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Abstract

Large language models (LLMs) excel at func-
tion calling, but inference scaling has been ex-
plored mainly for unstructured generation. We
propose an inference-scaling framework for
structured outputs that combines fine-grained
beam search with ToolPRM, a process reward
model scoring each intra-call decision (func-
tion name and argument filling). We build the
first fine-grained intra-call supervision dataset
via function masking, rollout collection, and
step-level annotation. ToolPRM outperforms
outcome and coarse-grained reward models in
predictive accuracy and yields consistent test-
time gains on multiple function-calling bench-
marks. We further show that structured gener-
ation follows “explore more but retain less”,
since early JSON errors are unrecoverable.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities in a diverse range of
tasks (Zhou et al., 2026; Xi et al., 2025). Subse-
quently, inference scaling has emerged as a critical
technique for further enhancing their performance,
where additional computational resources are allo-
cated during the inference phase to explore a wider
range of possibilities or to iteratively refine outputs,
and to ultimately maximize the quality of the out-
put. The core idea behind inference scaling strate-
gies is to move beyond generating a single greedily
decoded sequence of tokens. Instead, inference
scaling approaches often intentionally increase the
computational effort at inference time, to search for
a wider range of possibilities and multiple potential
reasoning paths, and select the best trajectories for
better performance (Ke et al., 2025).

Existing research on inference scaling predom-
inantly focuses on unstructured output genera-
tion tasks, such as mathematical problems (Puri
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et al., 2025) and other intricate reasoning tasks (Ma
et al., 2023), where each sentence or discrete unit
serves as a processing step. Novel methods often
combine Tree of thoughts (ToT) (Yao et al., 2023)
with tree-based search algorithms, generalizing the
linear Chain-of-Thought (Wei et al., 2022) (CoT)
by collecting multiple potential next thoughts from
a given state. To search for the optimal output while
condensing the possibility space, beam search and
Monte Carlo Tree Search (MCTS) become the ideal
choices, and several studies have adapted them for
LLM inference scaling (Wu et al., 2024; Zhang
et al., 2023; Liu et al., 2023; Choi et al., 2023;
Zhou et al., 2023). Correspondingly, they involve
either self-evaluation (Xie et al., 2023) or process
reward models (Ma et al., 2023; Hung et al., 2025)
(PRMs) to generate an evaluation score for each
sub-sequence, as the reference for searching. How-
ever, the application of inference scaling techniques
within the domain of structured outputs, partic-
ularly in the context of function callingl, remains
significantly underexplored.

Current studies that incorporate process reward
mechanisms and inference scaling for function call-
ing tasks operate at a coarse-grained level (Wang
et al., 2024a; Nath et al., 2025), treating an entire
round of function calling response as a singular,
monolithic step. For example, Wang et al. (Wang
et al., 2024a) employ a Best-of-N approach, where
multiple generated function call candidates are
scored and ranked by an outcome reward model
(ORM). The final answer is selected by assessing
the entire generation as a singular entity without
applying distinct fine-grained rewards to its sub-
components within each function call. This over-
looks the inherent multi-stage nature of the function
calling process that involves solving a sequence of
sub-questions, including the selection of function

'In this paper, the term “function” is interchangeable with

“tool” and “API”.
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name, the identification of relevant parameters, and
the decision of parameter values. Consequently,
the potential for optimization of fine-grained pro-
cess rewards at the intra-call level is not adequately
addressed by existing methodologies.

To this end, in this paper, we propose a novel
fine-grained process reward mechanism specifi-
cally designed for structured function calling tasks
(dubbed ToolPRM). In contrast to prior methods
that treat function calls as indivisible units, our
approach decomposes each call into semantically
interpretable intermediate steps. We develop a
dedicated process reward model, ToolPRM, su-
pervised using meticulously curated fine-grained
intra-call step labels constructed from both xlam-
function-calling-60k (Liu et al., 2024b) and xlam-
irrelevance-7.5k (Lin et al., 2024) datasets. Conse-
quently, we develop fine-grained beam search with
the intra-call process supervision from ToolPRM,
which proves to outperform existing function-
calling baselines in our experiments.

More critically, we highlight an important in-
sight for the inference scaling on structured and
unstructured output generation. In traditional infer-
ence scaling settings like math reasoning, the un-
structured outputs usually enable more flexible in-
ference scaling by simply maintaining a larger num-
ber of candidates. Even if we maintain the wrong
intermediate steps, it could be further corrected at
later steps via reflection and process supervision.
However, in structured output generation, retain-
ing multiple candidate trajectories often degrades
performance, as errors in early steps cannot be cor-
rected later, thereby wasting the subsequent com-
putational budget. Therefore, we propose a tailored
inference scaling principle for structured outputs:
devote computation to exploring a wider range of
decisions (i.e., increasing the beam width), while
aggressively pruning the number of retained candi-
dates (i.e., reducing the number of active beams).
We summarize such a principle of inference scaling
for structured function calling outputs as “explore
more, but retain less”.

The contributions of this paper are as follows:

* Fine-Grained Intra-Call Process Supervision
Dataset: We construct a novel annotated dataset
specifically designed for fine-grained intra-call
reward modeling of structured function calling.
This dataset, along with its annotation scripts, is
given in the anonymous link and will be made
publicly available, facilitating future research

and benchmarking in fine-grained process super-
vision for structured output generation.

¢ ToolPRM: We introduce ToolPRM, a fine-
grained process reward modeling framework
specifically tailored for inference scaling in struc-
tured function calling tasks. ToolPRM could
assist different backbone models in conducting
test-time scaling for superior performance.

* Inference Scaling Principle for Structured
Outputs: We identify and formalize a critical
principle for inference scaling in structured out-
put tasks: Explore more but retain less. It high-
lights the importance of widening exploration
while aggressively eliminating incorrect, unre-
coverable steps, leading to better performance.

2 Related Works

LLM for Function Calling. Recent research has
increasingly demonstrated the significant poten-
tial of enabling large language models (LLMs)
to interact with external systems through func-
tion calling (Liu et al., 2024b; Park et al., 2025;
Srinivasan et al., 2023; Chai et al., 2025; Yang
et al., 2025). For instance, IBM’s Granite-20B-
FunctionCalling (Abdelaziz et al., 2024) enhances
performance through multi-task learning on seven
core function-calling subtasks. ToolACE (Liu et al.,
2024a) designs a self-evolution synthesis process
for high-quality complex function calling data gen-
eration. To further enhance the LLM response to
complex function calling, in this paper, we dis-
assemble function calling into fine-grained basic
steps, employ a process reward model to better
guide the generation steps inside function calling,
and finally implement inference scaling mecha-
nisms with intra-call-level granularity.

Inference Scaling Strategies. A variety of in-
ference scaling strategies have been developed
based on existing sampling and searching algo-
rithms. Straightforward methods include self-
consistency (Wang et al., 2022) strategy, which
samples N independent candidate reasoning paths
through temperature sampling (Ackley et al., 1985)
and decides the ultimate answer with majority vot-
ing. Best-of-N (BoN) (Brown et al., 2024) eval-
uates the N candidates with an outcome reward
model to select the best one. In novel studies,
tree-based methods have become the mainstream,
and effective algorithms based on beam search or
Monte Carlo Tree Search (MCTS) emerge (Wu
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et al., 2024; Zhang et al., 2023; Liu et al., 2023;
Choi et al., 2023; Zhou et al., 2023). While sub-
stantial studies have verified the effectiveness of
inference scaling strategies on unstructured output
generation tasks, especially on mathematical rea-
soning tasks, the application on structured output
generation tasks remains underexplored. In this
paper, we apply inference scaling on structured
function call generation, analyze its promotion on
final performance, and discuss the balance between
exploration and retention in searching process.

Process Reward Models (PRMs). In complex
multi-step reasoning tasks where errors can occur
at any point, granular feedback is particularly valu-
able (Zhou et al., 2025; Zheng et al., 2025b). In con-
trast to the outcome reward models (ORMs) that
just evaluate the final outcome, PRMs are trained
to evaluate the correctness or quality of intermedi-
ate steps within an inference process (Uesato et al.,
2022; Zheng et al., 2025a; Zhu et al., 2025). PRMs
are initially applied in RLHF (Ouyang et al., 2022)
training process to provide reward signals and to
supervise the generation of reasoning steps (Pi-
otrowski et al., 2025; Lightman et al., 2023). In
this work, we curate the first fine-grained intra-call
process supervision dataset with automatic annota-
tion of granular process rewards, and finetune the
ToolPRM that excels at verifying the intermediate
steps in forming a full function call. Combined
with well-configured searching strategies, our pro-
posed ToolPRM helps the function-calling LLM
reach the state-of-the-art performance.

3 Methodology

This section introduces the fine-grained process re-
ward model for function calling (i.e., ToolPRM).
We first present fine-grained decomposition for
each turn of function callings, and present the
data collection and annotation for reward model-
ing training. Then, we design a state transition
machenism for function calling, and apply beam
search with fine-grained process supervision with
ToolPRM.

3.1 Fine-Grained Decomposition of Function
Calls

The essence of ToolPRM lies in its fine-grained de-
composition of the function calling process. Tradi-
tional process supervision approaches for tool invo-
cations primarily rely on coarse-grained response-
level rewards, which evaluate the function call as

a monolithic unit. However, such coarse granu-
larity limits the interpretability, debuggability, and
optimization potential.

To this end, ToolPRM decomposes each function
call into fine-grained but semantically meaningful
steps. Each LLM-generated response comprises a
sequence of function calls tailored to a given user
query. The construction of each function call is fur-
ther broken down into (a) selecting the appropriate
function name and (b) iteratively identifying pa-
rameter names and assigning corresponding values.
Rather than evaluating a function call as a whole,
ToolPRM provides fine-grained supervision that as-
sesses the correctness of each constituent decision.
As shown in Figure 1, this decomposition serves as
the foundation for data collection and annotation.

3.2 Data Collection and Annotation

To enable robust reward modeling under our fine-
grained process supervision paradigm, we con-
struct a high-quality annotated dataset that reflects
the intricacies of individual decision points.

Data Collection. We begin by collecting nat-
ural language queries paired with their corre-
sponding structured function calls, using xlam-
function-calling-60k (Liu et al., 2024b) and xlam-
irrelevance-7.5k (Lin et al., 2024) datasets as the
foundations. As shown in Figure 1, we apply
function masking that selectively replaces func-
tion names and parameter identifiers with random
strings. The masking mechanism introduces func-
tion ambiguity, encouraging the model to rely
on contextual understanding of descriptions in-
stead of simple memorization of the tool names,
thus enhancing model robustness and generaliza-
tion (Lin et al., 2024). We adopt Hammer2.1-3b
and Hammer2.1-7b as policy models to perform
the rollout for data collection. Given a user query
and a set of masked function candidates, each roll-
out generates a sequence of function calls, which
is subsequently annotated with fine-grained step
labels.

Result Annotation. As shown in Figure 1, the
structured function call generated by the policy
model is usually in JSON format. We can provide
fine-grained step labels with the following types:

e <FUNC_NAME>: Whether the selected function
name at this round is correct or not.

* <ARG_VALUE>: Whether the one pair of parame-
ter name and value is correctly filled in, which
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Candidate Functions

"name": "get_stock_price",
"description": "Fetches stock price”,

"parameters": {

"ticker": {

"type": "string",

"description": "The stock symbol",

"default": "AAPL"
}

... (More Parameters)

Function
Masking

—

[

Masked Candidate Functions

"name": "xkz9qvnb8",
"description": "Fetches stock price",
"parameters": {

"y827x6": {

"type": "string",

"description": "The stock symbol",

"default": "AAPL"
}

... (More Parameters)

£ Query
Can you tell me the stock
price of Google today?

=g =

Function Calling

Function Calls with Step Labels

[
{
"name": "xkz9qvnb8", <FUNC_NAME>
"parameters": {
"y827x6": "GOOGLE", <ARG_VALUE>

"start_date": "250506", <ARG_VALUE>
"end_date": "250509", <ARG_VALUE>
"include_volume": true, <ARG_VALUE>

... (More Parameters)
} <PARAM_FINISH>

} }
h h
... (More Functions) ... (More Functions)

1 1

Policy Model } <FUNC_FINISH> ,

... (More Function Calls if Needed)
] <TOTAL_FINISH>

Figure 1: The illustration of data collection for ToolPRM.

can repeat multiple times.

* <PARAM_FINISH>: Whether all the parameters
and values are correctly assigned.

* <FUNC_FINISH>: Whether the single function
call (one element of the list) is correct or not.

* <TOTAL_FINISH>: Whether the overall response
(a list of function calls) is correct or not.

Each symbol is followed by a binary label an-
notated by exact match with any of the possi-
ble ground truths, to indicate the correctness of
the corresponding fine-grained step. Some of the
step labels seem redundant (e.g., <ARG_VALUE> and
<PARAM_FINISH>), but our experiments show that
such a hierarchical step label redundancy can help
the reward model generalize and perform better.

3.3 State Transition Mechanism and
ToolPRM Training

Based on the fine-grained step labels above, we can
further formalize the function calling generation
process as a dynamic decision process with a series
of state transitions. As illustrated in Figure 2, we
define the following five fine-grained states:

» State #0 (Initial State): Input context and
masked function candidates are presented.

e State #1 (To Select Function Name): The
model is required to select the function name
from the candidates that are aligned with the
query intent.

e State #2 (To Select Parameter Name): The
model should choose one necessary parameter to
be filled in for the selected function.

e State #3 (To Fill in Parameter Value): The
model has to assign the proper value to the previ-
ously selected function parameter.

e State #4 (Terminated State): One LLM re-
sponse for function calls completes.

Each transition between states can be explicitly
supervised by the fine-grained step labels discussed
in Section "Data Collection and Annotation for
Reward Modeling".

To train ToolPRM under fine-grained process su-
pervision, we represent the function calling genera-
tion as a trajectory of decision steps, each labeled
with a binary process reward.

Let 7 = {(ss, as, 7))}/, denote a trajectory,
where s, is the state at step ¢, a; is the action (e.g.,
selecting a function or filling a parameter via lan-
guage token generation), and r; € {0, 1} indicates
its correctness. Each state encodes the current de-
cision context, including the input query, masked
function candidates, as well as the partially gener-
ated function calls.

In this paper, since the backbone of ToolPRM
is also a large language model, we adopt the to-
kens “+” and “-” for positive and negative reward
labels, respectively. Given IV annotated trajectories
{T:}X|, ToolPRM is trained to predict r; for each
(s¢, ay) via generative process reward modeling:

ETOO]PRM = _ETGD,(St,CLt,T’t)ET lOg Po (Tt ’3257 at)v
)
where rt(l) € {+, —} is the binary label token, and
0 is the parameters of backbone LLM.

3.4 Beam Search with Fine-Grained Process
Supervision

As shown in Figure 2, we apply beam search guided
by ToolPRM to generate high-quality structured
outputs. At each step, ToolPRM assigns a fine-
grained process reward to candidate actions based
on their local state-action pair, allowing us to prune
incorrect partial trajectories early. Specifically, we
compute the score s for each beam candidate with
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State #0

Initial State

State #1 State #4

TODO

Terminated State
Choose Func. Name

State #2 State #3

TODO
Choose Param. Name

TODO
Fill in Param. Value

Evaluate with }=

Initial State D—>
ToolPRM .

Candidate Output #1

Figure 2: The state transition of function calling (left) and beam search with ToolPRM (right).

ToolPRM i.e., s = e+ /(e®+ 4+ e°~), where s and
s_ are the predictive logits on label tokens {+, —}.
We maintain the top- N highest-scoring candidates,
where /V indicates the number of beams. At each
step, every preserved candidate can generate M
subsequent steps for ToolPRM evaluation, where
M denotes the beam width.

We propose a core principle for inference scaling
in structured output generation: explore more but
retain less. Concretely, we increase beam width
M to explore a wider range of candidate trajecto-
ries, but retain only a small number N of highly
promising ones. This design reflects the unrecover-
ability of structured outputs, such as function calls
in JSON format, where a single incorrect decision
(e.g., a wrong function name or argument value)
can invalidate the entire trajectory.

This stands in contrast to inference scaling in
unstructured tasks such as math reasoning (Snell
et al., 2024) or free-form text generation (Setlur
et al., 2024; Zhang et al., 2025), where early errors
can often be corrected or compensated for in later
steps. In such settings, preserving a diverse set
of candidates throughout decoding (i.e., larger V)
is beneficial. However, in structured generation,
most decision points admit only a single or very
few valid actions. Retaining incorrect candidates
leads to inefficient use of the generation budget, as
future steps cannot recover from early structural
mistakes.

Therefore, expanding the search space (larger
beam width M) while aggressively pruning based
on ToolPRM’s step-wise supervision (smaller num-
ber of beams N) ensures that computational re-
sources are concentrated on valid, high-quality
structured outputs. This principle underpins the
effectiveness of ToolPRM in scaling inference for

Table 1: The statistics of our ToolPRM dataset.

Sample Granularity

(Data Split) Positive Negative Total

Step (Train) 4,380,323 731,665 5,111,988
Trajectory (Train) 466,786 127,648 594,434

Step (Test) 488,611 81,366 569,977
Trajectory (Test) 52,030 14,019 66,049

structured generation tasks.

4 Experiments

4.1 Experiment Setups

Datasets. To evaluate our proposed ToolPRM
for function calling, we process and annotate the
xlam-function-calling-60k (Liu et al., 2024b) and
xlam-irrelevance-7.5k (Lin et al., 2024) datasets us-
ing a well designed pipeline, as detailed in Section
“Methodology”. We report the dataset statistics in
Table 1. The resulting annotated dataset exhibits an
average of 6.25 step labels per sample, culminating
in a total of 192,061 samples. The integration of
function masking techniques further expands the
dataset size to 4 to 5 times, bringing it to a scale
that surpasses typical datasets for Math PRM de-
velopment, such as OpenAl’s publicly available
prm800k dataset (Lightman et al., 2023).

Note that our constructed dataset above is used
to train and validate the predictive accuracy of re-
ward models. To further validate the effectiveness
of our inference scaling strategy using ToolPRM,
we adopt two function-calling benchmarks: BFCL
(Berkeley Function Calling Leaderboard) (Yan
et al., 2024) and ToolAlpaca (Tang et al., 2023).
Following previous works (Abdelaziz et al., 2024;
Lin et al., 2024), we use abstract-syntax-tree-based
(AST-based) accuracy as the metric for BFCL, and
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employ F1 scores of both API selection and param-
eter value assignment for ToolAlpaca.

Baselines. We compare our proposed ToolPRM
to different sets of baselines from two aspects.

To evaluate the predictive accuracy improvement
brought by fine-grained intra-call process supervi-
sion, we train two distinct baseline models: out-
come reward model (ORM) and coarse-grained pro-
cess reward model (C-PRM). Compared with our
ToolPRM, i.e., fine-grained process reward model
using all the step labels, these two baselines are
trained on the same dataset with different choices
of step labels:

* ORM is trained to discriminate the final re-
sult of the entire function-calling sequence with
<TOTAL_FINISH>. All the other intermediate
step labels are disregarded.

* C-PRM offers a more granular assessment of
function call correctness than ORM by consider-
ing all the step labels except <ARG_VALUE>.

To evaluate the function-calling capabilities, we
adopt the following three types of baselines:

* General Purpose Models. This group com-
prises large language models that have not un-
dergone specific finetuning for function calling
tasks, nor do they employ the inference scaling
strategies. Their performance serves as a base-
line representing general capabilities. The mod-
els include GPT-40, GPT-40-mini (Hurst et al.,
2024), Llama-3.1-8B-Instruct (Grattafiori et al.,
2024), Mistral-Nemo-Instruct (Jiang et al., 2023),
and the Qwen2.5-Instruct series (72B, 32B, 7B,
3B, 1.5B) (Yang et al., 2024).

* Function Calling Models. This category in-
cludes models that have been specifically de-
signed or finetuned for function calling tasks.
These models include GRANITE (GRANITE-
20B-FUNCTIONCALLING) (Abdelaziz et al.,
2024), xLAM-fc-r series (7B, 1B) (Liu et al.,
2024b), OpenFunctions-v2 (Patil et al., 2024),
and Hammer2.1 series (7B, 3B, 1.5B, 0.5B) (Lin
et al., 2024).

* Inference Scaling Strategies. We evaluate the
performance enhancements afforded by differ-
ent inference scaling methods. We choose the
Hammer2.1 series (7B, 3B, and 1.5B variants) as
base policy models. Three distinct inference scal-
ing strategies are applied and compared against

Table 2: Predicting accuracy of RMs of different granu-
larities

Reward Model  Loss Step Acc  Trajectory Acc
ORM 0.0536  98.39% 98.39%
C-PRM 0.0371  98.87% 99.06%
ToolPRM 0.0286 99.11% 99.38%

our ToolPRM: token-level beam search, majority
voting, and best of N.

Implementation Details. All the experiments
are conducted on NVIDIA 8xH100 GPU Clusters.
We use Hammer2.1-3b as the reward model back-
bone and adopt SFT to train ToolPRM for 5 epochs
with Adam optimizer. The batch size is 1024. The
learning rate is 1e-3 with a warmup ratio of 0.008
followed by linear learning rate decay. The weight
decay is le-5. As for the fine-grained beam search
with ToolPRM, we set the temperature as 0.8, and
select the number of beams N and the beam width
M from {1,2,4,8,16}.

4.2 Predictive Accuracy of Reward Model

High predictive accuracy of the reward model is
vital for increasing the probability of selecting and
retaining correct function call sequences during
inference scaling, ultimately leading to superior
overall inference outcomes. Hence, this section
investigates the performance of reward models for
function calls with varying granularities.

We use three metrics for this evaluation: model
loss, step-level accuracy (Step Acc), and trajectory-
level accuracy (Trajectory Acc). Step Acc quan-
tifies the correctness at each discrete process su-
pervision step. It is worth noting that since each
reward model (ORM, C-PRM, and ToolPRM) is
supervised at its distinct level of granularity, the
inherent difficulty of accurately predicting each
step differs. Hence, we introduce trajectory-level
accuracy to facilitate an apple-to-apple compari-
son of models trained with differing supervisory
step labels. The trajectory accuracy evaluates the
correctness of the entire function call sequence. A
trajectory is deemed accurate if the final assess-
ment of the entire sequence is correct. This means
that for C-PRM and ToolPRM, even if their evalua-
tions of some intermediate steps are incorrect, the
trajectory can still be classified accurately if their
overall judgment of the function call’s success or
failure is correct.

We report the predictive accuracy results in Ta-
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—— ORM C-PRM —— ToolPRM
Loss 1.00 Step Acc 1.00 Trajectory Acc
0.20
o1 \ /4 /
0.95 0.95
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Figure 3: The 5-epoch learning curves of different RMs
(i.e., ORM, C-PRM, ToolPRM) in terms of loss, step-
level accuracy, and trajectory-level accuracy.

ble 2 and illustrate the learning curves over the
five-epoch training in Figure 4. We can observe
that reward models with finer granularity consis-
tently achieve higher predictive accuracy across
all three metrics. Specifically, our proposed Tool-
PRM outperforms both C-PRM and ORM in this
regard. This suggests that fine-grained process re-
ward modeling, such as ToolPRM, offers superior
performance not only in terms of the precision of
step-level supervision but also in their ultimate ef-
fectiveness in judging overall sequence correctness
compared to their coarser-grained counterparts.

4.3 Inference Scaling Performance

We conduct a comprehensive examination and com-
parative analysis of our ToolPRM, as well as vari-
ous function calling baseline models and inference
scaling strategies.

As evidenced in Table 3, we can observe that our
proposed ToolPRM can generally achieve the best
performance compared with other inference scal-
ing strategies given base policy models of different
sizes. Besides, the performance of other inference
scaling strategies is fairly unstable and can some-
times perform worse than the base model. The
potential reason is that the non-greedy sampling
might cause minor errors during the function call-
ing generation, which could directly ruin the entire
trajectory. This suggests the necessity of intra-call
process supervision through the fine-grained beam
search for structured function calling generation.

Notably, the performance uplift brought by our
ToolPRM is more pronounced for smaller policy
models. This characteristic renders ToolPRM par-
ticularly advantageous for on-device inference sce-
narios, which is of considerable importance for
applications such as function calling that are fre-
quently deployed in edge environments and are
critical for real-world utility.

[lustratively, the Hammer?2.1-1.5B model, when
augmented with our ToolPRM method, achieves
performance comparable to the baseline 3B model.
Similarly, applying ToolPRM to the Hammer?2.1-

Policy Model: Hammer2.1-1.5B Policy Model: Hammer2.1-3B
0.72

—#— ToolPRM; N=4
ToolPRM; M=4.

—e— Bestof N
Majority

20 2t 22 23 2
Generation Budget

/

0.70
0.68

—*— ToolPRM; N=4
ToolPRM; M=4

—o— Bestof N
Majority

Averaged F1 Score

20 2t 22 23 24
Generation Budget

Figure 4: The F1 performance on ToolAlpaca w.r.t. dif-
ferent generation budgets and inference scaling strate-
gies. We conduct experiments on Hammer2.1-1.5B
(left) and Hammer?2.1-3B (right) policy models.

3B model elevates its performance to a level on
par with the baseline 7B model. Furthermore, the
integration of ToolPRM with the Hammer2.1-7B
model enables it to outperform several significantly
larger models that previously held a performance
advantage, including state-of-the-art models such
as Qwen2.5-32B-Instruct.

These empirical results validate the effectiveness
of our proposed inference scaling framework for
structured function calling generation. Applying
fine-grained beam search with ToolPRM can sub-
stantially improve the capability of base models at
inference time through computational scaling.

4.4 In-Depth Analysis

In this section, we investigate the performance in-
crease brought by the scaling of generation budget.
We choose Hammer2.1-1.5B and Hammer2.1-3B
as the base policy models, and conduct experiments
on ToolAlpaca dataset. We report the averaged F1
score over both function selection and parameter
value assignment in Figure 4.

For majority voting and best of N approaches,
the generation budget refers to the number of candi-
date trajectories to be sampled. For our ToolPRM,
as discussed in Section “Beam Search with Fine-
Grained Process Supervision via ToolPRM”, there
are two key hyperparameters that can determine the
generation budget, i.e., the number of beams N and
the beam width M. Hence, we develop two Tool-
PRM variants by fixing the one hyperparameter as
4 and increasing the other for a larger budget.

We first compare ToolPRM variants with N = 4
and M = 4. When fixing the number of candi-
dates to be retrained at 4 and scaling the beam
width, it generally demonstrates a consistent im-
provement in accuracy as the generation budget
increases. Conversely, when maintaining a fixed
beam width of 4 and scaling the number of candi-
dates, less performance gain is exhibited, and in
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Table 3: Performance comparison of the general purpose models, function calling models, and different inference
scaling techniques applied on Hammer?2.1 series of models, evaluated on BFCL and ToolAlpaca. Multi., Paral.,
Mul.P. represents the Multiple split, Parallel split, and Multiple Parallel split of BFCL, separately. And Avg.
represents an unweighted average of all the sub-categories of that benchmark. The best results of each model type
(i.e., general purpose, function calling, and inference scaling) is given in bold and the second best is underlined.

Type Model Size BFCL ToolAlpaca
Simple Multi. Paral. MulP. Avg. FI1-API Fl-Args Avg.
GPT-40 - 77.17  95.00 93.50 85.00 87.67  88.64 66.67  77.66
GPT-40-mini - 80.08 90.50 89.50 87.00 86.77 64.34 54.69 59.52
Llama-3.1-8B-Instruct 8B 72.83  93.50 87.00 83.50 8421  75.64 55.12 65.38
General Mistral-Nemo-Instruct 12B 77.00 9350 89.50 84.50 86.13  87.31 66.18 76.75
Purpose Qwen2.5-72B-Instruct 72B  80.25 9750 9350 92.00 90.81 83.21] 6556  74.39
Qwen2.5-32B-Instruct 32B 7283 94.00 93.50 88.50 87.21 85.82 61.11 73.47
Qwen2.5-7B-Instruct 7B 7533 9450 91.50 84.50 86.46  83.70 60.00  71.85
Qwen2.5-3B-Instruct 3B 74.17  90.50 79.50  79.00 80.79  70.80 51.63 61.22
Qwen2.5-1.5B-Instruct 1.5B 7242  87.00 8150 7550 79.11 @ 62.07 43.23 52.65
GRANITE 20B 7283 91.50 84.00 81.50 8246  77.27 58.00 67.64
xLAM-7b-fc-r 7B 73.08 93.50 87.00 84.00 8440 67.26 58.96 63.11
xLAM-1b-fc-r 1.3B 69.67 89.50 79.00 66.50 76.17 64.86 50.58 57.72
Function ~ OpenFunctions-v2 7B 8327 93.00 8550 66.00 8194 7293 51.26 62.10
Calling ~ Hammer2.1-7B 7B 78.08  95.00 93.50 88.00 88.65 80.93 64.60  72.77
Hammer2.1-3B 3B 8142 9500 89.50 81.50 86.86  80.31 62.83 71.57
Hammer2.1-1.5B 1.5B  74.67 92.00 84.50 80.00 82.79 7742 61.17 69.30
Hammer2.1-0.5B 05B  68.00 83.00 7150 54.00 69.13 77.10 60.67 68.89
Hammer2.1-7B (Base) 78.08  95.00 93.50 88.00 88.65  80.93 64.60 72.77
+ Token-level Beam Search 74.58 93,50 91.50 8250 85.52  79.69 62.37 71.03
+ Marjority 7B 79.58 95.00 93.50 85.00 8827  79.03 65.26 72.15
+ Best of N (ORM) 76.58 9450 91.50 87.00 8740  78.86 67.73 7330
+ ToolPRM (Ours) 79.08 9550 9450 89.00 89.52 81.42 6530  73.36
Hammer2.1-3B (Base) 8142 95.00 89.50 81.50 86.86  80.31 62.83 71.57
Inference  + Token-level Beam Search 7450  91.00 87.50 77.00 8250  78.29 5932 68.81
Scaling -+ Marjority 3B 79.50  95.00 89.00 81.00 86.13  76.00 58.27 67.14
+ Best of N (ORM) 77.08 93.50 89.50 84.00 86.02  77.29 60.16 68.73
+ ToolPRM (Ours) 80.50 9550 91.50 88.00 88.88 80.78 63.13  71.96
Hammer2.1-1.5B (Base) 74.67  92.00 84.50 80.00 82.79 77.42 61.17 69.30
+ Token-level Beam Search 72.33 91.50 81.00 73.50 79.58 73.03 56.68 64.86
+ Marjority 1.5B  77.50 91.50 84.50 80.00 83.38  72.88 63.61 68.25
+ Best of N (ORM) 7525  90.00 86.50 84.00 83.94 77.42 61.66  69.54
+ ToolPRM (Ours) 7842 92.00 87.50 84.50 85.61  82.68 63.18  72.93

some instances, increased N even leads to a notice-
able degradation in accuracy. This phenomenon
validates our core insights that increased retention
of wrong intermediate steps (i.e., larger V) can
misguide subsequent generation steps. With higher
generation budgets, the benefits derived from ex-
panded exploration (scaling beam width) tend to
outweigh those derived from increased retention
(scaling N), i.e., explore more but retain less.

Moreover, our ToolPRM approaches generally
demonstrate superior performance when compared
to the baseline strategies “Best of N and “Majority
Voting”. The “Best of N strategy shows a modest
increase in averaged F1 score with a larger budget,
while the "Majority’ strategy generally lags behind.
Overall, fine-grained beam search with ToolPRM
appears to be a robust approach, particularly when
a larger generation budget is available and the “ex-
plore more but retain less” principle is followed,

highlighting the importance of exploration guided
by a fine-grained process reward model for struc-
tured function calling generation.

5 Conclusion

In this paper, we propose a fine-grained inference
scaling framework to enhance LLLM performance
on structured function calling tasks. We construct
an intra-call step-annotated dataset to train Tool-
PRM, a process reward model that supervises each
intermediate step. Integrated with beam search,
ToolPRM achieves the highest supervision accu-
racy and enables base LLMs to attain state-of-the-
art results. We also identify a key principle for
structured inference scaling: “explore more but
retain less” based on the unrecoverability of struc-
tured output generation. However, the optimal
trade-off in this principle is not yet dynamically
adjustable. Future work could explore adaptive
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strategies that calibrate exploration and retention
based on input complexity or ToolPRM-derived
confidence.

Limitations

While ToolPRM improves fine-grained guidance
for tool use, it still assumes a discretized, step-wise
view of decision making, which may not capture
all forms of implicit reasoning or latent uncertainty.
The approach focuses on rewarding intermediate
structure and consistency, and thus cannot guar-
antee global optimality of the final tool choice or
argument specification in every case. In addition,
the framework introduces additional modeling com-
ponents (e.g., masking design and state definitions),
whose choices may affect behavior and require
careful implementation.
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A Prompts for Function Call Generation

| 2. tool:

You are a helpful assistant.<|im_end]|>

<|im_start|>user

[BEGIN OF TASK INSTRUCTION]

You are a tool calling assistant. In
order to complete the user's
request, you need to select one or
more appropriate tools from the
following tools and fill in the
correct values for the tool
parameters. Your specific tasks are:

1. Make one or more function/tool calls
to meet the request based on the
question.

2. If none of the function can be used,
point it out and refuse to answer.
3. If the given question lacks the

parameters required by the
function, also point it out.

The following are characters that may
interact with you

1. user: Provides query or additional
information.

Returns the results of the

tool calling.

3l LEND OF TASK INSTRUCTION]

[BEGIN OF AVAILABLE_TOOLS]

[{"name": "get_weather”, "description":
"get information about the
weather"”, "parameters”: {..

[END OF AVAILABLE_TOOLS]

-3}

[BEGIN OF TASK INSTRUCTION]

The output MUST strictly adhere to the
following JSON format, and NO other
text MUST be included.

The example format is as follows.
Please make sure the parameter type
is correct. If no function call is
needed, please directly output an
empty list '[]'

L

{"name": "func_namel”, "arguments”:
{"argument1”: "valuel”,
"argument2”: "value2"}},

. (more tool calls as required)

1

[END OF TASK INSTRUCTION]
<|im_end|>

<|im_start|>user

il Please help me check the weather

<|im_end|>

<|im_start|>assistant

Listing 1: Prompt for generating a function call.

Table 4: BFCL results of self-reflection baselines. Avg.
is the unweighted average over the four splits.

Model Simple Multi. Paral. Mul.P. Avg.
Qwen2.5-32B 72.83 94.00 93.50 88.50 87.21
Qwen2.5-32B + Refl. 74.17 95.50 93.50 89.00 88.04
Qwen2.5-7B 7533 9450 91.50 84.50 86.46
Qwen2.5-7B + Refl. 77.17 95.50 91.50 83.50 86.92
Hammer2.1-7B + ToolPRM  79.08 95.50 94.50 89.00 89.52

B Additional Experimental Results

B.1 Can Advanced Reasoning Models
Self-Correct Structural Errors?

An important question is whether stronger rea-
soning models can implicitly recover from early
structural errors through self-reflection, which
would challenge our assumption that such errors
are difficult to repair once they occur. To in-
vestigate this possibility, we additionally evalu-
ate Qwen2.5-Instruct models with a self-reflection
strategy at inference time on BFCL. Specifically,
we compare the original Qwen2.5-7B-Instruct and
Qwen2.5-32B-Instruct models against their self-
reflection variants, and further contrast them with
our Hammer2.1-7B model guided by ToolPRM.
As shown in Table 4, self-reflection yields only
minor gains for Qwen2.5-Instruct models and still
consistently underperforms our 7B model with
ToolPRM. This result suggests that post-hoc re-
flection is limited for structured outputs such as
JSON function calls. Unlike open-ended reasoning
tasks, where a model may revise its line of thought
in subsequent sentences, structured generation is
inherently brittle: a hallucinated argument value or
a subtle early syntax error can invalidate the entire
output while remaining difficult for the model itself
to detect and repair afterward. Therefore, these re-
sults further support our premise that early errors in
structured outputs are functionally unrecoverable in
practice, motivating fine-grained intra-call pruning
rather than relying on delayed self-correction.

B.2 Sensitivity to Function Masking

We further clarify the mechanics and robustness
of the function masking strategy used in ToolPRM
training. Function masking is only applied to a sub-
set of the training samples, rather than the entire
dataset. Its role is not merely to prevent memoriza-
tion of tool names, but also to act as a regularization
mechanism that encourages the model to rely on
contextual understanding of tool descriptions and
argument semantics instead of surface-form cues.
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Table 5: Sensitivity of ToolPRM to function masking
on BFCL. FM denotes function masking.

Model Simple Multi. Paral. Mul.P. Avg.
Hammer2.1-1.5B  74.67 92.00 84.50 80.00 82.79
ToolPRM w/o FM  78.08 91.50 86.50 83.50 84.90

ToolPRM with FM  78.42 92.00 87.50 84.50 85.61

Table 6: Comparison between ToolPRM and the con-
strained decoding baseline FANTASE (Wang et al.,
2024b) on BFCL.

Model Simple Multi. Paral. Mul.P. Avg.
Hammer2.1-1.5B  74.67 92.00 84.50 80.00 82.79
+FANTASE 76.58 91.50 86.50 82.50 84.27
+ToolPRM (Ours) 78.42 92.00 87.50 84.50 85.61

To further validate this design, we conduct an
additional ablation study on BFCL by training Tool-
PRM with and without function masking. Table 5
shows that removing function masking leads to
consistently worse overall performance, and more
importantly, weakens the efficacy of inference-time
guidance. These results suggest that partial func-
tion masking improves the robustness of ToolPRM
and helps it provide more reliable guidance during
structured decoding.

B.3 Comparison with Constrained Decoding
Baselines

We further compare ToolPRM against constrained
decoding baselines by adding FANTASE (Wang
et al., 2024b), a state-tracked constrained decod-
ing framework paired with reranking. For a fair
comparison, we equip FANTASE with a RoBERTa
reranker that acts as an outcome reward model
trained on our constructed ToolPRM dataset. As
shown in Table 6, ToolPRM consistently outper-
forms the constrained decoding baseline across all
splits on BFCL. This result suggests that enforcing
state-level constraints and reranking alone is insuf-
ficient to match the benefits of fine-grained process
supervision during structured generation.

B.4 Generalization Beyond BFCL and
ToolAlpaca

To evaluate whether ToolPRM generalizes beyond
BFCL and ToolAlpaca, we conduct additional ex-
periments on the API-Bank benchmark (Li et al.,
2023). Following prior work on Hammer (Lin et al.,
2024), we use the cleaned version of API-Bank,
which contains 314 tool-use dialogues and 753 API

Table 7: Generalization results on API-Bank (Li et al.,
2023). Following Hammer (Lin et al., 2024), we report
results on the cleaned test set.

API-Bank (L1)

Model F1-API Fl-Args Avg.
Hammer2.1-1.5B 96.55 89.96 93.26
+Token-level Beam Search 91.41 84.78 88.10
+Majority 9393 8571 89.82
+Best of N 97.29  90.25 93.77
+ToolPRM (Ours) 97.82 90.88 94.35
API-Bank (L2)
Model F1-API Fl-Args Avg.
Hammer2.1-1.5B 85.09 67.82 76.46
+Token-level Beam Search 81.50 63.84 72.67
+Majority 85.71 68.57 77.14
+Best of N 8698 68.49 77.74
+ToolPRM (Ours) 87.32 68.89 78.11

calls. This benchmark evaluates a model’s ability
to correctly invoke a known API from a query (L1),
as well as to select and call APIs from a candidate
list (L2).

As shown in Table 7, ToolPRM consistently out-
performs the base model and other inference-time
baselines on both L1 and L2. These results vali-
date that the fine-grained supervision learned by
ToolPRM generalizes to more complex and out-of-
domain tool-use environments, beyond the bench-
mark settings used in our main experiments.
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