PROGRA: Progress-Aware Reinforcement Learning for Multi-Turn
Function Calling

Huacan Chai', Zijie Cao', Maolin Ran', Yingxuan Yang', Jianghao Lin',
Peng Xin?,Hairui Wang?, Renjie Ding?, Ziyu Wan',
Muning Wen', Weiwen Liu', Fei Huang®*, Weinan Zhang'*, Ying Wen':>*
'Shanghai Jiao Tong University, China;
2LongShine Al Research, China;
3Shanghai Innovation Institute, China
{fatcat, wnzhang, ying.wen}@sjtu.edu.cn, huangfei@longshine.com

Abstract

Real-world tasks with Large Language Mod-
els (LLMs) require multi-turn, multi-step con-
versations, often involving complex function
calls and multiple user interactions. Existing
methods either decompose multi-turn trajecto-
ries into independent single samples, neglect-
ing task-level structure, or rely on end-to-end
reinforcement learning (RL) without explicit
progress modeling. To overcome these lim-
itations, we propose PROGRA, a framework
that explicitly incorporates progress awareness
into LLM training for multi-turn function call-
ing. PROGRA combines a Progress Aware-
ness Generation pipeline to construct training
data linking conversation summaries with fu-
ture plans, and Progress Awareness-Guided
RL to condition decisions on this awareness,
reducing redundancy and aligning local ac-
tions with global task completion. Experi-
ments on two public benchmarks show that
PROGRA substantially outperforms prior meth-
ods for robust, efficient multi-turn function call-
ing. Our code is available at https://github.
com/FatCatCHC/Progra.

1 Introduction

Large language models (LLMs) have made sub-
stantial advances in tool use, where invoking ex-
ternal APIs extends both their reasoning and exe-
cution capabilities (Lin et al., 2025b; Feng et al.,
2025; Acikgoz et al., 2025; Zhou et al., 2026; Yang
et al., 2025b; Ge et al., 2025). While recent work
has improved the reliability of function calling in
single-turn conversations, real-world applications
rarely operate in isolation (Alkhouli et al., 2025; Lu
et al., 2025; GLM-5-Team et al., 2026; Yang et al.,
2025a). Instead, tasks such as travel planning and
enterprise workflows naturally unfold over multi-
turn conversations, where each turn influences fu-
ture interactions and collectively shapes the overall
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task trajectory; a single inaccurate step may propa-
gate downstream, leading to compounding errors
or even task failure (Liu et al., 2025a; Lin et al.,
2025a). This temporal interdependence makes it
insufficient to optimize only turn-level accuracy;
instead, it necessitates progress awareness, namely
a coherent representation of task state that supports
long-horizon execution (Sanders et al., 2022; Yin
et al., 2025). Concretely, progress awareness en-
tails (i) an accurate summary of interaction history,
which mitigates contextual redundancy and informs
decision-making, and (ii) explicit planning of fu-
ture actions, which aligns intermediate steps with
overall task objectives (Rastogi et al., 2020). Lim-
ited capacity for progress awareness causes LLMs
to struggle with managing long-horizon dependen-
cies in conversations. This leads to behaviors such
as repeated function calls or omitted parameters,
creating a bottleneck for improvements in multi-
turn function calling.

Despite the significant impact, current methods
for multi-turn function calling largely fail to en-
dow LLMs with such progress awareness, creat-
ing a bottleneck for performance. Existing ap-
proaches to enhancing multi-turn function calling
mainly rely on fine-tuning LLM with a carefully
curated dataset (Prabhakar et al., 2025a; Yin et al.,
2025). In practice, these approaches often recon-
struct multi-turn conversation datasets into sam-
ples consisting solely of single-turn function calls,
training the model to improve its single-turn ac-
curacy. This paradigm not only lacks the diver-
sity and dynamism of real-world scenarios but
also, by degrading multi-turn task execution to
single-turn question-answer predictions, neglects
the awareness of the overall task progress during
training (Sanders et al., 2022). By excluding future
turns, these approaches hinder the development
of task planning capabilities. Moreover, a focus
on single-turn accuracy can lead models to over-
look historical context that, while not immediately
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Multi-Turn Conversation
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Figure 1: Fragmenting multi-turn conversations into single-turn samples breaks temporal continuity and prevents
models from tracking task progress, leading to the ignorance of historical state and poor planning in later turns.

relevant, could be essential in future interactions,
thereby limiting the model’s ability to summarize
past conversations effectively.

Another approach involves leveraging end-to-
end reinforcement learning (RL) to optimize long-
horizon returns in multi-turn interactions (Singh
et al., 2025; Chen et al., 2025b; Zhang et al., 2025).
Recent RL-based methods have enhanced func-
tion calling by modeling it as sequential decision-
making. However, the end-to-end RL paradigm
remains inefficient: as conversations expand, the
growing redundancy in input contexts leads to in-
creasingly convoluted decision-making and slower
optimization. More critically, existing RL methods
still lack explicit integration of progress awareness,
limiting their ability to align local actions with
global task goals effectively (Wang et al., 2025a).

To overcome the challenge of neglecting
progress awareness in multi-turn conversations,
we introduce PROGRA, a framework designed
to explicitly integrate progress awareness into
model training for enhanced multi-turn function
calling. PROGRA comprises two key compo-
nents: (i) the Progress Awareness Generation
(PAG) pipeline, and (ii) the Progress Awareness
Guided Reinforcement Learning (PAG-RL) ap-
proach. PAG automatically constructs a high-
quality dataset that combines conversation history
summaries with future task planning through a syn-
thetic pipeline, thereby strengthening the ability
of LLMs to generate progress awareness. Sub-
sequently, PAG-RL leverages this awareness to
guide end-to-end reinforcement learning, alleviat-
ing contextual redundancy and optimizing decision-
making efficiency in real-world settings. Overall,
our contributions focus on three key aspects:

1. To the best of our knowledge, PROGRA is the
first work that identifies, formulates, and ex-
plicitly incorporates task progress awareness

into training of LLMs for multi-turn function
calling.

2. We design a novel progress awareness gen-
eration pipeline for automatically providing
high-quality datasets to improve the capability
of LLMs in progress awareness.

3. We design a progress awareness guided rein-
forcement learning algorithm, which enhances
the model’s training performance by explicitly
incorporating progress awareness into end-to-
end RL training, outperforming existing strate-
gies on two public benchmarks.

2 Related Work
2.1 Function Calling

Recent studies on the function-calling capabili-
ties of large language models have increasingly
transitioned from focusing on single-turn invoca-
tions (Liu et al., 2024) to exploring multi-turn sce-
narios (Chen et al., 2025a). While ToolLLM (Qin
et al.,, 2023) constructs a large-scale dataset of
massive real-world APIs. APIGen-MT (Prabhakar
et al., 2025b) further develops a two-phase agen-
tic pipeline that synthesizes verifiable multi-turn
trajectories from blueprint tasks. These methods
address the data bottleneck for training, yet they re-
main essentially data-driven, lacking explicit mod-
eling of global task progress. Another direction of
enhancing the function calling ability is at prompt-
engineering level, including reasoning—acting in-
terleaving (Yao et al., 2023b), structured branch-
ing (Yao et al., 2023a), and self-reflection (Shinn
et al., 2023) improve local robustness and error
correction. However, these approaches emphasize
local reasoning persistence rather than an explicit,
evolving progress progress that connects interme-
diate calls with final task completion. In contrast,
PROGRA aligns function call accuracy with overall
task execution by explicitly incorporating progress
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Figure 2: Overview of PAG. By summarizing history and planning future in Step 2, PAG generates progress
awareness for each conversation turn and constructs a high-quality awareness dataset.

awareness into model training.

2.2 Multi-Turn Reinforcement Learning

With the rapid development of reinforcement learn-
ing, several works introduce RL for multi-turn
interaction. ARTIST (Singh et al., 2025) inte-
grates outcome-based RL with dynamic tool rout-
ing, while RLFactory (Chai et al., 2025) offers a
modular post-training pipeline for multi-turn or-
chestration. More recently, turn-level credit assign-
ment (Zeng et al., 2025) and conversation-level
preference optimization (Shi et al., 2024) explicitly
frame multi-turn tool use as a sequential decision
process, addressing delayed reward signals. On
the algorithmic side, Group Relative Policy Opti-
mization (GRPO) (Shao et al., 2024a) eliminates
the critic through within-group normalization, en-
abling more stable and efficient updates. Many re-
cent multi-turn RL studies have adopted GRPO to
stabilize training in sparse-reward (Mroueh et al.,
2025) or process reward (Zheng et al., 2025a,b;
Zhu et al., 2025). Despite these advances, existing
RL agents rarely maintain an explicit task progress
awareness. Without such awareness, agents often
repeat calls or omit critical steps in long-horizon
workflows. Our approach differs by introducing
progress aware guidance into the multi-turn RL,
thereby reducing context redundancy and aligning
local action choices with global task execution.

3 Methodology

In this section, we will provide a detailed intro-
duction to problem formulation in multi-turn func-
tion calling, following by two phases of PROGRA,
namely PAG and PAG-RL.

3.1 Problem Formulation and Notation

We cast multi-turn function calling as a Markov
Decision Process (MDP):

M = (S,A,PE7T,’}/,/)0,H), (1)
where S is the space of conversation prefixes
(states), A is the textual action space (function in-
vocations or user-facing messages), Pg is the tran-
sition kernel in environment F, r is the step reward,
v € (0,1] is the discount factor, py is the initial
state distribution, and H 1is the horizon. A trainable
LLM 7g acts as the stochastic policy. The conversa-
tion is indexed by turns ¢ (delimited by user queries
@) and intra-turn steps j € {1,...,7;}. The state
at (i, 7) is the entire conversation prefix:

Si; = {(Qr, {(Ape, Or0)} 121, AR®) ;;11

U (Qir{(Air, Oi0)H21), @
where A; ; € Ais either a structured function call
with arguments or a user-facing message A;nsg that
ends turn 7. O; ; is the observation from £ after
applying action A; ;. In step j, the policy will
sample an action and receive feedback from E':

A;j~m(- | Sij), (3)
(Oij, rig) ~ Pe(- | Sij, Aij), 4)
and the conversation appends (4; j, O; ;) to form

Sij+1. A trajectory T concatenates turns until solv-
ing K user queries (or reach H steps):

K

7= {(Qi, {(Ai;, 0ij,mi )} AT, (5)
K T;
R(r)=> Y ", 6)

i=1 j=1
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where t(1, j) is the global step index. The learning
objective is to maximize E,,[R(T)].

3.2 Phase 1: Progress Awareness Generation

Progress Awareness Generation (PAG) is designed
to automatically synthesize a high-quality progress
awareness dataset and warm-up 7y, containing tra-
jectory segmentation, awareness generation, model-
aware verification, diversity-preserving augmenta-
tion and model warm-up.

Trajectory Segmentation. Given a multi-turn
dataset D containing trajectories formatted as in
Eq. (5), we segment each trajectory 7 at each assis-
tant response and only those where the assistant’s
response is a function call will be retained. Each
segmentation becomes an instance:

7_/ _ (infometa7 Chis’ q, afc7 cfut), (7)

where info™" contains tool descriptions/schema

and the scenario description, c"%/c" are the con-
versation contexts before/after the current step, g is
the current user query, and a'® is the ground-truth
function call for this step.

Awareness Generation. Given these segmented
instance, an off-the-shelf generator L L My, is em-
ployed to generate a compact textual awareness
document S® for each 7':

S = LLMgen(7'; prompt), 8)
where the prompt elicits three components: (i)
a concise history summary capturing user intent,
function calling history, and important arguments;
(ii) a short future plan, including anticipated func-
tion sequence and decision points; (iii) minimal
rationale that links history to plan. We denote the
raw corpus as D™V = {S%}.

Model-Aware Verification. Although LL My,
is typically a highly capable LLM, the quality of
the generated awareness still requires validation.
At this stage, based on the principle that an ideal
progress awareness should contain the necessary
information to reconstruct the answer, we intro-
duce a Model-Aware Verification operation. In
this stage, a frozen copy of the target policy is
employed as LL M. It attempts to recover the
function call solely from S“ in the absence of the
original conversation:

4t = LLMyer(S®, info™®). )

Subsequently, a normalized equivalence predicate
Eq(-, -) checks schema-level equality (argument or-
der invariance, whitespace-insensitive strings, com-
mutative sets/lists):

Eq(a', ™) = I[schema_equal(a'®, a™)], (10)

only instances with Eq = 1 are retained, yielding
pyer — {Sa c pravw ’ Eq(dfc’afc) — 1}

Diversity-Preserving Augmentation. To miti-
gate lexical overfitting and improve robustness, an
augmenter L L M, is applied to perform semantic-
level transformations over each verified S with a
randomly sampled operation type € {paraphrase,
schema-perturb, word-mask } :

S = LLMyg(S% type), (11)
yielding D¢ = {5’“} Specifically, the instruc-
tions for each augmentation operation are as fol-
lows: (1) paraphrase: paraphrasing user intents
to introduce lexical and syntactic variation; (2)
schema-perturb: modifying function names and
parameter values within permissible ranges to sim-
ulate realistic perturbations; (3) word-mask: apply-
ing random masking to function-related words to
enhance robustness to incomplete or noisy inputs.

Consequently, a high-quality dataset containing
strong progress awareness D€ is obtained.

Model Warm-Up. To facilitate high-quality
progress awareness generation during the next
phase, we employ the aforementioned D*“¢ for
model warming up. In order to enhance the fa-
miliarity with function call structure, a lightweight
cold-start dataset D is additionally curated, ex-
tracted from the original training set D and ad-
hering well-formed function-call exemplars (no
awareness text). The final SFT dataset is given
by Dstt — paug | s

As a result of this stage, my is obtained with
a learned ability to summarize history and out-
line a plan for the future, namely aforementioned
progress awareness.

3.3 Phase 2: Progress Awareness-Guided RL

After strengthening the LLM’s progress awareness
via the PAG stage, we introduce Progress Aware-
ness Guided RL (PAG-RL), which explicitly incor-
porates progress awareness into end-to-end rein-
forcement learning, aiming to improve the model’s
effectiveness in realistic scenarios. This section
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will be organized with awareness-guided rollout
and composite reward, and optimization procedure.

3.3.1 Awareness-Guided Rollout

Following the formulation in Sec. 3.1, the state S; ;
includes all prior interactions, including the user
query @;, the sequence of all past actions {A<;},
and corresponding observations {O<;} in rollout.
At each intra-turn step (i, j), instead of condition-
ing on the entire raw prefix, 7y, first emits a com-
pact progress awareness as:

Sity ~ (- | info™ ", Qi, {(A<j—1,0<-1)}).

Conditioned on S ;» ™o then generates the ac-
tion A; ;41 in a chain-of-thought (CoT) style:

Aj i1~ mo(- | info™, Qy, S55), (12)
= a1 @ 6, (13)

where textual action A; ;41 includes intermedi-
ate reasoning a%‘-‘fl and the function call agfj 11
wrapped by <think> and <answer>. After aﬁfjﬂ
executed in E, (O; ;,r; j) will be returned and the
rollout proceeds. The rollout will terminate either
upon all queries completed or reaching the maxi-
mum number of interactions, obtaining a trajectory
7, after which the reward R(7) of the trajectory is

computed as defined by Equ. 5.

3.3.2 Reward Design

Each action in rollout will receive a composite re-
ward including textual structure, function schema,
task success, and execution efficiency, which can
be formulated as:

74,5 = Ot I[TEMPLATE(A; ;)] +Otschema I[SCHEMA(A; ;)]

fmt -schema

+ aBCCH[SUCCEss(Sf_j :»SE._H)] —AI[A;; #0], 149
~——

7
N—

e
with o, Qschemas Qace, A > 0. TEMPLATE en-
forces the output tags in Eq. 12, SCHEMA checks
the function name and argument types/values, and
SUCCESS verifies task completion. If the executed
call satisfies the user query and brings the environ-
ment to the target state, we grant a positive reward
r2¢. The penalty term rP*" controls rollout length,
encouraging efficient task completion.

3.3.3 Optimization Procedure

After obtaining multi-turn trajectories through roll-
out and computing the corresponding trajectory-
level rewards based on the composite reward
function, the Group Relative Policy Optimization
(GRPO (Shao et al., 2024b)), a critic-free variant
of PPO, is applied to optimize the policy.

Given a batch of L trajectories {r,}_; rolled
out by 7,14, we normalize the scalar return R(7y):

o R —
A, = B =
OR
pr=1 Y R(m), ok =1 (R(1) — pr)*
¢ ¢
Following GRPO, the same normalized advan-
tage Ay is evenly assigned to all tokens in 7 in an
concated textual action representation:
hink .\ fi
Let 74 () be the t-th token and 74 <; its prefix
(which includes <sum>, <think>, and <answer>
regions). The objective is
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t
min 7T0(7'1€,(t) | T¢,<t) A£7 Chp[ﬂ7 1—el+ e} Az
Told(Te, () | Te,<t) Told
— B KLmo || mer ],
where the optional KL term regularizes the policy
towards the SFT reference my to prevent reward

hacking; € and Sk are hyperparameters.

4 Experiment

4.1 Research Questions

To rigorously evaluate the effectiveness of PRO-
GRA, we propose the following research questions:

* Does PROGRA consistently outperform alter-
native training strategies across diverse data-
sets and backbone LLMs?

» What is the relative contribution of each stage
and component of PROGRA to the overall per-
formance gains?

* To what extent can models trained with
progress awareness data demonstrate en-
hanced capability in progress-guided decision-
making?

* Does PROGRA perform better than other base-
lines on unseen domain?

* Does the performance gains of PROGRA come
from the reliance on a supervisor of strong
LLM?

* How well does PROGRA perform in real multi-
turn conversation scenarios (case study)?

4.2 Experiment Setup

Benchmark & Evaluation. We evaluate the per-
formance of PROGRA on two widely used multi-
turn function calling benchmarks: BFCL-V3 Multi-
Turn (BFCL) (Patil et al., 2024) and 7-Bench (Yao
et al., 2024). For BFCL, we adopt 3 subsets: Base,
Miss Functions (Miss. F.) and Miss Parameters
(Miss. P.), which respectively provide a standard
and an augmented evaluation setting. We follow
the benchmark’s official metric, Executable Func-
tion Accuracy. For 7-Bench, we evaluate on the
airline and retail scenarios. GPT-4o0 is used as the
user simulator. Each evaluation sample is tested
across 3 trials and averaged results reported.

Backbone LLMs & Baselines. We adopt
Qwen2.5-7B-Instruct (Team, 2024), xlam2-3B and
xlam2-8B (Prabhakar et al., 2025b) as backbone

LLMs. These models span different sizes and ar-
chitectures while exhibiting strong performance in
function calling. We compare PROGRA against
representative inference and training strategies de-
signed to improve multi-turn function calling: (1)
Reasoning: Enhances function call accuracy by
prompting the model to generate chain-of-thought
(CoT) reasoning. (2) SFT: Trains the model via
supervised fine-tuning on multi-turn conversation
data. (3) ST-GRPO/Dr.GRPO: The segmented
multi-turn conversation samples are directly used
for training with GRPO and Dr.GRPO(Liu et al.,
2025b). (4) MT-GRPO/Dr.GRPO: Vanilla multi-
turn GRPO and Dr.GRPO algorithm, following the
RAGEN (Wang et al., 2025b) framework, which
computes trajectory-level token advantages and ap-
plies the same reward setting as PROGRA.

4.3 Experiment Details

During the PAG data synthesis phase, we use GPT-
40 as both LLMey, and LLMg,4. For each data
entry, we allow a maximum of 4 iterations and em-
ploy 5 reviewers in APIGen-MT (Prabhakar et al.,
2025b) to assess the executability and correctness
of the generated data.

During the warm-up stage in PAG, we employed
supervised fine-tuning (SFT) using the LoRA (Low-
Rank Adaptation) approach. We conducted hyper-
parameter searches over the following ranges: the
LoRA rank was varied from 8 to 16; the learning
rate ranged from le-7 to le-6; the batch size was
set between 8 and 16; and the LoRA « (alpha)
parameter was searched within the range of 8 to
64. A held-out validation set was used to evaluate
whether the large language model (LLM) had been
successfully trained during this warm-up phase.

In the reinforcement learning stage, we adopted
the GRPO algorithm to optimize the policy. A KL-
divergence penalty with a coefficient of 5 = 0.001
was used. The training was performed with a batch
size of 8 and 8 rollout trajectories per batch. The
maximum sequence length was limited to 16,384
tokens, and the temperature for the rollout gener-
ation was set to 1. Each training experiment was
limited at 200 iterations, with a maximum of 10 ac-
tions per rollout. We used the LoRA-based training
strategy during this phase. Hyperparameter tuning
was conducted over the following ranges: LoRA
rank between 8 and 16, LoORA « between 32 and
64, and learning rate from 1le-9 to le-5.
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Model Method BFCL 7-Bench
Overall Base Miss F. Miss P. Overall Airline Retail
Base Model 8.33 9.50 8.50 7.00 16.60 8.00 25.20
Reasoning 10.00 12.00 11.50 6.50 18.00 10.00 26.00
SFT 8.67 11.50 7.50 7.00 21.30 20.00 22.61
Qwen2.5-7B ST-GRPO 8.33 12.50 7.00 5.50 18.19 10.00 26.38
ST-Dr.GRPO 8.72 12.67 7.50 6.00 18.33 10.00 26.67
MT-GRPO 8.67 11.17 7.67 7.17 19.00 11.33 26.67
MT-Dr.GRPO 8.17 14.50 6.50 3.50 18.52 10.67 26.38
PROGRA 10.44 12.67 11.00 7.67 2391 20.00 27.83
Base Model 58.67 66.50 55.00 54.50 25.45 24.00 26.90
Reasoning 59.17 67.50 55.00 55.00 22.85 26.00 21.70
SFT 59.17 67.00 55.50 55.00 23.30 24.00 22.61
YLAM-2-3B ST-GRPO 59.00 67.67 54.00 55.33 25.84 27.33 24.35
ST-Dr.GRPO 59.22 68.00 54.17 55.50 25.81 24.67 26.96
MT-GRPO 58.89 66.67 55.00 55.00 26.35 24.00 28.70
MT-Dr.GRPO 59.50 68.00 55.50 55.00 24.32 24.00 24.64
PROGRA 60.00 68.00 57.00 55.00 31.52 30.00 33.04
Base Model 69.25 74.75 69.25 63.75 46.70 35.20 58.20
Reasoning 67.67 72.83 68.33 61.83 50.10 42.00 58.20
SFT 64.72 75.00 55.17 64.00 46.57 34.00 59.13
<LAM-2-8B ST-GRPO 69.17 74.00 69.00 64.50 48.19 36.67 59.71
ST-Dr.GRPO 69.33 74.50 69.50 64.00 50.54 39.33 61.74
MT-GRPO 64.56 74.67 54.83 64.17 49.52 39.33 59.71
MT-Dr.GRPO 64.89 74.83 55.67 64.17 46.94 37.33 56.54
PROGRA 69.56 75.67 69.83 64.50 51.85 38.00 65.70

Table 1: Performance of PROGRA and other methods across different benchmarks and LLMs. Within each group,
the bolded values denote the best performance, while the underlined values indicate the second-best performance.
Overall denotes the average score across different categories.

4.4 Effectiveness of PROGRA

We evaluate PROGRA against existing training
strategies on three backbone LLMs across two
benchmarks as Table 1, revealing the following
key conclusions: 1) As shown in Table 1, PRO-
GRA consistently outperforms all baselines (e.g.,
SFT, MT-GRPO) in terms of Overall performance
across all three backbones and both benchmarks,
indicating that it delivers stable gains over diverse
datasets and model architectures. 2) As model size
increases from xLAM-2-3B to xXLAM-2-8B, the im-
provement of PROGRA on benchmarks gradually
decreases, indicating that larger LLMs already pos-
sess strong multi-turn function calling capabilities;
nevertheless, PROGRA still provides substantial and
stable additional improvement on strong backbones.
3) On 7-Bench, which emphasizes long-horizon
planning, the performance gains of PROGRA over
the baselines are more promising, implying that
explicit progress modeling becomes increasingly
advantageous when tasks rely heavily on extended
interaction history and complex decision chains.

4.5 Ablation Study on Each Stage

To examine the contribution of each stage and
component of PROGRA, we conduct detailed abla-
tion experiments on BFCL and 7-Bench with three
backbones. The results are summarized in Table 2
and reveling the following conclusions: 1) Across
all models and benchmarks, complete PROGRA
consistently outperforms, highlighting the essen-
tial role of integrating progress awareness training
with RL. 2) Table 2 shows that excluding either
PAG or PAG-RL consistently lowers both BFCL
and 7-Bench scores across model scales. The drop
is more pronounced when removing PAG-RL, un-
derscoring that RL contributes the largest share
of the improvement, while PAG alone also pro-
vides steady gains. Replacing PAG-RL with vanilla
multi-turn GRPO yields only partial benefits, con-
firming the necessity of our tailored reinforcement
stage. 3) Using only PAG-RL does not surpass the
performance of the vanilla MT-GRPO. However,
when comparing PAG + MT-GRPO against the
full PROGRA, we observe that the progress aware-
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Model Method BFCL 7-Bench A Avg.
Base Model 8.25 16.60 -
MT-GRPO 9.17 19.00  13.3%
w/o PAG-RL 9.00 1561  -1.0%
Qwen2.3-78 o PAG 925 1900  13.6%
PAG + MT-GRPO  9.00 2048  18.6%
PROGRA 10.33 23.91 37.7%
Base Model 60.50 25.45 -
MT-GRPO 60.83 2635 1.4%
w/o PAG-RL 60.50 2591 0.5%
XLAM=2-3B - 0 pAG 61.00  26.04 1.3%
PAG + MT-GRPO  60.92  28.53 4.1%
PROGRA 60.00  31.52 8.1%
Base Model 69.25 46.70 -
MT-GRPO 64.56 4952  2.6%
w/o PAG-RL 6733 50.70 1.8%
XLAM=2-8B L pAG 69.00  50.44 3.0%
PAG + MT-GRPO 6750  46.84  -14%
PROGRA 69.56  51.85 5.1%

Table 2: Ablation study of incremental gains across
stages. A Avg. is improvement over base models on
the overall metric. ‘w/0’ means this stage is removed.
‘PAG+MT-GRPO’ replaces PAG-RL with MT-GRPO.

ness introduced by PAG substantially enhances the
LLM’s capabilities. Moreover, continuing with
PAG-RL leads to even greater improvements. For
example, on 7-Bench with XLAM-2-8B, replac-
ing PAG-RL with MT-GRPO results in a 10.69%
performance drop.

4.6 Guidance of Progress Awareness

To validate the impact on the improvement of
progress awareness after each training phase in
PROGRA, we conducted experiments on the re-
served 7-Bench validation set using Qwen2.5-7B-
Instruct after different phases. With the action
verifier fixed to Base Act., replacing the aware-
ness module with Phase-1 and Phase-2 awareness
yields steady gains, showing that each phase further
strengthens summarization and planning. Upgrad-
ing the verifier from Base Act. to Phase-1 and
Phase-2 Act. brings additional, though smaller, im-
provements, indicating that a stronger policy head
can better exploit enhanced awareness. The mono-
tonically increasing scores from “Base Aw.+Base
Act.” to “Phase 2 Aw.+Phase 2 Act.” thus con-
firm that PROGRA ’s staged training provides com-
plementary improvements to both awareness and
decision-making for multi-turn function calling.

4.7 Cross-Domain Performance

To further evaluate PROGRA’s cross-domain gener-
alization, we conduct out-of-domain experiments
in Table 3 across 7-bench and 72-bench subdo-
mains. Following Section 4.4, methods are trained

Performance Comparison on Tau-Bench val
Qwen2.5-7B Model

20.55
Standard Performance
mmm Best Performance 20.05
20

18.56
18.32

18
17.57

Tau-Bench val Score

16
Base Aw.+ Phase 1 Aw.+ Phase 1 Aw.+ Phase 2 Aw.+ Phase 2 Aw.+

Base Act. Base Act. Phase 1 Act. BaseAct. Phase 2 Act.
Methods

Figure 4: Awareness capability across phases. Abla-
tion on the reserved 7-Bench dev set with Qwen2.5-
7B-Instruct at three training stages (Base / Phase-1 /
Phase-2), using each variant as both awareness genera-
tor (‘Aw.”) and action verifier (‘Act.’).

Model Method Overall Airline Retail Telecom
Base Model 16.60 8.00  25.20 13.62
SFT 21.30  20.00 22.61 10.82
SFT+MT-GRPO  18.32 12.00 24.64 14.62
ST-GRPO 18.19 10.00 2638  15.94
Qwen2.5-7B  ST-Dr.GRPO 18.33 10.00 26.67 14.49
MT-GRPO 19.00 11.33 26,67 12.87
MT-Dr.GRPO 18.52 10.67 2638  12.28
Progra 2391 20.00 27.83 16.23
Base Model 4670 3520 5820 10.14
SFT 46.57  34.00 59.13 9.65
SFT+MT-GRPO 4896  36.00 6192 10.82
ST-GRPO 48.19  36.67 59.71 10.72
xLAM-2-8B  ST-Dr.GRPO 50.54  39.33 61.74 1082
MT-GRPO 49.52 39.33  59.71 10.82
MT-Dr.GRPO 46.94 3733 56.54  10.23
Progra 51.85 38.00 6570 1391

Table 3: Generalization Experiments of methods across
backbone models. Overall refers to the average score
across the Airline and Retail subsets, while Telecom is
the out-of-domain test set.

on the Airline and Retail subdomains of 7-bench
and evaluated on the Telecom subset of 72-bench.
Across both Qwen2.5-7B and XLAM-2-8B, PRO-
GRA achieves the best overall and Telecom per-
formance, showing that progress-aware training
simultaneously strengthens in-domain task execu-
tion and out-of-domain generalization. In contrast,
SFT and various GRPO variants yield only mod-
est or inconsistent gains and often fail to improve,
or even degrade, performance on the unseen Tele-
com domain, suggesting a tendency to overfit to
the training subdomains. These results indicate
that explicitly modeling task progress enables the
policy to extract more domain-invariant decision
patterns, leading to more robust behavior under
cross-domain distribution shifts.
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Model Method Overall Airline Retail
Base Model 25.45 24.00  26.90
xlam2-3B  Progra + GPT-3.5  30.09 30.00 32.17
Progra + GPT-40  31.52 30.00 33.04
Base Model 46.70 3520 58.20
xlam2-8B  Progra + GPT-3.5  50.84 3733  64.35
Progra + GPT-40  51.85 38.00 65.70

Table 4: Ablation on the strength of the progress-
awareness generator in the PAG stage.

4.8 Ablation on Supervisor of LLM

To assess whether the improvements of PROGRA
are driven primarily by the use of a strong progress-
awareness generator, we conduct an ablation study
on the supervisor model used in the PAG stage.
Specifically, we replace GPT-40 with the weaker
GPT-3.5-turbo for progress-awareness generation,
while keeping all other training configurations un-
changed. The results are reported in Table 4.

Across both xXLAM-2-3B and xLAM-2-8B, sub-
stituting GPT-40 with GPT-3.5-turbo leads to a
moderate performance drop relative to the full PRO-
GRA setting, but still preserves clear gains over the
corresponding base models. This trend suggests
that stronger generators can improve the quality of
synthesized progress-awareness signals and further
enhance downstream performance. At the same
time, the fact that PROGRA remains substantially
better than the base model even with a weaker gen-
erator indicates that its improvements cannot be
explained solely by strong external supervision.
Instead, the gains mainly stem from the progress-
aware training framework itself.

4.9 Case Study

In order to better demonstrate the enhancements
of PROGRA in multi-turn function calling tasks,
we conduct a case study on a trajectory from the
airline task in 7-bench using the xLam-2-3B model,
and provide the corresponding quantitative analysis
results for all trajectories in the airline task. In this
trajectory, the PROGRA-trained model proactively
summarized conversations, capturing both the user
request and earlier context (e.g., flight numbers)
to support accurate modifications. In contrast, the
untrained model failed to summarize and relied
only on the current step’s flight number, leading to
repetitive function calls.

Building on this case study, we further evalu-
ate the two methods on 50 7-Bench conversations.
As summarized in Table 5, PROGRA consistently
achieves higher accuracy with fewer steps than Di-

Base Model PROGRA

Process: Process:

e Assumes details * Protocoling: request user ID & reserva-
without verifica- tionID PA
tion ¢ Factual retrieval:

» Skips user/book- get_user_details,
ing checks get_reservation_details

* Pure direct rea- ¢ Reasoning with summary and plan PA
soning ¢ Early stop: no change needed PA

Figure 5: Case Study. A piece of case on 7-bench
with the following user request: “Hi! I'd like to make
some changes to my upcoming trip from New York to
Chicago... I want to upgrade to economy class, add 3
checked bags, and change the passenger name to my-
self, Omar Rossi.” Steps marked with PA are explicitly
guided by progress awareness.

Method Acc. Avg. Steps  Risk
Direct 0.26 27.08 High
PROGRA  0.40 23.30 Low

Table 5: Quantitative comparison. ‘Acc’ denotes the
average success rate over all traces, ‘Avg Step’ refers
to the average number of steps in successful traces, and
‘Risk’ represents the assessment of trace failure risk.

rect inference, confirming its effectiveness in multi-
turn conversation scenarios. The case study shows
that PROGRA improves multi-turn function call-
ing by leveraging progress-aware summarization.
Quantitative results in Table 5 further highlight its
advantage, with a higher success rate and fewer
steps in successful traces. Overall, these findings
show that PROGRA outperforms the base model
in both efficiency and reliability, making it better
suited for multi-turn function calling tasks.

5 Conclusion

In this paper, we propose PROGRA, a novel train-
ing framework that introduces task progress aware-
ness into the multi-turn function calling. We first
identify the performance bottleneck of multi-turn
function calling as the LLM’s lack of overall task
progress awareness. Based on this, we design a
two-phase training process. In Phase 1, an auto-
mated data synthesis process is used to enhance
the LLM’s task awareness. In Phase 2, progress
awareness is integrated into end-to-end multi-turn
reinforcement learning, significantly improving the
LLM’s performance in multi-turn function calling.
The performance improvements achieved exceed
those of existing training strategies across two pub-
lic datasets and three backbone LLMs.
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Limitations

Computational cost PROGRA introduces extra
computation and token usage by decoupling aware-
ness generation from action generation at each step.
This effectively adds additional forward passes dur-
ing training (and potentially inference), leading to
higher latency and resource consumption compared
to standard RL fine-tuning. Such overhead may be
restrictive for large models or latency-sensitive sce-
narios unless further efficiency techniques (e.g.,
distillation or lightweight awareness heads) are ap-
plied.

Awareness representation and evaluation The
framework assumes that task progress can be faith-
fully captured by textual summaries and plans pro-
duced by LLMs, and the evaluation focuses primar-
ily on downstream task success and schema-level
correctness. Progress awareness itself may still
contain hallucinations, biases, or omissions that
are not explicitly measured, and we do not sys-
tematically analyze failure modes where awareness
is partially incorrect yet still yields valid function
calls. Extending PROGRA with richer diagnostics
(e.g., human judgments, safety constraints, or un-
certainty signals) is left for future work.

Limited analysis of failure modes While quan-
titative results show consistent gains, the work pro-
vides only a small number of qualitative case stud-
ies and does not systematically categorize failure
patterns of PROGRA versus baselines (e.g., over-
planning, unnecessary tool use, or brittle awareness
summaries). A deeper error analysis could reveal
where progress awareness is most beneficial and
where it still fails, guiding future refinements of the
framework.
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Backbone Method Score Improv.(%) Time (GPU*s)

Base Model 25.45 -
xLAM-2-3B MT-GRPO  26.35 3.53
PROGRA 31.52 23.85

Token

1040.67
2243.32

1903.20
2900.16

Table 6: Deployment Performance Analysis Efficiency
comparison on 7-bench. "Score" refers to the average
score on 7-bench. "Improv." indicates the performance
improvement relative to the base model, "Time" repre-
sents the training time per step (in GPU*seconds), and
"Token" indicates the number of tokens required per
step of training.

A Deployment Analysis

In multi-turn function call tasks, in addition to
accuracy and generalization ability, training and
deployment efficiency are also critical factors in
determining whether a training paradigm can be
applied to real-world systems. This section inves-
tigates whether PROGRA, with the introduction of
a task progress awareness mechanism, can main-
tain competitive training and inference/deployment
efficiency compared to existing methods. This
question is especially important for industrial appli-
cations, where performance improvements are of-
ten accompanied by strict constraints on efficiency
metrics such as response latency and resource con-
sumption. The section will analyze the time and
token overheads in the training and deployment
stages.

During the training process, each step in PRO-
GRA is decomposed into two sub-steps: (i) explic-
itly generating task progress-aware content, and (ii)
issuing function calls. This design inevitably intro-
duces additional time and token overheads. Table
6 presents the GPU computation time and the num-
ber of tokens generated per step during the training
of xLAM-2-3B on the T-bench dataset.

As shown in the table, PROGRA increases the
training time per step by approximately 50% com-
pared to MT-GRPO, but on 7-bench, PROGRA
achieves a performance improvement of about 20
percentage points over MT-GRPO. Therefore, from
an overall cost-benefit perspective, this trade-off
is still reasonable and cost-effective. Additionally,
MT-GRPO results in only a 3.53% improvement
compared to the baseline model, while PROGRA
yields a significant 23.85% improvement, demon-
strating a much larger relative gain. This indicates
that the additional time and token cost invested
in the training phase results in substantial perfor-
mance returns.

Furthermore, PROGRA ’s two-stage training strat-
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egy reaches the performance goal more quickly
than traditional single-stage end-to-end reinforce-
ment learning. This is partly because the warm-
up fine-tuning phase (Stage 1) enhances the target
model’s initialization strategy, allowing the subse-
quent reinforcement learning phase to start from
a higher baseline, thus reducing the noise explo-
ration in the reinforcement learning phase. Addi-
tionally, task progress-aware reinforcement learn-
ing can more clearly align the reward signal with
global task progress, avoiding common issues in
traditional multi-turn reinforcement learning, such
as reward sparsity and unstable value estimation
when dealing with lengthy contexts, thereby im-
proving training convergence efficiency.

In the testing phase, PROGRA, like all baseline
methods, uses BFCL with the default prompts pro-
vided by 7-bench. The model only outputs ex-
plicit reasoning content and function calls, without
explicitly generating lengthy progress-aware para-
graphs; the progress-aware information is implic-
itly embedded in the reasoning output. This design
ensures a fair comparison without introducing ad-
ditional inference overhead while retaining feasi-
bility for actual deployment, avoiding artificially
inflating evaluation performance by increasing the
computational load in the testing phase.

B Data synthesis

We provide a detailed account of the data synthesis
methodology employed in this study. The process
is adapted from the APIGEN-MT framework (Prab-
hakar et al., 2025a), which comprises a two-phase
approach: (1) task configuration and groundtruth
generation, and (2) human-agent-environment in-
teraction trajectory collection.

In the initial phase, an objective, its correspond-
ing function call, and the resulting output are gen-
erated for each data instance. This generation is
guided by provided APIs, a set of predefined rules,
and a specified domain. Subsequently, each gen-
erated instance undergoes a rigorous verification
protocol that assesses its syntactic formatting and
operational executability. A majority voting mech-
anism, arbitrated by an LLM, is then employed to
ascertain the correctness of the data. Should an
instance fail these verification checks or the major-
ity vote, the model will analyze the failure cases,
formulate a corrective strategy, and reiterate the
generation-verification cycle until the data success-
fully meets all validation criteria.

Following successful validation in the first phase,
the synthesized data is deployed into a simulated
human-agent-environment to produce an interac-
tion trajectory via rollout. This resultant trajectory
is then compared against the ground truth trajec-
tory established in the initial phase. Only those
instances where the two trajectories exhibit exact
correspondence are retained for the final synthetic
dataset.

The data synthesis pipeline in this study is
adapted from the APIGEN-MT framework, with
significant modifications to four core stages: initial
configuration generation, query generation, action
generation, and correctness verification. The fol-
lowing sections detail these customized processes.

Initial Config Generation: The process com-
mences with the generation of an initial_config,
which serves as the foundational state for each con-
versation trajectory. To ensure contextual relevance,
this stage is seeded with data from a predefined
JSON dataset. Specifically, a subset of data entries
is first filtered based on a specified involved_class
criterion. From this filtered subset, a random se-
lection of existing initial_config instances is sam-
pled. These sampled configurations act as reference
templates or exemplars. A generative model then
synthesizes a new, distinct initial_config that ad-
heres to the structural and schematic patterns of
the references. This targeted sampling strategy en-
sures that the generated initial states are not only
well-formed but also thematically aligned with the
desired domain, thereby enhancing the relevance
of the subsequent conversation synthesis.

Query Generation: The conversation synthesis
process begins each interaction cycle with a query
generation step. In this phase, the system leverages
the complete preceding context as input, namely
comprising the initial_config and the historical con-
versation trajectory. Conditioned on this context, a
large language model (LLM) is invoked via a sin-
gle API call to produce a new query. The design of
this step ensures that each generated query is a log-
ical and progressive continuation of the interaction.
Queries are formulated to be explicit requests for
environmental modification that depend on the out-
comes of prior turns, thus establishing a coherent
and causally linked chain of reasoning throughout
the conversation.

Action Generation: Following each query gen-
eration turn, the pipeline proceeds to synthesize
a corresponding action. In this phase, the query
formulated in the immediately preceding turn is
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supplied to an LLM prompted specifically for ac-
tion synthesis. To mitigate generation errors and
enhance the reliability of the output, a distributed
majority voting mechanism is employed. This is
implemented by triggering multiple, parallelized
API calls to the LLM to produce a set of candidate
actions. These candidates are then subjected to a
consensus protocol, where votes for each unique
candidate are aggregated. The action that surpasses
a predefined frequency threshold is selected as the
definitive result. A critical constraint is that all gen-
erated actions must conform to a strict, machine-
parsable format, such as a list of function calls (e.g.,
[func_namel(argl=valuel,...), func_name2(...)]).
If no candidate action achieves the required consen-
sus threshold, the generation process for the current
trajectory is aborted to prevent the inclusion of low-
confidence or ambiguous data.

Correctness Verification: The data verification
process is a rigorous, automated pipeline designed
to ensure the functional and semantic correctness
of multi-turn Al agent trajectories. For each tra-
jectory, a hermetic execution environment is in-
stantiated from an initial configuration to guaran-
tee reproducible validation. The pipeline then em-
ploys a two-tiered verification protocol for each
turn: first, it deterministically checks if an agent’s
action causes an observable state transition in the
environment. If no change is detected (a common
result for read-only operations), a secondary check
uses a majority-voting consensus from a Large Lan-
guage Model (LLM) to adjudicate the action’s se-
mantic validity based on the user’s query. Crucially,
the process adheres to a strict sequential policy, ter-
minating immediately upon the first failed turn to
ensure that only fully coherent and causally valid in-
teraction sequences are retained in the final dataset.

This data synthesis methodology offers several
distinct advantages that collectively enhance the
quality, relevance, and reliability of the generated
dataset. By seeding the process with domain-
specific exemplars, the pipeline ensures that all syn-
thesized trajectories are thematically relevant and
contextually grounded from their inception. The
iterative, context-aware generation of queries and
actions promotes the creation of coherent, multi-
turn conversations that exhibit logical and causal
consistency.

Furthermore, the integration of a consensus-
based validation mechanism for action generation
significantly improves the accuracy and reliabil-
ity of the output by filtering out erroneous or

low-confidence predictions. Crucially, the final
execution-based verification stage provides a rigor-
ous guarantee of functional fidelity, ensuring that
every data point corresponds to a verifiable and
correct interaction within the target environment.
This multi-layered approach to generation and vali-
dation yields a high-quality dataset that is not only
syntactically sound and semantically coherent but
also empirically validated for functional correct-
ness.

C Prompts

The prompts we use when synthesizing data in-
clude the prompt for the -Initial Config Genera-
tion(Fig. 6), Task Generation(Fig. 7), Action Gen-
eration(Fig. 8).

Initial Config Generation Prompt

You are an environment generator. Your
task is as follows: you will be provided
with several examples of environment ini-
tial configurations, along with some notes.
Based on these, generate **ONE** new
environment initial configuration. The
content is entirely up to you, but the over-
all format should be inspired by the exam-
ples (not an exact copy). Your output must
be a valid, directly parseable JSON string.
You **MUST NOT** include any extra
text, explanations, or JSON hints outside
of the JSON itself. You only need to out-
put ONE new configuration.

Figure 6: Initial Config Generation Prompt.

Task Generation Prompt

You are a helpful assistant, which will gener-
ate a trajectory containing Queries and Ac-
tions. You will be provided with a basic
description of an existing scenario and an
introduction to the tools available in that sce-
nario.

Your task is to output a reasonable and clear
query based on the result of the previous
message. If the previous message represents
an action or the initialization of a trajectory
(no previous message), you must output a
Query that can be solved by calling the tools
within the environment. Your output query
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must involve a change to the environment
state (e.g., adding or moving files, modify-
ing content and so on).

There are some important notes you should
follow.

1. The query should be progressive, where
each query depends on the successful an-
swer of the previous one, forming a realistic
problem-solving process.

2. The query should not be too complex, it is
better to cost 2-4 function calls to complete
the query.

3. Please ensure that the Query you output
is very clear and explicit, and that it allows
only one possible solution.

4. Your query should involve a change to
the environment state, try not only to display
information.

Here is the initial config: {initial_config}

Figure 7: Task Generation Prompt.

Action Generation Prompt

You are a helpful assistant, which will gener-
ate a trajectory containing Queries and Ac-
tions. You will be provided with a basic
description of an existing scenario and an
introduction to the tools available in that sce-
nario.

Your task is to output a correct function call
output based on the result of the previous
message and query. Your output should in-
clude some function calls that strictly follow
the required format. The functions you call
must come from the provided tool descrip-
tions. The function call should be the fol-
lowing format:
[func_namel(arg_namel=valuel,...),
func_name2(arg_namel=valuel,...)...]

Figure 8: Action Generation Prompt.

Here are the prompts we used in Progra for gen-
erating progress awareness in PAG (Fig. 9), and
Optimization in RAG-RL (Fig. 10)

Progress Awareness Generation Prompt

You are a help assistant responsible for sum-
marizing important information based on the
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history of the conversation and providing a
plan for invoking the correct function calls.
Carefully analyze the current multi-turn con-
versation and generate a detailed summary
(and helpful plan). **Do not directly output
any function calls**, just output your sum-
mary in text format.

In your summary, ensure the following
points are clearly addressed:

1. **User’s Needs and Intent**: Please
analyze the provided historical information
and accurately identify the user’s needs and
goals. Summarize the content in a brief and
clear manner to ensure that any subsequent
work can fully understand the user’s require-
ments and objectives based on your sum-
mary.

2. **Extracted Parameters**: Please list all
relevant parameters mentioned or clarified
in the conversation, ensuring complete un-
derstanding. Only include parameters that
have been explicitly confirmed, and avoid
making assumptions or guessing values for
information that has not been clearly stated.
If the historical information provided lacks
any parameters necessary to meet the user’s
needs, confirm and point them out.

3. **Function Call History**: Carefully re-
view previous function calls made, including
whether they were successful or failed, and
identify any potential issues. Ensure you
clearly summarize the results of previous
function calls without making assumptions
about the context or next steps.

4. **Environment State Awareness**: Re-
view and summarize the entire conversation
so far, paying special attention to previous
function calls and their results. In each turn
of history, the environment sequentially ex-
ecutes the functions output in last turns. If
a function fails, the subsequent ones won’t
be executed, but the successful ones will af-
fect the environment state. In the current
turn, you must reason the current environ-
ment state based on the executed functions
and their results in last turns. You need to
fully understand the current environmental
state in order to make the correct choices. If
you cannot understand it, you cannot make
unreasonable assumptions about the state.




5. **Future Planning**: Based on the cur-
rent and prior conversation, propose a clear
action plan. Avoid speculation; instead, pro-
vide a plan that logically follows from the
facts at hand. Do not directly output any
function calls; instead output your plan in
text format.

6. **Relevant Important Context**: Include
any other context from the conversation that
could aid in ensuring the next function call is
accurate and appropriate. This can include
non-explicit user preferences, hints from pre-
vious statements, or details that, while not
directly related to the goal, may still influ-
ence the next action.

Ensure that your summary is detailed and
comprehensive, clarifying any ambiguities
and accurately reflecting the history of the
conversation to allow the next response or
action to be as accurate and informed as
possible.

Here is the history of prior conversations
and current user query.

**History of Conversation**
{current_history_str}

**Current User Query**

{query}

Please make a summary based on the above
conversation and system prompt.

Figure 9: Progress Awareness Generation Prompt.

Optimization Prompt

You are an expert in invoking functions. You
will be given a summary of a conversation
between a user and an Al assistant, as well
as a set of available functions. Based on
the summary and the questions posed by the
user, you must select and call functions to
achieve the user’s goal. You must return the
response in the following format:

( summary )

Summarise the conversation so far for sub-
sequent reasoning

( /summary )

( think )

Express your thought process. In this sec-
tion, you should carefully consider the ques-
tion’s intent, your reasoning for selecting
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the appropriate function to call, and how
you plan to fill in the function’s parameters
and arguments. Reflect on the user’s needs
to ensure the correct choice is made.

( /think )

( answer )

Output function call in the following format:
[func_namel(arg_namel=valuel,arg_name2
=value2...),
func_name2(arg_namel=valuel,arg_name2
=value2...)...]

( /answer )

- You MUST NOT include any text other
than the (summary), ( think) and (answer)
sections. Follow the provided format strictly.
- **You MUST call only the functions
provided in the document**. The func-
tion names and parameters 'func_namel’,
"func_name?2’ and ’params_namel’ shown
in the (answer) (/answer) section are place-
holders used only to demonstrate the re-
quired output format. They are not actual
function names to be called. Please se-
lect and use only from the real functions
provided as possible. - When filling in
the parameters in the function call, replace
params_valuel and params_value2 with the
correct values as per the document. En-
sure the parameters are properly named
and formatted. - If additional parameters
are needed to call the function correctly,
output "I need more information." in the
(answer) (/answer) section with a text for-
mat rather than a list-style answer. - Please
strictly adhere to the list of functions pro-
vided to complete the task. These functionns
may be similar to common commands you
are familiar with (such as cd, touch, etc.),
but you are strictly prohibited from using
any functions that are not on the provided
list to complete the task. - If you find that
none of the functions in the provided list can
directly accomplish the task, you must not
attempt to use other available functions in a
roundabout way to force the completion of
the task. In that case, simply output the fol-
lowing in the (answer)(/answer) tags: there
are no appropriate functions. - In each round,
the environment sequentially executes the
functions output by you in last turns. If a




function fails, the subsequent ones won’t be
executed, but the successful ones will affect
the environment state. In the next round,
you must infer the current environment state
based on the executed functions and their
results in last turns, ensuring that failed calls
are not executed again.

Figure 10: Optimization Prompt in PAG-RL
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