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Abstract

Tool-Integrated Reasoning (TIR) is a funda-
mental capability for LLM agents to solve com-
plex tasks by interacting with external tools
iteratively. Reinforcement Learning (RL) has
become the dominant paradigm for enabling
this capability. However, existing approaches
typically assign uniform trajectory-level advan-
tages and treat all correct tool calls equally,
ignoring the varying difficulty and learning
value across trajectories and reasoning steps.
This can lead to imprecise learning signals
that do not adequately distinguish between triv-
ial and challenging tool-use patterns. To ad-
dress this limitation, we propose HIDIFFTIR,
a Hierarchical Difficulty-aware policy opti-
mization framework for multi-turn TIR. HID-
IFFTIR performs difficulty-aware credit assign-
ment at both trajectory and turn levels, en-
abling the policy to focus on more informative
trajectories and harder reasoning steps. No-
tably, this fine-grained optimization is achieved
without additional supervision, relying solely
on group-level statistics derived from standard
RL rollouts. Extensive experiments on three
tool-using benchmarks demonstrate that HID-
IFFTIR consistently improves multi-turn TIR
performance and tool invocation accuracy over
strong RL baselines, highlighting the necessity
of difficulty-aware credit assignment for effec-
tive policy optimization in tool-integrated LLM
agents. 1

1 Introduction

Large Language Models (LLMs) have demon-
strated strong reasoning capabilities across a wide
range of tasks (OpenAI et al., 2023; DeepSeek-
AI et al., 2025; Yang et al., 2025), leading to the
emergence of LLM agents that can plan, act, and
interact with external environments (Huang et al.,
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1The code is publicly available at https://github.com/

YucanGuo/HiDiffTIR.

2024; Wang et al., 2024; Luo et al., 2025). A cen-
tral capability of such agents is effective tool use,
where they invoke external tools to solve diverse
tasks (Masterman et al., 2024; Xu et al., 2025).
Tool-Integrated Reasoning (TIR) formalizes this
process by enabling LLM agents to iteratively in-
teract with external tools (Gou et al., 2024; Qian
et al., 2025), such as APIs (Patil et al., 2024; Qin
et al., 2024), search engines (Li et al., 2025a; Jin
et al., 2025), and code interpreters (Gou et al., 2024;
Li et al., 2025b). This paradigm extends LLM
agents beyond their static parametric knowledge
and their known limitations in domains such as pre-
cise numerical computation (Frieder et al., 2023),
using specific tools to solve complex multi-turn
tasks that are otherwise challenging for purely in-
ner knowledge-based reasoning (Lin and Xu, 2025;
Qu et al., 2025).

Reinforcement learning (RL) has emerged as the
prevailing paradigm for training LLMs to perform
TIR (Qian et al., 2025; Xue et al., 2025). By em-
ploying RL algorithms like Group Relative Policy
Optimization (GRPO) (Shao et al., 2024), mod-
els learn to interleave reasoning, tool invocation,
and answer generation in an end-to-end manner.
Most existing TIR methods adopt trajectory-level
optimization, which has evolved through two pri-
mary stages. Early methods rely on outcome-based
rewards (Li et al., 2025b; Dong et al., 2025), as-
sessing only the final correctness of a reasoning
chain, and thus suffer from reward sparsity. To
provide denser feedback, recent works have shifted
toward turn-level verification (Qian et al., 2025;
Ye et al., 2025b), where the correctness of each
individual tool-call is evaluated and subsequently
aggregated to form the trajectory-level reward. De-
spite this progress, these methods typically assign
uniform advantages across all steps within a tra-
jectory, implicitly treating each tool call as equally
informative for learning. This coarse-grained credit
assignment can obscure the contribution of individ-
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Figure 1: Comparison of credit assignment manners in
TIR. Existing methods treat all correct tool calls uni-
formly, while HIDIFFTIR performs difficulty-aware
credit assignment.

ual reasoning steps, especially in multi-turn set-
tings where errors accumulate and only a subset of
decisions are critical to success.

To address this limitation, more recent works
have explored finer-grained credit assignment by in-
corporating turn-level signals and combining them
with trajectory-level objectives (Li et al., 2026; Qu
et al., 2026). These methods typically perform
trajectory-turn fusion, where trajectory-level re-
wards are used in their original form, and turn-level
signals are either directly applied or heuristically
adjusted and propagated across steps. However,
they treat all correct tool calls equivalently, without
explicitly modeling the varying difficulty of differ-
ent reasoning steps. As a result, the learning signal
remains insensitive to the relative importance and
challenge of different tool-use patterns.

In this paper, we revisit credit assignment in
TIR from a difficulty-aware perspective. As shown
in Figure 1, we argue that not all trajectories or
tool-calling steps contribute equally to policy im-
provement. Some trajectories are more informative
due to their relative difficulty, and some reason-
ing steps are inherently harder and thus more valu-
able for learning. Motivated by this, we propose
HIDIFFTIR, a Hierarchical Difficulty-aware pol-
icy optimization framework for TIR that performs
fine-grained credit assignment without requiring
additional supervision. HIDIFFTIR operates at
two levels. At the trajectory level, it differentiates
rollouts based on their relative difficulty, enabling
the policy to prioritize more informative training
signals. At the turn level, it further refines credit
assignment by redistributing advantages across rea-
soning steps according to their difficulty, allowing
the model to focus on harder tool-calling decisions.

Importantly, the judgment of tool-using difficulty
relies solely on group-level statistics derived from
standard RL rollouts and does not require external
supervision such as LLM-based judges or rubrics.
Our contributions are summarized as follows:

• We propose HIDIFFTIR, a hierarchical pol-
icy optimization framework that performs
difficulty-aware credit assignment at both the
trajectory and turn levels.

• We introduce a supervision-free method for
fine-grained policy optimization that relies
solely on statistics from standard RL rollouts.

• Extensive experiments demonstrate that HID-
IFFTIR improves tool-use accuracy and multi-
turn reasoning performance across multiple
benchmarks.

2 Related Work

2.1 Tool-Integrated Reasoning

TIR has become a central paradigm for equipping
LLM agents with external tools to solve complex
tasks. Early work primarily relies on Supervised
Fine-Tuning (SFT), where models are trained on
solution annotations from strong LLMs that inter-
leave reasoning steps and tool invocations (Schick
et al., 2023; Tang et al., 2023; Patil et al., 2024; Qin
et al., 2024). While effective in establishing basic
tool-use capabilities, recent research has increas-
ingly shifted toward RL to further improve policy
learning through interaction (Xue et al., 2025; Li
et al., 2025b; Singh et al., 2025). Within RL-based
TIR, methods have evolved from trajectory-level
optimization with outcome-based rewards (Li et al.,
2025b; Dong et al., 2025) to incorporating process-
based verification signals, such as tool name, pa-
rameter name, and argument values, to provide
denser supervision (Qian et al., 2025; Ye et al.,
2025b). More recent approaches further integrate
trajectory-level and turn-level signals to provide
individual advantage for each turn. For instance,
DeepAgent (Li et al., 2026) combines outcome
rewards with turn-level tool call rewards, while
MatchTIR (Qu et al., 2026) further propagates turn-
level rewards across steps using discounted accu-
mulation. Despite these advances, existing meth-
ods generally treat all correct tool calls as equally
informative, without explicitly modeling the vary-
ing difficulty of different trajectories or reasoning
steps.
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Figure 2: Illustration of the HIDIFFTIR framework. HIDIFFTIR implements a hierarchical difficulty-aware credit
assignment mechanism: (a) trajectory-level, where raw turn rewards are reweighted based on turn difficulties to
compute a difficulty-aware trajectory advantage, and (b) turn-level, where the trajectory advantage is redistributed
to yield fine-grained reweighted turn advantages for policy optimization.

2.2 Reinforcement Learning for LLM
Reasoning

RL has been widely adopted to improve the rea-
soning capabilities of LLMs beyond SFT. A promi-
nent line of work is Reinforcement Learning from
Human Feedback (RLHF), where models are op-
timized using preference signals collected from
human annotators (Christiano et al., 2017; Ouyang
et al., 2022). Recent work has demonstrated the
effectiveness of Reinforcement Learning from Ver-
ifiable Rewards (RLVR), where models are opti-
mized using automatically computed correctness
signals (Shao et al., 2024; DeepSeek-AI et al.,
2025; Yang et al., 2025). To improve reward qual-
ity, a line of studies also concentrates on enhanc-
ing credit assignment in LLM reasoning through
process-oriented supervision (Uesato et al., 2022;
Lightman et al., 2023). Such approaches typically
rely on additional supervision signals, including
process reward models (Zhang et al., 2025; Wang
et al., 2025), LLM-based judges guided by eval-
uation rubrics (Gunjal et al., 2025; Huang et al.,
2025), to assess intermediate reasoning steps and
provide more fine-grained feedback. In paral-
lel, there is growing interest in difficulty-aware
RL (Zhang and Zuo, 2025; Gao et al., 2026; Heckel
et al., 2026), where training emphasizes more chal-
lenging samples to improve model performance,
with sample difficulty estimated based on outcome-

level signals. However, these methods are largely
designed for general reasoning tasks, making them
insufficient for jointly modeling process-level feed-
back and difficulty in TIR.

3 HIDIFFTIR

3.1 Problem Formulation
Given a user query q and a set of available
tools T = {t1, . . . , tn}, the goal of a TIR agent
πθ is to solve the query through a multi-turn
reasoning and tool use interaction process τ =
{(z1, a1, f1), . . . , (zT−1, aT−1, fT−1), (zT , ans)},
where T denotes the total number of turns. At
each intermediate turn i < T , the agent generates
a reasoning step zi and a set of tool actions ai,
where each action specifies a selected tool from
T along with its arguments. The environment
executes these tool calls and returns feedback fi.
At the final turn, the agent produces a reasoning
step zT followed by the final answer ans without
invoking any tool. The objective of a TIR agent is
to learn a policy that generates trajectories leading
to correct final answers by effectively interleaving
reasoning and tool use.

3.2 Overall Framework
HIDIFFTIR is a hierarchical policy optimization
framework for TIR that introduces difficulty-aware
credit assignment at two levels. The core idea is



to distinguish the relative learning importance of
different trajectories and turns, rather than treating
them uniformly. As shown in Figure 2, at the tra-
jectory level, HIDIFFTIR distinguishes trajectories
according to the relative difficulty of all constituent
tool calls (§3.3). At the turn level, it further refines
credit assignment across reasoning steps, consider-
ing both tool-selection difficulty and tool-using dif-
ficulty (§3.4). These two components together en-
able fine-grained optimization of the policy model
(§3.5).

3.3 Trajectory-Level Difficulty-Aware Credit
Assignment

We now introduce trajectory-level difficulty-aware
credit assignment, which extends turn-level re-
wards based on tool-use correctness. Specifically,
we first compute the similarity between predicted
and ground-truth tool calls to derive turn-level raw
rewards. Next, we estimate the relative difficulty of
each turn and reweight the raw rewards accordingly.
Finally, we normalize these rewards to construct a
difficulty-aware trajectory-level advantage.

Raw Reward Computation. Following previ-
ous works (Qian et al., 2025; Qu et al., 2026), we
compute the raw reward for each turn in a trajec-
tory using tool-level correctness. Given a trajectory
τ (i) with T turns, let Ci = {ci1, . . . , cim} denote
the predicted tool calls and C∗

i = {c∗i1, . . . , c∗in}
the ground-truth calls. A similarity matrix Mi ∈
Rm×n is defined as

Mi[u, v] = sim(ciu, c
∗
iv), (1)

where u ∈ {1, · · · ,m}, v ∈ {1, · · · , n}, and
the similarity function sim(·, ·) ∈ [0, 1] measures
agreement on tool name, parameter names, and
parameter values. Detailed computation of the sim-
ilarity function is provided in Appendix A.3.

A maximum-weight bipartite matching π∗
i is

then obtained via the Hungarian algorithm (Kuhn,
1955, 1956):

π∗
i = argmax

π∈Π

∑
(u,v)∈π

Mi[u, v], (2)

where Π denotes all one-to-one matchings between
Ci and C∗

i .
Let Ci,j ⊆ Ci denote the subset of tool calls is-

sued at turn j. The raw reward for turn j is defined
as

ri,j =
1

|Ci,j |
∑

ciu∈Ci,j

I[(u, v) ∈ π∗
i ] ·Mi[u, v], (3)

where unmatched tool calls contribute zero. These
turn-level rewards serve as the initial supervision
signal for subsequent trajectory-level optimization.

Difficulty-Aware Reward Reweighting. To
model the relative difficulty of different tool-use
behaviors, group-level statistics are estimated over
trajectories sampled for the same query q. Let
G(q) = {τ (1), · · · , τ (G)} denote the group of tra-
jectories generated for q. For each ground-truth
tool call c∗, we compute its average reward across
the group:

r̄(c∗) =
1

|G(q)|
∑

τ (k)∈G(q)

r(k)(c∗), (4)

where r(k)(c∗) denotes the reward assigned to the
tool call in trajectory τ (k) that is matched to c∗ via
bipartite matching.

For each turn j in trajectory τ (i), let C∗
i,j denote

the set of ground-truth tool calls associated with
that turn. We define the turn-level average reward
as

r̄i,j =
1

|C∗
i,j |

∑
c∗∈C∗

i,j

r̄(c∗). (5)

The difficulty of the turn is then defined as

di,j = 1− r̄i,j , (6)

and used to reweight the raw reward:

r̃i,j = di,j · ri,j . (7)

This weighting emphasizes turns associated with
harder tool-use decisions while down-weighting
consistently easy ones.

Trajectory-Level Score Construction. To en-
sure stable optimization, the reweighted rewards
are normalized within each group. A min-max nor-
malization is first applied:

r̂i,j =
r̃i,j −minτ∈G(q) r̃τ,j

maxτ∈G(q) r̃τ,j −minτ∈G(q) r̃τ,j
, (8)

followed by rescaling to preserve the total reward
mass:

r̃norm
i,j = r̂i,j ·

∑
τ∈G(q) r̃τ,j∑
τ∈G(q) r̂τ,j

. (9)

The trajectory-level score is then obtained by ag-
gregating normalized turn rewards:

R(τ (i)) =

Ti∑
j=1

r̃norm
i,j , (10)



and converted into a group-relative advantage:

A(τ (i)) =
R(τ (i))− µq

σq
, (11)

where µq and σq denote the mean and standard
deviation of trajectory scores within G(q). This for-
mulation yields a difficulty-aware trajectory-level
objective that emphasizes relatively harder yet suc-
cessful trajectories while maintaining stable com-
parisons within each group.

3.4 Turn-Level Difficulty-Aware Credit
Assignment

While trajectory-level optimization captures the
overall difficulty of a rollout, it does not distin-
guish which reasoning steps are more challenging
within the trajectory. To further refine credit as-
signment, we first estimate the relative difficulty of
each turn based on group-level statistics, and then
redistribute the trajectory-level advantage across in-
dividual turns based on these turn-level difficulties.

Group-Level Tool Selection Success Rate. For
each ground-truth tool call c∗, we compute its tool
selection success rate over the group G(q):

s(c∗) =
1

|G(q)|+ λ

∑
τ (k)∈G(q)

I
(
r(k)(c∗) > 0

)
+ λ,

(12)
where I(·) is an indicator function, and λ is a
smoothing constant. Since a positive reward in-
dicates that the correct tool is selected, s(c∗) ef-
fectively measures how frequently each tool call is
correctly invoked across trajectories.

After that, we aggregate the tool selection suc-
cess rates into a turn-level statistic for each turn j
in trajectory τ (i):

si,j = min
c∗∈C∗

i,j

s(c∗), (13)

which emphasizes the most challenging tool call
within the turn.

Difficulty-Aware Advantage Reweighting.
Based on the estimated tool selection success rates,
we construct turn-level weights that emphasize
more difficult decisions. For trajectories with
positive advantage, we assign higher weights to
turns with lower success rates while incorporating
the overall tool-using quality:

w̃i,j =
ri,j√
si,j

. (14)

This formulation suppresses incorrect turns while
prioritizing harder correct decisions.

For trajectories with negative advantage, we do
not apply difficulty-based reweighting and instead
use uniform weights, ensuring stable penalization
of unsuccessful rollouts. The weights are then nor-
malized within each trajectory:

ŵi,j =
w̃i,j

1
Ti

∑Ti
k=1 w̃i,k

. (15)

Finally, the trajectory-level advantage is redis-
tributed across turns as

Ai,j = A(τ (i)) · (α+ (1− α)ŵi,j) , (16)

where α ∈ [0, 1] controls the balance between
trajectory- and turn-level difficulty-aware credit
assignment, preserving the global optimization sig-
nal while enabling fine-grained emphasis on harder
reasoning turns.

3.5 Policy Optimization
The final advantage assigned to each token is con-
structed by combining trajectory-level and turn-
level signals in a hierarchical manner. The turn-
level advantages Ai,j are assigned to all tokens
within the corresponding turn, resulting in token-
level advantages Ãi,t. Using the integrated advan-
tage Ãi,t, we optimize the policy under the GRPO
algorithm. Given a batch of queries q ∼ D and
sampled trajectories {τi}Gi=1 ∼ πθold(· | q), the
objective is defined as

J (θ) = Eq,{τi}
1

G

G∑
i=1

1

|τi|

|τi|∑
t=1

[
min

(
wi,tÃi,t,

clip(wi,t, 1− ϵ, 1 + ϵ)Ãi,t

)
− βDKL(πθ ∥πref)

]
,

(17)

where wi,t =
πθ(yi,t|yi,<t,q)
πθold (yi,t|yi,<t,q)

denotes the token-
level importance sampling ratio, and β controls the
strength of KL regularization. This objective main-
tains the standard GRPO optimization structure
while incorporating difficulty-aware hierarchical
credit assignment, enabling more effective learning
for multi-turn TIR.

4 Experiments

In this section, we evaluate HIDIFFTIR through
comparative experiments (§4.2), ablation study
(§4.3), and tool-use accuracy analysis (§4.4), with
additional results detailed in Appendix B.



Methods
In-Domain (ID) Out-of-Domain (OOD)

FTRL BFCL ToolHop Avg.
Solve-P Solve-R Solve-F1 Avg. Base MF MP LC AC

Qwen3-4B

Vanilla 30.78 29.65 25.85 28.76 41.50 31.00 26.50 27.50 31.63 31.63
GRPO 31.13 32.83 30.67 31.54 45.00 37.50 26.50 29.50 37.25 35.15
ToolRL 28.26 28.32 23.78 26.79 32.50 31.00 22.50 20.00 30.28 27.26
FTRL 34.10 34.07 31.54 33.24 43.00 35.50 31.00 28.00 38.63 35.23
MatchTIR (OT) 31.79 37.52 32.60 33.97 50.00 40.50 26.50 35.00 41.95 38.79
MatchTIR (KM) 32.39 39.70 34.21 35.43 50.50 47.00 28.50 36.50 42.55 41.01

HIDIFFTIR 35.41 44.74 38.29 39.48 51.00 39.50 31.50 37.00 49.95 41.79

Qwen3-8B

Vanilla 28.08 36.55 29.74 31.46 47.50 46.00 37.50 34.50 42.21 41.54
GRPO 31.59 39.75 32.54 34.63 52.50 45.50 34.50 36.50 40.64 41.93
ToolRL 25.57 35.31 26.72 29.20 41.00 39.50 31.50 25.00 32.93 33.99
FTRL 32.32 38.87 32.85 34.68 51.50 45.00 35.50 34.00 36.72 40.54
MatchTIR (OT) 33.61 42.56 33.61 36.59 55.50 52.00 38.50 36.00 45.80 45.56
MatchTIR (KM) 36.33 44.18 37.33 39.28 60.00 49.00 39.00 40.50 46.16 46.93

HIDIFFTIR 36.90 44.82 39.04 40.25 61.50 49.00 40.00 42.00 51.26 48.75

Table 1: Performance comparison between HIDIFFTIR and the baselines on in-domain and out-of-domain bench-
marks across Qwen3-4B and Qwen3-8B backbones. The best results within each backbone group are indicated in
bold, while the underlined values represent the second-best results.

4.1 Experimental Setting

Training Dataset. We conduct training on the
FTRL dataset (Ye et al., 2025b), which comprises
2,215 training data generated via an automated en-
vironment construction pipeline. By executing all
tools locally as code, it circumvents the unreliabil-
ity of online APIs, providing stable and verifiable
tool-use training.

Evaluation Datasets. We evaluate HIDIFFTIR
on three widely used TIR benchmarks: (1)
FTRL (Ye et al., 2025b), the held-out test dataset
generated by the FTRL pipeline; (2) ToolHop (Ye
et al., 2025a), a query-driven benchmark specifi-
cally designed to evaluate multi-hop tool reasoning;
and (3) the Berkeley Function Call Leaderboard
(BFCL) (Patil et al., 2025), a comprehensive and
executable function call benchmark that evaluates
function-calling ability across diverse APIs and
parameter configurations.

Baselines. We compare HIDIFFTIR against
several strong TIR baselines: (1) Vanilla,
which directly performs TIR using the backbone
Qwen3 (Yang et al., 2025) model without RL train-
ing; (2) GRPO (Shao et al., 2024), standard GRPO
framework, which computes advantages solely

based on the outcome reward; (3) ToolRL (Qian
et al., 2025), an RL-based TIR training framework
that introduces process-based tool-call verification
rewards; (4) FTRL (Ye et al., 2025b), a feedback-
driven training framework using a verifiable reward
mechanism based on precision and completeness;
and (5) MatchTIR (Qu et al., 2026), a recent fine-
grained credit assignment framework that derives
turn-level rewards with two credit assignment man-
ners: MatchTIR (KM), which formulates the as-
signment as a bipartite matching problem using
the Kuhn-Munkres algorithm (Kuhn, 1955), and
MatchTIR (OT), which smooths the assignment
through optimal transport (Cuturi, 2013).

Implementation Details. We conduct experi-
ments using Qwen3-4B and Qwen3-8B (Yang et al.,
2025) as the backbone models. All RL training is
implemented based on the verl framework (Sheng
et al., 2025), with vLLM (Kwon et al., 2023) ac-
celerating the rollout generation. For GRPO set-
tings, we sample a group size of 16 responses per
prompt at a temperature of 1.0. The policy model
is trained for 5 epochs using a global batch size of
256, restricting the multi-turn reasoning process to
a maximum of 10 turns per trajectory. We set the
smoothing constant λ to 1.0 and the fusion coeffi-



Methods FTRL BFCL ToolHop Avg.
Solve-P Solve-R Solve-F1 Avg. Base MF MP LC AC

HIDIFFTIR 35.41 44.74 38.29 39.48 51.00 39.50 31.50 37.00 49.95 41.79
w/o trajectory-level 33.65 40.69 35.77 36.70 49.50 40.00 30.00 32.50 51.36 40.67
w/o turn-level 33.43 42.45 36.13 37.34 51.50 38.50 29.00 34.50 51.96 41.09

Table 2: Ablation study on credit assignment using Qwen3-4B.

cient α to 0.7. All experiments are executed on a
single node equipped with 8 NVIDIA H20 GPUs.
Additional implementation details are provided in
Appendix A.

4.2 Main Results

The main experimental results are presented in Ta-
ble 1. On the basis of these results, we make the
following observations.

HIDIFFTIR consistently achieves the best
overall performance across different evaluation
benchmarks. HIDIFFTIR outperforms all base-
lines on the average score for both Qwen3-4B
and Qwen3-8B. Compared with existing RL-based
TIR methods, our method demonstrates greater im-
provements in both in-domain and out-of-domain
settings. In particular, our method consistently sur-
passes recent strong baselines such as FTRL and
MatchTIR, showing that incorporating hierarchical
difficulty-aware optimization provides complemen-
tary benefits beyond existing process-based and
turn-level reward modeling strategies.

The effectiveness of HIDIFFTIR generalizes
across different backbone sizes. Although larger
backbones generally achieve stronger overall per-
formance, HIDIFFTIR consistently improves upon
the corresponding baselines under both the 4B and
8B settings. Notably, the performance gains on
the in-domain FTRL benchmark are more pro-
nounced for Qwen3-4B, suggesting that smaller
models benefit more from fine-grained difficulty-
aware optimization. This observation indicates that
improved credit assignment can partially compen-
sate for weaker intrinsic reasoning and tool-use
capabilities in smaller models. Meanwhile, the con-
sistent improvements on Qwen3-8B demonstrate
the robustness and scalability of our framework.

HIDIFFTIR brings larger improvements on
datasets with a larger number of tools. As shown
in Table 5, datasets such as FTRL and ToolHop
contain substantially larger numbers of tools com-
pared with BFCL. Correspondingly, HIDIFFTIR
achieves more evident improvements on these

benchmarks, which require reasoning over thou-
sands of candidate tools. In contrast, on datasets
with relatively fewer tools, such as BFCL, the per-
formance improvements are comparatively modest,
while stronger backbone models already obtain no-
ticeable benefits from scaling alone. These findings
highlight that the advantages of difficulty-aware
optimization become increasingly important as the
complexity of the tool environment grows.

Current RL-based TIR methods still struggle
with missing-information scenarios. Although
most methods achieve clear improvements on the
BFCL benchmark, the gains on the Missing Func-
tions (MF) and Missing Parameters (MP) subsets
remain modest, as they require the model to rec-
ognize when the currently available tools or user-
provided information are insufficient. Existing RL-
based TIR training mainly emphasizes successful
tool execution and task completion, which may bias
the policy toward aggressively invoking tools rather
than learning insufficiency detection. Specifically,
because our difficulty-aware reweighting amplifies
successful complex tool sequences, it inadvertently
reinforces this aggressive calling bias in sparse tool
settings. Consequently, while HIDIFFTIR signifi-
cantly outperforms most baselines on the MF sub-
set, it slightly trails MatchTIR. This observation
suggests an important future direction for TIR, i.e.,
integrating self-awareness of capability boundaries
into RL optimization.

4.3 Ablation Study
We further conduct ablation studies on Qwen3-4B
to evaluate the contribution of each component in
HIDIFFTIR.

Effectiveness of Hierarchical Components. As
shown in Table 2, removing either trajectory-level
or turn-level difficulty-aware credit assignment
leads to consistent performance degradation com-
pared with the full model, demonstrating that both
components contribute to the final performance. In
particular, removing trajectory-level optimization
results in a larger overall drop on FTRL, indicating
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Figure 3: Training dynamics regarding the average re-
sponse length and generation time of different variants.

Table 3: Comparison of reasoning efficiency at the final
training step.

Methods Avg. Resp. Len. Gen. Time (s)

HIDIFFTIR 1,893 1,058
w/o trajectory-level 1,870 1,007
w/o turn-level 2,085 1,213

that distinguishing the relative difficulty of differ-
ent trajectories provides an important optimization
signal for RL training. Furthermore, performance
variations on Out-Of-Domain (OOD) datasets like
BFCL and ToolHop are less pronounced when
omitting specific components. Since our difficulty
signals are derived dynamically during training,
they naturally target bottlenecks within the training
distribution. Thus, these components are highly
effective for seen tools but have a more constrained
impact on completely unseen tools in OOD sce-
narios, although the full HIDIFFTIR model still
achieves the best overall average performance.

Efficiency of Hierarchical Components. The
training dynamics of reasoning efficiency are visu-
alized in Figure 3, with convergence values sum-
marized in Table 3. We observe that HIDIFFTIR
achieves higher reasoning compactness compared
to the w/o turn-level variant, which relies solely on
trajectory-level credit assignment. Specifically, at
the final training step, HIDIFFTIR reduces the av-
erage response length from 2,085 to 1,893 tokens,
resulting in a 12.8% decrease in generation latency.
This suggests that fine-grained turn-level reweight-
ing effectively identifies critical reasoning steps
and suppresses redundant tool calls. Although the
w/o trajectory-level variant exhibits slightly lower
latency, its performance is substantially inferior
to the full model, confirming that our hierarchi-
cal design achieves an optimal trade-off between
reasoning accuracy and computational efficiency.

Figure 4: Training dynamics regarding tool-use accu-
racy of different models.

Methods FTRL

Solve-P Solve-R Solve-F1 Avg.

HIDIFFTIR (α = 0.3) 32.72 37.70 33.67 34.70
HIDIFFTIR (α = 0.5) 33.96 40.33 35.79 36.69
HIDIFFTIR (α = 0.7) 35.41 44.74 38.29 39.48

Table 4: Performance of models on FTRL dataset under
different fusion coefficients.

4.4 Tool-Use Accuracy Analysis

In this section, we analyze how difficulty-aware
credit assignment influences the tool-use accuracy.

Impact on Tool Selection Precision. As illus-
trated in Figure 4, all variants of HIDIFFTIR
consistently outperform the competitive baseline
MatchTIR (KM) in tool-use accuracy throughout
the training process. This convergence to higher
accuracy confirms that integrating difficulty-aware
credit assignment provides a clearer gradient sig-
nal, effectively guiding the policy to master correct
tool invocation patterns. Specifically, variants with
smaller fusion coefficients (α = 0.3 and α = 0.5)
exhibit higher peak tool accuracy during training
compared to α = 0.7. This trend occurs because
a lower α assigns a larger proportional weight to
the turn-level difficulty-aware credit assignment,
forcing the policy to aggressively optimize high-
difficulty tool calls within training rollouts.

Sensitivity Analysis of Fusion Coefficient. De-
spite the higher training accuracy at lower α values,
Table 4 reveals that α = 0.7 achieves the highest
average score on the FTRL test set. This counter-
intuitive phenomenon highlights the cooperative
dynamics between the two credit assignment levels.
A smaller α over-emphasizes turn-level difficulty-
aware credit assignment, rigidly rewarding only
ground-truth tool invocations and suppressing in-
termediate turns with necessary trial-and-error ex-



ploration. In complex TIR, such exploration is
not meaningless but is indispensable for the agent
to gather feedback and learn from failures. Con-
versely, setting α = 0.7 provides a well-suited bal-
ance, leveraging trajectory-level credit assignment
to safeguard the value of the exploratory sequence
while utilizing turn-level credit assignment to re-
solve specific tool-use bottlenecks.

5 Conclusions

In this paper, we propose HIDIFFTIR, a hierarchi-
cal policy optimization framework for TIR that per-
forms difficulty-aware credit assignment at both the
trajectory and turn levels. By modeling the relative
difficulty of trajectories and redistributing advan-
tages across reasoning steps, our method provides
fine-grained learning signals that better capture
the heterogeneous importance of tool-calling deci-
sions, without requiring additional supervision. Ex-
tensive experiments on multiple tool-using bench-
marks demonstrate that HIDIFFTIR consistently
improves multi-turn TIR performance and tool in-
vocation accuracy, suggesting that incorporating
difficulty-aware signals is a promising direction for
improving the training of tool-using LLM agents.

Limitations

Despite the strong empirical results, our proposed
HIDIFFTIR has several limitations. Primarily, ow-
ing to limited computational resources, our empiri-
cal evaluations were restricted to moderately sized
open-source models, specifically Qwen3-4B and
Qwen3-8B. Although the core algorithmic design
of our hierarchical difficulty-aware policy optimiza-
tion framework is inherently model-agnostic, its be-
havioral dynamics and scalability when integrated
into LLMs with larger parameters have not yet been
fully validated. Additionally, because our difficulty-
aware signals are derived dynamically from online
group-level rollout statistics, the framework im-
plicitly assumes that the base model possesses a
foundational level of instruction-following capa-
bility. In exceptionally intricate tasks where the
initial policy completely fails to produce any valid
tool invocations, the empirical difficulty estimation
might suffer from extreme reward sparsity, poten-
tially necessitating a supervised warm-up phase
to kickstart effective reinforcement learning explo-
ration. Finally, the difficulty estimation mechanism
in our framework serves as a heuristic. It captures
empirical learning difficulty from the perspective

of operational bottlenecks for the policy during RL
rollouts, rather than providing an absolute measure
of static semantic complexity.
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A Implementation Details

A.1 Datasets and Evaluation Metrics
Datasets. The statistics of the training and evalu-
ation datasets are shown in Table 5.

Table 5: Dataset statistics

Dataset # of queries # of tools

FTRL (train) 2,215 4,433
FTRL (test) 200 1,109
ToolHop 995 3,912
BFCL (multi-turn) 800 84

Evaluation Metrics. We evaluate model perfor-
mance using metrics of each benchmark.

• FTRL (Ye et al., 2025b). Let Ngen denote
the total number of tool calls generated by
the model, Ngt denote the total number of re-
quired tool calls in the ground-truth trajectory,
and Nmatch denote the number of successfully
matched tool calls. The metrics of FTRL are
defined as follows:

– Solve-P measures the precision of tool
invocations.

Solve-P =

{
Nmatch
Ngen

if Ngen > 0

1.0 if Ngen = 0
(18)

– Solve-R evaluates the completeness of
the task execution.

Solve-R =
Nmatch

Ngt
(19)

– Solve-F1 is the harmonic mean of Solve-
P and Solve-R.

Solve-F1 =
2 ·Nmatch

Ngen +Ngt
(20)

• ToolHop (Ye et al., 2025a). The metric of
ToolHop is Answer Correctness (AC). As-
sume that for a test instance, the standard an-
swer is a and the model’s final response is o.
The performance is evaluated as:

AC =

{
1 if a ∈ o

0 otherwise
. (21)

• BFCL (Patil et al., 2025). In BFCL V3, model
performance is evaluated across several cat-
egories, including Base Multi-Turn (Base),
Missing Functions (MF), Missing Parameters
(MP), and Long-Context Multi-Turn (LC).

A.2 Baselines
We compare HIDIFFTIR with following baselines:

• Vanilla. We deploy the backbone
Qwen3 (Yang et al., 2025) model using
standard generation configurations without
any further RL training. This serves as the
lower bound, demonstrating the inherent
instruction-following and tool-use capabilities
of the model.

• GRPO (Shao et al., 2024). GRPO serves as
the standard trajectory-level RL baseline. Dur-
ing training, for a given prompt, it generates
a group of G trajectories, evaluates the final
outcome of each trajectory to assign a reward.
The advantages are computed by normalizing
these rewards within the group and are subse-
quently broadcast uniformly to all tokens in
the trajectory.

• ToolRL (Qian et al., 2025). This framework
introduces process-based supervision to TIR.
Rather than relying solely on outcome re-
wards, ToolRL incorporates intermediate ver-
ification rewards such as the correctness of
tool names, parameter names, and parameter
values. These intermediate rewards are aggre-
gated into a single trajectory reward, and the
resulting advantage is then shared across the
entire trajectory during policy optimization.

• FTRL (Ye et al., 2025b). The method ac-
companying the FTRL dataset. It employs
a verifiable reward mechanism that evaluates
the precision of tool invocations and the com-
pleteness of task execution. These factors are
combined to calculate a total reward, which is
used to derive a single advantage value broad-
cast to all tokens in the sequence.

• MatchTIR (Qu et al., 2026). The state-of-the-
art fine-grained credit assignment TIR frame-
work that derives dense, turn-level advantages
by aligning generated trajectories with ground-
truth tool-use sequences. We evaluate two im-
plementations of its alignment module: (1)
MatchTIR (KM) formulates the alignment
as a hard bipartite matching problem. It uses
the Kuhn-Munkres (KM) algorithm (Kuhn,
1955) to find the optimal one-to-one map-
ping between generated and ground-truth tool
calls based on semantic similarity, distribut-
ing rewards strictly to matched pairs. (2)



Table 6: Training prompt template for the policy model.

Training Prompt Template for the Policy Model

system
# Tools
You may call one or more functions to assist with the user query.
You are provided with function signatures within <tools></tools> XML tags:
<tools>
{Tool Descriptions}
</tools>
For each function call, return a json object with function name and arguments within
<tool_call></tool_call> XML tags:
<tool_call>
{“name”: <function-name>, “arguments”: <args-json-object>}
</tool_call>

user
Please call given tools to answer the question. Please note that all your information must be
obtained by calling tools and not by answering the question directly.
If the call fails, you need to try to correct it and continue until you arrive at an answer. Only
output the final answer (in words, numbers or phrase) inside the <answer></answer> tag,
without any explanations or extra information.
Question: {question}

assistant

MatchTIR (OT) employs Optimal Transport
(OT) (Cuturi, 2013) with Sinkhorn solver to
create a soft alignment matrix. This allows for
a probabilistic distribution of rewards across
multiple generated turns that share semantic
overlap with the ground truth.

A.3 Tool Call Similarity Computation
For reward computation, a matching matrix Mi ∈
Rm×n is constructed for each trajectory τ (i), where
each entry Mi[u, v] measures the alignment be-
tween a predicted tool call ciu ∈ Ci and a ground-
truth tool call c∗iv ∈ C∗

i . The similarity score
Mi[u, v] consists of three components below, fol-
lowing previous works (Qian et al., 2025; Qu et al.,
2026).

Tool Name Matching. Let cname
iu and cname∗

iv de-
note the tool names of the predicted and ground-
truth calls. The tool name score is

sname = I(cname
iu = cname∗

iv ) ∈ {0, 1}, (22)

where I[·] is an indicator function.

Parameter Name Matching. If the tool names
match, the parameter name similarity is computed
as the Jaccard similarity over the sets of parameter
names Pciu and Pc∗iv

:

sparam =
|Pciu ∩ Pc∗iv

|
|Pciu ∪ Pc∗iv

|
∈ [0, 1]. (23)

Parameter Value Matching. Finally, the cor-
rectness of parameter values is assessed for each
ground-truth parameter k ∈ Pc∗iv

:

svalue =
∑

k∈Pc∗
iv

I(ciu[k] = c∗iv[k]) ∈ [0, |Pc∗iv
|].

(24)
The three components are combined and normal-

ized to produce the final similarity score:

Mi[u, v] = sname·
sname + sparam + svalue

2 + |Pc∗iv
|

∈ [0, 1].

(25)

A.4 Training Prompt Template
The training prompt template for the policy model
is shown in Table 6.



Table 7: Performance comparison of HIDIFFTIR on Qwen3-4B with different group sizes G.

Methods FTRL BFCL ToolHop Avg.
Solve-P Solve-R Solve-F1 Avg. Base MF MP LC AC

HIDIFFTIR (G=4) 30.24 36.93 31.93 33.03 49.50 41.00 26.00 34.50 49.95 40.19
HIDIFFTIR (G=8) 32.90 40.65 34.74 36.10 47.50 37.50 30.00 32.50 51.36 39.77
HIDIFFTIR (G=16) 35.41 44.74 38.29 39.48 51.00 39.50 31.50 37.00 49.95 41.79

A.5 Training Details
To facilitate reproducibility, we provide the com-
plete set of hyperparameters and infrastructure con-
figurations used for training HIDIFFTIR.

Infrastructure and Hardware. All models are
trained on a single compute node equipped with 8
NVIDIA H20 GPUs. We leverage Fully Sharded
Data Parallel (FSDP) (Zhao et al., 2023) to dis-
tribute the policy model weights, avoiding pa-
rameter and optimizer offloading to maximize
throughput. For rollout generation, we utilize
vLLM (Kwon et al., 2023) with a GPU memory
utilization threshold of 0.7.

Data and Generation Settings. We format the
prompts using the standard Qwen3 system style
and explicitly enable the generation of reasoning
trajectories. To handle long trajectories, we set the
maximum model length to 32,768 tokens and the
maximum response length to 8,192 tokens. Dur-
ing the rollout phase, we sample 16 responses per
prompt (G = 16) with a generation temperature of
1.0 and a maximum turn of 10.

Optimization and Loss Formulation. The pol-
icy is optimized over 5 total epochs. We use a
global training batch size of 256 prompts, broken
down into mini-batch sizes of 32. The actor learn-
ing rate is fixed at 10−6 without a critic warmup
phase. The entropy coefficient is set to 0.001, and
the KL penalty coefficient is set to 0.001.

B Additional Experiments

B.1 Group Size Analysis
The group size G is a critical hyperparameter in
GRPO-based frameworks, as it determines the sam-
ple size used to estimate the baseline and normalize
rewards within each group. In HIDIFFTIR, G fur-
ther influences the robustness of the empirical diffi-
culty estimation used for both trajectory-level and
turn-level credit assignment. To investigate this im-
pact, we conduct experiments on Qwen3-4B with
α = 0.7 across three different group sizes: 4, 8,

and 16. The experimental results are summarized
in Table 7. We observe distinct performance trends
between the In-Domain (ID) and Out-Of-Domain
(OOD) metrics.

For the ID FTRL dataset, performance consis-
tently improves as the group size increases. The ID
average score rises steadily from 33.03 (G = 4) to
39.48 (G = 16). This trend indicates that our hier-
archical difficulty-aware mechanisms benefit from
larger group sizes, which provide more statistically
robust estimations of group-level statistics within
each training iteration. Accurately quantifying the
relative difficulty of trajectories and turns allows
the model to better identify and optimize informa-
tive reasoning steps in a difficulty-aware manner,
thus improving ID task success rates.

Conversely, for OOD scenarios, the relationship
is not strictly monotonic. While the optimal OOD
average score of 41.79 is achieved at G = 16,
G = 8 actually shows a slight regression (39.77)
compared to G = 4 (40.19). This volatility stems
from the intrinsic mechanism of our difficulty-
aware framework. By design, HIDIFFTIR utilizes
group rollouts to intensively optimize the policy to-
ward mastering seen tools, particularly focusing on
resolving high-difficulty tool-calling bottlenecks.
While this targeted credit assignment significantly
enhances the model’s proficiency and precision on
seen tool-use patterns, it can lead to behavioral vari-
ances when the model encounters entirely unseen
tools in OOD environments, as their underlying
API structures and difficulty characteristics differ
from the training set. Nevertheless, G = 16 still
yields a well-suited balance, achieving the highest
performance on both in-domain tasks and overall
OOD generalization.

B.2 Case Study

To intuitively demonstrate the superiority of HID-
IFFTIR, we present a qualitative case study involv-
ing a complex 5-hop reasoning query. As shown
in Table 8, the user query requires identifying a
specific local handicraft through a chain of five im-



plicit entities. We compare our approach against
the untrained Qwen3-4B backbone and MatchTIR
(KM), a strong baseline built on the same backbone,
with results reported in Tables 9-11, respectively.
As illustrated in the interaction trajectories, HID-
IFFTIR exhibits the following distinct advantages.

Mitigation of Parameter Hallucination and
Error Loops. Both baseline models exhibit a
tendency to hallucinate tool parameters during
the initial reasoning phase. As shown in Ta-
ble 10 and Table 11, when calling the initial
famous_peak_identifier tool, both Qwen3-4B
and MatchTIR incorrectly append unnecessary ge-
ographic constraints, hallucinating “Alps” or “Hi-
malayas” instead of passing the required empty
arguments. While MatchTIR manages to correct
itself after wasting two turns, the untrained Qwen3-
4B model lacks this reflective capability, entering a
fatal trial-and-error loop that continuously guesses
random regions until it exhausts the maximum turn
limit. In contrast, HIDIFFTIR completely sup-
presses these hallucinated priors, immediately gen-
erating the precise arguments required to navigate
the tool logic.

Calibration of Overconfidence and Adapta-
tion to Environmental Feedback. A further strik-
ing observation from the trajectories is the back-
bone model’s overconfidence in its parametric
knowledge. When facing consecutive empty re-
sponses from the tools, the untrained Qwen3-4B
exhibits severe resistance to self-correction. In-
stead of rectifying its over-specified parameters,
the model stubbornly suspects that the tool itself
is flawed (e.g., explicitly assuming in Turn 6 and
Turn 9 that “the tool’s data” or “the tool’s database”
is incomplete). This overconfidence traps the agent,
preventing it from utilizing negative environmen-
tal feedback. While the RL-trained MatchTIR
largely mitigates this extreme overconfidence and
demonstrates the capacity to adjust based on en-
vironmental feedback, it still exhibits a lingering
over-reliance on its internal parametric knowledge,
frequently defaulting to hallucinated assumptions
during exploration. Moving beyond this behavior,
HIDIFFTIR effectively neutralizes this stubborn-
ness, teaching the LLM agent to respect and adapt
to strict tool constraints rather than blindly persist-
ing with its hallucinated assumptions.

Enhanced Reasoning Efficiency and Minimal
Redundancy. Beyond hallucination and overcon-
fidence, baseline models also struggle with ineffi-
cient and redundant exploration. As observed in

the trajectories, whenever the untrained Qwen3-4B
faces an obstacle, it continuously appends arbitrary
parameters (e.g., include_protected in Turn 8
and environmental_certification in Turn 9)
in futile attempts to force a result. Even the RL-
trained MatchTIR, despite eventually reaching the
correct answer, exhibits similar inefficiency by re-
peatedly over-specifying non-essential arguments
(e.g., guessing radius in Turn 4 and extra boolean
constraints in Turn 7). In contrast, HIDIFFTIR
learns a highly compact reasoning policy with
minimal redundancy. In this specific case, it ex-
ecutes the entire task flawlessly in exactly five op-
timal tool-calling turns, achieving absolute zero
redundancy. This highlights the core advantage
of our hierarchical difficulty-aware policy opti-
mization framework. By accurately amplifying
the learning signals for high-difficulty bottleneck
steps, the framework implicitly penalizes super-
fluous exploratory actions, yielding a much more
efficient and precise reasoning trajectory compared
to uniform or heuristic-based credit assignments.



Table 8: The user query and ground truth answer of the case study.

User Query: What is the local handicraft of the town where the woodworker who carves sculptures using the wood from the
forest near the mountain with a famous peak?
Ground Truth Tool Calls:

1. {“name”: “famous_peak_identifier”, “arguments”: {}}

2. {“name”: “nearby_forest_locator”, “arguments”: {“landmark”: “Mount Everest”}}

3. {“name”: “wood_sourcing_locator”, “arguments”: {“forest_name”: “Langtang National Park Forest”,
“product_type”: “sculptures”}}

4. {“name”: “individual_location_finder”, “arguments”: {“individual_name”: “Ramesh Thapa”}}

5. {“name”: “local_handicraft_identifier”, “arguments”: {“location”: “Pokhara”}}

Ground Truth Answer: Wooden masks

Table 9: Interaction trajectory of HIDIFFTIR. The model conducts precise TIR by successfully chaining five
sequential tool calls without any hallucinations or redundant trial-and-error.

HIDIFFTIR

[Turn 1]
<think> Okay, let’s tackle this question step by step ... So, the plan is to first find the mountain with a famous peak. Then,
determine the forest near that mountain. Next, find the woodworker who uses that forest’s wood to carve sculptures. Then, locate
the town where this woodworker is based, and finally, identify the local handicraft of that town ... Starting with the mountain
with a famous peak. The tool ‘famous_peak_identifier’ can help here ... </think>
<tool_call> {“name”: “famous_peak_identifier”, “arguments”: {}} </tool_call>
<tool_response> Mount Everest - The highest mountain in the world, known for its climbing fame. </tool_response>

[Turn 2]
<think> Okay, so the first step was to find a mountain with a famous peak, and the response was Mount Everest. Now, the next
part of the question is to find a forest near this mountain. The tool to use here is nearby_forest_locator ... </think>
<tool_call> {“name”: “nearby_forest_locator”, “arguments”: {“landmark”: “Mount Everest”}} </tool_call>
<tool_response> {“forest”: “Langtang National Park Forest”} </tool_response>

[Turn 3]
<think> Okay, so the forest near Mount Everest is Langtang National Park Forest. Now the next step is to find a woodworker
who carves sculptures using wood from this forest. The relevant tool here is wood_sourcing_locator ... </think>
<tool_call> {“name”: “wood_sourcing_locator”, “arguments”: {“forest_name”: “Langtang National Park
Forest”, “product_type”: “sculptures”}} </tool_call>
<tool_response> Ramesh Thapa is a woodworker who sources wood from Langtang National Park Forest. </tool_response>

[Turn 4]
<think> Okay, now I know the woodworker is Ramesh Thapa. The next step is to find out where he’s based. The tool to use here
is individual_location_finder ... </think>
<tool_call> {“name”: “individual_location_finder”, “arguments”: {“individual_name”: “Ramesh Thapa”}}
</tool_call>
<tool_response> {“location”: “Pokhara”} </tool_response>

[Turn 5]
<think> Okay, now I know Ramesh Thapa is based in Pokhara. The next step is to find the local handicraft of Pokhara. The tool
to use here is local_handicraft_identifier ... </think>
<tool_call> {“name”: “local_handicraft_identifier”, “arguments”: {“location”: “Pokhara”}} </tool_call>
<tool_response> Wooden masks </tool_response>

[Turn 6]
<think> ... All the tool calls led to the correct answers, so the final answer should be wooden masks. </think>
The local handicraft of the town where the woodworker who carves sculptures using wood from the forest near the mountain
with a famous peak (Mount Everest) is wooden masks.



Table 10: Interaction trajectory of Qwen3-4B. The model hallucinates tool parameters, enters a trial-and-error loop,
and ultimately fails to complete the reasoning chain within the turn limit.

Qwen3-4B

[Turn 1] [Issue: Parameter Hallucination & Redundant Over-specification]
<think> Okay, let’s tackle this question step by step ... So, the plan is to first find the mountain with a famous peak ... Let’s
assume the mountain is in a region like the Alps ... </think>
<tool_call> {“name”: “famous_peak_identifier”, “arguments”: {“region”: “Alps”, “fame_type”: “climbing”}}
</tool_call>
<tool_response> No famous peaks found matching the criteria. </tool_response>

[Turn 2] [Issue: Parameter Hallucination & Redundant Over-specification]
<think> Okay, the first tool call didn’t find any famous peaks in the Alps with a climbing reputation. Maybe I need to adjust the
parameters ... So, I’ll call the famous_peak_identifier again with region set to ‘Himalayas’ and fame_type as ‘scenic’. </think>
<tool_call> {“name”: “famous_peak_identifier”, “arguments”: {“region”: “Himalayas”, “fame_type”:
“scenic”}} </tool_call>
<tool_response> No famous peaks found matching the criteria. </tool_response>

[Turns 3-5] (Repeated failed attempts to find the peak) [Issue: Trapped in Error Loop]

[Turn 6] [Issue: Parameter Hallucination & Redundant Over-specification & Overconfidence]
<think> Okay, after several attempts to find a famous peak using different regions and fame types, it seems the tool isn’t returning
any results. Maybe the issue is with the parameters or the tool’s data ... Let’s try using a specific mountain name, like Mount
Fuji, and check if it’s in the Himalayas ... </think>
<tool_call> {“name”: “famous_peak_identifier”, “arguments”: {“region”: “Japan”, “fame_type”: “cultural”,
“historical_event”: “first_ascent”}} </tool_call>
<tool_response> Mount Fuji - A cultural icon of Japan. </tool_response>

[Turn 7] [Issue: Redundant Over-specification]
<think> ... The next step is to find the forest near Mount Fuji. Using the ‘nearby_forest_locator’ tool with the landmark as
Mount Fuji and a reasonable radius, say 50 km ... </think>
<tool_call> {“name”: “nearby_forest_locator”, “arguments”: {“landmark”: “Mount Fuji”, “region”: “Japan”,
“radius”: 50}} </tool_call>
<tool_response> {“forest”: “No specific forest found near the given landmark.” } </tool_response>

[Turn 8] [Issue: Parameter Hallucination & Redundant Over-specification]
<think> ... Alternatively, perhaps the forest is part of a protected area or has a different name ... Let me try adjusting the radius
or region ... So, next step: call ‘nearby_forest_locator’ again with ... a larger radius, say 100 km, to cover more area. </think>
<tool_call> {“name”: “nearby_forest_locator”, “arguments”: {“landmark”: “Mount Fuji”, “region”: “Japan”,
“radius”: 100, “include_protected”: true}} </tool_call>
<tool_response> {“forest”: “No specific forest found near the given landmark.” } </tool_response>

[Turn 9] [Issue: Parameter Hallucination & Redundant Over-specification & Overconfidence]
<think> ... Maybe the issue is that the landmark name isn’t precise enough, or the tool’s database doesn’t have entries for
forests near Mount Fuji ... Let me try a different approach ... Let me use the ‘wood_sourcing_locator’ tool with the forest name
as “Mount Fuji Forest” and product type as “sculptures” ... </think>
<tool_call> {“name”: “wood_sourcing_locator”, “arguments”: {“forest_name”: “Mount Fuji Forest”,
“product_type”: “sculptures”, “region”: “Japan”, “environmental_certification”: “FSC”}} </tool_call>
<tool_response> No specific woodworker information available for the given forest. </tool_response>

[Turn 10] [Issue: Parameter Hallucination & Redundant Over-specification]
<think> ... Now, since the tools aren’t yielding specific results, maybe the approach needs adjustment ... Let’s try using the

‘local_handicraft_identifier’ tool with Japan as the location, assuming the handicraft is related to woodcarving ... </think>
<tool_call> {“name”: “local_handicraft_identifier”, “arguments”: {“location”: “Japan”, “craft_type”:
“woodwork”, “cultural_significance”: true}} </tool_call>
<tool_response> Information on local handicrafts is not available for the specified location. </tool_response>
[Generation Terminated: Maximum turn limit (10) reached without providing a final answer.]



Table 11: Interaction trajectory of MatchTIR (KM). Although the model successfully reasons out the correct target
answer, it exhibits redundancy in the early reasoning stages due to over-specification of geographic constraints.

MatchTIR (KM)

[Turn 1] [Issue: Parameter Hallucination & Redundant Over-specification]
<think> Okay, let’s tackle this question step by step ... So, the first thing I need to do is find out which mountain has a famous
peak. The tool “famous_peak_identifier” can help with that ... Let’s assume the mountain is a well-known one, maybe in a
region like the Alps or Himalayas ... </think>
<tool_call> {“name”: “famous_peak_identifier”, “arguments”: {“region”: “Alps”, “fame_type”: “climbing”}}
</tool_call>
<tool_response> No famous peaks found matching the criteria. </tool_response>

[Turn 2] [Issue: Parameter Hallucination & Redundant Over-specification]
<think> Okay, the first tool call didn’t return any results. Maybe the mountain isn’t in the Alps. ... Let’s adjust the region to

“Himalayas” and see if that works ... Wait, the tool’s parameters allow for optional region, so maybe I should specify a region
where famous peaks are common ... </think>
<tool_call> {“name”: “famous_peak_identifier”, “arguments”: {“region”: “Himalayas”, “fame_type”:
“scenic”}} </tool_call>
<tool_response> No famous peaks found matching the criteria. </tool_response>

[Turn 3] [Issue: Redundant Over-specification]
<think> Okay, maybe the issue is with the region. Let’s try a different approach. Instead of specifying a region, just use the
fame_type as “climbing” and see if the tool can find a mountain with a famous peak ... </think>
<tool_call> {“name”: “famous_peak_identifier”, “arguments”: {“fame_type”: “climbing”}} </tool_call>
<tool_response> Mount Everest - The highest mountain in the world, known for its climbing fame. </tool_response>

[Turn 4] [Issue: Redundant Over-specification]
<think> ... The tool returned Mount Everest. Now, the next part of the question is to find the forest near this mountain ... I need
to use the ‘nearby_forest_locator’ tool ... I should set the landmark to “Mount Everest” and maybe specify a radius to search
around it. The default radius is 50 km, which should be sufficient ... </think>
<tool_call> {“name”: “nearby_forest_locator”, “arguments”: {“landmark”: “Mount Everest”, “radius”: 50}}
</tool_call>
<tool_response> {“forest”: “Langtang National Park Forest”} </tool_response>

[Turn 5]
<think> Okay, so the forest near Mount Everest is Langtang National Park Forest. Now the next step is to find the woodworker
who carves sculptures using wood from this forest ... So I’ll call the wood_sourcing_locator with forest_name set to Langtang
National Park Forest and product_type as sculptures. </think>
<tool_call> {“name”: “wood_sourcing_locator”, “arguments”: {“forest_name”: “Langtang National Park
Forest”, “product_type”: “sculptures”}} </tool_call>
<tool_response> Ramesh Thapa is a woodworker who sources wood from Langtang National Park Forest. </tool_response>

[Turn 6]
<think> ... Ramesh Thapa is the woodworker who sources wood from Langtang National Park Forest. The next step is to
find out where he is based ... The tool that can help with that is the ‘individual_location_finder’ ... The required parameter is
individual_name, so I’ll set that to “Ramesh Thapa” and maybe include the country as Nepal to narrow it down ... </think>
<tool_call> {“name”: “individual_location_finder”, “arguments”: {“individual_name”: “Ramesh Thapa”,
“country”: “Nepal”}} </tool_call>
<tool_response> {“location”: “Pokhara”} </tool_response>

[Turn 7] [Issue: Redundant Over-specification]
<think> Okay, so now I know that Ramesh Thapa is based in Pokhara. The next step is to find the local handicraft of Pokhara...
Let’s call the function with location: Pokhara. </think>
<tool_call> {“name”: “local_handicraft_identifier”, “arguments”: {“location”: “Pokhara”,
“cultural_significance”: true, “materials_used”: true}} </tool_call>
<tool_response> Wooden masks </tool_response>

[Turn 8]
<think> Okay, so the final answer is that the local handicraft in Pokhara is wooden masks ... All steps seem to connect correctly.
The answer should be wooden masks. </think>
The local handicraft of the town where the woodworker who carves sculptures using wood from the forest near the mountain
with a famous peak is wooden masks.
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