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Abstract

Post-training is crucial for enhancing tool-use
capabilities in large language models (LLMs).
However, the dominant paradigms face key
limitations: Supervised Fine-Tuning (SFT)
exhibits poor generalization, Reinforcement
Learning (RL) suffers from sparse or coarse-
grained rewards, and SFT-then-RL pipeline
fails to balance supervised imitation with self-
exploration. We propose ToolUPT, a Tool-Use
Unified Post-Training methodology that syn-
ergistically integrates SFT and RL through dy-
namic token-wise weighting. To address credit
assignment problem in sequence-level RL for-
mulations, we introduce Fine-Grained Advan-
tage Estimation with token-level rewards in-
tegrating outcome and process signals. To sta-
bilize training and improve generalization, we
propose Selective Preference Optimization,
which incorporates expert supervision on cu-
rated tokens while teaching the model to rec-
ognize and avoid rejected tool use through neg-
ative advantages. Extensive experiments on
BFCL-v3 across four base models show that
ToolUPT significantly outperforms pure RL by
8.43%, SFT-then-RL by 3.58 %, and previous
methods combining expert demonstrations with
self-exploration by 4.83 %, achieving state-of-
the-art performance in tool-use post-training.

1 Introduction

The evolution of Large Language Models (LLMs)
has extended beyond text generation toward the
development of autonomous agents capable of in-
teracting with the external world through tool use
and planning (Huang et al., 2024; Qin et al., 2025).
By translating natural language instructions into
executable API calls, LLMs can perform complex
real-world tasks, from data retrieval to system con-
trol. This capability has driven substantial research
into post-training methods—including Supervised
Fine-Tuning (SFT), Reinforcement Learning (RL),
and SFT-then-RL pipeline—for enhancing tool-use
performance (Qin et al., 2024; Qu et al., 2025).

Mult-turn Multi-tool Use of ToolUPT

Turnl: Clarification

& Book a flight for 10 AM tomorrow.

<answer>

I'd be happy to help you book a flight. To find a 10 AM flight for tomorrow, I need
to know your departure city and your destination. @

</answer>

Turn 2: Multi-step & Multi-tool
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<tool_call>

[{"name": "find_flights", "params" {"from": "NY", "to": "Tokyo", "date": "tomorrow 10 AM"}}, @
{"name": "find_hotels", "params": {"location": "Tokyo"}}]

<ftool_call>

[{"AA123": "10AM"},
{"Hilton": "$200/night", Marriott":" 220/night", "Hyatt": "$210/night"}]

<tool_call>

[{"name": "book_flight", "params": {"flight": "AA123"},
{"name": "book_hotel", "params": {"hotel": "Hilton", "nights": 3, "check_in": "tomorrow"}}] @

</tool_call>
[{"comfirmation_id"; "12345"}, x
{"confirmation": "H789" "total": "$600"}]

<answer>
I've booked the Hilton for 3 nights starting tomorrow. Your hotel @
confirmation number is H789 and the total is $600.
Here's your travel summary:
Flight:
- AA123 from NY to Tokyo at 10AM tomorrow
Confirmation ID: 12345
Hotel:
Hilton in Tokyo city center
* 3 nights starting tomorrow
Confirmation: H789
- Total: $600
I there anything else you'd like to add to your itinerary?
</answer>

Figure 1: Overview of the agentic tool use task.

Despite this progress, current approaches face
two critical limitations in tool-use scenarios. First,
the dominant post-training paradigms face several
challenges: (1) SFT tends to lock the trained mod-
els into imitative and rigid behavior modes (Chu
et al., 2025); (2) existing Reinforcement Learning
with Verifiable Rewards (RLVR) approaches suffer
from coarse-grained credit assignment: assigning
a single scalar reward to each complete response
causes individual token errors (e.g., an incorrect
parameter value) to incorrectly penalize all tokens
within the same sequence, including correctly gen-
erated tool names and other parameters. This leads
to noisy gradient updates that prevent the model
from learning fine-grained distinctions critical for
tool use (Tan and Pan, 2025; Zhang et al., 2025d);
(3) determining the optimal SFT training duration
is non-trivial in two-stage pipeline, as excessive
supervised learning may constrain exploration in



the RL phase while insufficient training provides
a poor initialization; and (4) the staged approach
cannot dynamically adjust the balance between fol-
lowing expert guidance and exploring novel so-
lutions (Zhang et al., 2025¢; Ma et al., 2025; Fu
et al., 2025). Second, while recent work has pri-
marily focused on reasoning models that generate
long Chain-of-Thought for detailed planning, their
high inference latency renders them impractical
for real-time applications (Sui et al., 2025; Zhang
et al., 2025a). In contrast, instruction-tuned models
that directly generate tool calls or answers offer
significantly lower latency.

To address these limitations, we propose Tool
Use Unified Post-Training (ToolUPT), a unified
methodology for instruction-tuned models that syn-
ergistically integrates SFT and RL through dy-
namic token-wise weighting in a single training
stage. Within this unified framework, we introduce
two key technical components: First, we propose
Fine-Grained Advantage Estimation with token-
level rewards that integrate outcome and process
signals. This resolves the credit assignment prob-
lem in sequence-level RL formulations by enabling
precise gradient updates and preventing correct to-
kens from being penalized by sequence-level er-
rors. Second, we introduce Selective Preference
Optimization that incorporates expert supervision
on curated tokens while leveraging negative ad-
vantages to teach rejection patterns, thereby stabi-
lizing training and improving generalization. By
unifying SFT and RL through dynamic weighting,
ToolUPT effectively balances expert guidance with
self-exploration, achieving superior tool-use per-
formance without the brittleness of staged training
approaches.

In summary, our contribution are as follows:

* We propose ToolUPT, a novel post-training
methodology that synergistically unifies of-
fline supervised imitation and online self-
exploration through dynamic token-wise
weighting for agentic tool use.

* We introduce Fine-Grained Advantage Esti-
mation and Selective Preference Optimization
to enhance model robustness.

* We conduct extensive experiments on BFCL-
v3 across four base models, confirming the
superiority of ToolUPT over existing methods.

2 Related Work
2.1 Agentic Tool Use

Large language models have exhibited remarkable
capabilities as autonomous agents for complex
tasks through tool use and planning. While in-
novative prompting techniques—such as Chain-of-
Thought (CoT)(Wei et al., 2022) and ReAct(Yao
et al., 2023)—have yielded notable improvements,
their efficacy remains fundamentally constrained
by the models’ intrinsic capabilities. To address
this limitation, tool-augmented post-training has
garnered increasing attention. Research in this do-
main can be taxonomized into two categories: (i)
algorithm-centric methods, which focus on devel-
oping advanced training algorithms for sophisti-
cated multi-turn multi-tool orchestration and par-
allel invocation (e.g., Toolformer(Schick et al.,
2023), StepTool(Yu et al., 2025b), Hammer(Lin
et al., 2025), ReTool(Feng et al., 2025), Search-
R1(Jin et al., 2025), ToolRL(Qian et al., 2025),
CodeTool(Lu et al., 2025), ToolZero(Zeng et al.,
2025)), and (ii) data-centric methods, which pri-
oritize the synthesis of high-quality, diverse train-
ing trajectories spanning real-world scenarios and
simulated environments (e.g., ToolAlpaca(Tang
et al., 2023), xLAM(Zhang et al., 2025b), APIGen-
MT(Prabhakar et al., 2025), ToolACE(Liu et al.,
2025b), MAGNET(Yin et al., 2025), FunReason-
MT(Xu et al., 2025)).

2.2 Reinforcement Learning

Early LLM alignment relies on Proximal Policy Op-
timization (PPO) (Schulman et al., 2017), an Actor-
Critic architecture that optimizes against a learned
reward model. However, PPO incurs significant
memory overhead and training complexity due to
its value network and critic gradients. This limita-
tion motivated off-policy methods like Direct Pref-
erence Optimization (DPO) (Rafailov et al., 2023),
which reparameterizes the reward function directly
into the policy loss, eliminating the explicit reward
model. Subsequent variants such as IPO (Azar
et al., 2023) and KTO (Ethayarajh et al., 2024)
further address overfitting and relax paired data
requirements, respectively. More recently, Group
Relative Policy Optimization (GRPO) (Shao et al.,
2024) introduced group-based reward normaliza-
tion across multiple sampled outputs per prompt,
with refinements including DAPO (Yu et al., 2025a)
for improved reproducibility and GSPO (Zheng
et al., 2025) for stabilizing Mixture-of-Experts
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Figure 2: The architecture of our ToolUPT methodology, which synergistically unifies Fine-Grained DAPO and
Selective Preference Optimization via adaptive dynamic weighting.

(MoE) off-policy training.

2.3 Combining SFT with RL

Recently, some post-training works seek to con-
currently perform both SFT and RL, to enable the
model to explore solutions effectively while pre-
serving the structural guidance of expert supervi-
sion. LUFFY (Yan et al., 2025), SRFT (Fu et al.,
2025), and CHORD (Zhang et al., 2025c¢) intro-
duce a single-stage dynamically weighted objective
that simultaneously leverages expert demonstra-
tions and self-exploration rollouts. ReLIFT (Ma
et al., 2025) induces capabilities that exceed the
limitations of the base model by interleaving RL
updates with targeted SFT on challenging exam-
ples. Similarly, UFT (Liu et al., 2025a) applies
SFT loss to "hint" tokens or partial solutions while
applying RL loss to the subsequent completion.

3 Methodology

In this section, we propose the Tool Use Unified
Post-Training (ToolUPT) methodology that uni-
fies SFT and RL via a dynamically weighted loss,
illustrated in Figure 2. Our framework is built
upon three key components: (1) Fine-Grained Ad-
vantage Estimation that addresses the limitations
of sequence-level RL formulations, (2) Selective
Preference Optimization that leverages expert su-
pervision while enhancing rejected token identifi-
cation, (3) a unified dynamic weighted loss func-
tion that combines the advantages of the above

two components, balancing self-exploration with
expert-guided preference optimization.

3.1 Preliminaries

Addressing real-world user queries with LLM’s
tool-use capabilities can be conceptualized as a
step-wise planning process. Formally, let 7 =
{t1,1a,...,t,} represent the set of available tools.
For each tool ¢;, there exists a calling protocol
d; € D ={d1,ds,...,d,} that provides the tool’s
functional description and parameter specifications.
For a given user query (), the LLM agent engages
in a multi-step decision-making process to solve
Q. At each step k, the agent decides between two
types of actions:

* Tool Invocation Ay, : The agent selects one
or more tools 7, C 7 and instantiates their
parameters according to the respective proto-
cols. The tool system executes these calls and
returns observations, which are appended to
the interaction history.

* Answer Generation A,,sy.: The agent pro-
duces a direct response or clarification request,
terminating the planning process.

To enable the model to autonomously determine
when to invoke tools or answer directly, we intro-
duce two special token pairs: <tool_call> ...
</tool_call> for tool invocations and <answer>

- </answer> for direct answers or clarifications
(prompt shown in Appendix C).



The post-training of LLMs aims to optimize
the model policy mg(at|s;) to produce desirable
responses on specific tasks. SFT and RL con-
stitute two prominent paradigms in this domain.
Given a dataset of N expert demonstrations, D =
{(zi,y)}Y,, where z; is a prompt and y; =
(Y715 Yias o yZIyﬁl) is the corresponding expert re-
sponse of |y;| tokens. The SFT objective min-
imizes the negative log-likelihood of expert re-
sponses, averaged over a mini-batch of size B:

1 B 1y} . .
Zil |y:| ; ;log 770(112,2‘317112,0)
(€]
GRPO serves as a prominent policy gradi-
ent algorithm for RL. For each prompt =z,
GRPO samples a group of K candidate responses
{7i1,7i2,-..,Ti .k} from policy model my. These
responses are evaluated by the reward function to
obtain its reward R(7; ;). The policy model 7y is
optimized using the following PPO-style objective
function:

Lspr(0) =

§ lnrzkt 1/%

(@3]
where B is the number of prompts in the mini-
batch. The group-wise advantage A; ; for each

. R(7; 1) — i
token is computed by %, where p; and o;
are the mean and standard deviation of rewards
{R(7i %)}, within group i, and € is a small
constant for numerical stability. The r; () =

7o (Ti ke, t |77 b, < t)
Wsampl?(Ti,k,t|mvTi,k,_<t ] . .
sampling (IS) ratio and the clipping mechanism

constrains the policy update to a trusted region.
Consistent with recent advancements, our formula-
tion omits the KL divergence term to avoid restrict-
ing policy performance.

) is the token-wise importance

3.2 Fine-Grained Advantage Estimation

As illustrated in Figure 3, a key limitation of RLVR
lies in its sequence-level reward formulation, which
assigns a single scalar reward to each complete
response. This coarse granularity causes individ-
ual token errors to incorrectly penalize correct to-
kens within the same response, resulting in sub-
optimal policy gradient updates. To address this,
we introduce a Fine-Grained Advantage Estima-
tion (FGAE) method with token-level rewards that
integrate both outcome and process supervision.

Sequence Level Outcome Reward
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Figure 3: Token-level integrated (bottom) vs. sequence-
level outcome reward (top).

3.2.1 Integrated Outcome and Process
Reward Shaping

As our research focuses on instruction-tuned mod-
els rather than reasoning models, we leverage
ground truth to compute precise process reward
supervision. Our reward formulation comprises
two components: a sequence-level outcome reward
and a token-wise process reward refinement. The
outcome reward establishes the reward lower bound
for each token, and the process refinement mech-
anism identifies completely correct tokens and as-
signs them the reward upper bound. Formally,
let R(Tk) = {R(Tk,1)7 R(Tk’g), . R(Tk,h’k\)} rep-
resent final token-wise rewards of k-th response
within group i, calculated as follows:

Sequence Outcome Reward In line with prior
work (DeepSeek-Al, 2025), we adopt a reward for-
mulation combining format and correctness com-
ponents, denoted as Rformat(7x) and Reorrect(Tk)>
respectively.

Format Reward The format reward verifies the
presence of required special tokens at the start and
end of the model output as specified by ground
truth:

1, if format requirements are met,

Reormat (Tk) = {0 3

otherwise.

Correctness Reward For prompts with ground
truth in the <answer> category, verification is
straightforward: a response is correct if no
<tool_call> or </tool_call> appears between
<answer> and </answer>. By not constraining
answer content, we allow the model to explore
diverse responses. For prompts with ground
truth in the <tool_call> category, the correct-
ness reward evaluates predicted tool calls P =
{P1, Pa,...,P,} against ground-truth tool calls
G = {G1,Gs,...,Gy}, where P is parsed from
the model’s tool call trajectory. It comprises three
components:



* Tool Syntax Correctness:
Checks whether the tool use instruction con-
forms to the defined syntax and contains the
required keys "name" and "params".

1, if syntax requirements are met,

7"syntax(‘f'lc) = {0

otherwise.
4)
¢ Tool Name Correctness:
|Np N NG|
—_— 1 5
T'name(Tk) |NpUNg| [07 } 5)

where Np and N are the sets of tool names
extracted from the predicted and ground-truth
tool calls, respectively.

* Tool Parameter Correctness:
Let U C {1,2,...,n} be the set of indices of
already matched predicted tools, we define a
predicted tool P; as a candidate for matching a
ground truth tool G; only if their names match
P; and has not been used yet.

true if (nameg, = namep,)

A G EU),

false otherwise.

Cand(Gi, Pj) =

(6)
The parameter key matching score measures
the overlap of parameter keys, normalized by
the the union of parameter keys.

keyg, N keyp, |

Skey(Gh Pj) = (7

\keyGi U keypj |
The parameter value matching score measures
the proportion of common keys that have iden-
tical values.

Svalue(G(i» P])

ZkekeyGimkeij 1(valueg, x = valuep, k) 8)

max(|valueg, |, [valuep, |)

The best-match score for a ground truth tool
(G; € G among all candidate predicted tools
is determined as follows:

SBesl(Gi)
max Skey(Gi7 P]) + Svalue(Gi7 Pg) )
{41Cand(G;,P;)} 2

Then the tool parameter correctness reward is
obtained by summing the best match scores
for all ground truth tools and normalizing by
the size of the larger set (either G or P).

rparam () = 3 Bt 541 g

— max(m,n)

The final correctness reward combines the above
three components through a weighted sum, with
the result linearly scaled from [0, 1] to[—3, 3]:

Rcorrecl(Tk) =6- (Alrsyntax (Tk) + AZT'ru:\lne:(Tk)

11
+ A37"param (Tkz)) -3 an

where A1, A2, A3 € [0,1] are weighting coeffi-
cients satisfying A\; + Ao + A3 = 1. This multi-
dimensional verification strategy effectively cap-
tures the subtle distinctions between different tool
invocation instructions. The overall outcome re-
ward value Roycome(7x) is finally derived as the
sum of format reward and correctness reward:

= Rforma!(Tk) + Rcorrect(Tk)
€ [_33 4]

Routcome (Tk) (12)

Token Process Reward Given that we restrict
instruction-tuned models from generating rea-
soning traces, the freedom in their tool invoca-
tion outputs are reduced, thus requiring more
precise reward estimation for effective train-
ing. For <tool_call>...</tool_call> respons-
eswhile sequence-level outcome reward computa-
tion achieves considerable granularity, it system-
atically underestimates rewards for perfectly pre-
dicted tokens. To address this issue, we propose
a process reward refinement mechanism that com-
pares the model predictions with the ground truth
token-by-token, assigning the reward upper bound
directly to tokens with exact matches.

4 if the t-th token is correct,
—3 otherwise.

Rprocess(‘f'k,t) = { (13)

R(Tk) = {maX(Rprocess(Tk,t), Routcome(Tk))}ltzcl‘ (14)

3.2.2 Token-Level Advantage Normalization

Building on the reward formulation above, we pro-
pose a novel Fine-Grained Advantage Estimation
(FGAE) method that enables token-level normal-
ization within each prompt group. Unlike conven-
tional approaches that normalize at the sequence
level, our method computes statistics across all to-
kens within a group, providing more precise and
stable gradient signals. Specifically, for each group
1, we calculate the token-level mean and standard
deviation of the rewards across all K sampled re-
sponses:

K I7ikl
i = R(Tik,t) (15)
Zk 1 |TZ kel Z

k=1 t=1



K 17kl

5 = \Jzk N >O> (R(

k=1 t=1

Tikt) — )2 (16)

For each token within a group, we define the
normalized advantage:

< R(Ti k) — fis

A = R (17)

Equipped with our token-level normalized advan-
tages, we reformulate the GRPO objective by incor-
porating DAPO’s token-mean aggregation mech-
anism. The modified loss computes the clipped
surrogate objective at each token position using our
FGAE, then averages across all tokens in the batch:

B K |Tikl

2.2

Ez 1Zk 1|7'zk| i=1 k=1 t=1 (18)
min(r; k,:(0) A Zm,chp( k¢ (0),
1—¢1+ e)Ai,kyt)

Lrc.paro(0) =

This fully token-level loss function enables the RL
training process to effectively leverage process su-
pervision for enhancing LLM capabilities in tool
use, while ensuring balanced learning across all
generation steps.

3.3 Selective Preference Optimization

Although SFT enables LLMs to effectively imitate
response patterns from expert demonstrations, it
is limited by the absence of negative examples,
resulting in poor out-of-distribution generalization.
Moreover, in tool use scenarios, when no tool call
is needed and the model should respond directly
or ask for clarification, the distribution of expert
responses can disrupt LLMs’ learned patterns. To
address these challenges, we propose the Selective
Preference Optimization (SPO) approach.

Selective Chosen Supervision For data requir-
ing direct model responses, we apply masking to
the answer content and the end </answer> tag, guid-
ing the model to focus the learning on two aspects:
(1) determining whether a direct answer is needed,
and (2) generating the first few special tokens ap-
propriately. The substantive answer content can
be freely generated by the model based on its own
capabilities. For data requiring tool calls, we apply
no additional processing. We define an indicator
function for token-level loss computation as

O, if (yf € Aanswer)
A(t > |tokenize(<answer>)|),
1, otherwise.

Lpreserve (y;t) =

19

where|tokenize(<answer>)|denotes the number
of tokens obtained from tokenizing the <answer>
tag.

Selective Rejected Preference To mitigate
model overfitting to expert data, we draw inspira-
tion from KTO (Ethayarajh et al., 2024) and dynam-
ically treat tokens with negative advantage values
in each online rollout as rejected preference data,
thereby enhancing the model’s preference align-
ment capability in tool-use scenarios.

Prior work on KTO has established that "at suffi-
cient scale, KTO does not need SFT" (Ethayarajh
et al., 2024). Leveraging this insight, we integrate
selective chosen supervision and rejected prefer-
ence into a unified loss function defined as:

Lspo(0)
B lyil
1preserve y; f
Zz 1 |yz 2;
[1 — sigm(B logm; +(0))] (20)

B K I7ikl
Zz 1Zk I‘le‘lil =1
I(Ai,kyt < 0 [1 — mgm(—ﬂ lOng'i,k,t(@))]
where 7r;*7t(9) = Tr@(yz)'k,t|$ia y;<t)’ mikt(0) =
70 (Ti ot | Ti, Ti k<t )> SigM(2) = H%’ and 3 acts

as a regularization hyperparameter.

t=1

3.4 Single-Stage Unified Post-Training

Previous approaches (Zhang et al., 2025¢c) have
demonstrated the challenge of selecting the opti-
mal extent of SFT and how offline expert data can
disrupt the established patterns of LLMs in SFT-
then-RL trainning. Motivated by this observation,
we propose to reframe SPO objective as a dynami-
cally weighted auxiliary loss within the on-policy
RL process.

Stabilize Preference Optimization with ¢(-)
We adopt a token-wise weighting function to down-
weight the learning signal for tokens at both ends
of the probability spectrum, thereby preventing en-
tropy collapse from highly probable tokens and
avoiding disruption from extremely improbable to-
kens. Specifically, we define the weighting func-
tion ¢(-) based on the policy’s probability p; for a
given token as follows:

¢(pe) = pe(1 — pe) (21
which forms a parabolic curve that peaks at p; =

0.5 and decays to zero as p; approaches 0 or 1. The
SPO objective function can be represented as:



Espo(a)
B |yl
= - ¢ ﬂ"L t
Zz 1 | ; ;
1preserve(yi,t) [1 - Slgm(ﬂ lOng'i i(e)))} (22)

B K Imikl

—7 —~ o(mi,
o lzk |r|ZZZ kil

1(Ai gy < 0) [1 — sigm(—8 logm; k.. (0))]
This approach focuses on learning tokens with high
policy uncertainty, striking a balance between in-
formative novelty and policy stability.

Balance Preference Optimization and Reinforce-
ment Learning via v We adopt a unified loss
function that minimizes a weighted sum of the SPO
and RL losses:

LroolupT(0) = 7+ Lspo(0)+ (1—7) - LEg.papo(0) (23)

where Espo (Equation 22) and Lpg.paro (Equa-
tion 18) are the SPO and fine-grained DAPO losses,
and v € [0, 1] is a balancing coefficient. We dynam-
ically adjust the v using warm-up combined with
periodic scheduling. Starting from a small value,
~ gradually increases linearly to a larger value,
then decays back down. This cyclical schedule
enables the model distribution to adapt smoothly
to tool-use tasks while maintaining the exploration-
exploitation balance.

4 Experimental Setup
4.1 Training Dataset

We construct the training set by sampling exam-
ples from six open-source datasets: Hermes Glaive
Function Calling, ToolACE, xLAM, APIGen-MT,
FunReason-MT, and Hammer. We convert multi-
turn and multi-step instances into single-turn,
single-step format by incorporating dialogue his-
tory and previous tool calls as context, simplifying
RL training without compromising tool-use capa-
bilities (refer to Appendix A for details).

4.2 Benchmark

To examine generalization, we evaluate our model
on the BFCL-v3 benchmark (Patil et al., 2025),
which spans a diverse set of challenges, including
single-step reasoning, parallel multi-tool selection,
irrelevant tool rejection, missing parameter clari-
fication, multi-turn and multi-step tool use. This
benchmark provides a robust and scalable frame-
work for assessing the too-use capabilities critical
to agentic Al systems.

4.3 Baselines

We compare the proposed ToolUPT with a compre-
hensive set of baselines. Original Models: The
zero-shot base models without any post-training.
SFT: The best-performing SFT checkpoint selected
based on validation set across different training
steps. GRPO: Models trained with GRPO with
binary (0/1) reward. DAPO: Models trained with
DAPO using our proposed sequence-level outcome
rewards. DAPO*: Models trained via DAPO with
our proposed sequence-level outcome reward, ex-
cluding the dynamic sampling and overlong reward
shaping components that provide negligible gains.
SFT+DAPO*: The two-stage SFT-then-DAPO*
method, with the same modifications as DAPO*.
LUFFY, SRFT, and CHORD: Three single-stage
approaches that combine expert demonstrations
with on-policy rollouts during training.

4.4 Training Settings

We evaluate both existing post-training algo-
rithms and our proposed approach across multiple
model scales: Llama-3.1-8B-Instruct (Team, 2024),
Qwen2.5-7B-Instruct, Qwen2.5-14B-Instruct, and
Qwen2.5-32B-Instruct (Yang et al., 2024). All
methods employ full-parameter fine-tuning. RL
baselines and ToolUPT are trained on-policy with
group size 8 for 600 steps. SFT baseline is trained
for 3,000 steps. Additional hyperparameters are
detailed in Appendix B.

S Experimental Results and Analyses

5.1 Main Results

We report the average performance across four base
models in Table 1, with the corresponding detailed
results for each model provided in Tables 2—-5. Ta-
ble 1 shows ToolUPT’s superior performance with
an average score of 56.6%, surpassing all baseline
methods (highlighted in dark blue). Specifically,
ToolUPT demonstrates improvements of +9.25 per-
centage points (pp) over SFT, +8.43 pp over RL,
+3.58 pp over the SFT-then-RL pipeline, and +4.83
pp over previous methods combining expert demon-
strations with on-policy self-exploration. Further-
more, our FGAE provides consistent improvements
when integrated into existing methods (highlighted
in light blue): +4.11 pp for DAPO* and +1.40 pp
for SFT-then-DAPO%*, validating its effectiveness
in providing precise and stable gradient signals.
Tables 2—-5 demonstrate that ToolUPT’s gains con-
centrate in the multi-turn category. This is precisely



the challenging regime where base models are in-

Overall Acc  Non-live (AST) Live (AST) Multi Turn Relevance Irrelevance

Zero Shot 30.01 28.71 43.15 8.25 56.25 83.43
. . SFT 47.77 84.40 72.83 7.62 68.75 88.51
herently weak and baseline approaches consistently Pure RL
Naive GRPO 42.40 86.73 75.43 2.12 62.50 85.86
1 DAPO 45.64 88.48 74.39 8.50 68.75 85.49
Struggle to lmprove' DAPO* 46.67 86.90 75.13 11.25 56.25 84.26
FG-DAPO* 50.22 88.10 76.46 16.88 68.75 86.15
Two-stage SFT-then-RL
Llama3.1-88  Qwen2.5-7B  Qwen2.5-14B  Qwen2.5-32B Avg. SFT+DAPO* 49.08 86.27 7232 1925 81.25 78.13
-Instruct -Instruct ~Instruct ~Instruct SFT+FG-DAPO* 5161 88.58 72,98 19.62 62.50 89.19
Zero Shot 17.03 28.87 30.01 43.59 29.88 Single-stage
SFT 26.84 44.59 47.77 52.35 42.89 LUFFY 52.20 89.67 77.65 22.00 87.50 79.91
Pure RL SRFT 46.29 86.04 69.80 9.12 37.50 94.52
Naive GRPO 27.96 4084 4240 50.39 40,40 Tﬁiﬁﬁg ;‘,g; 3;;5 ;:jg ggg 32(7)(5) gjz;‘
DAPO 2558 41.62 4564 4777 40.15 : : - - d :
DAPO* 30.54 41.89 46.67 55.73 4371
HGD RS S0 Akl 2022 B ___ 47k Table 4: BFCL-v3 results with Qwen2.5-14B-Instruct.
Two-stage SFT-then-RL
SFT+DAPO* 39.79 46,06 49.08 59.29 4856
SFT+FG-DAPO* 40.32 4_6‘99 5161 60.92 49.96 Overall Acc Non-live (AST) Live (AST) Multi Turn Relevance Irrelevance
Single-stage Zero Shot 1359 82.69 77.05 300 93.75 7781
LUFFY 22.94 43.13 52.20 58.15 44.11 SFT 52.35 88.23 76.17 20.13 81.25 89.34
SRFT 38.38 44.69 46.29 4570 43.77 Pure RL
CHORD 33.48 4425 51.04 60.46 4731 Naive GRPO 50.39 88.83 76.76 15.12 68.75 91.40
DAPO 47.77 88.08 77.79 10.38 68.75 89.61
ToolUPT 42.66 48.65 54.92 62.32 5214 e, i S e o8 g o
FG-DAPO* 58.03 88.27 73.72 31.37 75.00 92.05
. . Two-stage SFT-then-RL
Table 1: Main experiment results on BFCL-v3 bench- SFTTDAPGT 903 .50 6T 535 §135 w5
. SFT+FG-DAPO* 60.92 88.40 76.24 37.12 87.50 89.51
marks based on four base models. Bold and underline Sngle sz
. . . LUFFY 58.15 84.44 75.94 31.63 75.00 93.67
indicate the best and second-best results, respectively. SRFT 1570 777 o8 38 ns o133
CHORD 60.46 89.65 79.20 36.88 81.25 83.28
ToolUPT 62.32 88.13 76.68 40.88 87.50 86.47

Overall Acc  Non-live (AST) Live (AST) Multi Turn Relevance Irrelevance

Zero Shot 17.03 2721 36.79 0.00 56.25 38.16
SFT 26.84 55.98 36.49 0.88 62.50 65.94
Pure RL
Naive GRPO 27.96 40.35 31.01 0.00 25.00 96.39
DAPO 25.58 41.56 26.65 0.00 25.00 85.26
DAPO* 30.54 62.33 49.22 1.37 62.50 67.56
FG-DAPO* 37.92 75.90 60.40 0.62 68.75 89.33
Two-stage SFT-then-RL
SFT+DAPO* 39.79 86.31 63.51 0.25 75.00 88.17
SFT+FG-DAPO* 40.32 84.33 66.10 BY5) 81.25 80.22
Single-stage
LUFFY 2294 23.54 28.28 0.75 43.75 83.59
SRFT 38.38 80.90 62.62 0.00 68.75 86.77
CHORD 33.48 72.25 56.40 1.00 75.00 69.20
ToolUPT 42.66 85.90 73.95 5.88 81.25 78.50

Table 2: BFCL-v3 results with Llama3.1-8B-Instruct.

Overall Acc  Non-live (AST) Live (AST) Multi Turn  Relevance Irrelevance

Zero Shot 2887 35.79 61.81 275 87.50 67.39
SFT 1459 85.10 70.74 775 68.75 88.67
Pure RL
Naive GRPO 2034 84.88 71.80 0.00 56.25 88.26
DAPO 41.62 85.71 71.50 0.87 62.50 89.89
DAPO* 41.89 88.25 75.94 4.62 87.50 73.27
FG-DAPO* 45.11 85.54 73.87 8.00 62.50 87.27
Two-stage SFT-then-RL
SFT+DAPO* 36.06 85.71 7091 938 62.50 91.59
SFT+FG-DAPO* 46.99 86.52 73.58 13.12 75.00 82.45
Single-stage
LUFFY FENE] 88.42 76.83 312 81.25 84.15
SRFT 44.69 87.69 69.58 638 50.00 91.74
CHORD 44.25 81.83 74.76 8.38 75.00 83.80
ToolUPT 48.65 86.19 73.87 16.25 87.50 83.11

Table 3: BFCL-v3 results with Qwen2.5-7B-Instruct.

5.2 Analyses

Ablation Study I: Impact of Fine-Grained Ad-
vantage Estimation To evaluate the contribution
of FGAE, we replace it with standard sequence-
level advantage estimation and outcome reward
from DAPO* on Qwen2.5-14B-Instruct. As shown
in Figure 4, removing this component decreases
overall accuracy from 54.92% to 52.2%. This de-
cline demonstrates that token-level process rewards
and advantage estimation are essential for optimal
performance.

Ablation Study II: Impact of Selective Prefer-
ence Optimization We further ablate the SPO

Table 5: BFCL-v3 results with Qwen2.5-32B-Instruct.

component on Qwen2.5-14B-Instruct, reducing
ToolUPT to a unified loss function that minimizes
the weighted sum of SFT and fine-grained DAPO*
losses. Figure 4 shows that overall accuracy de-
creases from 54.92% to 53.52%, confirming the
effectiveness of selective supervision and prefer-
ence optimization.

ToolUPT ToolUPT
100 ToolUPT w/o FGAE 100 ToolUPT w/o SPO

5092 o, 5492 535,

Accuracy (%)
Accuracy (%)

24.63

Overall Multi-turn overall Multi-turn

Figure 4: Ablation study on FGAE (left) and SPO
(right).

6 Conclusion

In this paper, we propose ToolUPT, a novel single-
stage unified post-training methodology that syn-
ergizes offline expert guidance with online self-
exploration. To improve gradient update preci-
sion and model robustness, ToolUPT incorporates
FGAE into DAPO and employs SPO that leverages
expert supervision while enhancing rejected token
identification. Extensive experiments conducted on
BFCL-v3 validate the effectiveness of our proposed
method and framework for agentic tool use.



Limitations

While our study demonstrates the superiority of
the proposed ToolUPT methodology, the following
limitations remain. First, our methodology is pri-
marily designed and evaluated on instruction-tuned
models; its generalization to reasoning models has
not been fully explored. Extending our approach
to such models would likely require two key modi-
fications: (1) incorporating process reward models
(PRMs) to provide supervision signals at interme-
diate reasoning steps, and (2) adapting the selective
chosen supervision component to effectively iden-
tify and leverage high-quality reasoning trajecto-
ries. Second, our experiments focus exclusively on
dense model architectures. Whether our approach
generalizes to Mixture-of-Experts (MoE) models,
which exhibit fundamentally different training dy-
namics, requires further investigation.
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Hermes Glaive p ) \CE  xLAM  APIGen-MT FunReason-MT  lammer
Function Calling (Irrelevance)
Original Size 5,000 11,300 60,000 5,000 16,000 7,500
Sampled Size 2,500 11,300 10,000 2,500 10,000 3,500
Processed Size 8,829 12,253 10,000 21,622 23915 3,500
Table 6: Dataset statistics
» APIGen-MT (Prabhakar et al., 2025): A high- Hyperparameter RL Methods SFT
i 1t . . Training Mode On-policy -
quality multi-turn agent interaction dataset Training Steps 600 (2 epochs) 3,000
that generates realistic trajectories where an Learning Rate 1x107° 1x107°
Al agent gradually comprehends the human’s LR Scheduler constant cosine
. . . . Batch Size 256 256
intent and interacts with tools and the environ- Max Prompt Length 8.192 8.192
ment step-by-step. The dataset has released Sk Max Response Length 1,024 1,024
: : : : : Group Size 8 -
trajectories, which we use in our experiments. Rollout Temperature 10 )
R Entropy Coef. 3x107* -

FunReason-MT (Xu et al., 2025): The
dataset comprises 16,000 high-quality multi-
turn samples. It was generated using a three-
phase data synthesis framework, which fo-
cuses on generating complex trajectories that
require: environment-API graph interactions,
advanced tool-query synthesis and guided it-
erative chain.

Hammer (Irrelevance) (Lin et al., 2025): A
specialized subset of Hammer designed to ac-
tivate the ability of irrelevant function detec-
tion for LLMs.

After random sampling, we post-process multi-
turn and multi-step tool-use instances into single-
turn, single-step format, concatenating dialogue
history and previous tool calls as context in the
user prompt (as shown in Figure 6). This process-
ing strategy simplifies the multi-turn, multi-step
rollout process in RL trainning without affecting
the model’s tool-use capability. Table 6 shows the
dataset statistics across three stages: original size,
sampled size, and processed size after format con-
version.

B Complete Training Configuration

We conduct all experiments using the veRL (Sheng
et al., 2025) framework, with the vLLM (Kwon
et al., 2023) backend for RL rollouts. All hyperpa-
rameters used in our experiments are summarized
in Table 7.

C Prompt Templates

The system prompt we employ during the post-
training is shown in Figure 5. The user prompt is
used to store the trajectory history, including inter-
mediate dialogue history, tool calls, environment
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Table 7: Hyperparameters in experiments for training.

observations, and any additional user commands.
The complete user instruction is presented in Fig-
ure 6.



System Prompt for Training

## Role
You are a helpful assistant skilled at using tools to solve user tasks.

## Task Definition
Based on the [User Query] and [Chat Short Memory] (user, assistant, etc.), and with reference to the [Intermediate Tools Calls and Returns], plan the tools necessary to solve the current
[User Query]. If multiple tools are required, only need to output the tool names and parameter values for the first tool or the first group of tools that could to be called in parallel!

## Available Tools Description
__TOOL DESCS__

## Overall Response Format:

MUST choose one of the following two:

### Tool Usage

<tool_call>

If a tool is needed, specify the tool‘s name and parameter values
</tool_call>

### Answer Appropriately

<answer>

If an answer is needed, summary or ask user for necessary information
</answer>

## Tool Usage Output Requirements

For each tool call, retum a json object with tool name and parameters within <tool call> </tool_call> XML tags

### Format Requirements

1. When a single tool is required, the tool call must include the tool’s name and parameter values. If no parameters are needed, leave the ‘params’ field an empty dictionary. The format is:
<tool_call>

{“name”: “Tool name”, “params”: {*“Parameter name”: “Parameter value”, <...”: “..”’} }

</tool_call>

2. When a single tool or multiple tools can be called IN PARALLEL, enclose each call in [], with tools separated by *, *. The format is:

<tool_call>

[{“name”: “Tool-1 name”, “params”: {*Parameter name”: “Parameter value”, “...”: “...”}}, {“name”: “Tool-2 name”, “params™: {“Parameter name”: “Parameter value”, “..”: “.."}}, ...]

</tool_call>
### Content Requirements
1. In the tool description, “required” corresponds to the list of mandatory parameters. Do not extract optional parameters that are not in this list and are not mentioned in the input content!

## Answer Output Requirements

‘When one of the following conditions is met, response an answer directly within <answer> </answer> XML tags

1. When all tools related to the current task have been called, summarize the tool retums and deliver a comprehensive response

2. When no available tool can fulfill the user request, point out that the requested task cannot be achieved due to lack of tools

3. When the value of the tool‘s required input parameter is missing, ambiguous, or cannot be inferred from the context, ask for clarifications

## Important Notes
1. Response at most one of <tool_call> or <answer>

Figure 5: The system prompt used for post-training.

User Prompt for Training

[Chat Short Memory]

user: {Round 1 user input}
assistant: {Round 1 model answer}
user: {Round 2 user input}
assistant: {Round 2 model answer}

[User Query]
__QUERY__

[Intermediate Tools Calls and Returns]
Step-1 tool call: ...

Step-1 observation: ...
Step-2 tool call: ..
Step-2 observation: ...

[Response]

Figure 6: The user prompt used for post-training.
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