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Abstract

Tool-Integrated Reasoning (TIR) empowers
large language models (LLMs) to tackle com-
plex tasks by interleaving reasoning steps with
external tool interactions. However, existing
reinforcement learning methods typically rely
on outcome- or trajectory-level rewards, assign-
ing uniform advantages to all steps within a
trajectory. This coarse-grained credit assign-
ment fails to distinguish effective tool calls
from redundant or erroneous ones, particularly
in long-horizon multi-turn scenarios. To ad-
dress this, we propose MatchTIR, a framework
that introduces fine-grained supervision via bi-
partite matching-based turn-level reward as-
signment and dual-level advantage estimation.
Specifically, we formulate credit assignment
as a bipartite matching problem between pre-
dicted and ground-truth traces, utilizing two
assignment strategies to derive dense turn-level
rewards. Furthermore, to balance local step
precision with global task success, we intro-
duce a dual-level advantage estimation scheme
that integrates turn-level and trajectory-level
signals, assigning distinct advantage values
to individual interaction turns. Extensive ex-
periments on three benchmarks demonstrate
the superiority of MatchTIR. Notably, our 4B
model surpasses the majority of 8B competi-
tors, particularly in long-horizon and multi-
turn tasks. Our codes are available at https:
//github.com/quchangle1/MatchTIR.

1 Introduction

Tool-Integrated Reasoning (TIR) has established it-
self as a critical paradigm for enhancing the capabil-
ities of large language models (LLMs) by enabling
them to interact with external tools during the rea-
soning process (Gou et al., 2024). By leveraging
external tools, TIR allows LLMs to overcome lim-
itations of static parametric knowledge (Jin et al.,
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Figure 1: Comparison of reward and advantage assign-
ment strategies for multi-turn TIR. (a) and (b) show
traditional methods where all reasoning steps share the
same reward and advantage. (c) and (d) illustrate our
MatchTIR framework using hard and soft assignment
to derive turn-level rewards and distinct advantages.

2025; Li et al., 2025b; Zhou et al., 2026), per-
form precise computations (Wang et al., 2024a;
Das et al., 2024), and engage dynamically with
external environments (Qin et al., 2024; Qu et al.,
2024, 2025a,b; Wang et al., 2024b). Through multi-
turn interactions, agents interleave reasoning, tool
execution, and feedback acquisition, refining their
trajectory toward solving complex real-world tasks.

To equip agents with such sophisticated tool-
integrated reasoning capabilities, recent research
has largely adopted reinforcement learning with
verifiable rewards (RLVR) methods (Chang et al.,
2025; Jiang et al., 2025; Zheng et al., 2025c; Lin
and Xu, 2025), such as Group Relative Policy Op-
timization (GRPO) (Shao et al., 2024). While
early RLVR formulations primarily relied on sparse
outcome-based rewards (Li et al., 2025a), subse-
quent works have incorporated trajectory-level sig-
nals (Qian et al., 2025; Zeng et al., 2025b) to pro-
vide denser supervision. However, as shown in
Figure 1, even these trajectory-level formulations
typically assign a uniform advantage value to ev-
ery turn within a trajectory. This “one-size-fits-
all” credit assignment fails to distinguish critical
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reasoning steps from redundant or erroneous tool
calls, leading to inefficient optimization and conse-
quently hindering the model from learning precise
and efficient tool-use strategies.

Several studies have attempted to introduce fine-
grained rewards via intrinsic signals or external
reward models (Wang et al., 2025a; Zhang et al.,
2025c). However, external reward models are inher-
ently susceptible to bias and hallucination, while
Monte Carlo estimation (Dong et al., 2025; Yang
et al., 2026a) incurs prohibitive computational costs
and high variance, especially in long-horizon tasks.
Moreover, many of these efforts are confined to
restricted tools such as search engines, where in-
termediate steps are characterized by high seman-
tic variance due to the fact that multiple different
queries may be equally valid, making it difficult
to establish a unique ground truth for reliable step-
level supervision. In contrast, general TIR sce-
narios naturally expose structured and verifiable
signals, such as tool names, parameter names, and
parameter contents, which enable explicit evalua-
tion of the correctness of the tool use at each turn.
This motivates us to formulate turn-level reward as-
signment as a bipartite matching problem between
predicted and ground-truth tool interactions.

In this paper, we propose MatchTIR, a frame-
work designed to assign distinct, precise advan-
tages to individual turns within a reasoning trajec-
tory. We formulate turn-level credit assignment
as a bipartite matching problem, constructing a
weighted bipartite graph based on similarity scores
across tool names, parameter names, and parameter
contents to align predicted calls with ground-truth
references. Based on this formulation, we intro-
duce both hard and soft credit assignment strate-
gies to derive dense turn-level rewards: the hard
variant enforces “one-to-one” matching, while the
soft variant allows “one-to-many” alignment. Both
strategies produce dense and precise turn-level re-
wards, enabling effective supervision of interme-
diate tool interactions. To ensure the model opti-
mizes for both local accuracy and global success,
MatchTIR synthesizes turn-level rewards with fi-
nal outcome-based rewards. Furthermore, we in-
troduce a dual-level advantage estimation mecha-
nism that harmonizes local turn-level rewards with
global trajectory-level outcomes. Specifically, the
trajectory-level advantage aggregates all rewards
across the entire path to evaluate global quality,
while the turn-level advantage captures the t-th
turn’s specific contribution via discounted accu-

mulation of all subsequent rewards. The policy is
finally optimized using the GRPO objective with
our integrated dual-level advantages.

Extensive experiments on both in-domain and
out-of-domain benchmarks demonstrate the effec-
tiveness and robustness of MatchTIR. In summary,
our main contributions are as follows:
• We identify the uniform credit assignment

problem in existing TIR methods as a key bottle-
neck preventing efficient optimization.
• We propose MatchTIR, which formulates turn-

level credit assignment as a bipartite matching prob-
lem and introduces hard and soft matching strate-
gies to provide dense, turn-level supervision.
• Extensive experiments on three benchmarks

demonstrate the effectiveness of MatchTIR, with
particularly strong gains on long-horizon scenarios,
validating its robustness and generalizability.

2 Preliminaries

In this section, we first present the task formula-
tion of TIR, and then introduce the reinforcement
learning framework adopted in this work.

2.1 Task Formulation

Formally, given a user query q and a tool set
T = {t1, t2, . . . , tn} consisting of n available
tools, the goal of the agent is to generate an in-
teraction trajectory τ = {s1, s2, . . . , sT } to solve
q, where T denotes the number of interaction turns.
Specifically, each interaction turn si = (ni, ci, oi)
is represented as a triplet, where ni is the natural
language reasoning in i-th turn, ci denotes the set
of invoked tools from T along with their specific
parameter names and parameter contents, and oi is
the observation returned by the environment. The
trajectory terminates when the agent generates a
final answer response (where cT = ∅ and oT = ∅)
or reaches the pre-defined maximum turn limit L.

Goal. As discussed in §1, TIR is inherently a
long-horizon, multi-turn process. However, exist-
ing outcome- or trajectory-level reward formula-
tions assign uniform credit across an entire trajec-
tory, failing to distinguish between effective and
unnecessary tool invocations. This results in inef-
ficient credit assignment and suboptimal tool-use
behaviors. Therefore, our goal is to assign pre-
cise turn-level rewards, enabling fine-grained credit
assignment that incentivizes effective tool usage
contributing to the final solution while penalizing
redundant or erroneous actions at each turn.
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Figure 2: The illustration of our proposed MatchTIR. (a) illustrates the process of multi-turn TIR, where the policy
LLM interacts with external tools over multiple turns and receives an outcome reward. (b) shows turn-level reward
modeling by matching predicted and golden tool calls using hard or soft assignment strategies. (c) depicts the
dual-level advantage estimation that integrates trajectory-level and turn-level signals for policy optimization.

2.2 Agentic Reinforcement Learning

To optimize the agent policy πθ, we adopt Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024), a specialized reinforcement learning algo-
rithm. Distinct from conventional methods, GRPO
obviates the requirement for a learned value func-
tion by estimating advantages based on the relative
performance within a group of G rollouts {τi}Gi=1

generated from the same prompt. The GRPO train-
ing objective can be formulated as

JGRPO(θ) = Eq∼D,{τi}∼πθold
(·|q)

1

G

G∑

i=1

1

|τi|

|τi|∑

j=1

[
min(

wi,jÂi,j , clip(wi,j , 1− ϵ, 1 + ϵ)Âi,j)− βDKL(πθ|πref)

]
,

where πold is the old policy, wi,j =
πθ(τi,j |q,τi,<j)
πθold (τi,j |q,τi,<j)

is the importance sampling ratio, Âi,j is the normal-
ized advantage of the j-th token in the i-th rollout.
The hyper-parameters ϵ and β denote the clipping
threshold and the coefficient for KL divergence,
respectively, where the latter regularizes the policy
to remain close to the reference model πref. During
training, tokens corresponding to tool responses are
masked out when computing the objective, since
these tokens are generated by the external environ-
ment rather than being controlled by the agent.

3 Our Approach: MatchTIR

In this section, we will provide a detailed intro-
duction to our proposed MatchTIR. The overall
framework is illustrated in Figure 2.

3.1 Reward Modeling
As shown in Figure 2(a), TIR is inherently a multi-
turn process, where an agent interleaves reasoning
with multiple tool invocations before arriving at a
final answer. To optimize the agent’s policy, it is
crucial to determine whether each predicted tool
call contributes to the reasoning goal. However,
simply comparing individual calls is insufficient, as
the agent may generate redundant tool invocations.
To address this, we reformulate turn-level credit
assignment for TIR as a bipartite matching prob-
lem between two sets. Specifically, given a rollout
trajectory, we extract a set of m predicted tool calls
P = {p1, . . . , pm} and identify n ground-truth
tool calls G = {g1, . . . , gn}. Our goal is to derive
precise rewards by finding an optimal alignment
between P and G, thereby penalizing uninforma-
tive or repetitive actions while rewarding those that
align with the expert reasoning path.

Matching Matrix Construction. We first con-
struct a matching matrix S ∈ Rm×n, where each
entry Sij represents the matching score between
a predicted tool pi and a ground-truth tool gj . In-
spired by the previous work (Qian et al., 2025), the
matching score Sij includes three components:
• Tool Name Matching. We first check the con-

sistency of the tool name. Let ptni and gtnj be the
name of the predicted and golden tool, respectively:

Stn = I(ptni = gtnj ) ∈ {0, 1}, (1)

where I(·) is an indicator function that returns 1 if
the predicted tool name matches the ground-truth
tool name, and 0 otherwise.
• Parameter Name Matching. If the tool name

matches, we calculate Jaccard similarity of parame-
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ter name sets Npi and Ngj to measure the overlap:

Spn =
|Npi ∩Ngj |
|Npi ∪Ngj |

∈ [0, 1], (2)

• Parameter Content Matching. We further as-
sess the correctness of the values provided for each
ground-truth parameter:

Spc =
∑

k∈Ngj

I(pi[k] = gj [k]) ∈ [0, |Ngj |], (3)

where pi[k] and gj [k] denote the parameter content
associated with the parameter name k.

The final similarity score Sij is normalized by
the maximum possible score to ensure Sij ∈ [0, 1]:

Sij = Stn · Stn + Spn + Spc

1 + 1 + |Ngj |
. (4)

While the matrix S provides pairwise alignment
scores, directly using these scores as rewards can
lead to reward hacking, such as repeatedly invoking
similar tools to accumulate high similarity scores.
To mitigate this, we introduce two assignment
strategies to convert S into turn-level rewards.

Hard Credit Assignment. The hard credit as-
signment strategy enforces a strict “one-to-one”
alignment between predicted and ground-truth tool
calls, preventing duplicated credit for the same
ground-truth action. We formulate this process
as a maximum weight bipartite matching problem
and solve it using the Hungarian (Kuhn–Munkres)
algorithm (Kuhn, 1956). Formally, let xij ∈ {0, 1}
be a binary assignment variable that xij = 1 im-
plies that the predicted tool pi is matched with the
ground-truth tool gj . The objective is to maximize
the total matching score

∑
i,j xi,jSi,j , subject to

the constraint that each predicted and ground-truth
tool call is matched at most once. Based on the
resulting matching, the reward for each predicted
tool call pi is defined as

rpi =

{
Sij , if ∃j, xij = 1;

−λ, otherwise,
(5)

where λ is a fixed penalty (or zero) assigned to
erroneous or redundant tool calls that fail to match
any ground-truth tool call.

Soft Credit Assignment. To facilitate a smoother
optimization landscape and provide more nuanced
feedback, we propose a soft relaxation of the as-
signment problem based on Optimal Transport

(OT) (Cuturi, 2013). Instead of enforcing a hard
binary choice, this method treats the predicted and
ground-truth tool sequences as discrete probability
distributions and optimizes the cost of transforming
one into the other. The matching matrix S is trans-
formed into a cost matrix C via a decreasing trans-
formation (e.g., Cij = −Sij), ensuring that high
matching scores translate to minimal transportation
costs. We then compute an optimal transport plan
Z that minimizes the total cost:

min
Z

∑

i,j

ZijCij , s.t. Z1n = a,Z⊤1m = b,

(6)
where a ∈ Rm and b ∈ Rn are marginal distribu-
tions representing the importance weights of pre-
dicted and ground-truth tool calls, respectively.

The resulting transport plan Z effectively func-
tions as a probabilistic mapping between predicted
and ground-truth interactions. Given the resulting
transport plan, the reward rpi for each predicted
tool call is then calculated as the weighted sum of
its similarities across the ground-truth set:

rpi =
∑

j

Zij · Sij . (7)

Unlike the hard version, soft assignment allows
a single ground-truth tool call reward to be dis-
tributed across multiple predicted turns. This mech-
anism ensures that the turn with the highest align-
ment receives the largest share of credit, while other
relevant attempts still receive partial, dense feed-
back to guide the policy’s improvement.

Turn-Level Reward. The assignment mechanisms
described above yield a specific reward rpi for each
individual predicted tool call. However, within the
multi-turn TIR framework, a single interaction turn
may involve multiple tool calls, whereas policy
optimization is typically performed at the turn level.
Therefore, it is necessary to aggregate tool call
rewards into a unified turn-level signal. To this end,
we compute the turn-level reward by averaging the
rewards of predicted tool calls within the same turn:

rt =
1

|Pt|
∑

pi∈Pt

rpi , (8)

where |Pt| denotes the number of predicted tool
calls issued at turn t. This averaging strategy nor-
malizes the reward across turns and discourages
excessive tool usage, ensuring fair comparison be-
tween turns with different numbers of tool calls.
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Outcome-Level Reward. To complement the fine-
grained supervision provided by turn-level rewards,
we incorporate an outcome-level reward ro to evalu-
ate the global objective fulfillment of the entire rea-
soning trajectory. Specifically, we use the F1 score
between the predicted answer â and the golden
answer a as the outcome-level reward:

ro =
2|â ∩ a|
|â|+ |a| ∈ [0, 1]. (9)

This outcome-level reward serves as a global
constraint that complements the turn-level supervi-
sion, encouraging the model to not only make cor-
rect tool calls at each turn but also remain aligned
with successful end-task completion.

3.2 Dual-Level Advantage Estimation

In conventional outcome-supervised RL frame-
works like GRPO, all tokens within a sampled
rollout are typically assigned a uniform advantage
value derived from the final outcome reward. While
this strategy is effective for single-turn or short-
horizon tasks, it is fundamentally suboptimal for
TIR, where a trajectory consists of multiple interac-
tion turns with highly heterogeneous contributions.
Assigning identical advantages to all tokens fails
to distinguish between informative actions that ad-
vance task completion and uninformative or redun-
dant tool-use behaviors, resulting in coarse credit
assignment and noisy policy optimization. To ad-
dress this limitation, we propose a dual-level ad-
vantage estimation framework that evaluates model
actions from two complementary perspectives:

Trajectory-Level Advantage Estimation. We first
evaluate the overall quality of each rollout within
a group of G sampled trajectories. For the i-th
rollout, we define the trajectory-level reward Ri as
the sum of its turn- and outcome-level rewards:

Ri =
T∑

t=1

r
(i)
t , (10)

where r
(i)
t is the turn-level reward at turn t of the

i-th rollout. For the final turn T , r(i)T corresponds
to the outcome-level reward roi .

Following the GRPO framework, the trajectory-
level advantage Ag

i is computed by normalizing the

rewards across the group:Ag
i =

Ri−mean({Rj}Gj=1)

std({Rj}Gj=1)
.

This advantage reflects the relative performance
of the entire reasoning path compared to others

generated for the same prompt, providing a global
supervisory signal for policy optimization.

Turn-Level Advantage Estimation. While
trajectory-level advantage provides a global per-
formance signal, it assigns identical supervision to
all interaction turns within the trajectory. To further
differentiate the contributions of individual turns,
we introduce local turn-level advantage estimation,
which provides fine-grained supervision aligned
with turn-level rewards. Specifically, to capture the
impact of current decisions on future turns, we first
compute a discounted cumulative reward Ri,j for
each turn t in the i-th rollout:

Ri,t =
T∑

k=t

γk−tr
(i)
k , (11)

where γ is the discount factor. This formulation
encourages the model to account for the long-term
consequences of its tool-use behaviors.

To provide fine-grained supervision, we then
compute the local turn-level advantage Al

i,t by com-
paring the cumulative reward against its group-

level baseline: Al
i,t =

Ri,t−mean({Rj,t}Gj=1)

std({Rj,t}Gj=1)
. This

term captures fine-grained differences across inter-
action turns. This dual-view advantage estimation
enables more precise credit assignment for TIR.

3.3 Policy Optimization

Advantage Integration. To jointly leverage the
global task completion signal and local turn-level
supervision, we integrate the trajectory-level and
turn-level advantages into a unified supervisory
signal. For a token at position j belonging to turn
t within the i-th rollout, the integrated advantage
Ãi,j is defined as Ãi,j = Ag

i +Al
i,t.

Objective Function. Using the integrated advan-
tage, we optimize the policy πθ under the GRPO
framework by replacing the advantage with Ãi,j :

J (θ) = Eq∼D,{τi}∼πθold
(·|q)

1

G

G∑

i=1

1

|τi|

|τi|∑

j=1

[
min(wi,j

Ãi,j , clip(wi,j , 1− ϵ, 1 + ϵ)Ãi,j)− βDKL(πθ|πref)

]
.

4 Experiments

In this section, we describe the experimental se-
tups and present a comprehensive evaluation, with
additional results provided in appendix C.
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Methods
FTRL BFCL ToolHop

Avg.
Solve-P Solve-R Solve-F1 Avg.

Multi-Turn Agentic
Avg. AC

Base MF MP LC Search Memory
Qwen3-4B

Vanilla 30.78 29.65 25.85 28.76 41.50 31.00 26.50 27.50 9.00 19.57 22.96 31.63 27.78
GRPO 31.13 32.83 30.67 31.54 45.00 37.50 26.50 29.50 9.50 21.94 25.17 37.25 31.32
FTRL-S 34.10 34.07 31.54 33.24 43.00 35.50 31.00 28.00 6.50 23.44 24.67 38.63 32.18
FTRL-M 34.47 35.44 33.50 34.47 44.50 41.00 32.50 29.50 6.50 22.80 25.76 41.24 33.82
ToolRL-S 28.26 28.32 23.78 26.79 32.50 31.00 22.50 20.00 7.50 19.14 19.91 30.28 25.66
ToolRL-M 30.90 36.26 32.28 33.15 50.00 37.50 29.00 30.00 10.50 22.80 26.64 35.68 31.82

Ours (OT) 31.79 37.52 32.60 33.97 50.00 40.50 26.50 35.00 12.00 21.72 27.43 41.95 34.45
Ours (KM) 32.39 39.70 34.21 35.43 50.50 47.00 28.50 36.50 17.50 22.15 30.23 42.55 36.07

Qwen3-8B

Vanilla 28.08 36.55 29.74 31.46 47.50 46.00 37.50 34.50 10.00 20.43 28.30 42.21 33.99
GRPO 31.59 39.75 32.54 34.63 52.50 45.50 34.50 36.50 14.50 18.92 29.48 40.64 34.92
FTRL-S 32.32 38.87 32.85 34.68 51.50 45.00 35.50 34.00 12.50 17.42 28.23 36.72 33.21
FTRL-M 33.28 40.60 34.20 36.03 50.50 51.00 35.00 33.50 15.00 21.94 30.49 43.32 36.61
ToolRL-S 25.57 35.31 26.72 29.20 41.00 39.50 31.50 25.00 7.50 17.63 23.41 32.93 28.51
ToolRL-M 30.64 40.07 32.51 34.41 50.00 47.00 39.50 32.00 15.50 16.77 29.13 42.55 35.36

Ours (OT) 33.61 42.56 33.61 36.59 55.50 52.00 38.50 36.00 18.00 23.87 33.22 45.80 38.54
Ours (KM) 36.33 44.18 37.33 39.28 60.00 49.00 39.00 40.50 17.00 26.02 34.32 46.16 39.92

Table 1: Performance comparison between MatchTIR and the baselines on three benchmarks with two LLMs. For
our method, KM and OT denote the hard credit assignment and the soft credit assignment, respectively. For BFCL,
MF, MP, and LC correspond to the Miss Function, Miss Parameter, and Long Context subsets, respectively. We
highlight the best performance of Qwen3-4B models and Qwen3-8B models with the red and blue, respectively.

4.1 Experimental Setups

Training Dataset. We train the model on the FTRL
dataset (Ye et al., 2025b), which comprises over
2,000 automatically constructed tool-use environ-
ments with verifiable feedback, covering single-
hop, multi-hop, and parallel reasoning scenarios.

Evaluation Benchmarks. We evaluate MatchTIR
on three benchmarks: FTRL is used for in-domain
evaluation, while BFCL (Patil et al., 2025) and
ToolHop (Ye et al., 2025a) are adopted for out-of-
domain evaluation to assess generalization. Details
of these benchmarks are shown in Appendix A.

Baselines. To evaluate the effectiveness of our
proposed MatchTIR, we compare it against com-
prehensive baselines: (1) Vanilla: We evaluate the
vanilla Qwen3 (Yang et al., 2025) models without
reinforcement learning. (2) GRPO (Shao et al.,
2024): The standard GRPO framework that opti-
mizes the policy solely based on outcome rewards.
(3) ToolRL (Qian et al., 2025): ToolRL assigns
rewards based on the correctness of tool names,
parameter names, and parameter content. While
originally designed for single-turn tool use, we
extend it to the multi-turn interaction setting by
applying its scoring mechanism at the trajectory
level. The single-turn and multi-turn variants are
denoted as ToolRL-S and ToolRL-M, respectively.

(4) FTRL (Ye et al., 2025b): FTRL computes re-
wards using the ratio of successful tool calls to total
attempts. Similar to ToolRL, we include both the
single-turn baseline (FTRL-S) and its adaptation to
the multi-turn setting (FTRL-M).

Implementation Details. We adopt Qwen3-4B
and Qwen3-8B as backbone models and optimize
them using the GRPO objective implemented in
the verl framework (Sheng et al., 2025). All exper-
iments are conducted under the Zero-RL setting,
with a batch size of 256 and 16 rollouts sampled
per query. The maximum number of turns is set to
10, the penalty scale λ is set to 0, and the discount
factor γ is set to 0.9. The reinforcement learning
phase spans 3 epochs, conducted on 8 NVIDIA
A800-80G GPUs. Please refer to Appendix B for
more details about hyperparameter configurations.

4.2 Experimental Results

We present the experimental results in Table 1,
from which we derive the following observations:
• Firstly, compared to vanilla models, most post-

training methods generally achieve consistent per-
formance gains across all benchmarks, demonstrat-
ing the effectiveness of reinforcement learning for
optimizing complex agentic behaviors in TIR.
• Secondly, compared to single-turn training,

models trained in a multi-turn setting exhibit signif-
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Reward Design
FTRL

Solve-P Solve-R Solve-F1 Avg.
Trajectory-Level Advantage Estimation

Outcome 31.59 39.75 32.54 34.63
Turn-Level 32.70 40.70 35.08 36.16
Integrated Reward 32.31 43.16 35.11 36.86

Turn-Level Advantage Estimation

Turn-Level 29.50 42.06 32.01 34.52
Integrated Reward 32.88 41.67 34.65 36.40

Dual-Level Advantage Estimation

Turn-Level 32.45 43.08 35.06 36.96
MatchTIR 36.33 44.18 37.33 39.28

Table 2: Ablation study on reward design and advantage
estimation on the FTRL dataset using Qwen3-8B.

icantly superior performance under similar reward
designs, confirming the necessity of end-to-end
optimization for complex interaction sequences.
• Furthermore, compared to all baseline meth-

ods, both variants of MatchTIR achieve the highest
performance across three benchmarks, demonstrat-
ing strong generalization that overcomes the po-
tential exploration constraints imposed by ground-
truth alignment. Notably, our 4B models even sur-
pass most 8B baselines. This improvement can
be attributed to our turn-level reward design and
dual-level advantage estimation, which effectively
distinguishes useful tool calls from mistakes.
• Finally, compared to the soft variant (OT), the

hard variant (KM) consistently yields better results.
This suggests that soft alignment may assign partial
credit to near-miss tool calls (e.g., parameter errors)
which are actually fatal in execution, leading to sub-
optimal policy updates. In contrast, KM provides a
rigorous binary signal essential for exact tool usage
by enforcing a strict one-to-one mapping.

4.3 Ablation Study

To evaluate the contribution of each component
within our framework, we conduct a comprehen-
sive ablation study on the Qwen3-8B model across
two dimensions: reward design and advantage
estimation strategies. As shown in Table 2, turn-
level rewards consistently outperform outcome-
based rewards, indicating the importance of super-
vising intermediate tool interaction steps. Further-
more, combining turn-level and outcome rewards
yields additional performance gains, indicating that
effective optimization for TIR benefits from jointly
modeling intermediate tool execution quality and
final task correctness. Regarding advantage esti-
mation, using either trajectory-level or turn-level
advantage alone leads to suboptimal performance.

Easy[1-3] Medium[4-7]Hard[8-11]
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Figure 3: Performance comparison on subsets of vary-
ing task complexity, where queries are grouped based
on the number of tools required to solve each task.

Model Method Tool Calls ↓ Success ↑ Failure ↓

Qwen3-4B Vanilla 1444 15.44% 84.56%
Ours 1297 27.83% 72.17%

Qwen3-8B Vanilla 1593 19.08% 80.92%
Ours 1373 27.90% 72.10%

Table 3: Analysis of tool-use efficiency and accuracy.

In contrast, integrating both consistently yields su-
perior results across all evaluation metrics. This
suggests that assigning token-level credit requires
balancing fine-grained local execution signals with
global trajectory-level context. Overall, MatchTIR
achieves the best performance by effectively syn-
thesizing these components, confirming that fine-
grained turn-level signals effectively complement
global trajectory-level supervision, enabling more
precise and reliable optimization.

4.4 Robustness to Task Complexity

To evaluate how MatchTIR adapts to varying rea-
soning depths, we categorize the evaluation queries
into three difficulty levels, namely Easy, Medium,
and Hard, based on the number of tool invocations
required to resolve each task. As illustrated in
Figure 3, MatchTIR consistently outperforms the
vanilla baseline across all complexity levels for
both the 4B and 8B model scales, demonstrating
robust generalizability. Notably, the performance
gains become increasingly pronounced as task com-
plexity scales, with the most significant gains ob-
served on the Hard subset. This trend indicates
that long-horizon, multi-turn tool-interaction tasks
benefit more substantially from turn-level reward
assignment. In these complex scenarios, individual
tool calls contribute unevenly to the final outcome,
and a uniform advantage to all tokens within such
a long trajectory inevitably obscures these critical
distinctions. By providing fine-grained supervi-
sion, MatchTIR enables more effective credit as-
signment, thereby yielding superior performance,
especially on long-horizon, multi-turn tasks.
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Figure 4: Sensitivity analysis of performance to hyper-
parameters. (a) shows the impact of penalty scales λ.
(b) illustrates the effect of discounted factor γ.

4.5 Tool-Use Efficiency and Accuracy

To assess how turn-level reward assignment influ-
ences the tool-use behavior of the agent, we analyze
the total number of tool calls as well as the propor-
tions of successful and failed tool invocations. As
shown in Table 3, models trained with our approach
consistently make fewer tool calls while achieving
substantially higher tool-call success rates across
both Qwen3-4B and Qwen3-8B. Specifically, our
method reduces the overall frequency of tool in-
vocations and significantly lowers the failure rate,
indicating that agents learn to invoke tools more
selectively and accurately rather than relying on
excessive or redundant calls. These results suggest
that fine-grained, turn-level supervision not only
improves task-level performance but also leads to
more efficient and reliable tool-use strategies.

4.6 Hyper-parameter Analysis

Impact of Penalty Scales. As illustrated in Fig-
ure 4(a), we observe a distinct trade-off between
precision and success rate as the penalty scale λ
increases. Specifically, intensifying the penalty
for unmatched or redundant tool calls leads to a
consistent improvement in Solve-P, indicating that
the model becomes more conservative and effec-
tively suppresses redundant or erroneous tool invo-
cations. However, this increased stringency results
in a marginal decline in Solve-R, suggesting that
overly strong penalties may inhibit exploratory yet
necessary tool calls in high-uncertainty scenarios.
These results highlight the importance of balancing
penalty strength to encourage precise tool usage
without excessively constraining the model’s abil-
ity to explore and resolve complex queries.

Impact of Discount Factor. Figure 4(b) demon-
strates the performance sensitivity to the discount
factor γ. We observe a consistent and significant
improvement across all evaluation metrics as γ in-
creases from 0.1 to 0.9. This trend underscores the
long-horizon nature of multi-turn TIR, where early

tool-calling decisions critically shape subsequent
interactions and ultimately determine task success.
A higher γ effectively enables the turn-level ad-
vantage to capture these long-term dependencies,
ensuring that intermediate actions are optimized
not just for immediate correctness, but for their
contribution to the overall task completion.

5 Related Work

5.1 Tool-Integrated Reasoning

Recently, RLVR, such as GRPO-based methods
(Shao et al., 2024; Yu et al., 2025a; Zheng et al.,
2025a), has been widely adopted to enhance TIR by
directly optimizing models against task-level feed-
back (Wang et al., 2025c; Xue et al., 2025; Qu et al.,
2025c). Early RL-based approaches rely on re-
wards derived solely from final outcomes, resulting
in sparse and delayed supervision (Li et al., 2025a;
Feng et al., 2025a). Subsequent methods mitigate
this issue by assigning rewards at the trajectory
level, providing denser training signals (Qian et al.,
2025; Zhang et al., 2025a; Zeng et al., 2025b; Wei
et al., 2025; Yang et al., 2026b; Chen et al., 2025;
Gan et al., 2026). Despite these advances, most
existing methods assign a single reward to an entire
trajectory, causing all actions to share identical ad-
vantage signals regardless of their individual qual-
ity. Such coarse-grained feedback prevents models
from distinguishing effective from ineffective tool
calls and obscures turn-level contributions in multi-
turn scenarios (Lightman et al., 2024). In contrast,
our work introduces a turn-level reward assignment
and dual-level advantage estimation framework,
which enables fine-grained supervision.

5.2 Fine-Grained Credit Assignment

Recent studies have explored turn-level or process-
level rewards to perform fine-grained credit assign-
ment (Zeng et al., 2025a; Yu et al., 2025b; Yue et al.,
2025; Zheng et al., 2025b; Zhang et al., 2025b),
which can be broadly categorized into sampling-
based and model-based methods. Sampling-based
approaches typically employ Monte Carlo rollouts
to approximate turn-level credit (Feng et al., 2025b;
Tran et al., 2025). While theoretically unbiased,
these approaches suffer from high variance and
substantial computational overhead, especially in
multi-turn interaction settings. Model-based meth-
ods instead leverage intrinsic reward functions or
external reward models to estimate the utility of
intermediate steps (Wang et al., 2025a,b). However,
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the accuracy of these rewards is not guaranteed, as
these signals are often model-dependent, difficult
to calibrate, and prone to limited generalization
across domains. In this paper, we exploit the struc-
tured nature of TIR by formulating turn-level credit
assignment as a bipartite matching problem, en-
abling fine-grained and precise turn-level rewards.

6 Conclusion

In this paper, we propose MatchTIR, a novel frame-
work designed to provide fine-grained supervision
for Tool-integrated Reasoning (TIR) via bipartite
matching. By introducing a turn-level reward
design and dual-level advantage estimation, our
method assigns distinct advantages to individual
tokens, effectively distinguishing high-quality tool
calls from redundant or uninformative ones. Ex-
tensive experiments on both in-domain and out-of-
domain benchmarks demonstrate the effectiveness
of MatchTIR across various model scales, with
particularly pronounced improvements in long-
horizon, multi-turn interaction scenarios.

Limitations

Despite the significant performance gains achieved
on the Qwen3-4B and Qwen3-8B model series,
our work has certain limitations. First, due to con-
strained computational resources, we were unable
to conduct experiments on larger-scale models. We
hope that the publication of this work will encour-
age further exploration of our framework on more
massive architectures. Second, our approach re-
lies on the availability of ground-truth trajectories
for turn-level supervision. This poses a challenge
in highly open-ended scenarios such as “deep re-
search” tasks, where ground-truth parameters and
reasoning steps are inherently difficult to determine
or verify. Consequently, adapting our method to
such problems remains a promising but challenging
direction for future research.
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Appendix

A Benchmark Details

In this section, we introduce the detailed descrip-
tion of the benchmarks used in this paper. The
statistics of these datasets are shown in Table 4.

FTRL.1 The Feedback-Driven Tool-Use Reinforce-
ment Learning (FTRL) (Ye et al., 2025b) bench-
mark is designed for evaluating tool-integrated rea-
soning under automatically constructed local exe-
cution environments. To mirror the complexity of
real-world interactions, FTRL categorizes tool-use
scenarios into four distinct levels of difficulty:
• Single-Hop: Contains a single query that can

be resolved with a one-time tool invocation.
• Parallel Single-Hop: Involves multiple inde-

pendent sub-queries, allowing the agent to invoke
multiple tools in parallel to gather information.
• Multi-Hop: Consists of a sequence of depen-

dent sub-queries, where the execution of a subse-
quent tool depends on the output of previous steps.
• Parallel Multi-Hop: A hybrid and complex

structure that includes both independent and inter-
dependent sub-queries, requiring advanced logical
planning and orchestration.

To provide a multidimensional assessment of
model performance, FTRL employs the following
verifiable metrics:

• Solve-P: Measures the precision of the tool
invocations. It is defined as the ratio of valid tool
calls to the total number of calls made:

Solve-P =

{
q
p , if p > 0

1, if p = 0
(12)

where p is the number of tools invoked, q is the
number of sub-questions successfully solved.
• Solve-R: Evaluates the completeness of task

execution by measuring the proportion of success-
fully resolved sub-tasks. The formula is:

Solve-R =
q

n
(13)

where n is the number of sub-questions in total.
Solve-F1: Evaluates the harmonic mean of

Solve-P and Solve-R, providing an overall perfor-
mance measure:

Solve-F1 =
2 · Solve-P · Solve-R
Solve-P + Solve-R

(14)

1https://github.com/bytedance/FTRL

In this work, we use FTRL as the in-domain
benchmark for both training and evaluation. Its
structured feedback and multi-turn interaction set-
ting make it particularly suitable for studying fine-
grained credit assignment and turn-level supervi-
sion in tool-integrated reasoning.

BFCL.2 The Berkeley Function Calling Leader-
board (BFCL) (Patil et al., 2025) is a comprehen-
sive and rigorous benchmark designed to evaluate
the function-calling capabilities of LLMs across a
wide range of scenarios. To assess the performance
of models in complex agentic settings, BFCL V3
and V4 introduce several critical task dimensions:
• Multi-Turn: This dimension evaluates the

model’s ability to maintain state and handle dy-
namic decision-making over multiple conversa-
tional turns. It consists of four subsets: Base,
which provides standard multi-turn interactions;
Missing Parameters and Missing Functions,
which test robustness when information is incom-
plete; and Long-Context, which requires extract-
ing tool information from extensive distractor text.
• Agentic: This dimension focuses on the

model’s capacity for autonomous reasoning and
interaction within a stateful environment. it in-
cludes two subsets: Web Search, requiring real-
time information retrieval, and Memory, testing
the ability to recall and utilize information from
previous interactions.

BFCL employs a multi-layered evaluation strat-
egy to ensure execution rigor:
• Multi-turn: Requires passing two per-turn

checks for overall success: (1) State-based Evalu-
ation, which verifies backend system state changes,
and (2) Response-based Evaluation, which val-
idates the execution path against minimal viable
result paths for read-only requests.
• Agentic: Employs an exact-match metric iso-

lated to the “answer” field. This prevents false
positives from incidental phrasing in unstructured
text, ensuring the model commits to a precise and
intended response.

ToolHop.3 ToolHop (Ye et al., 2025a) is a query-
driven benchmark specifically designed to evaluate
LLMs in multi-hop tool-use scenarios. It features
995 user queries and 3,912 locally executable tools,
focusing on the model’s ability to handle complex

2https://github.com/ShishirPatil/gorilla/blob/main/berkeley-
function-call-leaderboard

3https://huggingface.co/datasets/bytedance-
research/ToolHop
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Datasets Train Test

FTRL
FTRL BFCL

ToolHop
Single-Hop Parallel SH Multi-Hop Parallel MH Base Miss Func Miss Param Long Context Web Search Memory

#Number 2,215 50 50 50 50 200 200 200 200 200 465 995

Table 4: Detailed statistics of the experimental datasets, including training data from FTRL and test sets across
FTRL, BFCL, and ToolHop benchmarks.

interdependencies.
ToolHop focuses on the accuracy of the final

answer through a verifiable execution environment:
Answer Correctness (AC): The primary metric
that measures the proportion of queries for which
the model provides a correct final answer, verified
against ground-truth labels.

B More Implementation Details

The detailed hyper-parameter configurations for
our experiments are summarized in Table 5.

Category Hyper-parameter

Data Configuration

Train Batch Size 256
Validation Batch Size 256
Max Prompt Length 7000
Max Response Length 23000

Optimization

Learning Rate 1e-6
PPO Mini Batch Size 32
KL-Divergence loss coefficient 0.001

Rollout Configuration

Rollout Name vllm
Rollout Temperature 1.0
GPU Memory Utilization 0.7
Number of Rollouts 16

Training & Logging

Save Frequency 8
Test Frequency 4
Total Epochs 3

Table 5: Training Configuration.

In addition to the standard training setup, we pro-
vide further clarifications on the implementation of
our reward and evaluation mechanisms. Our turn-
level advantage estimation is performed by compar-
ing rollouts within the same group at each specific
turn t. Given that trajectories in a group may have
varying lengths, we implement the following logic
to ensure robust estimation: For a given turn t,
the advantage is computed only among the subset
of rollouts that actually reach or exceed t turns.
In scenarios where only a single rollout within a
group contains the t-th turn, we provide a fallback

Advantage Estimation
FTRL

Solve-P Solve-R Solve-F1 Avg.

Weighted Product (KM) 33.10 42.38 34.62 36.70
Weighted Sum (KM) 29.95 40.71 32.77 34.48
MatchTIR (KM) 36.33 44.18 37.33 39.28

Table 6: Additional analysis on advantage estimation on
the FTRL dataset using Qwen3-8B.

by setting the mean to 0 and the variance to 1 for
normalization purposes. This prevents numerical
instability and ensures that the single available data
point does not lead to skewed gradients. For the
evaluation of the Web Search subset within the
BFCL benchmark, we utilize the Bing Search 4

API as the underlying search engine.

C More Experiments

We further perform additional experiments on
FTRL with Qwen3-8B for deeper analysis, which
are presented here due to space constraints.

C.1 Analysis on Advantage Estimation

To further investigate the mechanism of turn-level
credit assignment, we conduct supplementary ex-
periments using the Qwen3-8B model on the FTRL
benchmark. We compare MatchTIR with an alter-
native intuition-based approach, referred to here as
the Weighted Intra-trajectory Method.

Weighted Intra-trajectory Method. To further
explore the mechanisms of turn-level credit assign-
ment, we investigate two alternative variants that
estimate advantages within an individual trajec-
tory (intra-trajectory) rather than across different
rollouts (inter-group). For both variants, we first
compute a local turn-level advantage Aloc

i,t by treat-
ing each turn as an independent sample within the

same rollout: Aloc
i,t =

Ri,t−mean({Ri,j}Tj=1)

std({Ri,j}Tj=1)
. Based

on Aloc
i,t , we propose two weighting strategies to

adjust the global trajectory advantage Ag
i :

• Weighted Product: This method uses the lo-
cal advantage as a scaling factor to modulate the

4https://serpapi.com/bing-search-api
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Cost Matrix
FTRL

Solve-P Solve-R Solve-F1 Avg.

Exponential Transformation 30.96 41.50 33.38 35.28
Normalized Inversion 32.77 42.88 34.91 36.85
Linear Inversion 33.61 42.56 33.61 36.59

Table 7: Additional analysis on cost matrix construction
of OT on the FTRL dataset using Qwen3-8B.

magnitude of the global signal. The final adjusted
advantage Âi,t for each token in turn t is defined

as Âi,t =
(
1 + 0.1 · sgn(Ag

i ) ·Aloc
i,t

)
Ag

i , where
sgn(·) ensures the weighting direction aligns with
the trajectory performance.
• Weighted Sum: This method directly incorpo-

rates the local turn-level signal by adding it to the
global advantage: Âi,t = Ag

i +Aloc
i,t

Results and Discussion. As shown in Table 6, the
results indicate that this Weighted Intra-trajectory
Method approach yields inferior performance com-
pared to MatchTIR. We attribute this to the fact that
intra-trajectory normalization inherently overlooks
the temporal interdependencies between turns. In
multi-turn TIR tasks, the success of a later turn
is often contingent upon the precise execution of
earlier tool calls. By solely focusing on the internal
variance of a single rollout, the weighted method
fails to capture the relative quality of the reasoning
path across different potential strategies, whereas
our inter-group discounted approach provides a
higher-resolution signal for mastering long-horizon
interactions.

C.2 Analysis on Cost Matrix Construction

Since the cost matrix C in our Optimal Transport
(OT) framework is derived from the similarity ma-
trix S, the transformation function applied to S
significantly influences the final turn-level reward
assignment. To evaluate this impact, we compare
three distinct construction methods:
• Linear Inversion: C = −S. This maintains

the original linear distribution of similarity scores.
• Normalized Inversion: C = 1−Snorm, where

Snorm = S−min(S)
max(S)−min(S)+ϵ .

• Exponential Transformation: C = −eS .
This non-linear mapping amplifies the differences
between high-similarity pairs and others.

Results and Discussion. As shown in Table 7,
the results indicate that the model performance is
relatively insensitive to the choice between Linear
Inversion and Normalized Inversion. This consis-

Methods
FTRL

Solve-P Solve-R Solve-F1 Avg.
FTRL

Single-Turn 32.32 38.87 32.85 34.68
Expanded Single-Turn 35.34 43.13 35.30 37.92
Multi-Turn 33.28 40.60 34.20 36.03

ToolRL

Single-Turn 25.57 35.31 26.72 29.20
Expanded Single-Turn 30.23 27.73 27.28 28.41
Multi-Turn 30.64 40.07 32.51 34.41

MatchTIR

Multi-Turn 36.33 44.18 37.33 39.28

Table 8: Performance comparison between multi-turn
training and expanded single-turn baselines on FTRL
and ToolRL using Qwen3-8B.

tency suggests that the raw similarity scores gen-
erated by our matching module are already well-
distributed, and linear re-scaling does not alter the
relative matching order. In contrast, we observe a
performance drop with the Exponential Transfor-
mation. We hypothesize that this is primarily due to
numerical instability and noise amplification. The
exponential function excessively magnifies minor
fluctuations in similarity scores, creating a cost ma-
trix with values spanning several orders of magni-
tude. This not only hinders the convergence of the
Sinkhorn solver due to precision errors during iter-
ative normalization but also leads to high-variance
advantage that destabilize the policy gradient.

C.3 Multi-Turn vs. Expanded Single-Turn

While our main results demonstrate the superior-
ity of multi-turn training, one could argue that this
advantage stems from increased computational ex-
penditure during inference and training. To ensure
a fair comparison, we conduct an experiment by
decomposing multi-turn trajectories into expanded
single-turn training sets. Specifically, a trajectory
consisting of T turns is decomposed into T − 1
independent training samples. For each sample at
turn t, the model is provided with the conversation
history of the preceding t turns and tasked with
predicting the (t+ 1)-th tool-calling action. This
data expansion ensures that the single-turn baseline
is exposed to the same volume of state-transition
information as the multi-turn approach.

Results and Discussion. As shown in Table 8,
while increasing the data volume via decomposi-
tion improves performance on the FTRL bench-
mark, it still falls short of our end-to-end multi-turn
optimization. Interestingly, on the ToolRL bench-
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Prompt Template for Training

System Prompt:
# 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 List}
</tools>
For each function call, return a json object
with the function name and arguments within
<tool_call></tool_call> XML tags:
<tool_call>
{“name”: <function-name>, “arguments”: <args-
json-object>}
</tool_call>
User Prompt:
Please call the 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 con-
tinue until you arrive at an answer.
Only output the final answer (in words, numbers, or
phrases) inside the <answer></answer> tag, without
any explanations or extra information.
Question: {question}
Output:

Figure 5: Prompt template used in our experiments.

mark, we observe that increasing data through
single-turn decomposition actually leads to a per-
formance decline. We attribute this to the inherent
limitations of the single-turn paradigm: Single-turn
models rely heavily on the immediate reward de-
sign for each isolated step. Without the context of
the entire trajectory, they struggle to reconcile local
actions with long-term goals. The single-turn for-
mat restricts the potential for sophisticated reward
and advantage estimation, which requires a holis-
tic view of the interaction. These findings suggest
that end-to-end multi-turn optimization is funda-
mentally more effective, as it allows the model to
capture inter-turn dependencies that simple data
expansion in a single-turn setting cannot replicate.

D Case Study

In this section, we present a case study to demon-
strate the rationality of the turn-level rewards gen-
erated by MatchTIR. As shown in Table 9, this
example specifically highlights the distinction be-
tween the hard and soft variants.

E Prompt

In this section, we present the prompts used in our
experiments. Specifically, we follow the template

provided in FTRL (Ye et al., 2025b), the prompt
template for training is shown in Figure 5.
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Question: What is the common building material of the town where the architect who designs buildings inspired by the
architecture of the castle on the hill overlooking the valley?
Ground Truth Tool Calls: [{ “name”: “valley_hill_analyzer”, “parameters”: {} }, { “name”: “landmark_locator”,
“parameters”: {“landmark_type”: “castle”, “geographic_feature”: “Yosemite Valley”, “position_relation”: “on the hill”} },
{ “name”: “architect_inspiration_analyzer”, “parameters”: {“landmark”: “hearst castle”} }, { “name”: “person_locator”,
“parameters”: {“name”: “Lily Chen”} }, { “name”: “building_material_analyzer”, “parameters”: {“location”: “Santa
Barbara”} } ]
Ground Truth Answer: Stone.
Turn 1:
<think> Okay, let me try to figure out how to answer this question. ...... </think>
<tool_call> {“name”: “landmark_locator”, “arguments”: {“landmark_type”: “castle”, “geographic_feature”: “valley”,
“position_relation”: “overlooking”}} </tool_call>
<tool_response> {“result”: “No specific landmark found matching the criteria”} </tool_response>
[WRONG] Reward Given by MatchTIR (KM): 0 Reward Given by MatchTIR (OT): 0.025
Turn 2:
<think> Okay, the first tool call didn’t return a specific landmark. Maybe I need to ...... </think>
<tool_call> {“name”: “valley_hill_analyzer”, “arguments”: {}} </tool_call>
<tool_response> {“result”: “Yosemite Valley has a hill overlooking it.”}</tool_response>
[CORRECT] Reward Given by MatchTIR (KM): 1.0 Reward Given by MatchTIR (OT): 0.1667
Turn 3:
<think> Okay, so the valley_hill_analyzer returned Yosemite Valley with a hill overlooking it. Now, the next step is to ......
</think>
<tool_call> {“name”: “landmark_locator”, “arguments”: {“landmark_type”: “castle”, “geographic_feature”: “Yosemite
Valley”, “position_relation”: “on the hill”}} </tool_call>
<tool_response> {“result”: “Hearst Castle”}</tool_response>
[CORRECT] Reward Given by MatchTIR (KM): 1.0 Reward Given by MatchTIR (OT): 0.1581
Turn 4:
<think> Okay, so the Hearst Castle is located on the hill overlooking Yosemite Valley. Now, the next step is to ...... </think>
<tool_call> “name”: “architect_inspiration_analyzer”, “arguments”: “landmark”: “Hearst Castle” </tool_call>
<tool_response> Lily Chen </tool_response>
[CORRECT] Reward Given by MatchTIR (KM): 1.0 Reward Given by MatchTIR (OT): 0.1667
Turn 5:
<think> Okay, so the architect inspired by Hearst Castle is Lily Chen. Now, I need to find out ...... </think>
<tool_call> “name”: “person_locator”, “arguments”: “name”: “Lily Chen” </tool_call>
<tool_response> Santa Barbara </tool_response>
[CORRECT] Reward Given by MatchTIR (KM): 1.0 Reward Given by MatchTIR (OT): 0.1667
Turn 6:
<think> Okay, so Lily Chen is located in Santa Barbara. Now, the next step is to ...... </think>
<tool_call> “name”: “building_material_analyzer”, “arguments”: “location”: “Santa Barbara” </tool_call>
<tool_response> “result”: “Analyzing building materials in Santa Barbara for modern period. Building type: all types.
Environmental impact not considered. Availability considered. Technological advancements not considered. Cultural
influences not considered. Economic factors not considered. Common building material: Stone.” </tool_response>
[CORRECT] Reward Given by MatchTIR (KM): 1.0 Reward Given by MatchTIR (OT): 0.1667
Turn 7:
<think> The common building material in Santa Barbara, where the architect Lily Chen (inspired by Hearst Castle) is located,
is stone. </think>
<answer> Stone. </answer>
[CORRECT] Outcome Reward: 1.0

Table 9: A case study of turn-level reward given by MatchTIR (KM) and MatchTIR (OT).
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