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Abstract

Function calling empowers large language mod-
els (LLMs) to interface with external tools,
yet existing RL-based approaches suffer from
misalignment between reasoning processes
and tool-call decisions. We propose R2IF,
a reasoning-aware RL framework for inter-
pretable function calling, adopting a compos-
ite reward integrating format/correctness con-
straints, Chain-of-Thought Effectiveness Re-
ward (CER), and Specification-Modification-
Value (SMV) reward, optimized via GRPO. Ex-
periments on BFCL/ACEBench show R2IF out-
performs baselines by up to 34.62% (Llama3.2-
3B on BFCL) with positive Average CoT Ef-
fectiveness (0.05 for Llama3.2-3B), enhanc-
ing both function-calling accuracy and inter-
pretability for reliable tool-augmented LLM
deployment.

1 Introduction

Large language models (LLMs) excel at open-
domain text generation but lack reliability in real-
time structured interactions (e.g., tool invocation)
due to static offline training data (Liu et al.,
2024b,a; Wang et al., 2024). Function calling ad-
dresses this by translating natural language queries
into precise executable tool APIs, unlocking up-to-
date knowledge and complex task-solving capabili-
ties.

Early function calling research relied on super-
vised fine-tuning (SFT) (Hao et al., 2025) with
annotated tool-use data, but was bottlenecked by
scarce high-quality executable data. As training
signals and evaluation protocols matured, reinforce-
ment learning (RL) (Qian et al., 2025; Zhang et al.,
2025) emerged as a powerful alternative, directly
optimizing functional correctness and enabling ac-
curate function calls across diverse benchmarks.
Yet most RL-based methods remain outcome-
driven, rewarding only final correctness via AST
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  Could you tell me the current weather conditions for San
Francisco?

<reason>
The question requires retrieving the current weather conditions for San
Francisco. The function to be used is #get_current_weather#.
</reason>

GRPO

R2IF

<reason>
Step1: The question asks for the current weather conditions for San
Francisco. The appropriate function is #get_current_weather#.
Step2: 
For #get_current_weather# (San Francisco):
- location: The location is "San Francisco", which does not matches the
required format of "City, State" without a specified state. It will be
assumed as "San Francisco, CA".
- unit: The unit is not specified, so the default value "fahrenheit" will be
used.
</reason>

get_current_weather

Location: The location for which to get the weather,  in the format of
'City, State' if State for the city exists. 'City, Country' if State for
the city doesn't exist. Use short form for state.

Unit:The unit of temperature for the weather report. Default value is
fahrenheit

<tool>
[{"name": "get_current_weather", "arguments": {"location": "San Francisco,
CA", "unit": "fahrenheit"}}]
</tool>

<tool>
[{"name": "get_current_weather", "arguments": {"location": "San Francisco"}}]
</tool>

Figure 1: Our method correctly supplements parameter
values (e.g., CA, fahrenheit) by aligning reasoning with
tool specifications, while the baseline GRPO model fails
to address parameter format requirements.

evaluation—correct calls (Patil et al., 2025) do not
equate to sound reasoning, as generated reasoning
often serves as post-hoc rationalization rather than
guiding tool selection or parameter construction.
For example, when queried about San Francisco’s
weather (Figure 1), the baseline GRPO model’s rea-
soning only identifies #get_current_weather# but
ignores parameter format (City, State) and default
values, leading to incomplete tool calls. Given
function calling’s structural rigor and sensitivity
to fine-grained arguments, accuracy alone fails to
capture reasoning quality or system robustness.

Directly rewarding reasoning without grounding
in tool schemas is non-trivial. Unlinked to tool
specifications and parameter transformations, pro-
cess rewards prioritize verbosity over utility. Worse,
unconstrained reasoning rewards may erode param-
eter precision by reinforcing plausible but tool-call
decision-misaligned rationales, making "rewarding
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reasoning" insufficient for reliable tool use.
Addressing this gap is pivotal to enhancing tool-

augmented LLMs’ interpretability and robustness:
ungrounded reasoning complicates error diagno-
sis, causes failures in unseen parameter formats or
queries, and undermines trust and generalization.
Effective supervision must distinguish between rea-
soning that merely accompanies correct actions and
reasoning that actively supports parameter specifi-
cation, necessary modifications, and value instanti-
ation—three pillars of reliable tool use.
Our Work. In this work, we propose R2IF, a
reasoning-aware reinforcement learning framework
for interpretable function calling in large language
models. We formalize interpretability as the align-
ment between reasoning and executable tool-call
decisions, grounded in parameter specification,
modification, and value instantiation. Building
on this, we design a composite reward integrating
strict format/correctness constraints, a distribution-
based Chain-of-Thought (Wei et al., 2023) Effec-
tiveness Reward (CER) quantifying reasoning util-
ity, and a Specification-Modification-Value (SMV)
reward enforcing parameter-level reasoning align-
ment. Optimized via Grouped Proximal Policy
Optimization (GRPO) (Shao et al., 2024), R2IF
provides trajectory-level supervision to discourage
correct-but-ungrounded tool calls and strengthen
reasoning-tool call decision links.
Results and Findings. Across BFCL and
ACEBench benchmarks, R2IF achieves top over-
all accuracy across Qwen2.5 (1.5B/3B/7B) and
Llama3.2-3B backbones, with a +34.62% gain on
Llama3.2-3B (BFCL) and +15.4% on Qwen2.5-
7B (ACEBench). It maintains strong irrelevant
tool-rejection performance (≥96% accuracy) while
boosting Atomic and Single-turn task gains, con-
firming balanced improvement over conservative
strategies. R2IF’s reasoning effectiveness (ACE)
turns positive for 3B/7B models (e.g., 0.05 for
Llama3.2-3B on BFCL), outperforming baselines
with negative values. Notably, R2IF scales mono-
tonically with model size and generalizes across
model families, remaining competitive under real-
user Live scenario distribution shifts.
Summary of contributions: Our contributions are
summarized as follows:

• We propose a hybrid reward design that jointly
optimizes reasoning quality and final function-
call correctness, addressing the misalignment
between reasoning processes and tool-call de-

Table 1: Comparison of task categories in terms of tool
availability and invocation patterns.

Task Category Tool Set Size |T | Distinct Tools Used # Tool Calls |A|
Simple 1 1 1

Multiple > 1 1 1

Parallel 1 1 > 1

Parallel Multiple > 1 ≥ 1 > 1

Irrelevance N 0 0

cisions in RL-based function calling.

• We introduce a distribution-based Chain-of-
Thought Effectiveness Reward (CER), which
enhances tool-call stability without relying on
subjective reasoning scoring.

• We design a parameter-level Specification-
Modification-Value (SMV) as an optimization
of outcome-oriented RL methods, explicitly
supervising parameter constraints, transfor-
mations, and value instantiation to improve
interpretability and precision.

2 Background and Related Work

Formalization. In the function calling task, our
goal is to evaluate the model’s ability to determin-
istically transform user queries into executable ac-
tions. The core formalization of this task is as
follows:

Given a user query Q and a tool set T =
{t1, t2, ..., tn}, the model performs a mapping func-
tion f , producing an ordered output tuple

(R,A) = f(Q,T ).

Here, R represents the reasoning process, which
is a text reasoning sequence; A represents the func-
tion call result, which can vary depending on the
specific scenario, and it may be an empty action
∅, a single action, or a set of actions. The specific
scenarios are all presented in Table 1.

Function call. Early work on LLM function
calling primarily relied on supervised fine-tuning
(SFT). To mitigate the lack of high-quality data,
several studies proposed scalable synthetic data
pipelines. Liu et al. (2024b) introduce APIGen,
which generates verifiable function-calling data via
hierarchical checks, while Liu et al. (2024a) pro-
pose ToolACE, an agentic synthesis framework
that expands API coverage and scenario complex-
ity. For standardized evaluation, Patil et al. (2025)
present the Berkeley Function Calling Leader-
board (BFCL), which has become a widely adopted
benchmark.
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Figure 2: Overall pipeline of our reward optimization. We (i) compute a binary reward to enforce strict function-call
correctness, (ii) compute a CER reward to measure whether the CoT supports the chosen actions, and (iii) compute
an SMV reward to align the CoT with ground-truth parameter specification, modification, and value.

More recently, reinforcement learning (RL) has
been used to frame function calling as a policy
optimization problem, directly optimizing correct-
ness under verifiable rewards. Inspired by R1-style
reasoning models (DeepSeek-AI et al., 2025), RL
has been adapted to tool use, with studies explor-
ing reward design for tool selection and argument
construction under GRPO (Qian et al., 2025), as
well as rule-based RL with binary correctness and
format rewards (Zhang et al., 2025).

RL for LLM Reasoning. Reinforcement learn-
ing has emerged as a core post-training paradigm
for enhancing LLM reasoning by optimizing gen-
eration policies with outcome-based feedback and
improving long-horizon credit assignment (Ouyang
et al., 2022). In practice, PPO-style optimizers and
their variants (e.g., GRPO) are widely used to sta-
bilize and scale reasoning-oriented training (Schul-
man et al., 2017; Shao et al., 2024; DeepSeek-AI
et al., 2025). Beyond answer-level rewards, prior
work emphasizes process-aware supervision and
step-level evaluation to provide denser signals for
multi-step reasoning (Lightman et al., 2023; Zheng
et al., 2025). Recent studies further extend RL to
tool-augmented reasoning, rewarding correct tool

usage under structured action spaces (Qian et al.,
2025; Zhang et al., 2025).

GRPO. Each training instance consists of a user
query Q and a tool set T . Given (Q,T ), the policy
generates multiple rollouts, each producing

(R,A) = f(Q,T ),

where R is the reasoning sequence and A is the
resulting function call. Collecting n rollouts for the
same query yields

GQ = {((R1, A1), r1), . . . , ((Rn, An), rn)},

where ri is the scalar reward of the i-th rollout.
We normalize rewards within each group. The

mean and standard deviation are

µQ =
1

n

n∑

i=1

ri, σQ =

√√√√ 1

n

n∑

i=1

(ri − µQ)2.

The normalized advantage is defined as

Advi(Ri, Ai | Q) =
ri − µQ

σQ + η
,

where η is a small constant for numerical stability.
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Policy optimization follows the clipped PPO ob-
jective:

JGRPO(θ) = EQ∼D E(Ri,Ai)∼πθ

[
min

(
ρ
(i)
θ Advi(Ri, Ai | Q),

clip
(
ρ
(i)
θ , 1− ϵ, 1 + ϵ

)
Advi(Ri, Ai | Q)

)]
,

where

ρ
(i)
θ =

πθ(Ri, Ai | Q,T )

πold(Ri, Ai | Q,T )
,

and ϵ is the PPO clipping hyperparameter. Op-
tionally, a KL penalty to a reference policy can be
added to further constrain updates.

3 Method

In this section, we describe our R2IF Method in
detail, including the design of reward. An overview
of the R2IF framework is presented in Figure 2.

3.1 Reward Function Design

To train the policy to produce both executable
actions and well-grounded reasoning, we design
a composite reward function that combines hard
structural constraints with fine-grained reasoning
supervision. For a rollout (R,A) generated from
a query Q and tool set T , the overall reward is
defined as

R = Rbinary +Rcer +Rsmv,

where Rbinary enforces both the format and the cor-
rectness of the tool calls, Rcer is used to reward the
overall effectiveness of the reasoning, and Rsmv
provides a finer-grained reward signal by evaluat-
ing whether the reasoning correctly identifies the
parameter specifications, applies the corresponding
modifications, and ultimately derives the correct
values. Each component is described below.

3.1.1 Binary Reward
The binary reward acts as a hard gate that ensures
the model output is both well-formatted and exactly
consistent with the ground truth. It is defined as

Rbinary = Rformat · Rcorrectness,

where Rformat ∈ {0, 1} denotes format validity and
Rcorrectness ∈ {0, 1} denotes tool-call correctness.
In the final reward aggregation, the binary reward
is weighted by 3 to avoid the optimization focus
shifting excessively toward the softer reward terms.

Format validity Rformat = 1 if and only if the
output satisfies all of the following conditions: (i)
it contains exactly one <reason></reason> block
and one <tool></tool> block; (ii) the <reason>
block precedes the <tool> block; (iii) response
should not include any other text. Otherwise,
Rformat = 0.

Tool-call correctness Let A∗ denote the ground-
truth action list and A the predicted action list,
where each action is represented as a tuple
(name, arguments). We set

Rcorrectness =

{
1, if A = A∗

0, otherwise

For irrelevance-rejection instances, where no
tool should be invoked, Rcorrectness = 1 if the model
explicitly outputs the predefined rejection string;
otherwise Rcorrectness = 0.

3.1.2 Chain-of-Thought Effectiveness Reward
While Rbinary evaluates the structural correctness
of format and tool call result, it does not directly
capture whether the generated cot R is effective in
supporting correct tool call. Thus, we introduce
the Chain-of-Thought Effectiveness Reward (CER),
which estimates the contribution of the reasoning
prefix to successful tool call.

For each training instance, we maintain
a precomputed success rate as the baseline
value vbase(Q,T ) of a faithful student model
which is finetuned by this faithfulness-enhancing
method(Akter et al., 2025), representing the student
model’s own ability.

Then, for the given a rollout (R,A), we estimate
the effectiveness of the reasoning prefix by letting
the student model sample multiple continuations
conditioned on the fixed prefix

<reason>R</reason><tool>.

Each sampled continuation produces a candidate
action sequence, which is evaluated with the same
ground truth. Finally, the success rate over these
samples defines the effectiveness of the reasoning
process v(R | Q,T ).

The chain-of-thought effectiveness reward is
then defined as the advantage over the baseline:

Rcer = v(R | Q,T )− vbase(Q,T ). (1)

More concretely, Rcer measures whether the rea-
soning R can search enough information so that it
can not only guide the student model but also itself
to generate the correct tool-call result.
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3.1.3 Specification–Modification–Value
Reward

In function calling, argument values often require
non-trivial processing rather than direct extraction
from the user query. Correct tool call therefore
depends not only on producing the final argument
values, but also on whether the model correctly
identifies the underlying constraints and transfor-
mations implied by the tool specification.

To capture this structure, we introduce the
Specification–Modification–Value (SMV) re-
ward, which evaluates the extent to which the
model’s reasoning explicitly supports parameter-
level decisions. Concretely, SMV measures
whether the reasoning (i) correctly identifies the
specification of an argument, (ii) describes the nec-
essary modification from the user query to a valid
argument value, and (iii) ultimately materializes
the argument value in the tool call.

Documents and parsing. Given a response with
predicted tool calls A = {ai}|A|

i=1, we parse the
chain-of-thought into an answer reasoning docu-
ment Docans = {docansi }|A|

i=1, where docansi .arg[p]
is the reasoning snippet for argument p in call
ai. Meanwhile we provide a ground-truth docu-
ment Doc∗ = {doc∗j}|A

∗|
j=1 , where each argument

has metadata doc∗j .arg[p] = ⟨sp,mp, ·⟩ (specifica-
tion sp, modification mp) which is generated by
LLM. Details on how the ground-truth document
is obtained are provided in Appendix G.2.

Exact-match alignment. We compute SMV
only on strictly aligned calls. Let M = {(i, j)} be
the exact-match set, where (i, j) ∈ M iff ai = a∗j
where a∗j ∈ A∗. This prevents SMV credit for
mismatched tools or schemas.

Parameter-level SMV. For a matched pair
(i, j) ∈ M , let Rp = docansi .arg[p] denote
the reasoning snippet for parameter p, and let
⟨sp,mp, ·⟩ = doc∗j .arg[p] be the corresponding
ground-truth specification and modification. We
define the parameter-level SMV score as

rsmv(p) =
1
3(rspec(p) + rmod(p) + rval(p)) ,

(2)
which equally weights three complementary as-
pects of parameter-level correctness.

The value term provides a hard executability
signal:

rval(p) = I[p ∈ ai.arg] , (3)

indicating whether the parameter p is actually in-
stantiated in the final tool call.

To assess specification and modification aware-
ness, we compute sentence-level semantic simi-
larity between the reasoning snippet Rp and the
ground-truth text t ∈ {sp,mp}, with a threshold
gate τ :

rsem(p, t) = I[sim(Rp, t) ≥ τ ] · sim(Rp, t). (4)

We then set rspec(p) = rsem(p, sp) and rmod(p) =
rsem(p,mp) when the corresponding annotations
are available, and 0 otherwise. This design rewards
reasoning that explicitly acknowledges argument
constraints and required transformations, rather
than merely producing the correct final value.

Tool-call-level SMV. For (i, j) ∈ M , we average
over supervised arguments P ∗

j in doc∗j :

rsmv(ai, a
∗
j ) =

1

|P ∗
j |

∑

p∈P ∗
j

rsmv(p). (5)

Action-level SMV. We aggregate over matched
call pairs and normalize by call-count mismatch
(as in the SMV Reward Part of Fig. 2):

Rsmv =

∑
(i,j)∈M rsmv(ai, a

∗
j )

max(|A|, |A∗|) . (6)

Irrelevance case For irrelevance instances where
the correct action is an empty tool-call set, we pre-
pare a reason why the tool can not be called and
then compare it with the reasoning process R by
similarity to check whether the problem is located
or not.

4 Experiment

4.1 Training Dataset

For the training dataset, we select a subset of data
from ToolACE dataset(Liu et al., 2024a). After
data filtering and verification, we find that the num-
ber of Parallel case is relatively small, with no more
than 500 instances. Thus, to avoid the influence of
data imbalance, we sample 500 instances from the
other four cases and finally get a balanced training
set of 2,500 samples in total.

4.2 Experiment Setting

Training. We use Verl to train models on 6
NVIDIA RTX PRO 6000 GPUs. The details are
listed in Table 15.
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Baselines. We compare our method against the
following baselines: (1) Raw Instruct Model is
the original instruction-tuned model. (2) SFT fine-
tunes the raw instruct model using the same train-
ing set, with the reasoning process distilled from
GPT-4o (OpenAI et al., 2024). (3) Binary re-
ward(Zhang et al., 2025) applies GRPO training
with only binary reward. (4) ToolRL(Qian et al.,
2025) applies GRPO training with the specific de-
signed reward.

Benchmarks. We select the single-turn test
case from several benchmarks to comprehensively
evaluate the tool-calling performance of mod-
els. (1) Berkeley Function Calling Leader-
board (BFCL) (Patil et al., 2025) is a widely
adopted benchmark designed to assess large lan-
guage models’ ability to invoke external functions.
(2) ACEBench (Chen et al., 2025) is a more recent
comprehensive benchmark for tool usage.

Metrics. We report two metrics to evaluate both
tool call correctness and the utility of the generated
reasoning.

Accuracy is the standard exact-match metric for
tool calling. A prediction is counted as correct if its
tool-call output matches the ground-truth under the
official evaluation script; otherwise it is incorrect.

Average CoT Effectiveness is a metric to eval-
uate the overall utility of CoT reasoning process
across multiple cases or tasks. It calculates the
average effectiveness of the reasoning prefix in as-
sisting tool-call decisions, based on its contribution
to improving the model’s tool-call performance.

For each test case i, we compute the Chain-of-
Thought effectiveness using CER in Eq. 1:

R
(i)
cer = v(R(i) | Q,T )− vbase(Q,T ),

where v(R(i)|Q,T ) is the student model’s suc-
cess rate conditioned on reasoning prefix R(i), and
vbase(Q,T ) is its baseline success rate without it.

We report Average CoT Effectiveness (ACE)
as the mean CER over all N cases:

ACE =
1

N

N∑

i=1

R
(i)
cer.

4.3 Main Results
We report our method and baseline performance on
BFCL and ACEBench with Qwen2.5-1.5B-Instruct,
Qwen2.5-3B-Instruct, Qwen2.5-7B-Instruct (Team
et al., 2024) and Llama3.2-3B (Dubey et al., 2024)
as backbones in Table 2 and Table 3.

Table 2: The evaluation results on the BFCL (last up-
dated November 19, 2025). For the best score, we
use boldface, and for the second-best score, we use
underline.

Model Method Overall

Non-live Live Irrelevance Overall

Qwen2.5-1.5B-Instruct

Raw 30.75 37.12 78.62 48.83
SFT 33.63 33.61 74.18 47.14
Binary Reward 33.25 38.41 98.51 56.72
ToolRL 31.19 35.80 95.15 54.04
R2IF 29.38 37.62 96.17 54.39

Qwen2.5-3B-Instruct

Raw 30.50 35.09 92.44 52.68
SFT 31.19 40.46 83.64 51.76
Binary Reward 31.69 39.90 98.62 56.74
ToolRL 28.00 27.68 98.64 51.44
R2IF 31.81 43.07 98.25 57.71

Qwen2.5-7B-Instruct

Raw 55.50 56.07 87.85 66.47
SFT 57.13 51.25 96.00 67.96
Binary Reward 55.13 59.97 96.85 70.65
ToolRL 57.50 61.64 95.57 71.57
R2IF 59.50 63.33 93.59 72.14

Llama3.2-3B-Instruct

Raw 40.50 18.19 54.08 37.59
SFT 60.19 33.45 75.61 56.41
Binary Reward 65.44 37.06 90.27 64.26
ToolRL 68.13 45.00 85.65 66.26
R2IF 69.44 56.23 90.95 72.21

Result on BFCL. From an overall perspective,
R2IF demonstrates clear and stable advantages
on BFCL, exhibiting strong consistency across
both model scales and model families. R2IF
achieves the highest Overall accuracy on Qwen2.5-
3B, Qwen2.5-7B, and Llama3.2-3B, and attains the
second-best Overall result on Qwen2.5-1.5B.

As shown in the table 2, while maintaining
strong performance on the Irrelevance subset, R2IF
also brings consistent gains on Non-live settings.
This indicates that the improvements enhance the
end-to-end function-calling capability rather than a
conservative rejection strategy.

Further comparison between the Non-live and
Live splits reveals that the Live setting is substan-
tially more challenging, with all models and train-
ing strategies suffering performance degradation
due to the distribution shift from synthetic data
to real user requests. Nevertheless, R2IF remains
more competitive on Live-related metrics.

Result on ACEBench. Table 3 reports that
from an overall perspective on ACEBench, R2IF
achieves the highest Overall accuracy across all
four backbones.

R2IF’s gains are mainly concentrated in Atom
and Single-turn, which more directly reflect tool
decision quality. On Atom, R2IF clearly surpasses
Raw and SFT for every backbone and generally
outperforms Binary Reward and ToolRL, suggest-
ing the proposed rewards improve atomic tool
decisions. On Single-turn, R2IF also leads on
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most backbones, with especially strong gains on
Qwen2.5-7B and Llama3.2-3B, highlighting better
support for end-to-end parameter construction.

Importantly, R2IF maintains strong rejection per-
formance on the Irrelevant subset without trad-
ing off core tool-invocation accuracy. Its Over-
all improvements are therefore not driven by over-
optimizing Irrelevant cases, but by more balanced
gains on the primary invocation settings (Atom and
Single-turn), aligning with ACEBench’s goal of
assessing comprehensive tool-use capability rather
than single-metric optimization.

Why the Method with High Accuracy Perfor-
mance gets low ACE. Comparing Table 2, Ta-
ble 3, and Table 4, we observe some methods
achieve high accuracy but relatively low ACE
scores, such as Qwen2.5-3B with the Binary Re-
ward method.

On BFCL, Qwen2.5-3B’s Binary Reward
method achieves high accuracy, especially in Non-
live and Live settings, but its ACE score remains
low, even negative. This suggests that while the
model makes correct tool calls, its reasoning is shal-
low and lacks depth, relying on simple rules rather
than thorough analysis.

Low ACE scores indicate inadequate reasoning
support for tool-call decisions. While the model
may produce correct results, its reasoning lacks
transparency, which undermines support for more
complex tasks. In contrast, R2IF not only focuses
on accuracy but ensures reasoning stability and
completeness.

4.4 Ablation Study
Table 5 presents ablation results showing how
training pipeline components jointly enable robust,
interpretable function-calling. Across Llama3.2-
3B/Qwen2.5-7B and BFCL/ACEBench, removing
any single component consistently degrades perfor-
mance—indicating R2IF’s gains stem from com-
plementary, non-redundant signals.

Why we need SFT. SFT warm-start is more crit-
ical for smaller models. As shown in the results,
removing SFT causes a larger accuracy drop for
the 3B backbone. Compared to 7B models, smaller
models possess weaker priors for instruction fol-
lowing and structured outputs, and thus are more
prone to early-stage formatting instability, missing
fields, or output drift, which reduces the fraction of
executable trajectories. Moreover, binary rewards
often act as a hard gate: malformed outputs receive

Table 3: The evaluation results on the ACEBench

Model Method Atom Single-turn Irrelevant Overall

Qwen2.5-1.5B-Instruct

Raw 43.70 13.50 30.00 29.07
SFT 61.30 23.00 16.00 33.43
Binary Reward 43.30 14.50 78.00 45.27
ToolRL 52.30 26.00 88.00 55.43
R2IF 64.70 20.50 88.00 57.73

Qwen2.5-3B-Instruct

Raw 52.00 25.00 90.00 55.67
SFT 63.70 29.50 44.00 45.73
Binary Reward 49.00 20.50 60.00 43.17
ToolRL 58.00 31.50 96.00 61.83
R2IF 70.70 26.00 90.00 62.23

Qwen2.5-7B-Instruct

Raw 57.30 40.00 88.00 61.77
SFT 71.30 54.50 94.00 73.27
Binary Reward 76.70 49.00 96.00 73.90
ToolRL 76.30 56.50 96.00 76.27
R2IF 78.00 57.50 96.00 77.17

Llama3.2-3B-Instruct

Raw 45.30 17.00 14.00 25.43
SFT 67.30 34.50 54.00 51.93
Binary Reward 72.00 47.50 90.00 69.83
ToolRL 65.70 39.00 88.00 64.23
R2IF 73.70 51.00 94.00 72.90

little to no learning signal, pushing small models
more frequently into a near-zero-reward regime
and further impairing exploration efficiency. There-
fore, SFT warm-start can establish basic output
templates and tool-call syntax, enabling the policy
to reliably produce evaluable trajectories; RL can
then refine decision quality and reasoning–action
alignment on top of this foundation.

Effect of Rsmv. In contrast, the Specifica-
tion–Modification–Value (SMV) reward primarily
boosts fine-grained parameter decision accuracy.
Ablating SMV consistently hurts overall accuracy
and BFCL Live performance, reflecting its role in
grounding reasoning to concrete parameter specifi-
cations and transformations. Moreover, removing
SMV slightly increases Irrelevance scores in some
cases, suggesting strict parameter-level supervision
may marginally trade off with conservative rejec-
tion behavior. This highlights SMV targets argu-
ment construction precision rather than high-level
tool selection.

Effect of Rcer. The Chain-of-Thought Effective-
ness Reward plays a critical role in stabilizing
reasoning quality, particularly in challenging set-
tings. Removing CER leads to a pronounced de-
cline on BFCL Live and ACEBench Single-Turn
subsets—known to require stronger generalization
and precise reasoning under distribution shift. This
indicates CER does not merely encourage verbose
reasoning, but actively filters for reasoning prefixes
useful for correct tool calls.

4.5 Further analysis
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Table 4: Average CoT Effectiveness on BFCL and ACEBench. We test the ACE of the CoT generated during
previous evaluations. The table reports the difference in success rates between the student model conditioned on
the generated reasoning prefix and the baseline performance, across different models and methods. Positive values
indicate that the reasoning improves tool-call performance, while negative values suggest it is not helpful.

Model Method BFCL ACEBench

Overall Non-live Live Irrelevance Overall Atom Single Turn Irrelevant

Qwen2.5-1.5B-Instruct

Raw -0.14 -0.32 -0.26 0.17 -0.43 -0.64 -0.72 0.06
SFT -0.13 -0.31 -0.25 0.18 -0.48 -0.45 -0.69 -0.30
Binary Reward -0.15 -0.31 -0.22 0.09 -0.40 -0.69 -0.71 0.21
ToolRL -0.14 -0.16 -0.06 -0.18 -0.39 -0.68 -0.72 0.23
R2IF -0.03 -0.16 -0.05 0.13 -0.34 -0.45 -0.66 0.10

Qwen2.5-3B-Instruct

Raw -0.07 -0.21 -0.09 0.09 -0.35 -0.54 -0.65 0.15
SFT -0.08 -0.12 -0.02 -0.09 -0.44 -0.42 -0.68 -0.21
Binary Reward -0.22 -0.57 -0.33 0.24 -0.41 -0.74 -0.75 0.25
ToolRL -0.23 -0.60 -0.32 0.22 -0.41 -0.71 -0.74 0.21
R2IF 0.02 -0.11 -0.03 0.18 -0.29 -0.39 -0.68 0.21

Llama3.2-3B-Instruct

Raw -0.20 -0.42 -0.27 0.09 -0.44 -0.67 -0.71 0.07
SFT -0.08 -0.08 -0.07 -0.10 -0.40 -0.43 -0.66 -0.10
Binary Reward -0.12 -0.30 -0.21 0.14 -0.39 -0.70 -0.71 0.23
ToolRL -0.18 -0.43 -0.30 0.20 -0.39 -0.70 -0.73 0.25
R2IF 0.05 -0.05 0.07 0.14 -0.28 -0.38 -0.66 0.21

Table 5: Ablation results on BFCL and ACEBench. We remove individual components of R2IF, including the SMV
reward (wo-smv), the CER reward (wo-cer), and the SFT warm-start (wo-sft).

Model Method BFCL ACEBench

Overall Non-live Live Irrelevance Overall Atom Single Turn Irrelevant

Llama3.2-3B-Instruct

R2IF 72.21 69.44 56.23 90.95 72.90 73.70 51.00 94.00
wo-smv 69.26 67.69 52.54 87.55 72.40 73.70 45.50 98.00
wo-cer 68.35 66.63 48.60 89.82 70.60 72.30 39.50 100.00
wo-sft 66.00 65.00 45.46 87.55 67.33 65.00 45.00 92.00

Qwen2.5-7B-Instruct

R2IF 72.14 59.50 63.33 93.59 77.17 78.00 57.50 96.00
wo-smv 71.99 60.19 59.85 95.94 76.90 81.70 53.00 96.00
wo-cer 71.84 58.63 61.81 95.08 76.57 78.70 55.00 96.00
wo-sft 68.91 57.56 55.33 93.84 74.93 76.30 52.50 96.00
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Figure 3: Scaling performance across model sizes using
the Qwen2.5-Instruct series.

Scalability. Figure 3 summarizes how per-
formance scales with backbone size on both
ACEBench and BFCL. Overall, accuracy increases
monotonically from 1.5B to 7B for both the raw
instruct models and our trained models, indicat-
ing that our approach is compatible with standard
scaling trends rather than trading off capacity for
alignment. More importantly, our method consis-

tently improves over the raw baselines across all
sizes and both benchmarks.

Generalizability. Furthermore, our method ex-
hibits strong generalizability across model families,
not limited to the Qwen2.5 series. We observe con-
sistent and substantial improvements on Llama3.2-
3B as well. On BFCL, our approach boosts the
Overall score from 37.59% to 72.21% (+34.62%)
while maintaining high Irrelevance performance.
On ACEBench, we also improve the Overall accu-
racy. These results indicate that our reward design
can transfer effectively across architectures and
evaluation distributions.

5 Conclusion

We present R2IF, a reasoning-aware reinforcement
learning framework that enhances the interpretabil-
ity and effectiveness of function calling in LLMs.
By aligning reasoning with tool-call decisions,
R2IF ensures that predictions are based on valid
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reasoning. Using a composite reward system, we
strengthen the link between reasoning and decision-
making. Our results demonstrate the value of struc-
tured reasoning supervision in improving both tool-
call accuracy and reasoning stability, ensuring that
outputs are both accurate and interpretable.

Limitations

Our framework has several limitations. First, the
current evaluation of R2IF is limited to single-turn
function query tasks, which restricts our under-
standing of its performance in multi-turn scenar-
ios. In tasks involving multiple queries or inter-
actions, where reasoning and function calls span
across different steps, the model’s ability to main-
tain coherent reasoning and accurate tool calls re-
mains untested. This limitation suggests that the
framework’s generalizability to more complex, in-
teractive environments is still unclear and requires
further exploration.Second, the reward design of
R2IF is highly tailored to specific function call-
ing tasks, which may hinder its applicability to
tasks that require different forms of reasoning or
decision-making. Since the framework’s rewards
are optimized for particular task constraints and
parameter specifications, its performance may vary
significantly depending on the type of tool being in-
voked. As a result, R2IF’s scalability and versatility
in other LLM applications, where task structures
or tools differ, may be limited.
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A Multi-turn Interactive Evaluation

To assess whether the proposed reward design gen-
eralizes beyond single-turn function calling, we
conduct a multi-turn interactive case study on 50
samples, comparing Raw, SFT, Binary-Reward,
ToolRL, and R2IF.

Table 6: The evaluation result on the multi-turn interac-
tive case.

Model Raw SFT Binary ToolRL R2IF
Llama3.2-3B 4.00 8.00 2.00 4.00 10.00
Qwen2.5-7B 8.00 10.00 14.00 16.00 16.00

Our method remains effective in multi-turn
settings: it achieves the best performance on
Llama3.2-3B and matches the strongest baseline
on Qwen2.5-7B.

Overall, these results suggest that the benefits
of R2IF are not limited to single-turn execution
and persist when state updates accumulate over an
interaction history.

B Dependency on Student Evaluator and
Sampling Robustness of CER

B.1 Selection of student model

CER evaluates whether a reasoning prefix increases
the downstream success rate of a student model.
For this estimator to be meaningful, the student
model must satisfy two conditions: (1) it must be
able to produce executable tool calls when condi-
tioned on a reasoning prefix, and (2) it must not
systematically collapse to rejection behavior on
non-irrelevance instances.

We evaluate three candidate student models on
200 samples: Qwen2.5-1.5B, Qwen2.5-3B, and
Llama3.2-3B. Table 7 reports continuation-based
success rates under reasoning prefixes.

Table 7: Validity check for student models.

Student Model Non-Irrel. Irrel.
Llama3.2-3B 53.68 75.00
Qwen2.5-1.5B 0.14 92.81
Qwen2.5-3B 0.73 98.75

The Qwen student models frequently default to
the rejection response even when tool invocation
is required, causing continuation-based success
rates on non-irrelevance cases to degenerate to near-
zero constants. Under this behavior, CER becomes
largely uninformative. In contrast, Llama3.2-3B
preserves meaningful continuation variability while
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avoiding systematic refusal bias. We therefore
adopt it as the student evaluator in our experiments.

B.2 Sampling Robustness of CER
We further examine whether CER is sensitive to
sampling hyperparameters. Using the same stu-
dent model and fixing the common instance set to
200 examples, we vary temperature, top-p, and the
number of continuations K. Let C0 denote the con-
figuration used in the main experiments and other
sampling configurations are listed in Table 8.

We then compare per-instance CER rankings
against C0.

Across configurations, CER exhibits strong rank-
ing stability, limited numerical drift, and no depen-
dence on a narrow temperature or top-p regime.
Additional statistics further support this robust-
ness: sign agreement ranges from 0.845 to 0.905,
Pr(|∆| ≤ 0.2) ≈ 0.91-0.94, and E[|∆|] ≈
0.052-0.076.

Table 8: Sampling configurations for CER robustness
analysis.

Configuration Temperature Top-p K

C0 0.4 1.0 5
C1 0.4 0.9 5
C2 0.7 1.0 5
C3 0.7 0.9 5
C4 0.4 1.0 10

Table 9: Ranking stability of CER under different sam-
pling configurations.

Comparison Spearman ρ Kendall τ
C0 vs C1 0.944 0.897
C0 vs C2 0.915 0.854
C0 vs C3 0.896 0.833
C0 vs C4 0.936 0.884

C Incremental Contribution Beyond
ToolRL

To isolate the contribution of CER and SMV
beyond ToolRL-style outcome rewards, we re-
place the binary reward component in R2IF with
ToolRL’s correctness-plus-format reward, denoted
as R2IF-toolrl.

As shown in Table 10, adding CER and SMV on
top of ToolRL-style reward supervision yields con-
sistent gains across backbones, which indicate that
CER and SMV provide complementary process-
level credit assignment beyond ToolRL-style out-
come rewards.

Table 10: Incremental contribution of CER and SMV
beyond ToolRL-style reward supervision.

Model Method BFCL ACEBench

Llama3.2-3B
ToolRL 66.26 64.23
R2IF-toolrl 66.73 72.50
R2IF 72.21 72.90

Qwen2.5-3B
ToolRL 51.44 61.83
R2IF-toolrl 57.14 61.73
R2IF 57.71 62.23

D Computational Overhead Analysis

We analyze the computational overhead of our
method from two perspectives: training cost and
inference cost.

D.1 Training Overhead
We first measure the training overhead introduced
by CER over 9 epochs and 36 steps. Table 11
reports the average training time per step.

Table 11: Average training time per step (seconds).

Model With CER Without CER
Llama3.2-3B 251.29 225.52
Qwen2.5-7B 612.64 595.19

Enabling CER increases per-step training time
by 11.4% on Llama3.2-3B and 2.9% on Qwen2.5-
7B. These results indicate that the computational
cost is driven mainly by model scale, whereas CER
introduces only a limited additional overhead.

D.2 Inference Overhead
We next examine the inference overhead by report-
ing average reasoning length on the BFCL test set
(3,475 cases). Table 12 reports the average number
of reasoning tokens across methods and backbones.

Table 12: Average reasoning length (tokens) on BFCL.

Model Raw SFT Binary ToolRL R2IF
Llama3.2-3B 118.54 178.34 98.86 91.89 163.00
Qwen2.5-3B 245.33 376.92 142.83 147.37 278.03

The results in Table 12 suggest two points. First,
the absolute reasoning length of R2IF remains mod-
erate and stays within the same scale as SFT rea-
soning. Second, the increase relative to ToolRL is
bounded: +71 tokens for Llama3.2-3B and +131
tokens for Qwen2.5-3B. This increase is expected,
since the objective explicitly encourages exposing
the chain

Specification → Modification → Value,
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which requires additional tokens to make otherwise
implicit transformations explicit.

Overall, the additional inference cost remains
controlled, while yielding more interpretable and
decision-grounded reasoning for function calling.

E Human Evaluation of Reasoning
Interpretability

To complement automatic evaluation, we conduct
a human study of reasoning interpretability with
the framework(Bhambri et al., 2025). We evaluate
four dimensions: Predictability, Comprehensibility,
Interpretability, and Faithfulness.

The study uses the Llama3.2-3B backbone and
compares Raw, Binary-Reward, ToolRL, and R2IF.
We recruited 8 evaluators, each of whom assessed
5 tasks under the Llama3.2-3B setting.

Table 13: Human evaluation results on reasoning inter-
pretability.

Dimension R2IF ToolRL Binary Raw
Predictability 4.850 2.875 2.450 2.825
Comprehensibility 4.825 3.300 2.725 3.150
Interpretability 4.800 2.900 2.575 2.875
Faithfulness 4.775 2.650 2.275 2.775

As illustrated in Table 13, in all four dimensions,
our method outperforms the baselines by a large
margin. All pairwise comparisons between R2IF
and the other methods are statistically significant
(p < 0.05). In addition, the evaluation exhibits
strong reliability, with Cronbach’s α > 0.7 for all
dimensions. These results provide direct evidence
that our method improves the interpretability of
reasoning traces.

F Experiment

F.1 SFT Setting

We conduct supervised fine-tuning (SFT) using the
TRL framework, and summarize the hyperparame-
ter configuration in Table 14.

Table 14: Configuration for SFT training

Hyperparameter Value

Train Batch Size 512
Max Prompt Length 3072
Max Response Length 1024
Learning Rate 1× 10−5

Total Epochs 2

F.2 GRPO Setting
The training was conducted using the Verl frame-
work, and the configuration for GRPO training is
summarized in Table 15. Below are the hyperpa-
rameters used for training:

Table 15: Configuration for GRPO training

Hyperparameter Value

Train Batch Size 512
Validation Batch Size 128
Max Prompt Length 3072

Max Response Length 1024
Learning Rate 1× 10−6

PPO Mini Batch Size 128
GPU Memory Utilization 0.6

Number of Rollouts 5
Total Epochs 9

G Prompt

G.1 Prompt for LLM Inference
The System Prompt in Figure 4, with its prede-
fined instructions and constraints, standardizes the
model’s behavior and output. It ensures consistent
learning during training and uniform evaluation
based on a unified set of rules.

G.2 Prompt for Construction of
Ground-Truth Document

Under the prompt in Figure 5, a large language
model is used to generate SMV annotations as the
ground-truth document. Given the user query, tool
documentation, and ground-truth tool-call result as
input, the model produces parameter-level SMV
annotations, including the relevant specification,
necessary modification and final value for each
argument.
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Prompt for LLM Inference.

You are an expert in composing functions. You are given a question and a set of possible functions.
Based on the question, you will need to make one or more function/tool calls to achieve the purpose.

In each action step, you MUST:
1. Think about the 2-step reasoning process in the mind and enclosed your reasoning within
<reason></reason> tags.

- Step1: Analyze the question and highlight the chosen function in the format of: #fun_name#
- Step2: For each function you decide to call, you should analyze the value of each parameter

in the format of: - params_name1: analysis_process
2. Then, provide the final function call with function names and arguments in the format
of: <tool>[{"name": "func_name1", "arguments": {"params_name1": params_value1, "params_name2":
params_value2...}}, {"name": "func_name2", "arguments": {}}]</tool>
3. Make sure both the reasoning and the tool call steps are included together in one single reply.

Output format:
<reason>
Step1: ...
Step2:
For #fun_name1#:
- params_name1: analysis_process
...
</reason>
<tool>[{"name": "func_name1", "arguments": {"params_name1": params_value1, "params_name2":
params_value2...}}, {"name": "func_name2", "arguments": {}}]</tool>
You SHOULD NOT include any other text in the response.

Important Notes
1. If the given question lacks the arguments required by the function, point it out. If this
required parameter has enum option, you can choose a single unambiguous match from listed option.
2. If none of the function can be used, write it in <tool>None of function can be used</tool>.

Figure 4: Prompt for LLM Inference.
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Prompt for Construction of Ground-Truth Document.

You are an expert in composing functions. You are given a question, a set of functions doc and a
right reference of tool call.
You should explore the specification, modification and more argument value may exist for each
toolcall in order.
And give me the reason why these specifications and modifications exist. no more than three
sentences.
The specification are some special format requirements in the parameter description

- write no spec if here is no specification or not mentioned in the reason
- be careful with the e.g. tag that some parameters’ description with it do not mean they have

format specification
- no more than 15 words
- all the specification must be copied from description without any change

The modification is the action that convert the origin value (text from question) in the final
state

- include change process from the original value to modified value
- write no modify if change nothing
- no more than 15 words

If there is a modification, then there must be a specification. If there is no modification, it
doesn’t necessarily mean there is no specification.

Note that the provided function is in Python 3 syntax.

The specification includes:
1 units: specify expected unit systems (e.g., SI units), allowable representations such as

symbols vs. full names, and whether spacing is required between value and unit (e.g., "10 kg" vs
"10kg").

2 dates/times: only choose one from following (e.g., YYYY-MM-DD, YYYY/MM/DD, DD/MM/YYYY, or
"January 1, 2025").

3 percentages: specify whether values should be expressed as the percentage sign (e.g., "0.5"
vs "50" vs "50%").

4 place names / locations: specify expected string patterns (e.g., "City, State" such as "San
Francisco, CA" where applicable, or "City, Country" when no state exists), and indicate whether
abbreviated forms of administrative regions should be used.

5 precision: specify how precision should be expressed (e.g., number of decimal places,
significant digits).
......

Output in the json format:
[

{
"reason": "...",

},
{

"name": "func_name1",
"arguments": {

"param_name1":{
"specification": spec,
"modification": mod,

},
"param_name2":{

....
}

}
},
{

"name": "func_name2",
"arguments": {

...
}

}
...

]

Figure 5: Prompt for Construction of Ground-Truth Document.
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