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Abstract

Task-Oriented Dialogue (TOD) systems are
commonly used to assist users in achieving
specific goals through human-computer inter-
actions. Existing methods typically employ
a single model during response generation to
simultaneously learn response style and per-
form fine-grained knowledge retrieval. How-
ever, these task-coupling methods often re-
sult in suboptimal responses generation and
the inclusion of irrelevant knowledge in re-
sponses, making the optimization of TOD sys-
tems more difficult. To address this challenge,
we propose a novel small-to-large model collab-
oration framework for task-oriented dialogue,
named SMARTS. This framework utilizes a
small language model to generate style-only
responses (without knowledge), while a large
language model retrieves top-1 relevant knowl-
edge from the knowledge base independently.
The style-only responses are finally filled with
top-1 relevant knowledge and form the com-
pleted responses to users. Finally, a re-thinker
is designed to check the language fluency and
knowledge accuracy of responses. Experi-
ments on two public datasets demonstrate that
SMARTS outperforms existing methods by an
average of 5.79% in Entity F1.

1 Introduction

Task-Oriented Dialogue (TOD) systems are widely
used to assist users in fulfilling their information
needs through human-computer interaction, such
as hotel booking, weather inquiry, and schedul-
ing tasks (Chen et al., 2017). All these tasks re-
quire TOD systems to generate highly accurate
knowledge-based responses or perform specific
actions. Therefore, TOD tasks often necessitate
multi-step knowledge retrieval from an external
knowledge base to produce accurate user responses
(Qin et al., 2023a). Some existing methods di-
rectly utilize a single model to generate responses
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based on both the dialogue context and the entire
knowledge base (Rony et al., 2022; Dong and Chen,
2023). In these methods, the Language Model
(LM)-based generator produces responses token
by token while simultaneously performing knowl-
edge retrieval. However, there are two main chal-
lenges: (1) When the knowledge base is large, the
model input becomes excessively long, leading to
increased response generation time. (2) Since an
entire knowledge base is used as input, the model
struggles to produce precise responses among a
vast number of knowledge records.

To address these challenges, some works pro-
pose alleviation strategies (Dong et al., 2026; Chen
et al., 2025b; Wan et al., 2023). These methods
employ a knowledge retriever to first select the top-
K relevant knowledge records from the knowledge
base, and feed only these records, along with the
dialogue context, into the generator for response
generation. However, they still require the LM-
based generator to retrieve fine-grained knowledge
from the top-K records during response genera-
tion. In practice, these methods often generate
suboptimal responses that include irrelevant knowl-
edge. Another key limitation of these approaches
lies in their retrievers: they typically encode each
entire knowledge record into a single vector and
perform retrieval based on vector similarity. This
coarse-grained matching strategy makes it difficult
to capture subtle differences between knowledge
records. As a result, the retrieved top-K knowledge
may still contain irrelevant or noisy entries. The
differences and similarities between these methods
are illustrated in Figure 1.

In this paper, we introduce SMARTS (Small-to-
large Model Collaboration Framework for Task-
Oriented Dialogue), a novel framework designed
to alleviate the task-coupling limitations of existing
TOD systems. SMARTS fully decouples knowl-
edge retrieval from response generation, enabling
each component to focus on a single task. A fine-
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Figure 1: Methods for task-oriented dialogue. (a) This kind of method employs the dialogue context and entire
knowledge base as input to LM for response generation with knowledge. (b) This kind of method utilizes a
knowledge retriever to conduct coarse grained knowledge retrieval. (c) Our method, which totally decouples
response generation and knowledge retrieval, enabling each component to focus on a single task.

tuned Small Language Model (SLM) is trained
to generate style-only responses containing place-
holder slots for attributes, while a training-free
Large Language Model (LLM) leverages its strong
reasoning and semantic understanding capabilities
to retrieve the most relevant knowledge record
(top-1) from an attribute-filtered knowledge base.
This knowledge base is dynamically constructed
through a fine-to-coarse retrieval strategy that fil-
ters irrelevant attributes based on the slot informa-
tion in the style-only response. Then, the attributes
of the top-1 knowledge record are directly filled
into the slots of the style-only response. This sepa-
ration allows for targeted optimization and better
generalization. To ensure a fluent and accurate
final response, we introduce a re-thinker module
that evaluates both the fluency and correctness of
the generated output. Experiments on two public
datasets demonstrate that SMARTS consistently
outperforms existing methods, achieving an aver-
age improvement of 5.79% in Entity F1 score. In
summary, this paper provides three contributions:

• We propose a new small-to-large model Col-
laboration framework for task-oriented dia-
logue named SMARTS, synergizing the effi-
ciency of small language model for response
style learning with the precise knowledge re-
trieval of a frozen large language model, en-
abling a balanced and adaptable method to
task-oriented dialogues.

• We introduce a novel fine-to-coarse knowl-
edge retrieval strategy. It removes the irrele-
vant knowledge attributes of knowledge base
before retrieving the top-1 knowledge record.
This strategy enhances the precision in retriev-
ing relevant knowledge while alleviating high

computational costs.

• Experiments on all two publicly available
datasets demonstrate our proposed method
outperform state-of-the-art baselines. A se-
ries of in-depth experiments analysis validates
the effectiveness of both the small-to-large
model collaboration framework and the fine-
to-coarse knowledge retrieval strategy.

2 Related work

Existing end-to-end task-oriented dialogue (TOD)
systems can generally be categorized into two
paradigms: the unified paradigm and the pseudo-
pipeline paradigm.

The unified paradigm employs a single model
to directly generate responses based on both the
dialogue context and the knowledge base. For in-
stance, Madotto et al. (2018) propose Mem2Seq,
an end-to-end neural network that uses a mem-
ory network to store dialogue context and knowl-
edge records, followed by a pointer network to
generate responses. Qin et al. (2020) extend
Mem2Seq with a shared-private framework to sep-
arately learn domain-shared and domain-specific
knowledge. With the rise of pre-trained language
models (PLMs), many works adopt PLMs to build
unified systems. Budzianowski and Vulić (2019)
propose fine-tuning PLMs for dialogue tasks, while
Yang et al. (2021) directly use GPT-2 to model the
entire dialogue session as a sequence of user utter-
ances, belief states, database results, system acts,
and responses. Wang et al. (2022) enhance GPT-
2 with lightweight adapter and CopyNet modules
(GPT-Adapter-CopyNet) for better domain adapta-
tion and entity generation. Rony et al. (2022) pro-
pose DialoKG, which dynamically embeds knowl-
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Figure 2: The overall architecture of SMARTS.

edge into context for GPT-2. To further improve
generation accuracy, Ding et al. (2024) introduce a
prefix trie to constrain GPT-2’s outputs, ensuring
consistency with the knowledge base.

However, jointly optimizing knowledge retrieval
and response generation in a single model often
leads to suboptimal performance and poor inter-
pretability. To address this, the pseudo-pipeline
paradigm separates the TOD task into two loosely
coupled components: a retriever and a generator.
For example, Cai et al. (2019) utilize a retriever
to retrieve past similar dialogues and extract a
retrieval-based skeleton, which is then used to gen-
erate a final response. Tian et al. (2022) propose
Q-TOD, which extracts query representations from
dialogue context for knowledge retrieval, followed
by response generation. Wan et al. (2023) pro-
pose MAKER, a multi-granular retriever that in-
cludes both entity and attribute selectors to improve
knowledge relevance. Shen et al. (2023) use maxi-
mal marginal likelihood to train the retriever using
feedback from response generation. Similarly, Shi
et al. (2023) propose a dual feedback mechanism to
jointly optimize the retriever and generator. Dong
et al. (2024) employ LLMs as knowledge retrievers
and separate LMs for generation. SAGE (Chen
et al., 2025a) further introduces span-level atten-
tion in the generator to focus on a single knowledge
record among top-K retrieved candidates, alleviat-
ing entity inconsistency.

In summary, while recent pseudo-pipeline meth-
ods such as MAKER and SAGE attempt to separate
knowledge retrieval and response generation, they
still rely on a single model to perform each sub-task.
In contrast, our SMARTS framework explicitly co-

ordinates a small model for style-only response
generation and a large model for knowledge re-
trieval and verification, enabling a clear functional
separation and enhanced interpretability.

3 Method

3.1 Problem Definition

For the i-th dialogue turn, the dialogue context
di consists of the full dialogue history and the
current user utterance ui, and is defined as di =
[u1, s1, . . . , ui−1, si−1, ui], where uj and sj de-
note the user utterance and system response at turn
j. An external knowledge base K is used to provide
knowledge for TOD system to generate informative
response. The knowledge base contains N knowl-
edge records, denoted as K = [e1, e2, . . . , eN ].
Each knowledge record ei is a collection of at-
tribute–value pairs and can be represented as ei =
[(a1i , v

1
i ), (a

2
i , v

2
i ), . . . , (a

j
i , v

j
i )], where aji denotes

the j-th attribute and vji denotes its corresponding
value. The set of attributes for record ei is denoted
as Ai = [a1i , a

2
i , . . . , a

M
i ], where M is the total

number of attributes in the record. The system gen-
erates a response sj based on the j-th turn dialogue
context dj and the knowledge base K.

3.2 Model Architecture

The proposed SMARTS consists of a response style
generator, a fine-to-coarse knowledge retriever, and
a re-thinker. The overall architecture of SMARTS
is shown in Figure 2. Firstly, the response style
generator according given i-th turn dialogue con-
text di to generate the style-only response p̂i. The
style-only response is not a completed response,
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there are some placeholder attribute slots A
′
i in

the response. These attribute slots are used as
attribute filters for effective knowledge retrieval.
That means for each record in the knowledge base,
only the attributes corresponding to the slots are
retained for subsequent top-1 knowledge retrieval,
while the remaining attributes are removed by an
attribute filter. Next, the parameter-frozen fine-to-
coarse knowledge retriever is utilized to retrieve
the most relevant knowledge based on dialogue
context di and an attribute filtered knowledge base
K

′
. The value of the attributes from the retrieved

knowledge are filled into the style-only response
and form the i-th turn completed response ŝi.

3.3 The Response Style Generator

The response style generator is designed to rapidly
generate a style-only response that includes spe-
cific attribute slots A

′
i, which are essential for both

fine-to-coarse retrieval and final response genera-
tion. Given the i-th dialogue context di, an encoder
Encd transforms the raw dialogue context input
into a vector representation hctxi . Due to Encd
consists of a SLM, the context length is limited,
here we use a last recent used strategy to trun-
cate the full dialogue context di to truncated di-
alogue context dtrni , and obtain a corresponding
vector representation hctx

′
i . The vector hctx

′
i is then

passed to a decoder Decd with specific adapter
layer, which decodes the embedded context into a
predicted style-only response p̂i. This response is
not fully completed and instead contains attribute
slots A

′
i, placeholders for specific details that will

be filled after knowledge retrieval. Formally,

p̂i = LM(dtrni , θlm, θap), (1)

where θlm are the parameters of the SLM used for
response style generator, θap are parameters of the
specific adapter layer.

To comprehensively train the response style gen-
erator, we adopt a multi-task training strategy. In
addition to generating style-only responses denoted
as p̂i, the model is also tasked with predicting the
corresponding completed response ŝi. This auxil-
iary task encourages the model to not only capture
the stylistic structure of responses but also develop
a better understanding of fine-grained knowledge
usage. To facilitate this, we introduce a completed
response task adapter layer with parameters θaf
into the decoder Decd, enhancing the generator’s
versatility and its ability to generalize across vary-

ing dialogue contexts. Formally,

ŝi = LM(dtrni ,K, θlm, θaf ). (2)

It is worth noting that the completed response
generation task is only used in the training phase.

To train these two types of responses, we em-
ploy a straightforward yet effective approach using
cross-entropy (CE) loss. The specific loss func-
tion used in the training process is described in
Equation 3.

Ltotal = CE(p̂i, pi) + CE(ŝi, si) (3)

The pi is the golden style-only response and si
is the golden completed response from datasets.

3.4 The Fine-to-Coarse Knowledge Retriever
To enable more precise knowledge retrieval, we
propose a fine-to-coarse retrieval mechanism that
incorporates attribute-based filtering. Each knowl-
edge record in K is associated with multiple at-
tributes (e.g., “name”, “phone”, “address”, and
“type”). However, in most real-world scenarios,
many attributes in the retrieved knowledge record
are redundant and not ultimately used in the final
response. To address this, we extract a subset of
relevant attribute slots, denoted as A

′
i, to retain

only the necessary information and discard irrel-
evant attributes from the knowledge base. The
attribute-based filtering process is formally defined
in Equation 4.

K
′
= Filter(K,A

′
i) (4)

K
′

is a fine-grained attribute knowledge base ob-
tained by applying a simple filtering function Filter
to K, which retains only the attributes specified in
A

′
i for each knowledge record. Next, the fine-to-

coarse knowledge retriever takes both the filtered
knowledge base K

′
and the dialogue context di

as input. The retriever leverages the LLM’s infer-
ence capabilities to assess the relevance of each
candidate knowledge record, evaluating how well
it matches the dialogue context. The used prompt
P r designed as "Dialogue context: {}. Knowledge
records: {}. According to the dialogue context, de-
termine which knowledge records are appropriate.
Answering with the name of the knowledge record
is fine.". Through this process, the model directly
selects the top-1 most relevant knowledge record
for the i-th turn etopi , ensuring the most accurate
and contextually appropriate response is generated.
Formally,
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etopi = LLM(di,K
′
, P r). (5)

Given top-1 most relevant knowledge record
etopi , the value of the attributes from the retrieved
top-1 relevant knowledge record are filled into the
style-only response and form the i-th turn com-
pleted response ŝi. Formally,

ŝi = Fill(etopi , p̂i). (6)

3.5 The Re-Thinker

The re-thinker is designed to reassess and refine
the completed response as by given the dialogue
context di and retrieved top-1 knowledge record.
The re-thinker evaluates this completed response by
concatenating it with the dialogue history to assess
whether the response is appropriate in the given
context. The prompt used for re-think is designed
as "Dialogue context: {}. A response: {}. Do you
think the response fits the context? Answer yes or
no is enough. Think step by step."

If the response is deemed appropriate, this com-
pleted response is used as the final completed re-
sponse. Otherwise, a re-generation prompts P g is
designed to guide the LLM to generate a contex-
tually response. The prompt is "Dialogue context:
{}. Knowledge records: {}. An example of a non-
applicable response: {}. You need to respond to the
user based on the given dialogue context, the non-
applicable response sample, and the knowledge
record I have provided to you. So, your response
is?"

This re-thinker ensures that SMARTS output is
both contextually knowledge relevant and style-
compliant, while also being refined through an ad-
ditional layer of evaluation to guarantee its overall
quality and appropriateness.

3.6 The Inference Phase

In the inference phase in SMARTS, the fine-tuned
response style generator, with its compact param-
eter size, rapidly produces an initial style-only re-
sponse p̂i. Attribute slots is extracted from p̂i to
form a filtered knowledge base K

′
, excluding ir-

relevant attributes. The fine-to-coarse knowledge
retriever performs top-1 knowledge retrieval using
K

′
and dialogue context, filling attribute values

into p̂i to create a completed response ŝi. The
re-thinker evaluates ŝi for quality and contextual
appropriateness. If ŝi meets quality standards,

it serves as the final response; otherwise, a re-
generation phase employs an LLM to produce a
refined, high-quality response. This mechanism
ensures SMARTS balances speed and accuracy.
The overall pseudocode of the SMARTS inference
phase is presented in Algorithm 1.

Algorithm 1: Pseudo code of SMARTS
inference

Input: i-th turn Dialogue context di,
Knowledge base K

Output: Response from i-th turn dialogue
ŝi

1 p̂i, A
′
i← LM(dtrni ) // Obtain a style-only

response and attribute slots
2 K

′ ← Filter(K,A
′
i) // Obtain a attribute

filtered knowledge base according to the
attribute slots

3 etopi ← LLM(di, K
′
, P r) // Obtain the top-1

knowledge record by a dialogue context
and a attribute filtered knowledge base

4 ŝi← Fill(etopi , p̂i) // Fill the attribute values
into the style-only response and obtain a
completed response.

5 r← Re-Thinker(ŝi, di) // Determine
whether the response is logical based on
the dialogue context and return a
context-sensitive boolean value r.

6 if r is No then
7 ŝi← LLM(di, ŝi, e

top
i , P g) //

Re-generate a response as the final
completed response.

4 Experiment

4.1 Dataset
The effectiveness of the proposed model was val-
idated using two publicly available task-oriented
dialogue datasets: CamRest (Wen et al., 2017),
and MultiWOZ 2.1 (MWOZ) (Budzianowski et al.,
2018). The Camrest dataset primarily focuses on
the restaurant reservation domain and contains 676
multi-turn dialogues. The MWOZ dataset con-
sisted of five domains: train, hotel, restaurant, taxi,
and attraction. It is composed of 2,877 multi-turn
dialogues. Each dataset was further divided into
training, validation, and test sets following previ-
ous work (Wan et al., 2023).

4.2 Evaluation Metrics
To evaluate model performance, we use five met-
rics: BLEU (4-gram), Entity F1, Entity Precision,

2607



Dataset Method BLEU Entity F1 Entity Precision Entity Recall Entity Accuracy

CamRest

GraphMemDialog (Wu et al., 2022) 22.30 64.40 - - -
ECO (Huang et al., 2022) 18.42 71.56 - - -
DialoKG (Rony et al., 2022) 23.40 75.60 77.31 73.97 50.32
MPEToDs (Qin et al., 2023b) 19.30 58.90 - - -
PluDG (Dong and Chen, 2023) 23.00 76.90 77.20 76.61 51.86
MAKER (Wan et al., 2023) 25.04 73.09 73.89 72.31 46.32
DF-TOD (Shi et al., 2023) 25.85 72.83 - - -
RGA-TOD (Shen et al., 2023) 25.00 72.09 - - -
Uni-TOD (Ding et al., 2024) 24.70 77.80 78.89 76.78 52.39
IEM (Chen et al., 2024) 25.99 77.12 77.34 76.91 51.05
MLTOD (Dong et al., 2024) 25.20 77.49 77.85 77.13 51.79
SMARTS(Ours) 27.21 79.72 79.92 79.53 54.43

MWOZ

GraphMemDialog (Wu et al., 2022) 14.90 40.20 - - -
ECO (Huang et al., 2022) 12.61 40.87 - - -
DialoKG (Rony et al., 2022) 12.60 43.50 43.87 43.12 31.47
MPEToDs (Qin et al., 2023b) 13.60 36.60 - - -
PluDG (Dong and Chen, 2023) 9.20 42.40 43.56 41.32 30.28
MAKER (Wan et al., 2023) 17.23 53.68 55.17 52.27 37.21
DF-TOD (Shi et al., 2023) 18.26 52.52 - - -
RGA-TOD (Shen et al., 2023) 16.97 51.99 - - -
Uni-TOD (Ding et al., 2024) 12.30 44.30 46.27 42.49 33.07
IEM (Chen et al., 2024) 15.18 45.20 47.42 43.18 32.89
SMARTS(Ours) 18.82 58.55 57.48 59.65 41.07

Table 1: Performance comparison of SMARTS and baseline models on two public datasets (CamRest and MWOZ).
Bold numbers indicate the state-of-the-art results. Numbers with underline indicate the second results.

Entity Recall, and Entity Accuracy. BLEU (Pa-
pineni et al., 2002) measures fluency via n-gram
overlap between generated and reference text. En-
tity F1 (Eric et al., 2017), the harmonic mean of
precision and recall, assesses accurate entity identi-
fication and use in dialogue. Entity Precision eval-
uates the correctness of generated entities, Entity
Recall measures coverage of reference entities, and
Entity Accuracy gauges overall entity recognition
accuracy.

4.3 Baseline

To objectively evaluate our method, we select a va-
riety of representative baseline models for compar-
ison, categorizing them according to their knowl-
edge retrieval strategies in response generation1.

Implicit retrieval: These methods integrated the
processes of knowledge retrieval and response gen-
eration within a single model, including Graph-
MemDialog (Wu et al., 2022), ECO (Huang et al.,
2022), DialoKG (Rony et al., 2022), MPEToDs
(Qin et al., 2023b), PluDG (Dong and Chen, 2023),
Uni-ToD (Ding et al., 2024) and IEM (Chen et al.,
2024).

Explicit retrieval: These methods utilize a knowl-
edge retriever to retrieved the top-K relevant knowl-

1The descriptions of these baselines are detailed in the
section 2.

edge records, only conduct fine-grained knowledge
retrieval during the response generation, includ-
ing Q-TOD (Tian et al., 2022), MAKER (Wan
et al., 2023), DF-TOD (Shi et al., 2023), RGA-
TOD (Shen et al., 2023), and MLTOD (Dong et al.,
2024).

4.4 Implementation

We use the base version of Flan-T5 (Raffel et al.,
2020) as the response style generator. During train-
ing, we set the learning rate to 5×10−5 and employ
the AdamW optimizer. Additionally, we utilize
a Llama-3-8B model with frozen parameters as
both the fine-to-coarse knowledge retriever and the
re-thinker. All experiments are conducted on an
NVIDIA RTX 3090 GPU with 24GB of memory.

4.5 Main Results

To comprehensively compare the performance of
SMART with several baseline models, we utilize
two public datasets and five metrics to evaluate
these methods. SMART consistently outperforms
baseline models in all metrics across the datasets
and achieved state-of-the-art (SOTA). On the Cam-
Rest dataset, SMART achieves a BLEU score of
27.21, which represents a 4.7% improvement over
the second-best baseline, IEM (25.99). In terms of
entity metrics, SMART surpass baselines by 2.5%
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Method BLEU Entity F1 Entity Precision Entity Recall Entity Acc.
Ours 18.82 58.55 57.48 59.65 41.07
w/o fine-to-coarse knowledge retriever 14.34 (4.48↓) 55.64 (2.91↓) 54.47 (3.01↓) 56.87 (2.78↓) 39.22 (1.85↓)
w/o completed response generation task 16.32 (2.50↓) 56.32 (2.23↓) 55.72 (1.76↓) 56.93 (2.72↓) 39.93 (1.14↓)
w/o re-thinker 17.01 (1.81↓) 57.31 (1.24↓) 56.76 (0.72↓) 57.87 (1.78↓) 40.75 (0.32↓)

Table 2: Model ablation experiments for two different modules on MWOZ dataset.

Retrieval method Generation method BLEU ↑ Entity F1 ↑ Time (s) ↓
LLM Coarse-only Retrieval LLM Generation 7.41 41.39 16.98
LLM Coarse to Fine Retrieval LLM Generation 9.74 43.09 23.67
LLM Fine to Coarse Retrieval LLM Generation 10.34 47.05 14.32
LLM Coarse-only Retrieval LM Generation 14.64 51.95 12.52
LLM Coarse to Fine Retrieval LM Generation 16.49 53.95 16.38
LM Retrieval LM Generation 17.23 53.68 10.89
LLM Fine to Coarse Retrieval LM Generation 18.82 58.55 11.13

Table 3: The impact of large-small language model collaboration framework.

in Entity F1, 1.3% in Entity Precision, 3.1% in
Entity Recall, and 3.9% in Entity Accuracy, respec-
tively. On the MWOZ dataset, SMART achieves a
BLEU of 18.82, improving by 3.1% over the previ-
ous SOTA baseline DF-TOD (18.26). Additionally,
SMART outperforms LQ-TOD by 9.1% in Entity
F1, 10.1% in Entity recall, and 5.9% in Entity ac-
curacy. compared to MAKER, SMART achieves
a 4.2% boost in Entity Precision. These results
demonstrate SMART has an advantage in generat-
ing fluent, and knowledge-accurate response, high-
lighting effectiveness of our small-to-large model
coordinated retrieval and response framework.

4.6 Ablation study

To explore the contribution of each part from
SMART, we conduct the ablation study experi-
ment. Table 2 presents the results of the experi-
ment. When we remove the fine-to-coarse knowl-
edge retriever (w/o fine-to-coarse knowledge re-
triever) and use the coarse-to-fine knowledge re-
triever from MAKER (Wan et al., 2023) to conduct
knowledge retrieval, the performance is depress-
ing. As the same, when we remove the re-thinker
(w/o re-thinker), SMART also has a performance
decline. In addition, removing the completed re-
sponse generation task (w/o completed response
generation task) also leads to a noticeable drop
across most evaluation metrics, showing that this
module is essential for ensuring accurate and co-
herent response generation. These results indicate
that the fine-to-coarse knowledge retriever, the re-
thinker, and the completed response generation task
all play crucial roles in the overall effectiveness of
SMART, as their removal negatively impacts per-

Figure 3: Different LLMs Performance in fine-to-coarse
retrieval.

Figure 4: Performance of different LLMs in the Re-
thinking.

formance across all evaluation metrics.

4.7 Coordinated Strategy of Large-small
Language Model Coordinated Framework

In order to explore how to coordinate large lan-
guage model and small language model to achieve
the best performance for TOD, we try several
model-coordinated strategies. Table 3 presents an
analysis of different model-coordinated strategies
between large and small language models within
the coordinated framework of SMARTS. The ta-
ble compares various retrieval methods—LLM
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based coarse-only retrieval, LLM based coarse-to-
fine retrieval, and LLM based fine-to-coarse re-
trieval—and their corresponding generation meth-
ods, evaluating their impact on two metrics: BLEU,
Entity F1. The results reveal that the best-
performing configuration is the strategy of LLM
based fine to coarse retrieval with LM based gen-
eration, achieving the highest BLEU score (18.82)
and Entity F1 (58.55). These results suggest that
proper strategy between the large and small lan-
guage models enhances both the quality and effi-
ciency of response generation, with the LLM-based
fine-to-coarse retrieval and LM-based generation
strategy yielding the most balanced and effective
results.

4.8 Impact of Large Language Model on
Fine-to-coarse Retrieval and Re-thinking

To investigate how different LLMs affect fine-to-
coarse retrieval and re-thinking in the SMARTS
framework, we evaluate five LLMs on the Multi-
WOZ dataset: GPT-4o, GPT-4o-mini, Llama2-7B,
Llama3-8B (Dubey et al., 2024), and Deepseek-R1-
Distill-Qwen (7B) (Guo et al., 2025). We assess
performance using entity-related metrics: Entity
F1, Entity Precision, and Entity Recall.

Figures 3 and 4 present the results. GPT-4o
and GPT-4o-mini exhibit comparable performance,
with GPT-4o-mini slightly outperforming Llama3-
8B in Entity Precision. Llama3-8B and Deepseek-
R1-Distill-Qwen show similar results across all
metrics. In contrast, Llama2-7B performs the weak-
est, particularly in Entity Precision, where it signif-
icantly trails other models.

Analysis reveals that LLMs with stronger
instruction-following capabilities (GPT-4o, GPT-
4o-mini, Llama3-8B, and Deepseek-R1-Distill-
Qwen) achieve similar performance in knowl-
edge retrieval, while Llama2-7B, with weaker
instruction-following, underperforms. These find-
ings indicate that instruction-following ability,
rather than model size, is critical for effective re-
trieval and rethinking in the SMARTS framework.

4.9 Performance Comparison on Large-Scale
Knowledge Base

Previous methods are typically trained and evalu-
ated on standardized-scale knowledge bases. How-
ever, in real-world scenarios, knowledge is re-
trieved from large-scale knowledge base. To simu-
late such scenarios, following previous work (Ding
et al., 2024; Wan et al., 2023) we aggregate all

Method
CamRest MWOZ

BLEU Entity F1 BLEU Entity F1
DF-Net - - 6.45 27.31
EER 20.61 57.59 11.60 31.86
FG2Seq 19.20 59.35 10.74 33.68
CDNet 16.50 63.60 10.90 31.40
Q-TOD 21.44 63.88 16.67 47.13
MAKER 26.19 72.09 16.25 50.87
Ours 26.56 77.17 17.41 56.45

Table 4: The results of SMARTS and baseline models
with a large-scale knowledge base on the MWOZ and
CamRest datasets respectively.

Model Naturalness Correctness Task Completion
IEM 3.9 3.7 3.8
MAKER 3.8 4.0 3.9
Uni-TOD 3.9 3.8 3.9
SMARTS 4.1 4.4 4.3

Table 5: The result of human evaluation on MWOZ
dataset with stateful configuration.

knowledge records from the databases provided
from the CamRest and MWOZ datasets to con-
struct a unified large-scale dataset to evaluate the
performance of the methods. The results are shown
in Table 4. Our results show that our model out-
performs the baselines when using the large-scale
knowledge base. It reveals that the performance
of existing systems significantly deteriorates when
using the large-scale knowledge base compare to
the performance in standardized-scale knowledge
bases. This decline can be attributed to our model’s
fine-to-coarse knowledge retrieval strategy and re-
think mechanism, which enable it to retrieve more
precise knowledge and relevant attributes during
response generation.

4.10 Human Evaluation

We conduct a human evaluation by distributing
an online survey to 50 university volunteers. Our
method, SMARTS, is compared with two previ-
ous state-of-the-art (SOTA) models, MAKER and
Uni-TOD. The evaluation assesses response natu-
ralness, correctness, and task completion using 50
dialogue samples from the MWOZ dataset. The
results, presented in Table 5, show that SMARTS
consistently achieves the highest scores across all
metrics. These findings suggest that SMARTS in-
tegrates a more effective mechanism for generat-
ing human-like, contextually appropriate, and goal-
oriented responses, making it a strong candidate
for task-oriented dialogue systems.
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5 Conclusion

In this paper, we propose SMARTS, a novel small-
to-large model coordinated framework for task-
oriented dialogue. SMARTS addresses the task-
coupling limitations of traditional TOD systems by
introducing a fine-to-coarse knowledge retrieval
strategy and a re-think mechanism. These de-
signs enhance retrieval precision, reduce computa-
tional complexity, and improves response quality.
By coordinating small and large language mod-
els, SMARTS effectively balances efficiency and
informativeness. Extensive experiments on two
public datasets demonstrate its superior knowledge
retrieval accuracy and response generation capabil-
ities, achieving significant improvements in Entity
F1.
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Limitations

Although SMARTS leverages the strengths of both
large and small language models to achieve supe-
rior performance, this collaboration also increases
the inference time. Additionally, the large language
models used in SMARTS can still produce mislead-
ing or incorrect information, as they may generate
responses based on false or incomplete knowledge.
Future work will focus on improving the efficiency
of reasoning and addressing these reliability issues.
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