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Abstract

Dynamic sampling is a technique employed in
reinforcement Learning for Large Language
Models to mitigate training instability, of-
ten caused by the gradient-decreasing prob-
lem. However, existing dynamic sampling ap-
proaches are predominantly designed for tasks
with binary rewards (success/failure) and strug-
gle to adapt to the complex reward structures
of tool learning. Such task involves interdepen-
dent sub-tasks of varying difficulty and yields
fine-grained, multi-faceted rewards. To bridge
this gap, we introduce Dynamic Sampling with
Curriculum Learning (DSCL), an algorithm tai-
lored for the intricate dynamics of tool learn-
ing. DSCL integrates two core components: a
Reward-Based Dynamic Sampler, which lever-
ages multi-dimensional reward statistics to pri-
oritize high-value training data; and a Task-
Based Dynamic Curriculum Learning method
to overcome the credit assignment problem
caused by the fine-grained rewards. Exten-
sive experiments on widely used tool learning
benchmarks demonstrate the efficacy of our ap-
proach. DSCL significantly improves model
performance, outperforming strong baselines
by 4.75% on the BFCL V3 dataset and 4.02%
on the API-Bank dataset.

1 Introduction

While Large Language Models (LLMs) have
demonstrated considerable proficiency in complex
reasoning tasks such as tool learning (Qin et al.,
2024; Kumar et al., 2025; Qu et al., 2025; Guo et al.,
2025), optimizing their performance via Reinforce-
ment Learning (RL) presents significant challenges.
Recent research primarily focuses on mitigating
the training instability and improving the model’s
exploratory capabilities (Shao et al., 2024; Zhang
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Figure 1: Reward Mean-Variance changes for each sub-
task across three training stages. The red curve repre-
sents the theoretical mean-variance relationship of bi-
nary rewards, where the variance is strictly determined
by the mean. The blue dots represent the distribution
of fine-grained rewards for individual rollouts, provid-
ing richer supervision signals. This diversity is evident
across two dimensions: (1) distinct distributions across
sub-tasks (rows), and (2) evolution across training stages
(columns)—from basic learning (Warmup) to steady
convergence (Middle) and fully converged (Later).

et al., 2026). So, the instance-level dynamic sam-
pling method (Yu et al., 2025; Xi et al., 2025) and
curriculum learning in the training procedure (Feng
et al., 2025a) are wildly used for these problems.
Most dynamic sampling approaches in RL for
LLMs are designed for tasks (e.g., mathematical
reasoning tasks) relying on simple binary rewards
(i.e., success or failure) and fail to address the se-
quential complexities of tool learning. The tool
learning task can be decomposed into quantifiable,
interdependent sub-tasks: format prediction, tool
selection, key-value prediction, and parameter com-
pletion, yielding a multi-dimensional reward sig-
nal. This creates a critical mismatch, leading to
two primary failures. First, aggregating these rich
rewards into a single score induces a credit assign-
ment problem (Harutyunyan et al., 2019; Seo et al.,
2019; Zhang et al., 2025a), preventing the model

20834

Findings of the Association for Computational Linguistics: EMNLP 2026, pages 20834—-20853
October 24-29, 2026 ©2026 Association for Computational Linguistics



from learning which specific actions are effective
and failing to learn the hierarchical strategy effec-
tively. Second, because multi-dimensional rewards
have more complex statistical properties than bi-
nary ones (Figure 1), a single evaluation metric is
insufficient to identify the most informative train-
ing samples, leading to stagnation in learning effec-
tiveness and a lack of data diversity during training.

To overcome these limitations, we propose
Dynamic Sampling with Curriculum Learning
(DSCL), a novel methodology designed to fully ex-
ploit the potential of fine-grained process rewards
in tool learning. DSCL integrates two synergis-
tic strategies: (1) Task-Based Dynamic Curriculum
Learning (TDCL): TDCL introduces a phased train-
ing strategy that leverages the logical dependencies
and varying difficulties of sub-tasks in the procedu-
ral reward. By delivering stage-specific, immediate
feedback, it provides the model with fine-grained
guidance, thereby improving training effectiveness.
(2) Reward-Based Dynamic Sampling (RDS): At
each stage of the TDCL, RDS assesses data from
three dimensions: the reward mean, the reward
variance of a group of rollouts, and the evolution
of these statistics over the training history. This
provides a holistic assessment of sample difficulty,
stability, and long-term learning trajectory. Exten-
sive experiments demonstrate the effectiveness and
generalizability of our proposed method. Overall,
this paper offers the following contributions:

* We conduct a detailed analysis of the differ-
ences in RL training between tool learning
with fine-grained rewards and math tasks with
binary rewards. Furthermore, we reveal the
shortcomings of existing optimization strate-
gies on tool learning.

* We propose a two-component methodology
within DSCL. RDS method dynamically sam-
ples data using multiple dimensions of the
mean and variance of rewards. The TDCL
adaptively manages the asynchronous conver-
gence of interdependent sub-tasks.

* We conduct comprehensive experiments to
evaluate our DSCL method against several
strong baselines. The results on the BFCL V3
and API-Bank confirm its significant effective-
ness and superiority.

2 Related Work

2.1 Tool Learning

The ability of LLMs to interact with external tools
has evolved significantly. Foundational work like
ToolLLM (Qin et al., 2023) pioneered the field
by creating large-scale benchmarks for supervised
fine-tuning. To overcome the limitations of static
imitation, subsequent research has employed Re-
inforcement Learning to optimize sequential tool
use, as seen in StepTool (Yu et al., 2024), Search-
R1 (Jin et al., 2025), and Tool-N1 (Zhang et al.,
2025b), etc. The success of RL, however, is highly
dependent on effective reward engineering; previ-
ous works such as ToolRL (Qian et al., 2025) and
ARTIST (Singh et al., 2025) focus on systemati-
cally addressing this challenge.

2.2 Optimization Strategies on RL

Curriculum learning and dynamic sampling are
widely used to improve the effectiveness of RL-
based training. A core idea of curriculum learn-
ing is to structure training from simple to com-
plex tasks, as demonstrated by Confucius (Gao
et al., 2024). A prominent strategy within this is
difficulty-aware sampling, which dynamically fo-
cuses on problems of appropriate difficulty. Its
effectiveness was shown at scale by Kimi K1.5
(Team et al., 2025), with focused studies like RCS
(Feng et al., 2025b) and online difficulty filtering
(Bae et al., 2025) confirming that an intermediate
difficulty level maximizes learning effectiveness.
Dynamic sampling organizes samples from an alter-
native perspective. Approaches like POLARIS (An
et al., 2025) employ adaptive filtering to enhance
exploration, while frameworks such as DAPO (Yu
et al., 2025) and VAPO (Yue et al., 2025) inte-
grate dynamic sampling directly into the policy
optimization process to address scaling challenges.
Razin et al. (2025) have also theoretically explored
the detrimental effects of low-variance rewards on
training effectiveness.

Unlike existing RL optimization methods, we
produce a novel method tailored for tool learning
task with fine-grained process rewards. By syner-
gistically integrating a multi-stage training strategy
based on sub-tasks decomposition with a multi-
dimensional dynamic sampling policy, we achieve
a significant performance boost for RL approaches
on tool learning task.
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3 Reward Design for Tool Learning

Following the design proposed by Qian et al.
(2025), we present a formal definition of the fine-
grained reward to enhance the clarity of our ap-
proach. For the query X, the reward functions
compare the predicted tool calls Y = {91, s Um }
with the ground-truth tools Y = {y1,...,ym }. It
includes the following four components:

Format Reward The format reward Riomar €
{0, 1} checks whether the model’s response meets
the requirement for both content and order:

L
Rformut =
0,

Tool Name Reward The tool name reward Rame
evaluates the correctness of each tool’s name. The
N3 and Ny represent the predicted tool names and
the ground truth, respectively.

if all required fields appear
and are in the correct order . )
otherwise

’ny Ny‘
= 1 . 2
Rname ’N’\ N ‘ S [07 ] ()

Parameter Key Reward The parameter key re-
ward Riey € [0, |Y'|] checks whether the key of the
parameter of each tool is correct:

Rkey Z

yteY

ﬂK( i)l
K (ys)l

where function f(y;) selects the best matches tool
9; with y; in the predicted tools. If there is no
match, it returns empty. The K represents the set
of keys of a specific tool.

3)

Parameter Value Reward The parameter value
reward Ryawe € [0, oy [K(y:)|] evaluates the
parameter values for all the matching keys.

1 V k
value - Z Z [ )U V( (y)|)] ! (4)

Yi €Y k€K (y;)

where V(y;?) represents the value that is corre-
sponding to the tool y;’s key k.

Total Reward As indicated above, the
correctness-related reward initially has a range of
[0, 14+ Y| +3_,. v [ K (y:)|], with an upper bound
that varies depending on the specific tool utilized.
To ensure a consistent value range across all data
instances and to prevent a scale imbalance with the
format reward, we employ a mapping function M

to transform the correctness-related reward into a
new range of [—3,3]. This transformed value is
then summed with the format reward to compute
the final reward R € [—3, 4].

R = Rformat + MiB(Rnamc + chy + Rvaluc)7 (5)

(max — min) x (R — Min(R))
Max(R) — Min(R)

Mo (R) = { + mm} ,

(6)
where M represents the mapping function, Max
and Min denote the maximum and minimum func-
tions. All these functions follow the definition of

Qian et al. (2025).

4 Methodology

In this section, we will introduce our proposed
Dynamic Sampling with Curriculum Learning for
RL-based tool learning. As shown in Figure 2,
the training framework DSCL contains two cas-
caded components: Task-Based Dynamic Curricu-
lum Learning (TDCL) and Reward-Based Dynamic
Sampling (RDS). The TDCL is first to partition the
whole training procedure into three distinct sub-
stages based on reward information derived from
the current training batch and trains the model stage
by stage. Subsequently, within each training stage,
the RDS method is utilized. This method performs
a multi-dimensional difficulty assessment for each
data using its complete set of rollouts, after which
a selective filtering is conducted. The combination
of these two methods effectively enhances training
stability and further improves optimization perfor-
mance. A detailed description of these components
is provided in the following subsections.

We first describe the basic formulation of the
tool learning task. Let D = {dji, ..., dbatchsize }
represents the dataset at the i-th batch of train-
ing. For each data d; € D, we generate G
rollouts and note their corresponding rewards as
RY = {RW1, ... RWCY,

4.1 Task-Based Dynamic Curriculum
Learning (TDCL)

In this section, we provide a detailed description of
the TDCL method, which is specifically designed
for tool learning task. To address the credit assign-
ment problem that arises in existing training meth-
ods utilizing fine-grained rewards, our approach
partitions the sub-tasks based on their logical re-
lationships and difficulty levels. This partitioning,
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Figure 2: The training framework of our DSCL method. For each training batch, the TDCL method first determines
the training stage based on the rewards of each sub-task. Then the RDS method dynamically samples the data
depending on the mean and variance dimensions. Following the application of these strategies, the model is

subsequently updated.

guided by the reward design presented in Section
3, enables the model to focus on different sets of
sub-tasks during distinct training stages.

4.1.1 Building Training Curriculum

We first describe the design of our curriculum learn-
ing strategy and the mechanism for directing the
model’s focus to different sub-tasks at various train-
ing stages. We divide the original training process
into three stages. To better guide the model to focus
on different sub-tasks at various stages of training,
we modify Equation 5 into the following form:

R =1 Reorma + M5 (A2 (Bname + Riey)+ o
A3 Rualue) -

We maintain the value range of the final reward
and introduce three parameters i, Ao and A3 to
control the contribution of each sub-task’s reward
at different stages of training. Consequently, the
three-stage training procedure designed for this task
is detailed as follows:

Stage 1 The format of the model’s output is fun-
damental to the downstream task of structured in-
formation extraction. Therefore, we assign a higher
weight to the format reward during the initial stages
of training. The corresponding parameters are set
as follows: A\; = 2.5, Ay = A3 = 0.5.

Stage 2 The second training stage aims to tar-
get the extraction of tool name and parameter
key. These sub-tasks present a simpler learning
problem compared to parameter value extraction,

owing to their finite (or highly restricted) solu-
tion spaces and less ambiguous evaluation crite-
ria. Accordingly, the reward parameters are set as:
A2 =1.5,A1 = A3 =0.5.

Stage 3 The final training stage is dedicated to
parameter value extraction. This task presents a
higher level of difficulty due to its unconstrained
prediction space and its inherent dependency on the
parameter keys correctly identified in the previous
stage. Finally, the reward parameters are set as:
A3 =2.5,A1 = A2 =0.5.

4.1.2 Learning Stage Transition

For the three training stages we designed, we dy-
namically assess the model’s training status by
monitoring the rewards from sub-tasks. This pro-
cess automatically determines the model’s current
training stage. Specifically, we compute the mean
reward for each of the four sub-tasks within every
training batch. This serves as a metric to gauge
the model’s performance at the current batch. To
ensure robustness, we then utilize the results from
the most recent k batches to determine whether the
model has converged on a particular sub-task. As
an illustrative example, the formula for the format
reward is presented below:

k batchsize G t,7,9
- Zi:l Zj:l Zg:l Rformal

Rformar = k x batchsize * G * Mal'(Rfurmat) ’ ®)

We establish the convergence threshold for each
sub-task (e.g., Rformat). When the mean value sur-
passes the threshold (e.g., Riormat > Rformat), we
consider the sub-task to achieve convergence and
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trigger the transition to the subsequent training
stage. The determination of the threshold Rformat
for the transition between Stage 1 and Stage 2, and
the Rname, f?key between Stage 2 and Stage 3, is
detailed in the Appendix B.

4.2 Reward-Based Dynamic Sampling (RDS)

To further enhance training stability, we design
a multi-dimensional data evaluation methodology
tailored for tool learning task with fine-grained
rewards. Depending on these indicators, we divide
the data into different categories and apply a unique
instance-level sampling policy to each category.

4.2.1

In order to provide insights into the intrinsic diffi-
culty of each data d; in the j-th batch, we select the
following three indicators to measure the difficulty
of each data instance for the current model:

Multi-Dimensional Indicators

Accuracy For each data at the current training
batch, we calculate the mean reward for all their
rollouts to evaluate the average accuracy:

M = Mean({R"!, ..., R®"9}).  (9)
Current Stability We calculate the variance of
all the rollouts for each data to evaluate the stability
of the current model on this data:

Videw = Var({RW . R¥CY). (10)

History Stability To evaluate the stability of the
model’s performance on each data during training,
and to prevent filtering out a sample as soon as
the model acquires the capability to handle it, we
compute the variance of its reward across batches:

Vil

history

=Var({M®™, .., M"}). 1)

4.2.2 Instance-Level Sampling Policy

Data Division Depending on these three indi-
cators, we dynamically divide the data into three
categories:

* a. Easy data: M%7 = 4.
* b. Hard data: M < tpean.
- b.1 ch;;frem > tyar OF Vi

history

i,J (2
- b2 chrrent < tV'dr and Viﬁstory

> tyar-

< tvar.

o c. Intermediate data: M*J € [tmean, 4) -

— .1 Vihone > tyar and V27

history > tvar.

i,J i,j
= .2 Vigirent < tvar OF Vh < tyar-

istory

Where the tnean and £y, represent the thresholds
for the mean and variance, respectively. The setting
of these parameters is detailed in Appendix B.

Sampling Policy We adopt different sampling
strategies for data with varying levels of difficulty.
Specifically, we completely filter both easy and
hard data for which the current model exhibits
highly stable and confident predictions. Conversely,
we fully retain two categories of instances: (1) hard
data where the model demonstrates significant un-
certainty, indicating effective exploration; (2) inter-
mediate data that elicit high prediction diversity. In
order to maintain a stable training process (Dang
and Ngo, 2025; Wang et al., 2025), the remain-
ing data are partially retained. The corresponding
sampling proportions are presented below:

0.0, d; e {a,b.2}
0.5, d; € {6.2}
1.0, d; € {b.l,c.l}

Since the answers for this task require formatted
extraction, the accuracy of the output format di-
rectly impacts the performance of subsequent sub-
tasks. To prevent formatting errors from confound-
ing the assessment of sample difficulty, we imple-
ment our sampling strategy only after the model
has converged on the formatting task, which corre-
sponds to the completion of stage 1 of the TDCL
method. The overall framework of our method is
illustrated in Figure 2.

Ratio; = (12)

S Experiments Settings

5.1 Datasets

To foster a robust and generalization tool-use ca-
pability of LLMs, we follow the data composition
and processing methodology of ToolRL (Qian et al.,
2025) to build the training dataset. Finally, the train-
ing dataset contains 2K examples from Tool ACE
(Liu et al., 2024) and 1K each from Hammer (Lin
et al., 2024) and xLAM (Zhang et al., 2024). The
detailed information are appended in Appendix A.

As for the evaluation dataset, to ensure a rigorous
and directly comparable evaluation, we assess our
method on the Berkeley Function Calling Leader-
board (BFCL) (Patil et al., 2025) and API-Bank (Li
et al., 2023), the same benchmarks used in ToolRL
(Qian et al., 2025). We do 5 runs for each method
and report the average score of the accuracies (%)
with the confidence interval.
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Model Overall ~ Non-Live AST Live Multi Turn ~ Relevance Irrelevance
Acc Acc Acc Acc Detection  Detection
Qwen2.5-7B-Instruct (Yang et al., 2024) 47.68i0,37 68.98:&(]'19 63.311(]'13 8.88:&()27 72.22:&0‘(]() 71.93:&[),12
Tool-N1 (Zhang et 'dl., 2025b) 53~91i0A13 77~50i0A07 73~39i009 IO.OOiOAog 77.78i()‘00 77.85i()‘07
ToolRL (Qian et al., 2025) 56.9610,10 85.2110'06 73.3910,09 1325:&0.06 Mi(}ﬂ(} 75.8710,03
w/ DAPO (Yu et al., 2025) 47354005 68271010 64551006 7381020 77.78:000 71.80100s
w/ SMV (Xu et al., 2025) 57.0310,25 85.7610'15 73.7910,17 12.62:&0,09 Mioﬂo 77.5910,13
w/ SMR (Bae et al., 2025) 58.18:‘:0‘21 86.08i0A17 74~87j:OA10 13.74i()‘11 Mioﬂg 75.43:‘:()‘13

~ w/RDS Ours) 59551010  85.541005  76.104006 17381006 83.331000 79.861005
w/ TDCL (OUI‘S) 59~95i0.15 86.25i0,03 76.06i0 07 18.13i0 12 wio,gg 79.5410 02
w/ DSCL (Ours, RDS+TDCL) 60.25i0'19 86.42i0'07 76.85i0 03 18.50i0 14 83.33i0‘00 78.44i0 05
QWCD3-8B (Yang et ’dl., 2025) 57.18:‘:0‘14 86‘08i0A07 73~79i0A09 15.86i()‘15 83.33:‘:0‘00 75~43i0,00
Tool-N1 (Zhang et al., 2025b) 60.5210,04 88.06:&0,00 7343:&0.08 22~00:t0.00 Mﬂ)‘oo 71.7110.04
ToolRL (Qldn et al., 2025) 62.58:‘:0‘05 89‘54&;0‘04 70.86i0A00 3O~25i0A06 83.33:‘:0‘00 67‘43i0‘03
w/ DAPO (Yu et al., 2025) 64.0710.11 89.93:&0,03 7554:&0.06 31.1 3:&0,12 77.78:&0,00 82.6210.04
w/ SMV (Xu et al., 2025) 62964007 88341005  72.881006 27.13100s 83.33x000 75.941003
w/ SMR (Bae et al., 2025) 63.4710 12 89.2810 07 72,23i0 06 30~00i0 17 83.33i0 00 76.9210 04

~ w/RDS Ours) 66211005 89931000 77704003 32.88:006 88.891000 83.07000
w/ TDCL (Ours) 65.83;&0 07 87.15;&0 03 78.7210,04 31.88;&() 06 83.33:&()‘00 83.79;&0 03
w/ DSCL (Ours, RDS+TDCL) 66.74+0 11 90.50+0 04 79.57+0A03 32.88+0 07 88.89+0_00 84.58+0 04
Llama3.1-8B-Instruct (Dubey et al., 2024) 49.6310,23 71 ~23i0.18 63,27i0,21 10~60i0.16 72-22i0.00 72.9110,19
Tool-N1 (Zhang et al., 2025b) 56.73i0'10 84.06i0'07 73~58j;0A03 12.98i()‘09 wio‘gg 77-27i0.04
ToolRL (Qian et al., 2025) 58~42i0.06 86.69i0,04 74.48i0,03 14.66i0,06 wio,gg 77.4910,04
w/ DAPO (Yu et al., 2025) 61.024012 88161006  77.03+006 16.5110.0s 83.3310.00 78.93+0.04
w/ SMV (Xu et al., 2025) 60.73i0_20 86.97i0,12 76.35i0,09 15-34i0.17 Mio,gg 78.2510_13
w/ SMR (Bae et al., 2025) 60.2910 10 87.0310 07 76.14;&() 04 15~03:E0 08 8333;&0 00 77.681() 06

- w/RDS Ours) 62331006 87281002  76.85:1005 18.131008 83.331000 79-521002
w/ TDCL (Ours) 61981006 87201003  774li00s 17791005 83.331000 79.3040.02
w/ DSCL (Ours, RDS+TDCL) 63.1740.13 87.26+0.06 79.3340.03 19.85+0.06 83.33+0.00 80.10+0.05

Table 1: Results on the BFCL V3 dataset. The "underline" signifies the best score among the systems sharing the
same foundation model, and the "bold" indicates the best score across all systems.

5.2 Baselines

To demonstrate the effectiveness and generalizabil-
ity of our method, we conduct experiments on three
widely-used foundational models: Qwen2.5-7B-
Instruct (Yang et al., 2024), Qwen3-8B (Yang et al.,
2025), and Llama3.1-8B-Instruct (Dubey et al.,
2024). On these models, we compare our approach
against a set of carefully selected baselines.

We adopt the ToolRL (Qian et al., 2025) as our
baseline and incorporate our proposed optimiza-
tions. ToolRL is characterized by its fine-grained
reward design and the GRPO training algorithm.
For the designation of reward, we also compare our
approach with the Tool-N1 (Zhang et al., 2025b)
method, which utilizes a binary reward signal for
tool learning task. For the optimization strategy, we
select the widely-adopted DAPO (Yu et al., 2025)
method as a key baseline. Additionally, we conduct
two specialized strategies that sample only by max
variance (SMV) (Xu et al., 2025) or sampling only
by mean reward (SMR) (Bae et al., 2025).

Since most of the sampling methods in the base-
lines have not been used on tool learning task, we

implement the results of these methods on tool
learning task based on their open-source codes. For
SMV and SMR, we perform the method with cur-
riculum learning based on our methodology. The
details of the prompt are in Appendix G.

6 Experiments

6.1 Main Results

We present the results of our proposed method and
other baselines of BFCL and API-Bank in Table
1 and 2. The experimental results demonstrate
that the DSCL method achieves the best perfor-
mance with a 4.75% gain on the BFCL V3 dataset
and 4.02% gain on the API-Bank dataset. Be-
sides, both our RDS and TDCL bring a significant
improvement over the original ToolRL baseline.
Notably, our methods also outperform other dy-
namic sampling approaches such as DAPO, SMV,
and SMR. This demonstrates that our approach
enhances model performance by progressively fo-
cusing the training process on more valuable data.

Additionally, we find that directly using the ex-
isting dynamic sampling methods demonstrates
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Figure 3: Data distribution across difficulty levels during training epochs on Qwen2.5-7B-Instruct. Following
Section 4.2, these categories are: 1) b.2: challenging instances that the model consistently fails to answer correctly;
2) b.1 & c.1: inconsistent instances characterized by high variance in rollouts; 3) c.2: instances where the model is
stable but erroneous; 4) a: instances that are stably and correctly handled.

Model Overall Acc Level 1 Level 2 Level 3
Qwen2.5-7B-Instruct (Yang et al., 2024) 58291018 6541014 43281000 44271047
Tool-N1 (Zhang et al., 2025b) 60.471000 70.6840.00 46271000 36.6410.00
ToolRL (Qian et al., 2025) 61814007  72.184000 56.7210.00 32.824046
w/ DAPO (Yu et al., 2025) 58964008 66.171010 41791000 45.804000
w/ SMV (Xu et al., 2025) 61641010 69671014 49251000 43511045
w/ SMR (Bae et al., 2025) 62311010 72434011 56.721000 34.351045
w/ RDS (Ours) 63484000 72181000 56.72:000 40.4610.00
w/ TDCL (Ours) 63650007 74191011 61192000 32821000
w/ DSCL (Ours, RDS+TDCL) 64.99 000 73181000 65.671000 39.69:0.00
Qwen3-8B (Yang et al., 2025) 62481016 72184019 56.721000 35.88+0.00
Tool-N1 (Zhang et al., 2025b) 63.32:0.10 70431011 55224000 45.80+0.49
ToolRL (Qian et al., 2025) 64324010 72.684012 62.691000 39.69+0.45
w/ DAPO (Yu et al., 2025) 66.67+000 74.194000 64181000 45.04+0.00
w/ SMV (Xu et al., 2025) 65491007 73431011 61.19:10.00 43.51+0.00
w/ SMR (Bae et al., 2025) 65.604009 72934014 62.691000 45.0410.00
© W/RDS (Ours) 67075000 74691000 64181000 4580000
w/ TDCL (Ours) 67.674011 75441011 61191000 47.331045
w/ DSCL (Ours, RDS+TDCL) 68171007 75441011 64181000 48.09:0.00
Llama3.1-8B-Instruct (Dubey et al., 2024)  61.631015 67.9040.13 65.67+000 40.4640.45
Tool-N1 (Zhang et al., 2025b) 62901010 69.601015 65671000 41.061000
ToolRL (Qian et al., 2025) 62481000 68421000 67.161000 41.981000
w/ DAPO (Yu et al., 2025) 63.831007  69.761011 68.661000 43.282000
w/ SMV (Xu et al., 2025) 63.08:0.09 68971013 67.164000 43.07+0.00
w/ SMR (Bae et al., 2025) 63.16:0.10 69.181011 67.461067 42.76+0.00
"7 W/RDS Qurs) T 64485000 70164000 68661000 45.045000
w/ TDCL (Ours) 64.994007 71184012 68.66:000 44.27+0.00
w/ DSCL (Ours, RDS+TDCL) 66.501000 71931011 71641000 47334045

Table 2: Results on the API-Bank dataset.

limited improvement on tool learning task. These
methods are mainly designed for binary reward
tasks. Due to the gap in tasks, our method, de-
signed for fine-grained, multi-faceted rewards, ef-
fectively addresses this limitation. Besides, another
reason is that dynamic sampling in tool learning
requires warm-up first and cannot start sampling
directly, which is analyzed in Section 6.4.

6.2 Improvement on Hard Data

To conduct a more in-depth analysis of how our
method enhances the model’s capabilities, we ana-
lyze the proportion of the training data at different
difficulty levels for every training epoch. Figure
3 illustrates the performance of various training
approaches (the other two models are appended in
Appendix C), showing the evolving proportions of
data across four difficulty levels. The experimental
results reveal the limitations of conventional opti-
mization strategies on hard samples, as they fail
to further improve the model’s capability on these

data. In contrast, our proposed method, which in-
tegrates staged training with a multi-dimensional
dynamic sampling strategy, enhances the model’s
performance on these difficult instances, thereby
improving the effectiveness of the training process.

6.3 Analysis on the Sampling Data

We first analyze the model trained with all the
data. Figure 4 illustrates the distribution of means
and variances of training data with varying diffi-
culty across different training stages and sub-tasks.
Specifically, we classify the difficulty of the data
based on the number of tools, the number of tool
parameters, and the number of dialogue turns, with
higher values of these metrics corresponding to
increased data complexity. It can be found that,
compared to easy data, the distribution of hard
data across each sub-plot exhibits characteristics
of lower means and higher variances. Furthermore,
this phenomenon becomes more pronounced with
the progression of training. Therefore, these sam-
ples should be given greater emphasis in the later
stages of training; otherwise, the model will strug-
gle to overcome its performance bottleneck.

We record samples that are selected for train-
ing versus those that are excluded by our DSCL
method for comparison. As illustrated in Figure 5,
the majority of the data filtered out by DSCL shows
a significant overlap with the simple samples pre-
sented in Figure 4. Furthermore, excluding the
initial warmup phase where no sampling occurs,
we tally the number of samples used in training ver-
sus those discarded in the subsequent two stages.
The counts are (2243, 1397) and (1950, 1690), in-
dicating a gradual decrease in the quantity of data
deemed valuable. These comparisons confirm that
the DSCL method successfully and continuously
focuses on valuable samples throughout training.
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Figure 4: Mean-Variance Scatter Plots of hard data
(blue point) and easy data (orange point) across different
stages of ToolRL training. We map the values of each
reward to the interval [0, 1].
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Figure 5: Mean-Variance Scatter Plots of training data
(purple points) and filtered data (green points) rewards
across different stages of DSCL training. We map the
values of each reward to the interval [0, 1].

Model Overall Non-Live AST Live  Multi Turn Relevance Irrelevance
ode Acc Acc Acc Acc Detection Detection
Qwen2.5-7B-Instruct
DSCL w/o stage 1&2&3 47.34 68.46 64.02 7.75 66.67 55.24
DSCL w/o stage 2&3 59.55 85.54 76.10 17.38 83.33 79.86
DSCL w/o stage 3 59.92 86.01 76.48 17.94 83.33 79.15
DSCL 60.25 86.42 76.85 18.50 83.33 78.44
Qwen3-8B
DSCL w/o stage 1&2&3 64.72 88.65 75.34 31.45 88.89 80.34
DSCL w/o stage 2&3 66.21 89.93 77.70 32.88 88.89 83.07
DSCL w/o stage 3 66.48 90.21 78.64 32.88 88.89 83.83
DSCL 66.74 90.50 79.57 32.88 88.89 84.58
Llama3.1-8B-Instruct
DSCL w/o stage 1&2&3 60.94 86.82 75.46 16.75 83.33 76.19
DSCL w/o stage 2&3 62.33 87.28 76.85 18.13 83.33 79.52
DSCL w/o stage 3 62.76 87.27 78.10 18.99 83.33 79.81
DSCL 63.17 87.26 79.33 19.85 83.33 80.10

Table 3: Stage-wise ablation of Task-Based Dynamic Curriculum Learning on BFCL V3. Curriculum stages are
removed from the last one backwards. DSCL w/o stage 2&3 is equivalent to the RDS method.

6.4 Ablation on Task-Based Dynamic
Curriculum Learning

Tool learning requires strict response formatting
to extract tool information in a structured manner,
which makes the format-oriented warmup stage a
prerequisite for reward-based dynamic sampling
rather than an optional refinement. On Qwen2.5-
7B-Instruct, removing stage 1 does not merely re-
duce accuracy but induces a structural collapse that
erases the entire benefit of reinforcement learning
and returns the model to its un-finetuned level. No-
tably, the decision-oriented metrics deteriorate far
more severely than the syntactic ones, indicating
that the model loses the ability to emit parsable
and decidable tool calls rather than simply becom-
ing less accurate. We attribute this to a vicious

circle at the very beginning of training: before
basic formatting competence is acquired, almost
all rollouts receive uniformly low reward, so the
difficulty-aware sampler discards the majority of
instances and leaves a training signal that is both
too sparse and too biased to recover from. Stage 1
breaks this circle by guaranteeing that a sufficient
number of well-formed rollouts exist before sam-
pling becomes selective, and is thus the single most
critical ingredient for making RDS viable.

Whether this collapse actually materialises,
however, depends strongly on the backbone.
On Qwen3-8B and Llama3.1-8B-Instruct, the
curriculum-free variant still improves over ToolRL
instead of collapsing, which we attribute to their
stronger instruction-following ability at initialisa-
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tion: well-formed outputs are largely preserved
even when a large fraction of data is filtered out,
so the sampler never enters the degenerate regime.
Stage 1 nevertheless yields a consistent gain on
both, showing that it is not only a safeguard against
collapse but also a generally favourable starting
point from which RDS operates more effectively.
Beyond the warmup, stage 2 and stage 3 improve
performance monotonically on all three backbones.
The increments are modest but stable both within
and across models, suggesting reproducible optimi-
sation effects rather than run-to-run variance, and
confirming that no stage in our decomposition is
redundant.

7 Conclusion

In this work, we address the critical mismatch
between conventional dynamic sampling meth-
ods designed for binary rewards and the fine-
grained reward structures inherent in tool learn-
ing task. In order to overcome these gaps, we
introduced Dynamic Sampling with Curriculum
Learning (DSCL), a novel framework that syner-
gistically combines the Task-Based Dynamic Cur-
riculum Learning (TDCL) and the Reward-Based
Dynamic Sampling (RDS) methods. TDCL man-
ages the asynchronous learning of interdependent
sub-tasks, while RDS leverages multi-dimensional
reward statistics to perform more holistic and ef-
fective data sampling. Our extensive experiments
on the BFCL V3 and API-Bank benchmarks con-
firm the superiority of our approach. To demon-
strate the robustness and generalizability, we apply
DSCL to three widely used Large Language Mod-
els. The results show the effectiveness in harness-
ing fine-grained process rewards to improve the
stability and performance of reinforcement learn-
ing for large language models in complex tool-use
scenarios across all models.

8 Limitations

In this work, based on the GRPO reinforcement
learning method, we carefully designed a dynamic
sampling method for the tool learning task. The
experiment demonstrates that our method further
improves the effect of reinforcement learning on
tool learning. However, our work still has the fol-
lowing limitations:

In order to facilitate alignment with our subse-
quent ToolRL method, we adopt their dataset set-
tings, including the number and ratio of the train-

ing data. After introducing our dynamic sampling
method, we can further explore the training data
settings that are suitable for our method and further
improve its performance.

The current design of the reward function has
been weighted according to the difficulty of differ-
ent sub-tasks in tool learning. This is similar to the
idea of our task-based dynamic curriculum learn-
ing method. We can further improve the reward
design methods, such as combining the rewards of
each sub-task in the same proportion, which can
further leverage the advantages of our method and
improve performance.
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A Dataset

In this section, we give the detailed information of
our training dataset in Table 4:

ToolACE (Liu et al., 2024): Build a foundational
understanding of diverse and complex tool interac-
tions.

Hammer (Lin et al., 2024): Promote deep se-
mantic reasoning over superficial name-matching.

xLAM (Zhang et al., 2024): Develop advanced
strategic planning for multi-step, complex tasks.

BFCL: Analyzing Core Tool Invocation Mechan-
ics. BFCL V3 (Patil et al., 2025) is utilized to
measure the fundamental correctness of tool use.
Its principal strength is a diagnostic, multi-faceted
structure that deconstructs a single tool use into
granular dimensions, as detailed in Table 5. This
approach is critical for isolating specific failure
modes—such as distinguishing an error in tool se-
lection from one in parameter formatting—thereby
enabling a precise, component-level analysis of our
model’s fidelity.

API-Bank: Evaluating Multi-Step Planning and
Reasoning. Complementing BFCL’s focus on
mechanics, the API-Bank benchmark(Li et al.,
2023) evaluates higher-order reasoning within re-
alistic, multi-turn dialogues. It employs a hierar-
chical evaluation that tests progressively complex
skills, from basic tool execution to autonomous,
multi-step planning. The benchmark’s foundation
on manually annotated, authentic API interactions
allows us to rigorously validate our model’s im-
provements in strategic tool use.

B Hyperparameter Settings
B.1 Settings

For our training process, we mainly follow the set-
ting of ToolRL, all the modifications and parame-
ters of our method are shown in the Table 6. Since
each epoch in our training process consists of 7
batches, we set £ = 7 to calculate the statistics
over the most recent window of 7 batches, which
corresponds to one approximate epoch. All the
models are trained with the GRPO method using
the verl (Sheng et al., 2025) framework and con-
ducted on 8 H20 GPUs with 96GB of RAM for 15
epochs.

B.2 Experiment on Different
Hyperparameters

To determine the optimal parameters for partition-
ing data by difficulty, we conducte comparative
experiments with varying values of ¢yean and tya,.
Specifically, for each training epoch, we record
the accuracy of all the rollouts for each training
data during the ToolRL training process. The pa-
rameters, tmean and ty,r, are used to classify data
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Dataset Key Contribution Samples

Tool ACE Diversity & CompleXIty: Covers single, parallel, dependent, 2.000
and non-tool-use scenarios to teach when and how to use tools.

Hammer (Masked) Semantic Reasoning: Usgs fun.ctlon maskmg. to force the model 1,000
to understand API descriptions instead of relying on names.

CLAM Strategic Planning: Features complex tasks requiring 1,000

orchestration of multiple tools and management of dependencies.

Table 4: RL Training Dataset Composition and Rationale. We adopt the data strategy from ToolRL, combining
three specialized datasets for a total of 4,000 training samples. Each dataset is chosen to foster a specific capability:
ToolACE for foundational diversity, Hammer for semantic reasoning, and XLAM for advanced strategic planning.

Main Category Subtotal Evaluation Dimension Count Evaluation Purpose
Non-Live (Single-Turn) 1,390 Non-Live AST 1,150  To test for syntactic correctness.
Irrelevance Detection (Static) 240  To test for hallucination avoidance.
Live AST 1,351 To test for executable correctness.
Live (Single-Turn) 2,251 Relevance Detection (Live) 18 To test for correct tool selection.
Irrelevance Detection (Live) 882 To test for hallucination avoidance in a live context.
Multi-Turn 800 Multi-Turn Dialogue 800  To test for stateful and sequential reasoning.
Table 5: A Visually Enhanced Breakdown of the BFCL Benchmark (Revised Layout)
Hyperparameter Value such as tmean = 1.00, tyar = 0.1 and tpean = 0.50,
- - tvar = 1.0, the proportion of the b.2 category is
Modifications: unstable during training, even showing a trend of
Number of Rollouts 8 decreasing before increasing. This contradicts our
Our Method: empirical expectation that the proportion of hard
k 7 examples should remain stable or decrease as train-
tmean 0.50 ing progresses. Based on the analysis above, we
tyar 0.10 finally determine the parameter setting.
Rformat 0.90
Riame 0.75
Riey 0.70

Table 6: Hyperparameter settings.

difficulty based on the rollout performance of each
instance. Our method is to leverage these parame-
ters to identify data instances that the model con-
sistently fails to solve under the current training
methodology (ToolRL). Therefore, we leverage the
training of the Qwen2.5-7B-Instruct model as a
case study to demonstrate the results under differ-
ent parameter settings. As shown in Table 7 and 8§,
our chosen parameters (tmean = 0.50, tyar = 0.1)
can stably identify the data that the model con-
sistently fails to solve, which corresponds to the
proportion of the b.2 category remaining largely
constant. In contrast, for other parameter settings,

C Improvement on Hard Data of Other
Foundation Models

In this section, we supplement Figure 6 and 7 with
the data distribution across different difficulty lev-
els for the Qwen3-8B and Llama3.1-8B-Instruct
models. As can be observed, the overall trend is
consistent with that shown in Figure 3, indicating
that our method effectively mitigates the model’s
limitations on difficult data (b.2). A notable differ-
ence from Section 6.2 is that due to the stronger
capabilities of the Qwen3-8B and Llama3.1-8B-
Instruct models, they possess formatting abilities
from the very beginning of the training process.
Consequently, these two models exhibit a faster
convergence speed.
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epoch 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Parameters: t,,.., = 0.25, t,,, = 0.1
b.2 98.1 96.6 924 642 19.1 194 187 179 19.0 18.7 189 19.1 18.7 189 184
bl&cl 1.8 32 73 326 445 338 352 36.1 305 258 212 162 129 110 9.6
c.2 00 00 00 06 96 125 119 109 117 128 142 150 159 159 163
a 00 01 03 26 268 342 343 351 388 427 457 497 525 542 557
Parameters: t,,00, = 0.50, t,, = 0.1
b.2 98.1 96.6 924 642 198 202 193 18.6 195 195 19.7 20.1 19.8 199 193
bl&cl 18 32 73 326 445 338 352 361 305 258 212 162 129 11.0 9.6
c.2 00 00 00 05 89 118 112 102 112 12.0 134 141 148 149 154
a 00 01 03 26 268 342 343 351 388 427 457 49.7 525 542 557
Parameters: t,,.., = 0.75, t,,, = 0.1
b.2 98.1 96.6 924 643 215 222 212 201 215 214 215 220 217 21.8 212
bl&cl 1.8 32 73 326 445 338 352 36.1 305 258 212 162 129 110 9.6
c.2 00 00 00 05 72 98 93 87 92 102 116 122 129 13.0 135
a 00 01 03 26 268 342 343 351 388 427 457 497 525 542 557
Parameters: t,,.., = 1.00, t,,, = 0.1
b.2 98.1 96.6 924 644 23.1 247 238 226 243 240 245 253 253 252 25.1
bl&cl 1.8 32 73 326 445 338 352 36.1 305 258 212 162 129 110 9.6
c.2 00 00 00 03 56 73 67 62 64 75 86 89 93 96 96
a 00 01 03 26 268 342 343 351 388 427 457 497 525 542 557
Table 7: Variation of data difficulty distribution with different values of ;cqp.
epoch 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Parameters: t,,.,, = 0.50, t,, = 0.1
b.2 98.1 96.6 924 642 19.8 202 193 186 195 195 19.7 20.1 198 199 19.3
bl&cl 1.8 32 73 326 445 338 352 36.1 305 258 212 162 129 110 9.6
c.2 00 00 00 05 89 11.8 112 102 112 12.0 134 141 148 149 154
a 00 01 03 26 268 342 343 351 388 427 457 497 525 542 557
Parameters: t,,.., = 0.50, t,,, = 0.5
b.2 982 96.7 927 655 259 285 270 269 275 272 274 278 272 265 262
bl&cl 1.8 31 69 31.1 369 236 262 252 196 155 120 80 62 57 54
c.2 00 01 00 08 104 138 125 128 141 14.6 149 146 142 13.6 128
a 0.0 0.1 03 26 268 342 343 351 388 427 457 4977 525 542 557
Parameters: t,,.,, = 0.50, t,, = 1.0
b.2 982 96.7 927 655 259 285 241 232 236 225 226 230 272 265 262
bl&cl 18 3.1 6.9 31.1 369 236 27.1 265 21.1 172 136 99 62 57 54
c.2 00 01 00 08 104 138 134 139 152 16.1 164 158 142 13.6 128
a 00 01 03 26 268 342 353 364 40.1 441 475 512 525 542 557

Table 8: Variation of data difficulty distribution with different values of ty,,.
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Figure 6: The distribution of data across four difficulty levels during different training epochs on Qwen3-8B.
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Figure 7: The distribution of data across four difficulty levels during different training epochs on Llama3.1-8B-
Instruct.

D Tool Complexity and Task Difficulty training compared to the one integrated with our

Analysis DSCL method. It can be seen that after the in-
troduction of our method, each sub-task can still
show an upward trend after the training stabilizes,
which demonstrates that our method can continu-
ously provide valuable data to the model through
the dynamic sampling strategy. Besides, on the
more difficult sub-task, the parameter value task,
our method shows a greater improvement com-
pared with the original method, which is due to
the fact that our curriculum learning method makes
the model pay more attention to this sub-task in the
mid-to-late training stage. At the same time, coop-
erating with the dynamic sampling method to select
the corresponding data for training for this more
difficult sub-task also helps. This result proves the
effectiveness of our method.

We analyze how task complexity factors affect
training performance across epochs. Specifically,
we examine two complexity dimensions: (1) the
number of available tool APIs and (2) the num-
ber of tool parameters. Our analysis covers four
task categories: the overall task, tool name selec-
tion, parameter key extraction, and parameter value
completion.

For the mean reward, both complexity factors
show consistent trends across all task categories.
As the number of tool APIs or tool parameters in-
creases, mean rewards consistently decrease during
training (Figure 8). This suggests that increased
tool complexity directly reduces task performance.
For the variance of reward, the opposite trend
emerges. As the number of tool APIs or tool pa- F Hyperparameter Sensitivity Analysis
rameters increases, the reward variance increases
consistently across all categories (Figure 9). This R
indicates that complex tool environments introduce ~ TDCL _stage-transition thresholds (Rformat,
greater performance instability and learning diffi-  Rname, [key) were identified by inspecting the per-
culty. Together, these findings demonstrate that ~ sub-task reward curves obtained during a prelim-
task difficulty increases proportionally with both ~ inary ToolRL baseline. Specifically, we set each
the size of the available tool set and the complexity  threshold at the empirical convergence point of the

F.1 How default thresholds were determined.

of individual tool parameters. corresponding {eward curve. ThAis data-driven pro-
cPdure yields Riormat = 0.90, Rpame = 0.75, and
E Training Analysis Ryey = 0.70.

In this section, we will analyze the training process ~ RDS difficulty thresholds (fmcan, tvar) determine
of our method in detail. As shown in Figure 10, we  the data-partition boundaries used to classify in-
present the reward curves from the baseline ToolRL.  stances into the Easy (a), Hard (b), and Intermedi-
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Figure 8: The relationship between training epochs and
overall mean reward (the lines) and their corresponding
variances (the shaded area) in ToolRL, categorized by
the number of tool APIs.
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Figure 10: Training rewards of each sub-task. We map
the values of each reward to the interval [0, 1] for each
sub-task. The correctness rewards represent the total
reward of the three sub-tasks.

ate (c) buckets, which are defined in Section 4.2. As
discussed in Appendix B, we selected the default
values (tmean=0.50, tyo-=0.10) by analysing the
per-instance accuracy distribution during ToolRL
training. Concretely, we chose the values that make
the proportion of consistently-failing instances (cat-
egory b.2) remain stable throughout training (Ta-
bles 7 and 8), which is our key empirical criterion:
the hard set should shrink monotonically as the
model improves, and not exhibit erratic fluctuation.

F.2 Sensitivity of TDCL to Stage-Transition
Thresholds

We perturb each TDCL threshold individually
while holding the others at their defaults. We
present the results in Tables 9, 10 and 11 on the
BFCL V3 benchmark.

TDCL exhibits low sensitivity to threshold vari-

Multiple Reward and Variance Trends

Mean of Rewards

Parameter Num 1-4
Parameter Num 5-8

Parameter Num 9+

0 2 4 6 8 10 12 14
Epoch

Figure 9: The relationship between training epochs and
overall mean reward (the lines) and their corresponding
variances (the shaded area) in ToolRL, categorized by
the number of tools’ parameters.

ations across all tested settings, indicating that its
performance is generally robust to moderate hy-
perparameter changes. We attribute this stability
to the structural design of TDCL: the three-stage
curriculum follows the natural dependency order
of tool-learning sub-tasks (format — name/key —
value), so moderate threshold adjustments mainly
affect the timing of stage transitions rather than the
effectiveness of the overall learning process.

Relaxing the format threshold leads to a slight
performance decline, suggesting that entering the
second stage before format compliance is suffi-
ciently stable can introduce minor errors that carry
over to later stages. However, the overall effect
remains limited, indicating that format learning is
acquired relatively early and is not a major source
of instability.

A slightly lower tool-name threshold results
in comparable or marginally better performance.
This suggests that allowing earlier exposure to
parameter-value learning, while tool-name match-
ing is still improving, may encourage beneficial
joint optimisation across stages. In other words,
the transition between the second and third stages
appears to tolerate a certain degree of overlap.

Among the three thresholds, the parameter-key
threshold is the most sensitive. Lowering it too
much consistently harms performance, implying
that parameter-key identification is a critical pre-
requisite for downstream parameter-value learning.
If the model enters the final stage before this ca-
pability is sufficiently established, errors in key
prediction can propagate and weaken subsequent
supervision.

20848



F.3 Sensitivity of RDS to fpean and v,y

To evaluate the sensitivity of RDS, we vary one hy-
perparameter at a time while keeping the other fixed
at its default value. As shown in Tables 12, 13, and
14, RDS remains effective across all tested config-
urations, but its performance depends on whether
the reward statistics can provide a clear and stable
notion of sample difficulty. This finding directly
supports the core design intuition of RDS: reward-
based data selection is beneficial only when the
partition reflects meaningful learning status rather
than arbitrary score fluctuations.

Due to the fact that ty,e,y mainly controls the
strength of difficulty filtering. The results show
that, if it is set too high, too many samples are
treated as Hard, which over-reduces the usable
training set and weakens generalisation on more
complex tasks. If it is set too low, the filtering ef-
fect becomes too weak, allowing excessively easy
examples to remain and thus diluting the curricu-
Ium signal. This indicates that the benefit of RDS
does not come from aggressive filtering itself, but
from maintaining an appropriate balance between
challenging supervision and training-data diversity.

By contrast, ¢, is the more critical hyperparam-
eter because it determines whether RDS can reli-
ably identify genuinely unstable samples. Increas-
ing ty,r consistently harms performance, suggesting
that an overly loose variance criterion blurs the dis-
tinction between uncertain and already-mastered in-
stances. Once this distinction becomes unreliable,
the selected data no longer reflects the model’s
true learning needs, and the curriculum loses its
intended effect. This result highlights that the suc-
cess of RDS relies not only on estimating difficulty,
but also on capturing the stability of that difficulty
over training.

Overall, the sensitivity study leads to two con-
clusions. First, RDS is reasonably robust, since its
gains persist across a range of settings. Second,
its effectiveness is fundamentally tied to the qual-
ity of the reward-based partition: RDS works best
when the mean reward controls the overall filter-
ing boundary, while variance serves as a reliable
indicator of learning uncertainty.

G Prompts

We follow the prompt designation of ToolRL (Qian
et al., 2025). The specific prompts for our system
and user are as follows.
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Overall Non-Live AST Live Multi Turn Relevance Irrelevance

Configuration Acc Acc Acc Acc Detection  Detection
TDCL (Rforma=0.90, Ryume=0.75, Riey=0.70)  59.95 86.25 76.06  18.13 83.33 79.54
Riomat=0.85, Ruame=0.75, Riey=0.70 59.72 86.30 75.98 18.06 83.33 79.03
Retormar=0.80, Rname=0.75, Riey=0.70 59.61 86.15 75.80 17.95 83.33 78.85
Rrorma=0.90, Rname=0.70, Riey=0.70 59.98 86.47 76.19 18.22 83.33 79.65
Rrormar=0.90, Rname=0.65, Riey=0.70 59.88 86.35 76.05 18.10 83.33 79.45
Rrorma=0.90, Rname=0.75, Riey=0.65 59.56 86.03 75.73 17.80 83.33 79.42
Rrormar=0.90, Rname=0.75, Riey=0.60 58.85 85.45 74.80 17.15 83.33 78.60

Table 9: Sensitivity of TDCL to stage-transition thresholds on Qwen2.5-7B-Instruct. The bold row is the default.

. Overall Non-Live AST Live Multi Turn Relevance Irrelevance
Configuration

Acc Acc Acc Acc Detection  Detection
TDCL ( Rforma=0.90, Ryume=0.75, Ryey=0.70)  65.83 87.15 78.72  31.88 83.33 83.79
Riomat=0.85, Ruame=0.75, Riey=0.70 65.55 87.22 78.61 31.73 83.33 83.34
Rrorma=0.80, Rname=0.75, Riey=0.70 65.42 87.03 78.41 31.53 83.33 83.07
Riormar=0.90, Ruame=0.70, Riey=0.70 65.88 87.33 78.87 32.00 83.33 83.93
Rrorma=0.90, Rname=0.65, Riey=0.70 65.74 87.23 78.67  31.80 83.33 83.68
Rrorma=0.90, Rname=0.75, Riey=0.65 65.38 86.90 7834 3146 83.33 83.64
Rrormar=0.90, Rname=0.75, Riey=0.60 64.58 86.30 7737  30.73 83.33 82.81

Table 10: Sensitivity of TDCL to stage-transition thresholds on Qwen3-8B. The bold row is the default.

Overall Non-Live AST Live Multi Turn  Relevance Irrelevance

Configuration Acc Acc Acc Acc Detection  Detection
TDCL (Rtorma=0.90, Ryume=0.75, Ryey=0.70)  61.98 87.20 77.41 17.79 83.33 79.30
Riomat=0.85, Ruame=0.75, Riey=0.70 61.78 87.24 7135 1774 83.33 78.82
Rrormar=0.80, Rname=0.75, Riey=0.70 61.68 87.12 7719 17.64 83.33 78.65
Riomac=0.90, Ruame=0.70, Riey=0.70 62.00 87.40 77.51 17.86 83.33 79.40
Rrorma=0.90, Rname=0.65, Riey=0.70 61.93 87.29 7739  17.77 83.33 79.22
Riromat=0.90, Ruame=0.75, Riey=0.65 61.63 87.00 77.11 17.51 83.33 79.20
Rrormar=0.90, Rname=0.75, Riey=0.60 61.03 86.45 7626  16.89 83.33 78.45

Table 11: Sensitivity of TDCL to stage-transition thresholds on Llama3.1-8B-Instruct. The bold row is the default.
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Overall Non-Live AST Live Multi Turn Relevance Irrelevance

Configuration Acc Acc Acc Acc Detection  Detection
RDS (tnean=0.50, t,,,=0.10) 59.55 85.54 76.10 17.38 83.33 79.86
Varying tiean (fixed t,4,=0.10):

tmean=0.25 59.32 85.73 75.36 16.98 83.33 79.40
tmean=0.75 58.03 85.03 75.38 15.22 83.33 79.48
tmean=1.00 57.56 85.29 75.46 13.58 83.33 79.20
Varying t,qr (fixed t;1647=0.50):

tyar=0.50 57.49 85.27 75.02 13.08 83.33 78.31
tyar=1.00 57.12 85.12 74.98 12.78 83.33 78.62

Table 12: Sensitivity of RDS to ¢yean and tyar on Qwen2.5-7B-Instruct. The bold row is the default configuration.

Overall Non-Live AST Live Multi Turn Relevance Irrelevance

Configuration Acc Acc Acc Acc Detection  Detection
RDS (tmean=0.50, t,,,=0.10)  66.21 89.93 77.70 32.88 88.89 83.07
Varying tyean (fixed t,4,=0.10):

tmean=0.25 65.94 90.08 76.88 32.33 88.89 82.55
tmean=0.75 64.56 89.31 76.85 30.43 88.89 82.62
tmean—=1.00 64.06 89.58 76.95 28.73 88.89 82.32
Varying t,qr (fixed tyean=0.50):

tyar=0.50 63.96 89.61 76.55 28.23 88.89 81.42
tyar=1.00 63.56 89.48 76.45 27.73 88.89 81.62

Table 13: Sensitivity of RDS to ¢yean and tyar on Qwen3-8B. The bold row is the default configuration.

. Overall Non-Live AST Live Multi Turn Relevance Irrelevance
Configuration

Acc Acc Acc Acc Detection  Detection

RDS (tnean=0.50, t,,,=0.10) 62.33 87.28 76.85 18.13 83.33 79.52
Varying tean (fixed t,q,=0.10):

tmean=0.25 62.08 87.49 76.20 17.68 83.33 79.10
tmean=0.75 60.88 86.83 76.20 16.08 83.33 79.17
tmean=1.00 60.48 87.06 76.30 14.48 83.33 78.90
Varying t,qr (fixed tyean=0.50):

tyar=0.50 60.38 87.03 75.83 13.98 83.33 78.07
tyar=1.00 59.98 86.90 75.77 13.68 83.33 78.37

Table 14: Sensitivity of RDS t0 ¢ean and v, on Llama3.1-8B-Instruct. The bold row is the default configuration.
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Prompt for Our System

You are a helpful multi-turn dialogue assistant capable of leveraging tool calls to solve user tasks
and provide structured
chat responses.

** Available Tools**

In your response, you can use the following tools:

1. Name: getGastroenterologyReport

Description: Retrieve gastroenterology report for a patient

Parameters: {"patient_id": {"description": "The unique identifier of the patient
"default": ""}, ...}

2. ..

non n, n

, "type": "string",

**Steps for Each Turn**

1. **Think:** Recall relevant context and analyze the current user goal.

2. **Decide on Tool Usage:** If a tool is needed, specify the tool and its parameters.

3. **Respond Appropriately:** If a response is needed, generate one while maintaining
consistency across user queries.

**Output Format**
<think> Your thoughts and reasoning </think>
<tool_call>
"name": "Tool name", "parameters": {"Parameter name": "Parameter content", "... ...": "... ... "1}

n, n non

"name": "... ... , "parameters": {"... ...": "... ... ot "1}

</tool_call>
<response> Al’s final response </response>

**Important Notes**

1. You must always include the ‘<think>* field to outline your reasoning. Provide at least one
of ‘<tool_call>* or ‘<response>‘. Decide whether to use ‘<tool_call>* (possibly multiple
times),

‘<response>‘, or both.

2. You can invoke multiple tool calls simultaneously in the ‘<tool_call>* fields. Each tool call
should be a JSON object with a "name" field and an "parameters" field containing a dictionary of
parameters. If no parameters are needed, leave the "parameters" field an empty dictionary.

3. Refer to the previous dialogue records in the history, including the user’s queries, previous
‘<tool_call>*, ‘<response>‘, and any tool feedback noted as ‘<obs>* (if exists).
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Prompt for User

**Dialogue History**
<user> {{ Initial User Input }} </user>

<think> Round 1 Model Thought </think>
{{ Round 1 model output <tool_call> or <response> }}
<obs> Round 1 Observation </obs>
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