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Abstract

Recent advancements in Large Language
Models (LLMs) have notably enhanced task-
oriented dialogue systems, particularly in Dia-
logue State Tracking (DST), owing to their gen-
erative capabilities and strong generalization.
Although recent approaches such as LDST and
FnCTOD significantly improved cross-domain
DST performance via supervised fine-tuning
(SFT), these methods typically require substan-
tial amounts of domain-specific data. In this
paper, we address this limitation by employing
Group Relative Policy Optimization (GRPO) -
a critic-free reinforcement learning method that
efficiently guides LLMs toward improved DST
accuracy even under low-resource conditions.
Our results on established DST benchmarks,
including MultiWOZ 2.1 and 2.4, demonstrate
that the RL approach achieves superior perfor-
mance to existing methods while using signifi-
cantly reduced out-of-domain training data. In
addition, we found out that models pretrained
specifically for tool-use tasks can be a better
starting point, especially on small scales.

1 Introduction

Task-oriented dialogue (TOD) systems serve as crit-
ical facilitators in domains ranging from travel plan-
ning to technical support. Central to these systems
is Dialogue State Tracking (DST), which maintains
a persistent representation of user constraints.

Recent advances in Large Language Models
(LLMs) have transformed DST by enabling struc-
tured state generation directly from context, specif-
ically through a function calling paradigm, where
dialogue states are expressed as explicit function
invocations with named arguments (Li et al., 2024).
While this formulation enhances performance, ex-
isting approaches still largely depend on supervised
fine-tuning or prompting. Crucially, these methods
optimize for probabilistic likelihood rather than

*Equal contribution

Figure 1: DST performance comparison among (1)
previous SFT domain-transfer approaches; (2) previ-
ous SFT dataset-transfer approaches; (3) prompting
approaches relying on advanced proprietary and large-
scale LLMs; and (3) our RL-based approach with vari-
ous LLMs on MultiWOZ 2.1.

logical correctness. Conversely, Reinforcement
Learning (RL) allows for the direct optimization of
verifiable metrics. In DST-as-function-calling, pre-
dicted arguments can be deterministically matched
against ground truth, providing a framework for ver-
ifiable rewards. This paper addresses how RL can
be effectively applied to this paradigm to achieve
robust performance at scale.

Our contributions can be summarized as follows.

• We present a reinforcement learning recipe
for DST-as-function-calling using GRPO with
a fully verifiable reward over function calls,
improving Joint Goal Accuracy (JGA) over
matched SFT baselines without training a sep-
arate critic/value model.

• We evaluate cross-dataset transfer to Multi-
WOZ 2.1 and 2.4 across model families and
scales (1.5B–32B), and show consistent gains
from GRPO, especially under limited per-
domain data budgets.

• We study the impact of tool-use/function-
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calling pretraining on DST transfer, showing
it is particularly beneficial for smaller models
and that GRPO reduces sensitivity to initial-
ization.

Our implementation is publicly available at
the following repository: https://github.com/
sir-timio/CallRewardRepeat.

2 Related Work

Supervised DST before LLMs Initial DST ap-
proaches treated the task as a supervised classifi-
cation or span extraction problem over fixed on-
tologies, relying heavily on domain-specific anno-
tations. Methods such as TRADE (Wu et al., 2019),
TripPy (Heck et al., 2020), and SUMBT (Lee et al.,
2019) introduced copy mechanisms, BERT-based
encoders, and ontology-aware decoding. Although
subsequent extensions, including DS-DST (Zhang
et al., 2020), MetaASSIST (Ye et al., 2022b), and
paDST (Ma et al., 2019), improved robustness
and scalability, these models remained limited in
cross-domain generalization and required extensive
schema-aligned training data.

Supervised Finetuning of LLMs for DST Many
recent studies explore supervised fine-tuning (SFT)
of generative models for DST. Existing approaches
fine-tune T5, GPT, LLaMA, and similar archi-
tectures for DST using either slot-based or struc-
tured output representations (Lin et al., 2021a,b;
Zhao et al., 2022; Feng et al., 2023; Hosseini-Asl
et al., 2022; Wang et al., 2024; Carranza and Rojas,
2025).

To improve generalization and alignment with
downstream tasks, several works explore vari-
ous prompting strategies. For instance, Simple-
TOD (Hosseini-Asl et al., 2022) and LDST (Feng
et al., 2023) employ natural language prompts to
guide the model toward producing structured state
representations. FnCTOD (Li et al., 2024) ad-
vances this direction by casting DST specifically
as function calling. While, in standard DST, mod-
els are trained to output specialized text sequences
representing constraints (e.g., restaurant-food:
italian, restaurant-area: center), func-
tion calling treats the domain ontology as a code
interface: user intents are mapped to function
names and constraints are generated as formal argu-
ments e.g., find_restaurant(food=’italian’,
area=’center’)). This formulation leverages the
pre-trained code-generation capabilities of LLMs

to enforce stricter schema adherence. This function-
call-oriented prompting scheme substantially im-
proves zero-shot performance and enables better
compositional generalization across domains.

Yet, despite the structural benefits offered by
function-style formulation, the fundamental re-
liance on supervision remains a limiting factor.
Consequently, the generalization capacity of these
methods is strictly bounded by the diversity and
volume of annotated data available.

RL for DST and Tool-Use Reinforcement learn-
ing (RL) is a powerful alternative to supervised
fine-tuning of LLMs. Recent studies show that RL
fine-tuning leads to stronger generalization, partic-
ularly on out-of-distribution tasks, while SFT often
results in memorization of training data (Chu et al.,
2025).

This generalization capability makes RL espe-
cially effective for DST, where models must ro-
bustly track evolving user intents across turns. For
instance, TOATOD (Su et al., 2022) introduces
lightweight adapters trained with REINFORCE on
JGA-based reward. Approaches like Deep Dyna-
Q (Peng et al., 2018) leverage simulated user en-
vironments to improve policy robustness, while
AURL (Zhang et al., 2023) combines asynchronous
updates, curriculum learning, and user simulation
to reduce error propagation. Fine-grained reward
shaping (Du et al., 2024) further allows targeted
optimization.

RL is also extensively applied to function call-
ing and tool use, enabling LLMs to interact ef-
fectively with external APIs and resources. Step-
Tool (Yu et al., 2025) rewards individual tool steps,
iTool (Zeng et al., 2025) uses iterative fine-tuning
with Monte Carlo Tree Search (MCTS) and com-
bined outcome/self-evaluation rewards, and Re-
Tool (Feng et al., 2025) employs binary rewards
for code correctness.

An increasingly popular RL method used for
tool calling is Group Relative Policy Optimization
(GRPO) (Shao et al., 2024), which estimates ad-
vantages by sampling the policy multiple times and
using the average reward, thereby eliminating the
need for a separate value function. This makes it
computationally efficient and particularly suitable
for tool use training, as rewards in this domain are
often verifiable and easily computable based on
factors like tool invocation success, format correct-
ness, and outcome accuracy. It has been applied
in frameworks like Nemotron-Research-Tool-N1
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(Zhang et al., 2025), Reflect, Retry, Reward (Ben-
sal et al., 2025), and ToolRL (Qian et al., 2025) to
improve tool selection and execution.

You are a task-oriented assistant. You can use
the given functions to fetch further data to
help the users.

"name": "find_book_hotel",
"description": "hotel reservations and vacation
stays.",
"arguments": [
{
"name": "name",
"type": "string",
"description": "name of the hotel"
},
{
"name": "pricerange",
"type": "string",
"description": "price budget of the hotel",
"possible_values": ["expensive", "cheap",
"moderate"]
}
...
]

Figure 2: Example of a system prompt containing a
JSON schema of available functions for the assistant

In summary, RL improves LLM generalization
for DST and enables reliable performance in tool-
use scenarios. By leveraging reward-driven train-
ing, RL enables models to adapt dynamically and
robustly. Methods like GRPO simplify training
and make RL computationally efficient for these
applications.

3 Methodology

3.1 Dataset construction

System Prompt. Prompt construction and setup
task of DST as function calling are fully inherited
from prior work (Li et al., 2024). System prompt
of each dialogue session contains general task in-
structions and structured specifications in a JSON
schema of relevant functions. An example is pro-
vided in Figure 2.

Dialogue. In the dialogues comprising the
dataset, each user turn is followed by the assis-
tant’s response, which may contain a function call
and a natural language answer shown in Figure 3.

Dialogue Sampling. To ensure balanced repre-
sentation of function calls in the dataset, we employ
a stratified deterministic (controlled by a seed) sam-
pling approach, selecting PDsize (per-domain)
dialogues per each of 35 unique functions.

3.2 Training
SFT Phase. The model is trained using next-
token prediction, but the loss is computed only
over tokens inside tool call spans. Since the model
observes user queries but not the results of database
calls, supervising natural language responses ref-
erencing unseen outputs would be misaligned and
potentially harmful.

Dialogue Context Example

User: I would like information about museums in cambridge.

Assistant:
<tool_call> {"function": "find_attraction", "arguments":
{"type": "museum"}} </tool_call>

there are 23 museums in cambridge. what part of town will you be in?

User: I also want to find the hotel called archway house.

Assistant:
<tool_call> {"function": "find_book_hotel", "arguments":
{"name": "archway house"}} </tool_call>

it is located in the north, on 52 gilbert road, cb43pe. would you like to
book a room?

User: Yes, please book for 4 nights on friday for 4 people.

Assistant:
<tool_call> {"function": "find_book_hotel", "arguments":
{"name": "archway house", "area": "north", "people": "4",
"day": "friday", "stay": "4"}} </tool_call>

all set, the reference number is 6s9gcfdo. can i help with anything else?

Figure 3: Example of a dialogue context with multiple
tool calls. Tool calls are highlighted with blue and
natural language responses with green colors.

GRPO Phase. This phase uses Group Relative
Policy Optimization (GRPO) (Shao et al., 2024)
— a memory- and compute-efficient reinforce-
ment learning method for fine-tuning LLMs. For
each prompt sj , the model generates G candi-
date responses {ajk}Gk=1 and obtains their rewards
{rjk}Gk=1 with a verifiable reward-function. The
group mean reward is defined as r̄j = 1

G

∑
k rjk,

and each response’s advantage is computed as the
difference between its reward and the group’s av-
erage reward, which can be expressed as Ajk =
rjk − r̄j . The policy is updated using a PPO-style
clipped surrogate objective (Schulman et al., 2017)
with KL regularization, which encourages increas-
ing the probability of higher-advantage responses
while preventing overly large policy updates.

Crucially, GRPO avoids the need for a separate
critic network by leveraging within-group statis-
tics for baseline estimation, leading to significant
savings in memory and computational overhead
compared to PPO while retaining PPO’s stability
via clipping and KL penalties.

For GRPO training, we reuse the exact same
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dialogues from the SFT corpus, slicing them turn-
by-turn into multiple prompt-answer pairs. This
ensures consistency in data distribution and allows
for direct comparison between training strategies.
To reduce computational cost during GRPO train-
ing, we sample only a single prompt-response pair
(slice) per dialogue. The slice is selected from
a pool of slices containing function calls using a
reversed Poisson-skewed sampling strategy with
λ = 2, which biases selection toward near last
turns, based on the intuition that these contain
richer and more contextually grounded supervision
signals. Sampling function pseudocode is shown
in Algorithm 1.

Reward details. We define three cases based on
tool-call presence: (i) both prediction and gold
contain a tool call; (ii) exactly one contains a tool
call; (iii) neither contains a tool call. Case (ii)
receives a reward of −1.0 to penalize both over-
calling and under-calling. Case (iii) receives a re-
ward of +1.0 (correct abstention). In case (i), we
compute a reward using one of two matching strate-
gies (full-match or partial-match), described below,
after canonicalizing function names and argument
keys/values.

Full-match: reward = 1.0 if the function name
matches and the canonicalized argument dictionar-
ies are exactly equal; otherwise 0.0.

Partial-match: if the function name matches,
reward is the fraction of gold arguments whose
key and value are correctly predicted: r =
|{k∈keys(agold):apred[k]=agold[k]}|

|keys(agold)| (extra predicted ar-
guments that are not in the gold do not increase
reward). If the function name does not match,
r = 0.0.

4 Experiments and Results

4.1 Datasets

We adopt the cross-dataset training setup intro-
duced in Li et al. (2024), using the same diverse
mix of task-oriented dialogue datasets for fine-
tuning: WOZ 2.0 (Mrkšić et al., 2017), Cam-
Rest676 (Wen et al., 2017), MSR-E2E (Li et al.,
2018), TaskMaster (Byrne et al., 2019), and
Schema-Guided Dialogue (SGD) (Rastogi et al.,
2020). Together, these datasets cover 37 domain
instances, as detailed in Table 1. Each domain is
further represented as a distinct function.1

1For the SGD dataset, we use services as the domains
since, e.g., Music_1 and Music_2 contain partially different

Algorithm 1 Poisson-Skewed Sampling of a Dia-
logue Slice
Input: slices — list of dialogue (prompt, re-
sponse) pairs, λ > 0
Output: A single sampled slice from the dia-
logue

1: n← len(slices)
2: for i ∈ [0, 1, . . . , n−1] do
3: probs[i]← e−λ·λi

i!
4: end for
5: reverse(probs) // bias toward later turns
6: probs← normalize(probs)
7: selected ← random.choices(slices,

weights=probs)
8: return selected

Algorithm 2 Reward modeling
Require: Generated completions C = {ci}, ground truth

answers A = {ai}
1: for i = 1 to |C| do
2: fnc ← parse_fn(ci)
3: fna ← parse_fn(ai)
4: if (fnc = ∅ xor fna = ∅) then
5: ri ← −1.0
6: else
7: ri ← match_fn(fnc, fna)
8: end if
9: end for

10: return {ri}

For evaluation, we use the standard test splits
of MultiWOZ 2.1 (Eric et al., 2020) and its latest
version, MultiWOZ 2.4 (Ye et al., 2022a). The test
set in both versions contains 1,000 dialogues in
five domains. MultiWOZ 2.1 is widely used as an
established benchmark for dialogue state tracking,
while MultiWOZ 2.4 offers further improvements
in annotation quality and reduced noise in slot value
annotations, providing a more reliable benchmark
for evaluating state-of-the-art DST methods.

This cross-dataset transfer setup enables us to
assess zero-shot generalization to unseen domains
from unseen datasets, while the MultiWOZ variants
allow evaluation of performance on complex multi-
domain dialogues with varying levels of annotation
quality.

4.2 Metrics

We evaluate our models using a standard metric
for dialogue state tracking: Joint Goal Accuracy
(JGA), which measures the proportion of turns in
which the predicted dialogue state exactly matches

function sets.
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Dataset Domains #Domains #Dialogues

Training

SGD RentalCars_1, RentalCars_2, Buses_1, Buses_2, Events_1,
Events_2, Services_1, Services_2, Services_3, Media_1,
RideSharing_1, RideSharing_2, Travel_1, Hotels_1, Ho-
tels_2, Hotels_3, Flights_1, Flights_2, Restaurants_1,
Calendar_1, Music_1, Music_2, Weather_1, Movies_1,
Homes_1, Banks_1

26 16,000

TaskMaster Pizza_Ordering, Movie, Auto_Repair, Taxi, Cof-
fee_Ordering, Restaurant

6 13,215

MSR-E2E Restaurant, Movie, Taxi 3 10,087

WOZ 2.0 Restaurant 1 1,200

CamRest676 Restaurant 1 680

Evaluation

MultiWOZ 2.1/2.4 Restaurant, Hotel, Attraction, Train, Taxi 5 1,000

Table 1: Overview of the DST corpora utilized for fine-tuning (37 domains) and evaluation (5 domains). This table
details the datasets along with their specific domains, the number of domains included in each dataset, and their size
in terms of dialogues.

the ground truth across all domains. We report both
Overall JGA, calculated over all turns and domains,
and Average JGA, defined as the macro-average of
JGA across individual domains.

4.3 State Extraction

We evaluate using Joint Goal Accuracy (JGA) on
MultiWOZ by converting each predicted tool call
into a turn-level belief-state update and then accu-
mulating updates over the dialogue. Following the
function-calling formulation, each function corre-
sponds to a domain, and each argument key cor-
responds to a slot name within that domain. The
function schema used for evaluation is show in
Table 2.

Parsing. We extract the first <tool_call> ...
</tool_call> span (if present) and parse the en-
closed JSON into a tuple (f,a) consisting of a
function name f and an argument dictionary a. If
parsing fails or no tool-call span is present, we treat
the prediction as “no tool call” for that turn.

State update. Let St−1 be the accumulated be-
lief state before turn t and (ft,at) be the parsed
prediction at turn t. If a tool call is present, we
update St by overwriting the slots specified in at
(slots not mentioned remain unchanged). If no tool
call is present, we set St = St−1. We canonical-
ize slot keys and values with simple normaliza-

tion (e.g., lowercasing and whitespace normaliza-
tion) and map dataset-specific special values (e.g.,
dontcare) to a single form.

Normalization. Before comparison, we canoni-
calize slot keys and values with simple normaliza-
tion (e.g., lowercasing and whitespace normaliza-
tion) and map dataset-specific special values (e.g.,
dontcare) to a single form. We apply the same
canonicalization to gold states.

JGA. At each turn t, JGA counts a hit if St ex-
actly matches the gold belief state Gt across all
active domains/slots. We report both Overall JGA
(micro over all turns) and Average JGA (macro
over domains).

4.4 Baselines

We compare our approach against three distinct
groups of baselines: (1) Cross-domain transfer
TransferQA (Lin et al., 2021a), T5DST (Lin et al.,
2021b), D3ST (Zhao et al., 2022) with leave-one-
domain-out training on MultiWOZ; (2) Different
prompting techniques of strong proprietary models;
(3) Cross-dataset transfer finetuned LLMs using
LDST (Feng et al., 2023) and FnCTOD (Li et al.,
2024) prompting techniques.
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MultiWOZ domain Function Arguments (slots)

Restaurant find_restaurant area, day, food, name, people, pricerange, time
Hotel find_book_hotel area, day, internet, name, parking, people, pricerange, stars, stay, type
Attraction find_attraction area, name, type
Train find_train arrive, day, departure, destination, leave, people
Taxi find_taxi arrive, departure, destination, leave

Table 2: Function schema used for MultiWOZ evaluation. Each argument corresponds to a belief-state slot.

Model Size Method MultiWOZ 2.1 MultiWOZ 2.4
Average Overall Average Overall

Cross-domain Transfer approaches

T5DST 60M
SFT

35.20 – – –
TransferQA 770M 35.77 – – –
D3ST 11B 46.70 – – –

Prompting/In-context learning approaches

InstructTODSGPT−4 – Zero-shot 48.16 – – –
FnCTODLLaMA−2 70B Few-shot 52.36 28.38 – –
FnCTODGPT−4 – Zero-shot 62.59 38.71 – –

Cross-dataset Transfer approaches

LDSTLLaMA 7B

SFT

– – – 31.6
FnCTODLLaMA−2 13B 59.54 37.67 – –
LLaMA-3.1 8B 59.87±0.9 37.67±1.0 62.74±1.1 41.27±1.2
Qwen-2.5 32B 62.39±1.5 39.9±2.0 65.93±1.6 44.75±2.0

Our RL-based Cross-dataset Transfer approach

LLaMA-3.1 8B
GRPO

63.96±1.0 41.89±1.4 67.26±1.6 45.75±2.2
Qwen-2.5 32B 67.98±1.2 46.53±1.6 71.69±1.5 52.0±2.6

Table 3: Joint Goal Accuracy (JGA) of various models and training strategies on MultiWOZ 2.1 and 2.4 benchmarks.
We report both domain-average (macro) and overall JGA for each dataset (both in %). Few-shot prompting was
performed with 5 examples. Baseline metrics are taken directly from the corresponding publications. Results,
averaged over 5 runs and reported as mean ± std, highlight consistent improvements of our method across all
evaluated settings, with all GRPO results showing statistically significant gains over their corresponding SFT
baselines (p < 0.05, Welch’s t-test, n = 5).

4.5 Evaluated Models

As the starting points for our main experiments,
we used two model families. First, LLaMA-3.1-
8B-Instruct (Grattafiori et al., 2024), an 8-billion-
parameter instruction-tuned model optimized for
chat and tool use. Second, the Qwen-2.5-Instruct
family across multiple parameter scales: 1.5, 3, 7,
14, and 32 billions, to study scaling and data effi-
ciency. To investigate the effect of function-calling
pretraining on DST transfer, we additionally eval-
uate specialized variants at matched scales; these
are introduced in §4.7.3.

4.6 Training and Evaluation Setup

For both supervised and reinforcement learning
experiments, we adopted a highly efficient train-
ing and inference pipeline. Model finetuning
was performed using the Unsloth framework (Han
et al., 2023) and LoRA (Hu et al., 2021) adapters
with rank 16 applied to all attention layers, en-
abling efficient adaptation while minimizing mem-
ory and storage requirements. For accelerated
generation in the GRPO phase, we employed the
vLLM (Kwon et al., 2023) engine, allowing for
scalable and memory-efficient batched decoding
and the TRL (von Werra et al., 2020) library. For
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GRPO-based training, we generated 8 completions
with temperature 1.0 per prompt during optimiza-
tion. During inference, we set the decoding topk
at 0.2 and temperature to 0.01 to ensure stability
and reproducibility of results. The fine-tuning was
conducted on a single H100 80GB GPU. Detailed
hyperparameter settings and further implementa-
tion specifics are provided in Tables 5 and 6 in
Appendix A.

4.6.1 Performance Comparison on DST
Benchmarks

Table 3 and Figure 1 present a comprehensive
comparison of our approach against state-of-the-
art cross-dataset and cross-domain methods across
benchmarks. More detailed results with metrics for
each domain are presented in Table 4.

Our RL-based training recipe, leveraging GRPO,
achieves the best overall performance on both Mul-
tiWOZ 2.1 and 2.4, substantially outperforming
all previous models. Notably, LLaMA-3.1 with
only 8B parameters trained with GRPO surpass not
only previous cross-domain transfer baselines, but
also the much larger 32B SFT baselines and GPT-
4, achieving improvements of over 3 percentage
points in Overall JGA on MultiWOZ 2.1.

In summary, our results establish a new state-
of-the-art for dataset-transfer DST, demonstrating
that reinforcement learning with GRPO not only
closes the gap with much larger models, but can
also reliably outperform established prompting and
supervised transfer paradigms.

4.7 Analysis of Training Regimes

4.7.1 Impact of Domain-specific Training
Data Volume

Figure 4 illustrates the relationship between the
volume of domain-specific training data and model
performance across various training methods. PD
size of n stands for per-domain size and means
that we collect n dialogues for each domain in
mixed corpora 1. GRPO consistently surpasses
SFT across most evaluated data regimes, often by
a significant margin. Notably, GRPO achieve bet-
ter performance than standalone SFT using as lit-
tle as 20 per-domain examples for Qwen-2.5-3B
model. It is also worth noting that xLAM-2-3B-fc-
r, a function-calling variant of Qwen-2.5-3B (de-
scribed in §4.7.3), exhibits a stronger performance
trend with training size expansion across all meth-
ods.

4.7.2 Effect of Model Scale
Figure 6 shows that increasing model size con-
sistently improves DST performance on Multi-
WOZ 2.4 across all settings (zero-shot, SFT, and
GRPO). Importantly, our GRPO-based RL ap-
proach maintains a clear advantage over SFT at ev-
ery scale, and this margin increases as models grow,
becoming most pronounced at 14B and 32B. This
indicates that GRPO leverages additional model
capacity more effectively for optimizing structured
DST behavior than supervised fine-tuning alone.
The SFT+GRPO hybrid closely tracks GRPO, sug-
gesting that the RL phase is the primary driver of
the scaling gains.

4.7.3 Influence of Function-Calling
Pretraining and Model Initialization

To investigate the impact of function-calling
(FC) pretraining on DST, we pair each base in-
struct model with a FC-specialized counterpart at
matched scale. For LLaMA 3.1 at the 8B scale,
we use ToolACE-2-8B (Liu et al., 2025), a vari-
ant further fine-tuned with the ToolACE frame-
work, which synthesizes tool-calling dialogues over
26,500+ APIs with dual rule/model verification,
yielding strong performance on benchmarks such
as BFCL (Patil et al., 2023). For the Qwen 2.5
family, we use xLAM-2-fc-r variants (Zhang et al.,
2024), trained on synthesized multi-domain tool-
calling trajectories and performing strongly on τ -
bench (Yao et al., 2024) and BFCL (Patil et al.,
2023).

Figure 7 reports the marginal effect of FC ini-
tialization on DST performance by comparing the
best-achieved JGA scores between these special-
ized models and their base instruct counterparts
across matched parameter scales.

4.7.4 Comparative Analysis of Training
Approaches

When analyzing hybrid training methods
(SFT&GRPO) (see Fig. 4), we observe distinct
behaviors based on model size. For smaller (3B)
models, SFT&GRPO initially offers performance
benefits under limited-data conditions; however,
its advantage diminishes as the training set
grows, ultimately yielding to superior pure GRPO
performance. Conversely, for larger (8B) models,
SFT&GRPO consistently lags behind GRPO
alone, except in the 400 dialogues per domain
training setup, although it remains superior to SFT
alone. Overall, GRPO demonstrates remarkable
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Model Size Training Attraction Hotel Taxi Train Restaurant JGA
Method JGA F1 JGA F1 JGA F1 JGA F1 JGA F1 Avg. O/a

Cross-domain Transfer approaches

T5DST 60M
SFT

33.09 – 21.21 – 21.65 – 64.62 – 35.43 – 35.20 –
TransferQA 110M 31.25 – 22.72 – 26.28 – 61.87 – 36.72 – 35.77 –
D3ST 11B 56.40 – 21.80 – 38.20 – 78.40 – 38.70 – 46.70 –

Prompting/In-context learning approaches

InstructTODSGPT−4 - Zero-shot 39.53 78.99 31.23 84.07 55.86 88.23 63.24 82.71 59.83 89.72 48.16 –
FnCTODLLaMA−2 70B Few-shot 62.24 84.99 46.83 85.39 60.27 88.69 67.48 80.39 60.90 89.88 59.54 37.67
FnCTODGPT−4 - Zero-shot 58.77 81.84 45.15 85.07 63.18 91.06 76.39 87.73 69.48 90.16 62.59 38.71

Cross-dataset Transfer approaches

FnCTODLLaMA−2 13

SFT

49.76 76.80 29.50 67.60 48.87 81.33 64.66 68.97 53.59 85.09 49.28 25.68
Qwen-2.5 3B 56.51 83.48 38.83 82.98 68.77 84.02 51.65 88.52 51.0 87.15 53.35 31.02
LLaMA-3.1 8B 62.89 86.53 45.77 85.85 72.2 86.89 60.35 91.98 58.15 90.16 59.87 37.67
Qwen-2.5 32B 66.07 87.02 45.54 84.55 76.08 86.46 62.62 92.05 61.62 89.96 62.39 39.9

Our RL-based Cross-dataset Transfer approach

Qwen-2.5 3B
GRPO

54.39 82.04 39.13 82.4 71.44 85.37 53.67 88.15 53.81 88.02 54.49 31.56
LLaMA-3.1 8B 63.87 85.31 46.19 85.61 77.14 88.41 71.97 93.54 60.63 89.96 63.96 41.89
Qwen-2.5 32B 66.59 87.79 50.1 87.83 80.69 90.01 74.79 94.72 67.75 92.91 67.98 46.53

Table 4: Per-domain Joint Goal Accuracy (JGA) and F1 scores of various models and training strategies on
MultiWOZ 2.1 benchmark. Few-shot prompting was performed with 5 examples. Baseline metrics are taken directly
from the corresponding publications. Metrics of our runs are averaged over 5 runs.

Figure 4: Performance (JGA, %) on MultiWOZ 2.4 of various training methods as a function of the number of per-
domain (#PD size) dialogues seen during finetuning. The subplots contrast the base instruct model (Qwen-2.5-3B )
and its function-calling pretrained counterpart (xLAM-2-3b-fc-r). Zero-shot results are shown as horizontal dotted
lines.

data efficiency, providing substantial performance
gains even with minimal training data and clearly
surpassing all SFT baselines for 8B models across
all examined data sizes.

4.7.5 Comparison of Reward Strategies

Figure 5 presents the comparison between two re-
ward strategies within GRPO training: full-match
— 1.0 if all slots are predicted correctly, otherwise
0; and partial-match — the fraction of right pre-
dicted slots. The full-match reward consistently
achieves higher performance across all models
and per-domain data sizes compared to the partial-
match strategy, which rewards near-correct func-
tion calls. The superiority of the full-match reward

likely stems from its stronger alignment with the
exact-match evaluation metric (Joint Goal Accu-
racy), encouraging models to produce precise and
structurally correct function calls rather than ap-
proximately correct ones. In contrast, the partial-
match strategy might introduce ambiguity by al-
lowing the model to partially fulfill the task, ulti-
mately diluting the precision of the reward signal.
These findings underscore the importance of care-
fully selecting the reward function based on the
exact nature of the downstream evaluation criteria,
highlighting that a more stringent reward scheme
can effectively guide the model towards superior
overall performance.
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Figure 5: Performance (JGA, %) on MultiWOZ 2.4 of
various reward strategies. Zero-shot results are shown
as horizontal dotted lines.

Figure 6: Performance (JGA, %) on MultiWOZ 2.4 of
various Qwen-2.5 model scales from 1.5B up to 32B
with different traning regimes.

5 Conclusion

In this work, we demonstrated that reinforcement
learning (RL), specifically Group Relative Policy
Optimization (GRPO), significantly enhances the
generalization and data efficiency of large language
models (LLMs) for Dialogue State Tracking (DST).
Our results show that RL-based fine-tuning sur-
passes supervised fine-tuning (SFT) across a range
of model scales (from 1.5B up to 32B), families
(LLaMA and Qwen) and training data regimes,
achieving state-of-the-art performance on the Mul-

Figure 7: Delta performance (JGA, %) among tool-
calling specialized models and their initial instruct mod-
els on MultiWOZ 2.4 of various model sizes. xLAM
and Qwen cover the 1.5B, 3B, and 32B scales, whereas
ToolACE and LLaMA represent the 8B scale.

tiWOZ 2.1 and 2.4 benchmarks in cross-dataset
setting. Notably, our approach with an 8B model
outperformed even much larger models, including
zero-shot prompted GPT-4 and 13B SFT baselines.

Further, our study highlighted the remarkable
data efficiency of GRPO, where few dialogues
was sufficient for substantial performance improve-
ments, significantly lowering the barrier for adapt-
ing models for cross-dataset inference. Addition-
ally, we illustrated the benefits of leveraging small
models pretrained on structured tool-use tasks,
achieving superior results compared to vanilla
instruction-tuned counterparts.

Overall, our findings underscore the potential
of reinforcement learning methods such as GRPO
in advancing robust, efficient, and scalable DST
solutions, setting a promising direction for future
research in task-oriented dialogue systems.

Limitations

Despite the consistent gains reported in this work,
our study has several limitations.

First, the pipeline depends on non-trivial schema
harmonization, across heterogeneous training cor-
pora and MultiWOZ. While we describe canonical-
ization and a function-call-to-belief-state mapping
procedure (§4.3), small implementation choices
(e.g., normalization, special values, naming con-
ventions) can materially affect JGA. Moreover, our
evaluation parses only the first <tool_call> span
per turn, potentially missing complex settings in-
volving multiple calls or compositional schemas.

Second, explicit penalties for tool-presence mis-
matches may bias the policy toward over-calling.
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We do not report calibration diagnostics like false-
positive rates, nor do we evaluate online interac-
tion quality where the decision to call is context-
dependent.

Finally, our reliance on parameter-efficient adap-
tation (LoRA) and single-slice sampling improves
efficiency but may differ from full fine-tuning per-
formance. It also remains an open question whether
multi-slice or curriculum-style sampling would fur-
ther improve robustness.
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A Appendix

Implementation Details Details about the fine-
tuning hyperparameters for SFT and GRPO phase
can be found in Table 5 and in Table 6 accordingly.
The fine-tuning was conducted on a single H100
80GB GPU.

Parameter Value

Precision mode bfloat16
LoRA target modules Qproj , Kproj , Vproj

LoRA rank 16
LoRA alpha 16
LoRA dropout 0.05
Epochs 1
Batch size 8
Gradient accumulation steps 4
Learning rate 0.0002
Optimizer AdamW
Weight decay 0
Learning rate scheduler cosine
Warmup steps 0
Cutoff length 4096

Table 5: SFT hyperparameters and training configura-
tion

Parameter Value

Precision mode bfloat16
LoRA target modules Qproj , Kproj , Vproj

LoRA rank 16
LoRA alpha 16
LoRA dropout 0.05
Epochs 1
Batch size 8
Gradient accumulation steps 1
Learning rate 0.0003
Optimizer AdamW
Weight decay 0
Learning rate scheduler cosine
Warmup steps 0
Cutoff length 4096
Temperature 1.0
Top p 1.0
Top k −1
Number of generations 8

Table 6: GRPO hyperparameters and training configura-
tion
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