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Figure 1: Prior art for tool-use dataset generation (top) starts with a user query, followed by an expensive, failure-
prone tool search (e.g., DFS). In contrast, 7To0olGrad (bottom) first generates successful tool-use chains, then
annotates corresponding user queries, achieving superior efficiency and almost 100% pass rate.

Abstract

Prior work synthesizes tool-use LLM datasets
by first generating a user query, followed by
complex tool-use annotations like depth-first
search (DFS). This leads to inevitable annota-
tion failures and low efficiency in data genera-
tion. We introduce ToolGrad, an agentic frame-
work that inverts this paradigm. ToolGrad
first constructs valid tool-use chains through
an iterative process guided by textual “gra-
dients”, and then synthesizes corresponding
user queries. This “answer-first” approach
led to ToolGrad-500, a dataset generated with
more complex tool use, lower cost, and al-
most 100% pass rate. Experiments show that
ToolGrad models outperform those trained on
expensive baseline datasets and proprietary
LLMs. The ToolGrad source code, dataset, and
models are available at https://github.com/
zhongyi-zhou/toolgrad.

1 Introduction

Tool uses empower large language models (LLMs)
by interfacing a parametric model with the external
world through API calls. For instance, RAG (Lewis

et al., 2020), an exemplary tool-use system, demon-
strated its impact in reducing LLM hallucination
and increasing Al response quality (Shuster et al.,
2021). Further studies have extended the concept
and use programs and database retrieval to enhance
LLMs’ math reasoning and fact-checking capabili-
ties (Gao et al., 2023; Augenstein et al., 2024).

In practice, teaching LLLM to use tools is non-
trivial — its main challenge lies in the dataset.
While prior work has collected large-scale API
databases (Shen et al., 2023; Yan et al., 2024), we
still lack a scalable method to create a pair of “user
prompt” and “tool-use chain” for training. Since it
is impractical to ask for human annotation at scale,
prior work primarily used an agent to search a tool-
use path with trial and error. Figure 1 (top) shows a
representative annotation approach, which includes
two steps: 1) generate a hypothetical user instruc-
tion from a sampled API pool, and 2) use a DFS
agent to find its tool-use solution. This approach
is inherently inefficient because its core concept
is to distill valuable trajectories from a complex
agent exploration for training an LLM. This im-
plies that exploration must be expensive by nature.
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More importantly, the exploration has no guaran-
tee of annotation success, causing a waste of agent
resources. As a result, such a tool-use dataset gen-
eration usually suffers from 1) a high agent cost
and 2) a low pass rate.

To address this issue, this work explores an al-
ternative solution paradigm, i.e., we first generate
a ground-truth tool-use chain and then annotate its
corresponding user prompt. Intuitively, an explicit
tool-use solution provides more unambiguous infor-
mation than a prompt, making the annotation, from
tool usage to the use query, much easier and requir-
ing only one LLM step. At the same time, this new
problem formulation introduces a new challenge:
how can we effectively generate tool-use chains
directly from a large-scale API database?

In this work, we introduce ToolGrad, an agen-
tic framework to chain APIs iteratively with mini-
batches in a large database. Inspired by a standard
ML optimization loop and TextGrad (Yuksekgonul
et al., 2024), we design ToolGrad to boost textual
“gradients” by chaining the best API in each itera-
tion of the framework (Table 1), This is achieved by
four modules that perform API proposal, execution,
selection, and workflow update, respectively, which
resemble the forward inference and backward prop-
agation processes in ML. Using the framework, we
created ToolGrad-500, a tool-use dataset that con-
tains 0.5k samples of user prompts with their cor-
responding tool calls and Al responses to the user.
Compared to a baseline dataset, ToolBench (Qin
et al., 2023), ToolGrad-500 features more complex
tool-use data and was generated with lower cost
and an almost 100% pass rate. We further demon-
strate that small LLMs fine-tuned on ToolGrad-500
can outperform or match SoTA proprietary LLMs,
even on out-of-distribution (OOD) datasets with
unseen tools.

In summary, this work contributes 1) ToolGrad,
an agentic framework for efficient data generation,
2) ToolGrad-500, a tool-use dataset, and 3) the
corresponding fine-tuned models, all of which will
be open-sourced to support future research.

2 Related Work
2.1 Tool-use LLMs

Researchers have studied tool-use LLMs in vari-
ous fields (Patil et al., 2023; Huang et al., 2024b).
In NLP, tool-use LLMs have shown improved per-
formance in QA (Zhuang et al., 2023), fact check-
ing (Nakano et al., 2022; Augenstein et al., 2024;

Peng et al., 2023) and mathematical reasoning (Gao
et al., 2023; Das et al., 2024; Schick et al., 2023).
The impact of tool-use LLMs extends beyond NLP,
with notable applications in VQA (Gupta and Kem-
bhavi, 2023; Suris et al., 2023), human-computer
interaction (De La Torre et al., 2024; Zhou et al.,
2024)), and graphic modeling (Huang et al., 2024a;
Du et al., 2024).

Datasets play a critical role in advancing the
tool-use capability of LLMs. Initial efforts fo-
cused on constructing API databases from various
resources, such as Hugging Face APIs (Shen et al.,
2023) and a community platform (Yan et al., 2024).
Given the API databases, there are two primary ap-
proaches for creating tool-use datasets that connect
user prompts with tool-use actions. The first group
of work relies on human annotations (Zhuang et al.,
2023; Tang et al., 2023), which is often expensive
and difficult to scale up. Therefore, a large por-
tion of work developed synthetic datasets (Yang
et al., 2023; Wu et al., 2024). ToolBench (Qin
et al., 2023), for example, employs LLMs to gener-
ate user queries based on an API database and then
performs DFS to search its tool-use solution. 7-
bench (Yao et al., 2024) synthesizes multi-turn user
interactions with a multi-agent simulation. The
latest work further showed that synthetic queries
may misalign with human queries in the real world,
and thus created new postprocessing modules to
rewrite generated user queries (Wu et al., 2024;
Zhang et al., 2024).

This work follows the synthetic data approach
and targets the efficiency issue in the data gener-
ation process. As we will show in experiments,
ToolGrad can generate datasets with more complex
tool usage with a lower cost and higher pass rate.

2.2 Multi-agent Data Optimization

LLMs demonstrated their ability to solve problems
via simple prompts. This inspired researchers to
create multi-agent collaborative systems for var-
ious applications (Park et al., 2023; Wang et al.,
2023). For example, AgentCoder (Huang et al.,
2023) improves LLLM code generation by having
a code generator and a verifier work collabora-
tively. MetaGPT (Hong et al., 2024) further sim-
ulates human collaboration in software develop-
ment by simulating different roles like code writ-
ers and planners. Additionally, research shows
that agents can self-improve by step-by-step self-
criticism (Madaan et al., 2023). Copper (Bo et al.,
2024) further formulates the self-refinement prob-
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ML TextGrad ToolGrad
Model fo(x) f(x;¢): prompted by ¢  f(x;D): fine-tuned on D
Parameter 0: weights ¢: prompt D = {q,W,r}: dataset
Batches  {(z,y)}: (query, reply) {(z,v)}: (query, reply) {API}: a small API set
“Gradients” VoLl ( fo(x), y) LLM (“criticize it”) LLM (“select the best API”)
Optimizer 0111 < 0y — VoLl LLM updater Wit1 < Wy.add(APL,)

Table 1: An analogy of ToolGrad to conventional machine learning and TextGrad (Yuksekgonul et al., 2024). D is a
tool-use LLM dataset, composed of many triplets of (query, API workflow, response), i.e., (¢, W, r).

lem with RL, and trains an agent that performs
better refinement.

Recent studies formulate LLLM agents as opera-
tors in classical algorithms for data optimization in
various downstream applications (Chen et al., 2025;
Zhuge et al., 2024). For example, ProTeGi (Pryzant
et al., 2023) optimizes a prompt via LLM-based
beam search, which iteratively evaluates, criticizes,
and updates an initial prompt design. TextGrad
further defined a unified framework for prompt
optimization with textual “gradients”, and demon-
strated its application in a larger domain (Yuksek-
gonul et al., 2024).

We extend the concept of TextGrad (Yuksek-
gonul et al., 2024) into tool-use LLM dataset gener-
ation. Unlike TextGrad, which optimizes LLMs
with better prompts, we aim to generate better
datasets to teach LLLMs tool usage.

3 Background: Prompt Optimization
with Textual “Gradients”

We first review how prior work defines textual “gra-
dients” for prompt engineering in an agentic frame-
work. Note that textual “gradients” are not actual
mathematical gradients for numerically optimizing
objective functions in ML. Recent work (Yuksek-
gonul et al., 2024) generalizes the mathematical
“gradient” concept into textual feedback from an
LLM critic in an agentic framework, which guides
LLMs to update a prompt.

Formally, given an LLM, f(+; ¢), instructed by a
prompt ¢, prompt optimization aims to iteratively
refine an initial prompt ¢ into an optimized ver-
sion ¢, so that ¢ can better instruct LLM for the
given downstream task. This is achieved from an
agentic framework with textual “gradient” descents
that resemble the standard ML optimization. In
specific, given a batch of downstream task data,
{(z,v:)}, an agentic forward process is defined
as U; = f(xy; ¢y), where g; is the LLM prediction
on a given input x; using prompt ¢; on the ty, iter-

ation. The loss signal for the “gradient” descent,
L, is computed by an LLM agent that criticizes
the prediction g;. For example, in article summa-
rization, a critic may comment that a generated
summary does not fully summarize the core con-
cept for some reason. This results in some textual
feedback on the summarization tasks, i.e., the tex-
tual “gradients”. Lastly, another LLM agent edits
the prompt conditioned on the critic’s feedback,
ie., ¢t+1 < LLM (¢t; ,C)

4 ToolGrad

Instead of optimizing prompt engineering, Tool-
Grad aims to generate a dataset to teach LLMs
tool-use capability. Table 1 summarizes the anal-
ogy and differences of ToolGrad, compared to
TextGrad and ML. In practice, generating a tool-
use dataset is more complicated than prompt re-
finement. Simultaneously updating the model and
dataset is an intrinsically challenging analogy to
bi-level optimization, as the dataset is used to fine-
tune a model, i.e., the internal optimization loop.
Therefore, we leverage LLM feedback for the iter-
ative dataset construction without training an LLM
on the dataset in each step. To achieve such LLM
feedback, i.e., the textual “gradients”, we devise
four modules that resemble forward and backward
propagation in each step.

4.1 Tool-use LLMs: Preliminary

We aim to generate a D = {(¢, W, r)} to finetune a
tool-use LLM. q is a user query; VV is an API work-
flow consisting of a collection of API-use chains:
W = {C1,Cy,...,Cy}; and r is the response to ¢
conditioned on WW. A chain is defined as a sequence
of API execution steps, C' :== API; — --- — API,.
An API execution step contains 1) an API ID, 2)
the input of this API request, and 3) the response
from this API request.

An inference model trained on our dataset differs
from the ReAct-based tool-use paradigm, i.e., the
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Figure 2: ToolGrad Framework. Each iteration starts with (g, W;, r;) and a mini-batch of APIs. An API Proposer
first predicts up to m APIs, and then m API Executors perform tool calls and return execution reports. An API
Selector finds the most valuable API to chain W, — W, . Lastly, an LLM updater is used to predict gy+1, 7¢+1.

default function calling method defined in the Ope-
nAl SDK. With this dataset, the model is trained to
predict all the tool uses in one shot, while ReAct
agents predict one tool use in each LLM step. See
more discussion in Appendix E.

4.2 ToolGrad: One Iteration Step

Figure 2 visualizes the pipeline of ToolGrad in
each iteration, which contains four core steps: 1)
propose top-k APIs to augment the existing API
workflows given a mini-batch of APIs, 2) execute
the selected APIs, generating API reports, 3) select
the best API to augment the current workflow, and
4) update a workflow with the selected API.

API Proposer. The API proposer, LLM,,, takes
an API mini-batch as input ( {API}%* with size
bs) and outputs a list of selected APIs with their
corresponding instructions on how to use the API
for augmenting the current workflow W;:

{(APT;, inst;) }:Si" = LLM,, ({API}bs; Wt) (1)

Parameter m is pre-specified to control the maxi-
mal number of API proposals in each step. Note
that we prompt LLM,,. with a simple API configura-
tion, and LLM,,- cannot respond with a tool-calling
request. This design distills the most valuable APIs
for use in subsequent requests, thereby improving
overall system efficiency. Our intuition is that 1)
most of the APIs in a randomly sampled batch are
irrelevant to the current workflow, and 2) providing
simple API configurations is sufficient for an LLM
to decide which APIs are worth further in-depth
execution. Therefore, m must be much smaller
than bs to achieve such efficiency in practice.

API Executor. The API proposals are then sent
to m API executors, {LLML,}™. LLM" is denoted
as a tool-calling LLM agent that can return tool-
calling requests, as opposed to LLM, which returns
standard responses to the user. LLM._ takes an API
proposal (API;, inst;) as input and return a report,

rep; = LLM., (API;, inst;). )

The report contains the following information: 1)
a full record of the API request history and 2) a
boolean variable showing whether the execution is
successful. This is the most expensive step in the
ToolGrad framework because each selected API is
paired with an LLLM agent for parallel execution.
This verifies the necessity of our API proposer step,
which performs filtering, in one LLM step, to avoid
redundant API calls.

API Selector. Given a set of execution re-
ports {rep;}, we design an API selector, LLMs;,
to choose the best API that can augment the current
workflow W;.

j =argmaxV ({rep;}"", W)
i 3)
~ LLMge; ({rep;}™, Wy) ,

where V (-, -) is a hypothetical value function.
In practice, instead of defining V' and performing
argmax V' (-, -), we use an LLM as its proxy. In-
tuitively, arg max V' (-, -) is a process that chooses
the most valuable API from the reports, and we
hypothesize that an LLM can achieve this task con-
ditioned on the API execution reports, {rep,}"™,
and the current workflow, WW,. In addition, we
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instruct LLM,.; to specify which chain C, € W,
the selected API (API;) augments — or to create a
new chain if necessary. Therefore, the following
equation shows the API selector step at ToolGrad:

ja k= LLMse; ({repi}ma Wt) )

h 7 is the selected API id for API;, 4)
WA K is the chain id for Ci.

The API selection is the core step that performs
the “gradient” computation in our optimization
loop (Table 1). As opposed to the LLM critic step
that uses textual feedback as “gradient”, our API
selector chooses a discrete API to augment W; as
“gradients” of data generation in ToolGrad.

Workflow Updater. j and k from the API execu-
tor provide clear information on 1) which API from
the mini-batch the workflow updater should use and
2) where (at which chain) the updater should ap-
pend the API to. Therefore, the workflow updating
process can be clearly defined as follows without
using LLMs.

Wil Wt.add(APIj, Ck) ®))

On the other hand, once W, is updated to W, 1,
we should also update (g, 7¢) to maintain the co-
herence of the sample triple (¢, W, r). Therefore,
in the workflow updating step, we perform the fol-
lowing LLM step:

qt+1,Tt+1 = LLMupduter(Wt+l) (6)

Intuitively, this step resembles summarization
tasks that convert detailed texts (i.e., a tool-use
workflow) to ambiguous messages (i.e., a user
query and its response). This inverse prediction
process is much more straightforward than the
standard forward pass that explores answers with
a given user query: W.,r = LLMpgs(q), where
LLMprs is an agent using DFS (Qin et al., 2023).

4.3 Sampling Negative APIs

Given the (g, W, ) with the ground-truth tool uses,
we post-process it by sampling negative tools. The
objective is to simulate a real-world use scenario
where an agent can access more APIs than neces-
sary. Prompting the LLM with every API configu-
ration is impractical given our API database’s size
(8k). Therefore, we aim to simulate an RAG-like
use case in our dataset, in which the agent first sam-
ples top-p APIs based on the text-embedding sim-
ilarity and then prompts an LLM with the p APIs
only. Formally, given a ground truth set {W}" of n
positive APIs, we sample the top-(p—mn) APIs most
similar to these positives as our negative samples.

4.4 Generation Configuration

In this work, we choose the number of API propos-
als as m = 3, and the API batch size bs = 50. Each
generation loop takes 10 iteration steps, which we
observed is sufficient to generate complex API-use
workflows. We chose p = 10 when sampling neg-
ative APIs and gemini-2.5-flash-lite as our LLM
for data generation. We chose the lite model for
its cost-effectiveness, and its benefit in low-latency
response capability. The low-latency benefits are
crucial for our framework to generate data within a
reasonable amount of time. The framework for 500
times using different seeds, constituting ToolGrad-
500. We then further format the generated samples
into a supervised finetuning set for single-turn tool
uses, equivalent to the tasks defined in Berkeley
Function Calling Leaderboard (BFCL) v1/v2 (Patil
etal.,2023). The LLM is provided with an OpenAl-
style tool-use definition and trained to output a
Python-style tool use. Appendix C provides more
details on our prompt templates.

5 Experiments

We conducted experiments to demonstrate that
ToolGrad 1) generates high-quality data with low
cost, and 2) leads to a finetuned model with better
tool use performance.

5.1 Setups

Model training and baselines. We then finetune
three Gemma-3 models (1B, 4B and 12B) on these
two datasets using supervised finetuning. More
training configs are documented at Appendix B.1.
We chose baselines from two aspects. We first
chose ToolBench (Qin et al., 2023) as our query-
first baseline dataset, and their DFS framework
as our query-first data generation framework. We
evaluate the quality of frameworks both explicitly
(generation cost and generated data complexity)
and implicitly (model performance trained on their
generated datasets). To achieve a fair implicit com-
parison, we also finetune the Gemma-3 models on
ToolBench datasets, and report results based on the
finetuned models. We also consider model-wise
baselines, where we experimented with Gemini-
2.5, GPT-5 and Claude-4.5 series models as repre-
sentatives of SOoTA proprietary LLMs. In addition,
we chose ToolACE (Liu et al., 2025) and Ham-
mer (Lin et al., 2024) as baselines that represent
finetuned models specifically for tool uses.
Evaluation benchmarks. We evaluated the fine-
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DFS ToolGrad
Pass rate (%) 1 63.8 99.8
# of gt tool uses + 2.1 34
LLM cost | 64.5 63.9
Tool cost | 34.3 20.0

Table 2: Generation efficiency comparison between
DFS (Qin et al., 2023) and ToolGrad.

tuned models on two benchmarks. We first report
results on ToolBench-I3 (Qin et al., 2023), the most
challenging track in ToolBench with cross-category
tool use. Therefore, we report our model perfor-
mance on BFCL (Patil et al., 2023). Note that
there is minimal tool definition overlap between
ToolBench and BFCL, so this evaluation helps us
understand whether our models can successfully
use unseen tools. Our evaluation focuses on BFCL-
v1/v2, the single-turn tool-use track, because multi-
turn tool use and agent use (the latest v3/v4 track)
are out of scope for our generation framework. We
leave it as future work to explore enhancing agent
performance with the 7oolGrad-generated dataset.
Metrics. We report two groups of metrics to
evaluate a given dataset generation approach. To
evaluate the cost of data generation, we report 1)
the pass rate, 2) the number of ground-truth tool
uses, which measures the complexity of generated
data, 3) the number of LLLM/tool calls, and 4) the
LLM API cost. We also report the performance
of models finetuned on the given dataset on Tool-
Bench and BFCL. We reused their corresponding
evaluation metrics. Note that on ToolBench, we use
absolute LLLM judge scores instead of the original
win rate metric. Our absolute scoring system fits
more on our experiments with multiple baselines.
Appendix D.1 provides more details on our design
of the LLM judge, including the prompt design.

5.2 Main Results

Data Efficiency. Table 2 summarizes the cost-
performance results comparison between our
answer-first data generation framework, ToolGrad,
and a DFS-based query-first approach on Tool-
Bench (Qin et al., 2023). ToolGrad achieves 99.8%
pass rate — a significant improvement from 63.8%
for DFS, while producing more complex chains (an
average of 3.4 ground-truth tool uses vs. 2.1 for
DFS). More importantly, ToolGrad cuts down on
the generation cost: LLM invocations drop from
64.5 to 63.9, and tool-use steps fall from 34.3 to

20.0. The results demonstrate the high efficiency
of ToolGrad for data generation: it generates more
complex tool-use chains with a higher pass rate and
lower cost.

We reviewed the failure log and found that the
agent failed to receive a successful response from
3 selected APIs across all 10 iterations, and thus
saved an empty data sample. In practice, this case
happens extremely rarely (0.2%).

Results on ToolBench. We then report how
effective our “cheap” dataset can be used to teach
LLM tool usage. Table 3 compares single-turn
tool-use performance between our finetuned small
LLMs and SoTA proprietary LLMs. Results show
that our 12B and 4B models ranked first and second,
outperforming even our teacher model, “gemini-
2.5-flash-lite”.

Table 4 further compares our models on Tool-
Grad to the same models trained on ToolBench
and the base Gemma models, using the ToolBench
test set. We first compared ToolGrad models with
base Gemma models, and results show that Tool-
Grad can effectively enhance Gemma’s tool use
capability (1B: +13.1, 4B: +6.4, 12B: +9.8). We
then compare our models with ToolBench-trained
models, which are 1) trained on more expensive
datasets (see training budget data Appendix B.2),
2) use an advanced inference framework, and 3)
evaluated in-distribution with their test set. De-
spite the “unfair” setup that strongly favors our
baselines, the ToolGrad models still outperform the
corresponding ToolBench models (with a tie on the
4B model). Additional discussion on Table 4 is
available in Appendix D.2.

Note that ToolBench evaluation heavily rely on
LLM judges, so we conducted a small-scale hu-
man evaluation to test its alignment with human
scores. We randomly selected 8 queries and asked
two human raters to evaluate the answers from the
12 models in Table 3, yielding 96 ratings per rater.
Further details regarding the study are available
in Appendix D.3. Our analysis indicates that the
averaged judge scores correlate strongly with hu-
man ratings (p = .88, p < .001). This observation
aligns with existing literature (Chan et al., 2023;
Wang et al., 2025) and serves to validate both our
judge design and the model performance results on
ToolBench.

Results on BFCL. Figure 3 shows our evalua-
tion results on BFCL. We only report overall score
of single-turn tool uses in the figure. The score
breakdowns are available in Table 5 and Table 6.
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ToolGrad
1B 4B

Model Gemini 2.5

Claude 4.5 GPT-5

12B ‘ lite flash pro ‘haiku sonnet opus ‘ nano mini base

Score | 14.1 176 19.6 | 6.9 85

114 | 12.8

135 154 | 154 147 127

Table 3: ToolBench single-turn tool-use evaluation results. We highlight the best and second best value.

Gemma-3-1B Gemma-3-4B Gemma-3-12B Gemini-2.5
Base ToB ToG Base ToB ToG Base ToB ToG  flash-lite
Standard 1 / 141 11.2 / 17.6 9.8 / 19.6 6.9
ReAct 0 33 / 0.1 176 / 0.5 18.1 / 12.3
DEFS 0 3.2 / 0.1 134 / 0 12.3 / 15.6

Table 4: Comparison of models trained on ToolGrad and ToolBench datasets on ToolBench. ToB and ToG denote
finetuning on ToolBench and ToolGrad datasets, respectively. The best performance per model size is underlined,

and the global best is bolded.

The results demonstrate that our tool-use capa-
bility generalizes effectively to unseen tool usage
scenarios. Specifically, the 1B, 4B, and 12B mod-
els achieve score increases of +8.1, +8.0, and +6.3,
respectively. Table 6 further confirms these per-
formance gains on both the live (+1.93, +4.74,
+4.22) and non-live (+14.19, +11.34, +8.37) sub-
scales. While the trend indicates that our fully
synthetic dataset most significantly boosts non-live
(synthetic) benchmark scores, it notably enhances
model performance on real human data benchmark
as well. Table 5 shows that our ToolGrad dataset is
particularly beneficial to boost “Multiple Parallel”
performance, defined as a combined task of 1) tool
choices and 2) parallel tool calls. This result well
aligns with our results reported in Table 2, where
we show the ToolGrad dataset is good at generating
complex tool uses (with low cost).

Table 6 also shows that ToolGrad-12B ranks the
second in BFCL (-0.1 compared to Gemini 2.5 Pro).
ToolGrad-12B also outperforms ToolACE (Liu
et al., 2025), trained on a more advanced tool
set than ToolBench, and Gemini-2.5-flash-lite, its
teaching model in the 7o0!/Grad framework.

5.3 Scaling Study

Different from other modularized projects that eval-
uate their full pipeline with an ablation study, mod-
ules in our framework work as a whole and cannot
be reasonably ablated. Here, we conducted a scal-
ing study that explores how ToolGrad performance
varies by scaling the number of iterations and the
number of samples.

Scaling iterations. We chose iteration = 4, 8,
12, 16 and number of samples = 500 for the study,

and reported how 1) pass rate, 2) percentage of
unique tool use, and 3) LLM API cost for gener-
ating the data using ToolGrad. Figure 4 summa-
rizes our results using Gemini 2.5 flash. The figure
shows that the pass rate tends to saturate between
iteration = 8 and 12, demonstrating our choice of
iteration=10 when crafting ToolGrad-500 as a rea-
sonably cost-effective choice. The “% of Unique
Tool Use” curves demonstrate one major challenge
in the “scaling law”, i.e., the agent tends to generate
similar tool uses in our training set. Such repeti-
tive synthetic tool-use data will inevitably harm our
model training when we scale our framework for
large-scale data generation.

Scaling samples. We further studied the scaling
effect on the number of samples. We chose 10 it-
erations per generation and trained Gemma-3-4B
on 100, 500, 1k, 1.5k, and 2k data, using the same
finetuning configuration for ToolGrad-4B. We then
evaluate the finetuned models on BFCL. Results in
Figure 5 show that, while all finetuned models still
outperform the baseline, the model performance
first increases and then decreases with the scaling
of the dataset. These results provide further evi-
dence showing the existence of a saturation point
with our current ToolGrad system design. We en-
courage future work to formally investigate this
phenomenon and then contribute to breaking this
performance saturation point.

5.4 Discussion

Contaminated Data with Unsolvable Queries.
Table 3 shows that all models perform poorly

in the ToolBench. After investigation of the Tool-

Bench test query, we find that there exist subopti-
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mal queries where the given tool sets cannot sup-
port solving the query. This issue is inevitable in
the query-first data generation framework, and it is
almost impossible to guarantee the resolvability of
a generated query. Additionally, even though the
query is solved by DFS exploration, the Toolbench
training set considers the traces that lead to success
as the “ground truth” tool-use traces for LLMs to
learn. However, we find such “ground truth” tool-
use traces contain low-quality tool-use steps like
wrong tool use that lead to data contamination. In
comparison, our answer-first generation framework
can avoid both issues: 1) all generated data are
verified because the generation starts with at least

one valid tool use, and 2) our framework does not
allow the tool-use failure step to enter our training
dataset.

Intelligence Bootstrap with ToolGrad. One
common approach to eliminate the data contamina-
tion in query-first approaches is to filter out failure
samples (Du et al., 2024). This approach is also
suboptimal — It limits an agent’s learning space to
problems that a teacher agent can solve. As a re-
sult, a student cannot outperform a teacher model
(e.g., ToolLlama fails to beat GPT-4 (Qin et al.,
2023)). In contrast, our results on both benchmarks
provide strong signals of bootstrapping an LLM
intelligence with our unique design of answer-first
data generation. For example, Table 3 shows that
even the “1B” model can outperform its teacher
model, “gemini-2.5-flash-lite”. More interestingly,
Gemma-3-12B already outperforms “gemini-2.5-
flash-lite” in both benchmarks, but “gemini-2.5-
flash-lite”-generated data can still be useful to ef-
fectively teach a better ToolGrad-12B model.

Agent Memory. In Section 5.3, we reported
that the model performance fails to increase with
the scaling of our data generation. We believe one
major reason is that 7oolGrad does not contain a
memory mechanism. That being said, each data
sample in ToolGrad is generated independently.
This explains the finding under Figure 4, where the
framework tends to generate similar tool use in the
training set. With a shared memory module, we
envision a future version of ToolGrad will be able
to avoid proposing repetitive tool usage during the
data generation, and thus create a higher quality
tool use training set.

6 Conclusion

This work introduces ToolGrad, a framework for
efficient tool-use dataset generation. Our core con-
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cept is to first generate tool-use answers with tex-
tual “gradients”, followed by query generation. We
further contribute a high-quality dataset, ToolGrad-
500, generated with a lower cost and almost 100%
pass rate. Experiments show that models trained
on ToolGrad-500 outperform those trained on ex-
pensive baseline datasets and proprietary LLMs.

7 Limitations

Multi-step tool use with reasoning. Our mod-
els are limited in inference with the ReAct/DFS
framework because our fine-tuning dataset lacks
reasoning examples. Recent work has introduced
an increasing number of tool-use frameworks (Lu
et al., 2025), and it is underexplored how our supe-
rior performance can be generalized into a broader
range of frameworks.

Post-training with reinforcement learning
(RL). This work focuses on demonstrating the
usage of our dataset with supervised fine-tuning
(SFT). Recent exploration highlights the benefit
of teaching LLM tool usage with RL (Qian et al.,
2025). The value of the datasets we generate for
RL remains underexplored.

Aligning human behaviors in generated
queries. While the ToolGrad framework enhances
the generation efficiency of synthetic tool-use
datasets, it does not address another critical issue of
synthetic datasets: the alignment of real-world hu-
man behaviors. That being said, an LLM-generated
user query may not accurately reflect how real-
world humans express their intentions when inter-
acting with LLMs. For example, generated queries
may lack linguistic diversity. Future work should
consider post-processing the generated queries (Wu
et al., 2024; Zhang et al., 2024) or take humans in
the ToolGrad framework, leading to another anal-
ogy to interactive machine learning (IML). With the
combined effort of higher efficiency and better hu-
man alignment in synthetic approaches, we believe
that future agents will be able to rapidly bootstrap
their tool-use capability through self-instruction.

Scaling Failure. A major benefit of synthetic
data is that it can scale up more easily than real
human data collection. However, in Section 5.3,
we show the scaling plateau appears at a small
number, which limits the motivation of utilizing
synthetic data instead of real human data for LLM
post-training. We encourage future work to push
this scaling limit.
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Appendix
A ToolGrad System

A.1 Prompts

The following content shows the prompt templates
used in this work, including those in four LLM
modules Figure 2 of ToolGrad (Prompt 1, Prompt 2,
Prompt 3, and Prompt 4) and the template we used
in the LLM judge Prompt 5.

You are tasked with augmenting an API-use

workflow with more APIs from a given library so
that it can serve for more advanced tasks.

Given the following information that provides
the context, please make three API-use proposals
to augment the current workflow.

The current workflow:
{workflow_cur}

The following is a pool of APIs that you can use:
{api_all}

CRITICAL - Instruction Format Requirements:

- Each proposal's "instruction” field must be an
ACTIONABLE COMMAND that tells an agent executor
HOW to use the proposed API(s).

- Instructions must be IMPERATIVE commands (e.g.,
"Get...", "Use...", "Retrieve..."), NOT

descriptive summaries.

- DO NOT reference previous executions or

results (e.g., avoid "This tool was used...” or

"It returned...").

- The instruction will be given to an agent

executor that will use it to decide which tools

to call and with what inputs.

Notes:

- Please reply in the required data structure.
- To select an API, you should return its name.
- If you do not have any additional tools to
propose, you can respond with None.

Prompt 1: “API Proposer” template.

You are tasked with exploring an API based on a

given plan.

The following shows a guide for you to follow:
1. Verify whether the API-calling result

provides a reasonable response for the given

plan.

2. Report “success = False™ if you fail to get a
reasonable result, and explain why.

3. Report “success = True™ if you get a
reasonable result that addresses the plan, and

provide justification for the success.

4. If you report “success = True”, you should

also report which function calling step leads to
the success.

Retry Logic:

- The API may return bad results (e.g., error
messages, completely irrelevant data, or
responses that don't address the plan).

- In such cases, you should try again with
different input parameters if reasonable
alternatives exist.

- You have a maximum number of iterations to
complete the task. Use them wisely.

- If retries fail or no reasonable alternative
inputs exist, report “success = False~.

The following is the plan:
{plan}

Notes:

- Success criterion: If the API execution

provides a reasonable result that addresses the

given plan, report “success = True~.

- If an API fails to execute or returns unusable
results after reasonable attempts, report °

success = False~.

Prompt 2: “API Executor” template.

You are an API selector.

You need to select one API or refuse to select
any API from the given list of APIs to augment
the current workflow.

The current API-use workflow:
{workflow_cur}

Reports from the proposed APIs:
{api_reports}

When you select an API, you need to make the
following decisions:
1. Determine whether any API can be used to
augment the current workflow.
2. If yes, select one API to augment the current
workflow.
3. Decide whether to append the selected API to
an existing API-use chain or create a new API-
use chain:
3.1 xxAppend to existing chain**: Choose this

when the API logically should follow another
call in an existing chain. This includes cases
where:

- The “tool_input™ contains data from a
previous API's “response”

- The API's purpose depends on results
from a previous call

- Even if “tool_input® is minimal, the
API conceptually continues work from a previous
step

When you decide to append, you should
also select which API-use chain to append to.

3.2 *xCreate new chain*x: Choose this when

the API is independent and does not logically
depend on any existing API execution. For
example:

- The API addresses a completely separate
aspect of the workflow

- The “tool_input™ is self-contained and
doesn't rely on previous results

Prompt 3: “API Selector” template.

[
| You are generating training data for a tool-use

| language model. Given API execution traces,

19051




create a natural user query that would trigger
these API calls, followed by an appropriate
response.

**API Execution Details:*x
{api_use_chains}

**Task:** Generate (1) a natural user query and
(2) the agent's response based on the API
execution traces above.

**Important:** You will receive the API
execution chains for context, but you should NOT

return them in your output. Only return the
query and response fields.

**CRITICAL: User Query Requirements#*x

1. **x DO**: Write queries like a real human
would ask

- "What's the weather forecast for London
next week?"

- "I'm researching Tesla stock. Show me
recent performance and news."

- "Find me Italian restaurants near Golden
Gate Park with good ratings."

2. **x NEVER**: Mention APIs, tools, functions,
or technical implementation

- Never say: "call the weather API", "use
get_forecast”, "invoke the search tool”
- Never ask: "which API should I use”, "can

you run this function”
- Never include: tool names, API endpoints,
function signatures

3. x* DOx*: Provide specific, concrete details
- Include exact values from tool_input (
locations, IDs, names, numbers)
- Use specific examples: "123 Main St,
Oakland CA" not "an address”
- Mention precise entities: "Tesla stock” not
"a company's stock”

4. *x DO**: Create realistic scenarios
- Explain WHY the user needs this information:

* "I'm planning a trip..."
* "I'm writing a research report on..."
* "I need to prepare for a meeting about...”
- Make the request feel natural and
purposeful

5. *x DO**: Cover ALL API calls implicitly

- If 3 APIs were called, the query should
naturally require all 3

- Don't list them ("do A, B, and C"), weave
them into a cohesive need

- Example: Instead of "Get weather, find
hotels, search restaurants”

--> "I'm visiting Paris this weekend. What

should I expect, and where should I stay and eat
on

**Response Requirements:*x
- Synthesize all API execution results into a

helpful, natural response

- Present information clearly without mentioning
APIs or tools

- Reference concrete data from the execution
outputs

- Sound like a knowledgeable assistant answering
a user's question

**Examples: x*

**xExample 1:*x

API Chains: [weather(city="Tokyo"),
currency_convert(from="JPY", to="USD", amount
=5000) ]

Query: "I'm traveling to Tokyo next month. What'
s the current weather like, and how much is
5,000 yen in US dollars?”

Response: "Tokyo is currently experiencing mild
temperatures around 18C with partly cloudy skies.
As for the currency conversion, 5,000 Japanese

yen is approximately 33 US dollars.”

*xExample 2:%*

API Chains: [github_search(topic="ML"),

github_get_repo(id="tensorflow/tensorflow"),

github_get_contributors(id="tensorflow/
tensorflow”)]

Query: "I'm researching popular machine learning
projects on GitHub. Can you tell me about

TensorFlow -- how active is the project and who

are the main contributors?”

Response: "TensorFlow is one of the most popular
machine learning frameworks on GitHub with over
180,000 stars. The project is very active with

regular updates. The main contributors include

members of the Google Brain team, with key
developers like Jeff Dean and Rajat Monga being
significant contributors.”

Make the query sound like something a real
person would ask in a conversation or search bar.

Prompt 4: “Inverse Prediction” template.

Task Overview:

You are an expert evaluator for a Tool-Use agent.
Your task is to determine if the provided "Tool
use trace” successfully retrieves the

information needed to satisfy the "User query".

CRITICAL RULES:

1. STRICT EVALUATION: Evaluate ONLY the
information contained in the "Tool use trace”.
Do NOT assume the agent can answer using
external knowledge.

2. ZERO SCORE: If the "Tool use trace" is empty,
or if ALL tool calls in the trace returned an
error (e.g., timeout, invalid parameters,
authentication failure), the score MUST be 0.
3. GROUNDING: We are judging the SUFFICIENCY of
the retrieved data to answer the query, not a
natural language response.

Evaluation Criteria:
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1. Atomic Request Decomposition:

- Breakdown the user query into distinct,
atomic information needs (e.g., "Request 1: Find
movie X", "Request 2: Get cast for movie X").

2. Individual Request Scoring:
- For EACH atomic request, assign a score
based on the sufficiency of retrieved data:

- @: No information retrieved. No tools
called, or the trace is empty, or ALL relevant
tool calls failed (e.g., timeouts,
authentication errors).

- 25: Unsuccessful attempt. Tools were
called with intent but returned errors (e.g.,
invalid parameter”, "missing argument”), and NO
useful data was retrieved. This acknowledges the

effort and the error message provides
information for a next step improvement.

- 50: Partial success. Some relevant data
was retrieved, but it is incomplete or lacks
critical details (e.g., found the movie ID but
failed to get its streaming links).

- 75: Near complete success. The bulk of the
requested information is present. Minor details
might be missing, or the retrieval was slightly
indirect/cluttered but sufficient.

- 100: Complete success. All requested
information was retrieved accurately via valid,
grounded tool calls with no errors.

- You can choose scores between the above
values to better fit the real scenario.

n

3. Final Score Calculation:
- Compute the final score by averaging the
scores of all identified atomic requests.

Example:

Query: "Find 'Documentary' on Vimeo AND get
streaming link for YT ID '123'" (2 requests)
- Trace: Vimeo search succeeded. YT retrieval
failed. -> Score: (100 + @) / 2 = 50.

- Trace: Both tools failed with timeouts. ->
Score: (0 + @) / 2 = 0.

- Trace: No tools called. -> Score: 0.

Input Data:
User query:
{query}

Tool use trace (a list of objects with tool_name,
tool_description, tool_input, and response):
{tool_use_trace}

Our system cannot self-instruct while generating
the data. That being said, “API Executor” cannot
learn from the tool-use experiences of other “API
Executor” within or even outside a generation ses-
sion. To further enhance our system, we encourage
future work to incorporate a memory system in our
current implementation of ToolGrad.

A.3 API Library

We used the API library provided by Tool-
Bench (Qin et al., 2023). We found some API
names and their corresponding configuration are
not well annotated (e.g., APIs named as “test_v5”,
“test_for_test”, etc.), which negatively affects our
generation. Therefore, we used gemini-2.5-flash-
lite to perform two rounds of filtering. In the first
round, we filter APIs with low-quality annotations.
In the second round, we create an agent to execute
the tools, and aim to receive a non-failure response
at least once within 10 LLM call budgets. See
Prompt 6 for our instruction for the data filtering
agent. This results in 15,368 qualified APIs.

Prompt 5: LLM judge template.

A.2 Tool-use Error Handling

Real-world tools may lead to execution failure,
such as network timeouts and invalid parameters.
In the “API Executor” module, we configure the
timeout to 10 seconds. When an “API Executor”
fails, it will reflect in the corresponding reports (see
“API Execution Report” in Figure 2). The followup
“API Selector” will not consider those failure report
and only perform selection on those APIs that lead
to successful API calls.

You are an expert at testing APIs. Your goal is
to successfully call the given API at least once.

You will be provided with the API documentation.
You should generate valid JSON inputs for the

API.

If the API call fails, analyze the error message
and try a different valid input.

You have a maximum of 10 attempts.

IMPORTANT :

1. If you believe it is impossible to get a
successful response (e.g., API is permanently
broken, requires unreachable dependencies), you
MUST set "action” to "stop”.

2. Do NOT simply repeat the same input if it
failed. You MUST try different parameters or
values.

3. If you decide to "call” the API, you MUST
provide "tool_input”.

Output your response in the following JSON
format:

"thought"”: "Your reasoning for the current
attempt.”,

"action”: "call” or "stop",

"tool_input”: { ... key-value pairs for the
API arguments, required if action is 'call' ... }

b

Prompt 6: Instruction for the ToolBench-API-filtering
agent.
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B Model Training

B.1 Configurations

The training code is based on "SFTTrainer" in
the "trl" package. We trained ToolGrad-1B based
on "gemma-3-1b-it" using learning rate of 1e-05.
We trained ToolGrad-4B and ToolGrad-12B based
on "gemma-3-4b-it" and "gemma-3-12b-it" using
LoRA adapters with a rank of 64, an alpha of 16,
and a dropout rate of 0.1. The learning rate is Se-
06 and 2e-05, respectively. All ToolGrad models
are trained with batch size of 1, using the adamw
optimizer for three epochs. For ToolBench mod-
els, we followed the official configuration reported
in the paper. All models are trained with 8k con-
text windows size, and we computed the training
loss exclusively on the assistant’s completions by
masking the user instruction tokens, i.e., "assis-
tant_only_loss=True" in "SFTConfig".

B.2 Training Budgets

ToolGrad-1B, 4B, 12B was trained on four A100
GPUs and costs 1, 1.67, and 2.67 GPU hours in
total, respectively. ToolBench-1B, 4B, 12B was
trained on eight H100 GPUs and cost 29, 68, and
370 GPU hours in total, respectively.

C Dataset Formatting

Prompt 7 shows how we setup the dataset for our
SFT tasks. In additional to the 1-on-1 formatting,
we also add 20% more negative samples where we
replace all the positive tools in the selection pool
with unrelated tools, and the corresponding output
is “[]”, aiming to reduce model hallucination.

We recommend the readers to review our at-
tached dataset (under “train.jsonl”)for examples
of our generated data.

The following is a list of apis in the library
that you can use.

Each api is a JSON object with 'name',
description' and 'parameters'.

TTTjson
{selection_pool}

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.

If none of the functions can be used, point it
out. If the given question lacks the parameters
required by the function, also point it out.
You should only return the function calls in
your response.

If you decide to invoke any of the function(s),
you MUST put it in the format of [func_namel(
params_namel=params_valuel, params_name2=
params_value2...), func_name2(params)]

You SHOULD NOT include any other text in the
response.

Prompt 7: Instruction template for SFT.

D Evaluation

D.1 LLM Judges

We utilized multiple LLMs as judges to evaluate the
prediction, including two SoTA proprietary models
(gemini-2.5-pro, claude-4.5-sonnet) and two SoTA
opensourced models (deepseek-v3.2, qwen3-235b).
Prompt 5 shows the prompt template we used for
our judges. This approach is inspired by (Qin et al.,
2023)’s evaluation design. We improve their ap-
proach by only showing the LLM judges the query
and the tool use traces without a generated response.
Our design can effectively avoid biases introduced
in the response writer LLM, where the write may
answer a given user query even though there is no
tool call.

D.2 Supplementary Discussion on ToolBench
Results

Table 3 did not contain the results of ToolBench
models under the "standard" condition. The Tool-
Bench models are trained to output texts in the
format of “Thought: Action: ... Action In-
put: ..., and call one single tool in each round.
The "standard" condition allows only one round of
LLM execution and expects the model to predict
all tool use. Therefore, the ToolBench model can-
not be fairly evaluated in this single-turn tool-use
condition, as it will make at most one tool call. The
format limitation also explains why all Gemma-3
models perform worse in the ReAct/DFS condition
— base Gemma models cannot strictly follow this
customized template, so the ToolBench evaluation
parser fails to parse tool calls.

This explains 1) why ToolBench models can-
not be fairly evaluated in our single-turn tool use
condition (“standard”), and 2) why all Gemma-3
performs worse in ReAct/DFS condition — base
Gemma models cannot strictly follow this cus-
tomized template, and thus the ToolBench eval-
uation parser fails to parse tool calls.
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D.3 Human Evaluation Design

We recruited two volunteers to annotate the results.
Both participants work full-time as programmers in
the Al industry. We obtained participants’ consent
before the study. This study is determined exempt
by an ethics review board.

Here we provide details of our human evalua-
tion study design mentioned in our response to
Weakness 2. For each question, one author manu-
ally breaks it down into a list of subqueries. The
following query is an example we selected in the
evaluation:

“I want to explore different genres of movies.
Fetch the genre names and IDs for me. Also,
provide me with the basic information about
a specific cast member, including their name,
profession, birth and death years, and best ti-
tles.”

For this query, we break it down into two sub-
queries:

1. “Fetch the genre names and IDs for me.”,

2. “Also, provide me with the basic information
about a specific cast member, including their
name, profession, birth and death years, and
best titles.”

For each subquery, the rater needs to choose one
score from 0, 25, 50, 75, 100. The definition is the
same as the following quote in Prompt 5:

0: No information retrieved. No tools called, or
the trace is empty, or ALL relevant tool calls
failed (e.g., timeouts, authentication errors).

25: Unsuccessful attempt. Tools were called with
intent but returned errors (e.g., "invalid param-
eter”, "missing argument”), and NO useful
data was retrieved. This acknowledges the
effort, and the error message provides infor-
mation for the next step improvement.

50: Partial success. Some relevant data was re-
trieved, but it is incomplete or lacks critical
details (e.g., found the movie ID but failed to
get its streaming links).

75: Near complete success. The bulk of the re-
quested information is present. Minor details
might be missing, or the retrieval was slightly
indirect/cluttered but sufficient.

LLM tool call msg
® LLM thinking msg

® tool-use request

: o000
() o
) ()
Standard ReAct DFS

Figure 6: A visualized comparison among standard,
ReAct, DFS inference frameworks.

100: Complete success. All requested information
was retrieved accurately via valid, grounded
tool calls with no errors.

The final human evaluation score for a given
answer to the full query is the average across all
subqueries. This definition aligns with those in
Prompt 5 to ensure we follow the same instructions
in both human and LLM studies.

D.4 BFCL Subscale Results

BFCL evaluates tool-use capability in different sce-
narios. “Simple” involves a single invocation of
a provided tool. “Multiple” tests the model’s abil-
ity to select the correct tool from a candidate set.
“Parallel” evaluates the generation of multiple si-
multaneous calls for a single tool. “Multiple Par-
allel” assesses the combined ability to select from
multiple tools and generate multiple parallel calls
within a single turn Most of our formatted data are
“Multiple Parallel” data.

E Three Frameworks: Standard, ReAct
and DFS

This work involves three different inference frame-
works: 1) standard (i.e., the ToolGrad inference
framework), 2) ReAct, 3) DFS. Figure 6 visualizes
their differences. In the standard framework that
ToolGrad models use, an LLM is trained to predict
multiple tool call requests in one shot, and thus,
there is one single LLM step in the inference time.
On the other hand, ToolLLlama models (Qin et al.,
2023) are trained to incorporate the ReAct (Yao
et al., 2023) (a.k.a, CoT (?)) framework. In the Re-
Act framework, each LLM step returns a single tool
call request. The LLLM and tool use is called alter-
natively, with an optional thinking step inserted in
between. The DFS framework extends the ReAct
concept by enabling a tree search.
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Non-live Live
Simple  Multi Par MultiPar  Simple  Multi Par MultiPar

Pro 78.67  94.00 93.50 92.00 85.66 7436 87.50 83.33
Flash 7733 9150  96.00 87.50 87.21 7597 81.25 75.00
Lite 70.08  86.00  90.00 89.50 67.05 51.66 75.00 50.00

Base 7250 86.50  82.00 77.50 7752 6743  68.75 58.33
GPT-5 Mini 59.17 7250  71.50 69.00 69.77 61.16  75.00 37.50
Nano 6925 86.00 87.50 80.50 7636  69.71  68.75 54.17

Opus  79.58 9350 93.00 92.50 84.50 74.17  81.25 62.50
Sonnet 47.25  79.50  53.50 59.00 7326  40.17  56.25 33.33
Haiku  55.67 84.00  38.00 44.00 66.67 49.76  56.25 16.67

Hammer-2.1-7B 72.50 9250  91.00 86.00 66.67 69.99  75.00 75.00
ToolACE-2-8B 73.42  91.00 93.00 91.00 7132 7939  68.75 62.50

12B 76.25  94.00 91.00 56.50 85.66 71.89  87.50 45.83
Gemma 3 4B 64.50 88.00 56.00 36.00 7093  59.35  25.00 41.67
1B 43.33  36.00 0.00 1.50 36.43 6.27 0.00 0.00

12B 7525] 94.001 93.501 88.501 85.667 77.11% 75.00f 62.501
ToolGrad 4B 65331 86.50) 73.001 65001 71321 64.867 43.75%  50.007
1B 49.081 33.50) 34.007 21.00 30.62, 9.97t 6251  4.17t

Model

Gemini
2.5

Claude
4.5

Table 5: BFCL score breakdowns under Non-live and Live tracks. The test is divided in Simple (single call), Multiple
(tool selection + call), Parallel (parallel calls), and Multiple Parallel (tool selection + parallel calls). We highlighted
the highest and the second highest scores in each breakdown scale. On the ToolGrad rows, we annotated whether
the score has increased (1) or decrease (].) compared to its corresponding Gemma 3 models. ToolGrad models show
increase (1) in 19 out of 24 subcales.

F License For Artifacts Model Non-live  Live Halluc.
ode

Overall Overall Rel. Irrel.

Pro 89.54  76.83 62.50 86.97
Flash 88.08  78.16 91.09 62.50

This work has used ToolBench for data generation
and benchmark. ToolBench is licensed under the Gemini
Apache License 2.0, so we argue that our use is 2.5 Lite 2390 5485 9333 5000
considered a fair use of the artifact.
.. . Base 79.62 69.21 7342 87.10
Additionally, we will also open-source our GPT-5  Mini 6804 6255 5571 93.75
source code, dataset, and fine-tuned models. These Nano 80.81  70.69 45.75 93.75
artifacts will be under the Apache License 2.0. Opus 89.65 76.02 90.75 68.75

ffl;‘“de Somnet  59.81  46.56 95.03 37.50
G AI Assistant Usage ' Haiku 5542 5248 95.29 31.25
. . . Hammer-2.1-7B 85.50 69.50 50.00 90.12
We utilized an Al assistant to support grammatical
check and code writing in this project. ToolACE-2-8B 8710 7742 7500 90.79
12B 79.44 7424 70.29 93.75
Gemma3 4B 61.12 60.84 53.94 100.00
1B 20.21 11.84 33.18 37.50
12B 87.8117 178.4617 93.75 59.27
ToolGrad 4B 72.4617 65.581 93.75 59.27
1B 34401 13.771 81.25 26.89

Table 6: BFCL subscale scores. We highlight highest
and second highest scores. 1 indicates increase over
baseline Gemma 3 models. Halluc. (Hallucination) is
split into Rel. (Relevance) and Irrel. (Irrelevance).
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