description: {description)}

Your task:
Generate a challenging query that:

1. Requires the use of this advanced tool’s functionality
2. Does NOT explicitly mention the intermediate steps

3. Forces the model to perform implicit logical bridging
4.

Uses high-level language that matches the advanced tool’s abstraction level

Requirements for the hard query:

X Do NOT say “first do X, then do Y, then do Z”
X Do NOT mention the primitive tools by name

v DO frame the request at the level of the end goal

v The query should appear simple but require complex multi-step reasoning

Example Comparison:
BAD (easy) query:
“Please check the zip code of Rivermist and Stonebrook first, then purchase air tickets between the two cities
according to the zip codes you checked.”
GOOD (hard) query:
“Please purchase air tickets between the city Rivermist and the city Stonebrook.”

The GOOD query requires the model to infer: need zipcodes — must call get_zipcode twice — then call
buy_tickets

Figure 13: Prompt template for the Hard Query Generator. Instructions used to create challenging queries that
necessitate implicit logical bridging based on advanced tool specifications.

6543



Reasoning Agent Prompt (Initial Attempt)

System Prompt:
You are a reasoning agent tasked with solving tool-use queries.
Query: {hard_query}

Available Tools:
{tool_descriptions?}

Hint (Advanced Tool Capability):

{advanced_tool_description}

Note: The hint describes a high-level capability. You must use the available primitive tools to achieve this
capability.

Your task:

1. Analyze the query and understand what needs to be accomplished
2. Identify which tools are needed and in what order
3. Plan the execution sequence considering tool dependencies

4. Generate appropriate function calls with correct parameters

Output format:

<think>
[Your reasoning process]
</think>

<tool_call>
[generated_function_call_1,
generated_function_call_2, ...]
</tool_call>

Remember:

 Think carefully about implicit dependencies
* Check if tool prerequisites are satisfied

» Ensure parameters are correctly mapped between tools

Figure 14: Prompt template for the Reasoner Agent (Initial Attempt). Instructions for solving tool-use queries
using hints from advanced tool descriptions.
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Verifier Agent Prompt

System Prompt:
You are a Verifier agent responsible for analyzing incorrect function calls and providing corrective feedback.

Query: {hard_query}

Model’s Attempt: {incorrect_function_call}
Ground Truth: {correct_function_call}
Execution Result: {execution_result}

Your task: Compare the model’s attempt with the ground truth and identify:

1. Error Type: Wrong tool selection, missing tool calls, incorrect parameters, wrong order, type mismatch,
or missing dependencies

2. Root Cause: Why did the model make this error? What logical step was missed? What dependency was
not recognized?

3. Corrective Hint: Specific guidance to fix this error without giving the answer directly

Output format:
{

"error_type": "specific error category”,
"error_location”: "which tool call or parameter”,
"root_cause”: "explanation of why error occurred”,
"corrective_hint": "targeted guidance without
revealing the answer”,
"should_reconsider"”: ["aspectl1”, "aspect2"]

}

Example:

Error: Model called buy_tickets directly without getting zipcodes first

Hint: “You attempted to purchase tickets directly, but the buy_tickets tool requires zipcode parameters, not
city names. Consider what information you need to obtain first before making the purchase.”

Remember:
* Do NOT give the answer directly—guide the model to discover the correct approach

* Focus on the logical reasoning gap, not just the technical error

* Hints should be specific enough to be helpful but general enough to require thinking

Figure 15: Prompt template for the Verifier Agent. Instructions for analyzing incorrect function calls and
providing targeted corrective feedback.
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Reasoner Agent Prompt (Refinement Iteration)

System Prompt:

You are refining your previous attempt based on feedback.
Original Query: {hard_query}

Available Tools: {tool_descriptions}

Hint: {advanced_tool_description}

Your Previous Attempt:

<think>

{previous_reasoning}

</think>

<tool_call>

{previous_function_call}
</tool_call>

Feedback from Verifier: {error_diagnosis_and_hint}

Your task:

1. Carefully read the feedback
2. Identify what went wrong in your previous attempt
3. Revise your reasoning process

4. Generate a corrected function call sequence

Output format:

<think>

[Updated reasoning addressing the feedback]
- What was wrong in my previous attempt?

- What does the feedback tell me?

- How should I adjust my approach?

- New execution plan

</think>

<tool_call>
[corrected_function_call_1, corrected_function_call_2, ...]
</tool_call>

Remember:
* The feedback is designed to guide you toward the correct solution
* Focus on understanding WHY your previous attempt failed

¢ Each refinement should address the specific issues mentioned in feedback

* Maintain the same output format: <think> followed by <tool_call>

Figure 16: Prompt template for the Reasoner Agent (Refinement Iteration). Instructions for revising reasoning
and function calls based on feedback from the Verifier.
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