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Abstract

Pre-trained encoder-decoder models are widely applied in
Task-Oriented Dialog (TOD) systems on the session level,
mainly focusing on modeling the dialog semantic informa-
tion. Dialogs imply structural information indicating the in-
teraction among user utterances, belief states, database search
results, system acts and responses, which is also crucial
for TOD systems. In addition, for the system acts, addi-
tional pre-training and datasets are considered to improve
their accuracies, undoubtedly introducing a burden. There-
fore, a novel end-to-end TOD system named Winnie is
proposed in this paper to improve the TOD performance.
First, to make full use of the intrinsic structural infor-
mation, supervised contrastive learning is adopted to nar-
row the gap in the representation space between text rep-
resentations of the same category and enlarge the over-
all continuous representation margin between text represen-
tations of different categories in dialog context. Then, a
system act classification task is introduced for policy opti-
mization during fine-tuning. Empirical results show that Win-
nie substantially improves the performance of the TOD sys-
tem. By introducing the supervised contrastive and system act
classification losses, Winnie achieves state-of-the-art results
on benchmark datasets, including MultiwOZ2.2, In-Car,
and Camrest676. Their end-to-end combined scores are im-
proved by 3.2, 1.9, and 1.1 points, respectively.

Introduction

The extensive adoption of intelligent customer services and
personal assistants has sparked a growing fascination with
constructing Task-Oriented Dialog (TOD) systems. These
systems assist users in diverse tasks through natural lan-
guage conversations, including tasks like table reservations,
hotel bookings, and more. To effectively serve users, TOD
systems need to possess the ability to comprehend user
intentions, devise appropriate strategies, and generate re-
sponses that resemble human-like interactions.
Conventional TOD systems adopt a modular pipeline ap-
proach. The natural language understanding module identi-
fies user intentions and extracts relevant information from
utterances. Then, the dialogue state tracking (Zhang et al.
2020a) module monitors slot values and updates the belief
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i am looking for a place to stay . it needs t
o be a guest house and include free wifi .

[hotel] [value_internet] yes [value_type]

guest house
DB state .‘ [hotel] 23

[hotel] [inform] choice type
[request] area pricerange

there are 23 hotels that meet your needs .
would you like to narrow your search by
area and and or price range ?

Figure 1: The first turn for Task-Oriented Dialog Systems.

state, capturing the entire context information. The belief
state is used to query a task-related database to align with the
user’s objective, e.g., determining matching entities or book-
ing availability. Based on the matched results, the dialogue
policy module determines the next system action, guiding
the system to generate an appropriate response. Finally, the
natural language generation module converts the system ac-
tion into a natural language response. However, this sequen-
tial approach has a significant drawback, as errors can prop-
agate from one module to another, affecting subsequent sub-
tasks.

To address this limitation, researchers are exploring mod-
ule integration into a unified model, establishing an end-to-
end neural architecture for TOD systems. Due to the signif-
icant improvement of Pre-trained Language Models(PLMs)
(Yang et al. 2019) on various downstream tasks, researchers
construct the end-to-end TOD system (Hosseini-Asl et al.
2020) by modeling a cascaded generation problem based on
PLMs (Su et al. 2022). Through multi-task training, typical
generative models, e.g., GPT and T5 (Raffel et al. 2019),
can convert the whole dialog context into system responses.
Nevertheless, prior research (Zhang et al. 2020c) indicates
that inherent disparities in linguistic patterns exist between
human conversations and regular texts. Simply fine-tuning
PLMs are initially trained on plain texts. For downstream di-
alogue tasks, they hamper the model’s ability to adequately
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capture conversational patterns and linguistic knowledge, re-
sulting in sub-optimal performance (Wu and Xiong 2020;
Zeng and Nie 2021). As a result, to tackle this issue, re-
searchers propose Pre-trained Conversation Models (PCMs)
(Wu et al. 2020), which involve pre-trained vanilla PLMs on
the extensive dialog corpora.

Notably, the TOD system is different from open-domain
dialog generation (Bao et al. 2020), containing intermedi-
ate states in addition to user utterances and responses. We
define the overall dialog task flow containing intermediate
states as dialog structure. Currently, most works have shown
that incorporating dialog structure and dialog policy into di-
alog generation can significantly improve responses quality,
e.g., IEHSA (Wang et al. 2023) and GALAXY (He et al.
2021). However, the existing end-to-end TOD system does
not take full advantage of the dialog structure and neglects
the exploitation of the dialog policy. In addition, most exist-
ing datasets do not have intermediate states; the collection
of corpus containing intermediate states for the pre-trained
process of PCMs is difficult, and the pre-trained process is
very time-consuming. Therefore, a novel end-to-end TOD
system named Winnie is proposed in this paper. We only
use the dialogue-Transformer layer to model dialog struc-
tural information as a residual to attach to the dialog seman-
tic representation output by the dialog encoder, and we don’t
use additional training corpora to perform the pre-training
process of PCMs.

Firstly, to comprehensively capture the structural infor-
mation within the dialogue, a dialogue-level Transformer
layer is incorporated to handle the long-range context depen-
dencies between utterances. Each utterance’s representation
is captured by a pre-trained language model. In contrast to
previous methods that solely employ PLMs as feature ex-
tractors, the dialogue-level Transformer layer is more adept
at modeling dialog structural information and leveraging the
unique characteristics of the dialog compared to plain text.
Consequently, the model can extract more abundant contex-
tual information from the dialog history.

Secondly, we incorporate supervised contrastive learning
(SCL) (Khosla et al. 2020) to differentiate representations of
distinct category utterances in the representation space. This
approach fosters cohesion among utterances of the same cat-
egory and ensures mutual exclusivity among those of differ-
ent categories by fully leveraging dialog structural informa-
tion. Compared to cross-entropy loss, the supervised con-
trastive loss improves training stability and enhances the
model’s generalization (Gunel et al. 2020). Additionally,
for effective integration of the PLM and the dialogue-level
Transformer layer, we introduce both the residual connec-
tion and max pooling. These measures contribute to opti-
mizing the overall performance of the model.

Thirdly, an auxiliary system act classification task is in-
troduced to boost the performance of policy planning for
TOD. Compared with the end-to-end generation task, using
a classification task for explicit policy injection can enable
the model to capture more abundant system act annotation
information and accelerate the model convergence.

Finally, we employ T5 (Raffel et al. 2019), a pre-trained
Transformer with an encoder-decoder structure, as the back-
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bone model and augment it using contrastive and classifi-
cation losss. The proposed model, Winnie, achieves state-
of-the-art results on three TOD datasets. Moreover, ablation
experiments and case studies further validate the efficiency
of the contrastive and classification losss on the TOD task.

In conclusion, the main contributions of our work can be
summarized as follows:

To the best of our knowledge, we are the first to incorpo-
rate SCL into the TOD system, resulting in a substantial
enhancement of the model’s capability to generate natu-
ral language responses.

By incorporating system act classification as an auxiliary
task, the model captures more abundant system act anno-
tation information and further improves the performance
of policy planning.

Our model is straightforward to implement as it does not
rely on any additional annotations or extensive datasets
for pre-training.

Empirical results show Winnie achieves state-of-the-art
performance on the MultiWwOZ 2.2, CamRest676, and In-
car datasets.

Related Work

Pre-trained Language Models (PLMs) are trained with
Transformer on extensive textual data, leading to a signif-
icant enhancement in dialog systems’ performance. PLMs
can be classified into two types based on the attention
mechanism used during pre-training: uni-directional and bi-
directional. For natural language understanding tasks such
as classification or machine reading comprehension, BERT
(Devlin et al. 2019) and Roberta (Liu et al. 2019) are pre-
trained using a bi-directional transformer to capture rich
contextual semantic meanings. In contrast, for natural lan-
guage generation tasks, GPT and TS5 (Raffel et al. 2019)
utilize the uni-directional transformer decoder to optimize
the likelihood of left-to-right generation. In recent times,
the introduction of the unified language model UniLM
(Dong et al. 2019) has allowed for both bi-directional and
uni-directional attention with versatile self-attention mask
schemes. In the context of TOD systems, all three aforemen-
tioned models are employed. TOD-BERT (Wu et al. 2020)
adopts BERT as the backbone model, DialoGPT (Zhang
et al. 2020c) utilizes GPT as the backbone model, and
GALAXY (He et al. 2021) employs UniLLM as the backbone
model.

Pre-trained Conversation Models (PCMs) extend the
pre-training of PLMs on dialogue corpora (Henderson et al.
2020; Mehri, Eric, and Hakkani-Tiir 2020; Zhang et al.
2020c), aiming to narrow the disparity between regular texts
and human dialogues. These models can be broadly cate-
gorized into two types: open-domain and task-oriented. The
former entails training PLMs on conversational data from
diverse sources collected from platforms such as Reddit or
Twitter to facilitate dialog response generation. Notably, Di-
alogGPT (Zhang et al. 2020c), an extension of GPT2, is pre-
trained on 147M conversations from Reddit. As the same
time, Blender (Roller et al. 2021) underwents pre-training on
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1.5B dialogs in open-domain settings, showcasing impres-
sive dialog response generation capabilities. Additionally,
to address the challenge of generating multiple diverse re-
sponses for a single input in an open-domain dialog, PLATO
(Bao et al. 2020) incorporats discrete latent variables, and
the second line of PCM designs tailors models specifically
for TOD tasks. For instance, in SC-GPT (Peng et al. 2020),
natural language responses are generated with the assump-
tion that both dialog acts and slot-tagging results are avail-
able. SOLOIST (Peng et al. 2021) utilizes a Transformer-
based auto-regressive language model to create a task bot,
integrating diverse dialog modules into a unified neural
model, and performed pre-training on two TOD datasets.
GALAXY (He et al. 2021) utilized a consistency regular-
ization loss in a semi-supervised approach to training the di-
alog policy using both labeled and unlabeled dialog corpora.
PPTOD (Su et al. 2022) utilized task-specific prompts on
the T5 model (Raffel et al. 2019) to transform various TOD
tasks into text-to-text generation tasks, enabling the incor-
poration of more diverse TOD corpora. In contrast to these
methods, our proposed approach, Winnie, does not employ
a separate pre-training phase. Instead, it solely adopts super-
vised contrastive loss and system act classification loss as
additional optimization goals during fine-tuning.

Contrastive Learning seeks to minimize the difference
between representations of two semantically similar utter-
ances while maximizing the distinction between represen-
tations of dissimilar utterances. This approach can be clas-
sified into two groups depending on the label requirement.
The first approach is un-supervised contrastive learning (un-
SCL). For example, SimCLR (Chen et al. 2020) employs
pairs of augmented images from the same original im-
age as positive samples and images from different sources
as negative samples, effectively optimizing the contrastive
loss. Similarly, ConSERT (Yan et al. 2021) incorporates
self-supervised contrast loss into the fine-tuning process
of BERT. The second approach is SCL, which maximizes
the utilization of supervised signals. Khosla et al. extends
SCL with a self-supervised training approach, leading to the
grouping of samples with the same label in the embedding
space while pushing samples from different categories away
from each other (Khosla et al. 2020). Due to the potential
issues with model training instability and convergence to lo-
cal optima when using cross-entropy loss, incorporating su-
pervised contrastive loss during the fine-tuning stage leads
to remarkable performance gains for the model in few-shot
learning scenarios, as demonstrated by SCL (Gunel et al.
2020). SimCSE (Gao, Yao, and Chen 2021) uses entailment
and contradicting pairs from the annotated NLI dataset as
positive and negative samples in SCL. ConvFiit (Vuli¢ et al.
2021) applies SCL for intent recognition tasks during fine-
tuning, treating all samples within the same class as positive
instances. In contrast, our approach involves adopting SCL
during fine-tuning to model the dialog structural information
comprehensively.

Method

In this section, a novel end-to-end TOD system, Winnie, is
proposed. It consists of the dialog encoder, dialogue-level
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Transformer layer, belief state decoder, and system act/re-
sponse decoder. Firstly, we introduce the data transmission
process after the user utterances are input into the dialogue
system. Then, we explain the two novel methods used in this
paper to enhance the system’s performance.

Dialog Model Based on Transformer

The proposed model adopts a sequence-to-sequence archi-
tecture, illustrated in Figure 2. In the initial turn, the encoder
processes the user utterance. As the dialogue progresses to
turn ¢, the encoder takes all previously generated outputs and
the user utterances {turny, ..., turny_1, Uy}, where turn is
{U,B, D, A, R}, U is user utterance, B is belief state, D
is database search result, A is system act, and R is re-
sponse. Here, we use the second turn as an example. After
{turng, U; } is fed into the T3, the representation of the cur-
rent context H; is acquired:

H, = T5Encoder(turng, Uy) (D

where H; € R**?, s represents the length of the sequence,
and d indicates the hidden dimension.

The T5Encoder output, represented as Hi, is forwarded
into the max-pooling (MaxPooling) layer to obtain the con-
densed representation of the utterances after aggregation, as
follows:

2)

To acquire the context information of the historical dia-
log, we employ a Transformer-based dialogue-level encoder.
The multi-head attention mechanism adeptly apprehends the
interplay among diverse conversations and consolidates di-
verse features to yield the ultimate hidden representation.
This approach thoroughly models the complex interdepen-
dence among various utterances and contextual connections.
The multi-head attention score for all utterances in a context,
specifically between two different utterances in a conversa-
tion represented as h;, hy, can be calculated using the sub-
sequent equations:

g, by, do, ag, o, u1 = MaxPooling(H)

Atten(Q, K, V) = softmax( QKT W 3)
Vi

head; = Atten(h; W2, by WX b W) (4)

MultiHead(Q, K, V) = [head,; ...;head, ]WP  (5)

where W& e R¥*da WK e Rixd WV e RIxdv and
the parameters QO € R4%d can be optimized, where d, dy,
and d, represent the dimensions of query, key, and value
vectors, respectively. The variable n refers to the number of
attention heads.

Hence, contextual utterance representation that captures
contextual dependencies can be acquired using the previ-
ously mentioned dialog-level Transformer layer:

(6)
(7

where Heontext € R**? indicates utterances in a conver-
sation within the dialog context size cs, and Hgcontext €
Res*4 denotes the utterances after context modeling.

Hcontext = [’U,(); bO; dO; ap; 705 ul]

Hicontext = DialogueTransformer( Heontext)
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Figure 2: The proposed Winnie model consists of a dialog encoder, a dialogue-level Transformer layer, a belief decoder, and
a response decoder. The representation of each utterance, acquired through max-pooling the hidden state, serves as input to
the upper-level dialogue-level Transformer, capturing dialog structure information. These utterance representations, containing
semantic and structural information, are subsequently used to decode the belief state, system act, and response.

Finally, the encoder hidden states with both dialog struc-
tural information and semantic information for the decoder
can be obtained by the following formula:

Tqec = H1 + eXplOde(Hdcontext) ®)

where explode denotes each utterance representation ex-
tended to the length of its sequence and aims to facilitate the
addition of dialog semantic representation obtained by the
dialog encoder. The loss functions, defined as Eqs (9) and
(10), are applied for the belief and system action/response
generation, respectively.

®
(10)

Letief = —logp(Bi|1gec)
Eresp = —ZOQP(AL R’ ‘Idem DBI)

Supervised Contrastive Learning

SCL assumes critical aspects receive attention and enhances
the stability of few-shot learning when fine-tuning pre-
trained models (Gunel et al. 2020). Conventional contrastive
learning uses one pair of positive examples, contrasting
them against all other samples as negatives. In contrast, su-
pervised contrastive learning regards all examples with the
same label in the batch as positive, effectively maximizing
the utilization of supervisory signals.

Since we need to capture dialog structural information
with SCL, and the model cannot forget the dialog seman-
tic information obtained by the dialog encoder. Therefore,
we introduce the residual connection to ensure that the
dialogue-level Transformer layer only learns the residual in-
formation representing the dialog structure, which is a sup-
plement to dialog semantic information obtained by the di-
alog encoder. The input Igcr, of SCL can be calculated by
the following formula:

(1)

ISCL = Hcontext + Hdcontext
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For TOD, each dialog turn contains five kinds of infor-
mation, i.e., user utterance, belief state, database search re-
sult, system act, and response. The number of samples in
each category is highly balanced. Therefore, SCL is suitable
for capturing dialog structural information. The SCL for all
samples in a batch is represented by the following equations:

-1

Lscr = Zm Z SIM(p, 1) (12)
i€l pEP (i)

SIM(p, 1) = log——2PXi " Xp/7) (13)

ZaeA(i) 6xp(Xi : Xa/T)

where X € Ruttenumxd i c 1 — 12 . uttenum} in-
dicates the index of the utterances in a batch (uttenum =
bs * cs), and bs indicates batch size. 7 € R represents the
temperature coefficient, controlling the distance between ut-
terances, P (i) = I;—; — {i} corresponds to utterances with
the same category as 4 excluding itself, and A(i) = I — {i}
denotes all utterances in the batch except itself.

System Act Classification

The response decoder initially generates the system action
A;, comprising domain, action type, and slot triples, fol-
lowed by the natural language response I?;. It’s important
to note that the natural language responses are also condi-
tioned on the generated system action, as the decoder gener-
ates tokens in an auto-regressive manner. The quality of sys-
tem action has a significant impact on the result of natural
language response. However, most previous methods focus
on improving the quality of generating belief states and ig-
nore the quality of system acts. We use the system act classi-
fication as an auxiliary task to explicitly inject dialog policy
annotation information during the decoding process of the
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response decoder. The probability distribution over all pos-
sible tokens for the i, system act input token is as follows:

p; = softmax(W - s; +b) (14)

where s; is the response decoder hidden state of the #;j, sys-
tem act input token, W and b are trainable weights and bias,
respectively. We use the cross-entropy loss function for the
system act classification, and the formula is as follows:

L Noc
Lsac = N Z Z Yic - 10gTi.c

i=1 c=1

(15)

where N is the token number of tokenized system act, C'
is the size of vocab corresponding to the system act, y; .
represents the label of token ¢ corresponding to category c,
and §J; . indicates the probability of token ¢ corresponding to
category c output by the dense layer.

Model Training

The model training loss comprises four components: belief
state generation, response generation, supervised contrastive
loss, and system act classification. The loss is a weighted
sum of these four parts, as shown in the following formula:

L = Lyeliet + Lresp + @Lscr + BLsAC (16)

In the experiments, we use « to represent the weight for
supervised contrastive loss and § to denote the weight for
system act classification loss. Specifically, we set « to 0.025
and 3 to 1.5.

Experimental Settings

This section provides details on the datasets, baseline, eval-
uation metrics, and parameter settings in the experiments.

Experimental Setup

Our experiments emphasize the end-to-end dialog modeling
(E2E) setting, where the model does not receive ground-
truth immediate labels. Winnie is initialized with T5-base
(Raffel et al. 2019), following the settings of (Lee 2021). The
optimizer applied for model training is AdamW with linear-
scheduled warm-up strategy. For all datasets, the batch size
is 8, the initial learning rate is 5e-4, the warm up ratio is 0.2,
and the temperature of SCL is 15.0, 10.0, and 9.0 for Multi-
W0Z2.2, CamRest676, and In-car, respectively. We train all
dialog systems on a single NVIDIA Geforce RTX 3090 and
choose the checkpoint model with the best performance on
the validation dataset. For Multiw(OZ2.2 and In-car, we train
10 epochs. However, there is too few training data in Cam-
Rest676, we use the Hot-Start model trained on the Multi-
WOZ2.2 to further fine-tune 20 epochs on the training data
of Camrest676.

Baselines

We have conducted a performance comparison between
Winnie and all previous end-to-end TOD systems. Further,
we used T5-base as another baseline to clearly show perfor-
mance improvements brought by our proposed strategies.
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Datasets

We assess the performance of end-to-end Winnie on three
well-established task-oriented dialog benchmarks: Multi-
WOZ2.2 (Zang et al. 2020), CamRest676, and Stanford In-
Car Assistant. MultiWOZ is a challenging dataset spanning
seven domains with complex ontology and diverse language
styles. For Multiw0Z2.2, we follow the data processing in
(Yang, Li, and Quan 2020) and use 8438, 1000, and 1000 di-
alogs for training, validation, and testing, respectively. Cam-
Rest676 is a smaller English restaurant-domain dataset and
split 406, 135, and 135 for training, validation, and test-
ing. The In-Car dataset consists of conversations between
users and an in-car assistant system, encompassing tasks
like calendar scheduling, weather information retrieval, and
point-of-interest navigation. To process the data, we follow
the approach in (Zhang et al. 2020b), dividing it into train-
ing, validation, and testing sets with 2425, 302, and 304 di-
alogs, respectively. For a task-oriented generation, we use
delexicalized responses to enable the model to learn value-
independent parameters (Zhang, Ou, and Yu 2019).

Evaluation Metrics

For MultiWOZ2.2 (Zang et al. 2020), we employ automatic
evaluation metrics to assess response quality and task com-
pletion:

* Inform evaluates the accuracy of entity information
provided by the system.

* Success assesses the system’s accuracy in providing a
correct entity.

* BLEU (Papineni et al. 2002) is employed to assess the
coherence of the generated replies.

* Combined is used as a comprehensive quality measure,
as suggested in (Mehri, Srinivasan, and Eskenazi 2019),
Combined = (Inform + Success) x 0.5+ BLUE.

To compare with the existing methods, the Success is re-
placed by SuccessF1 in CamRest676 and Stanford In-Car
Assistant. The Success rate denotes whether the system
answered all requested information or not to assess recall,
while SuccessF'1 balances recall and precision.

Results and Analysis
Main Results

Table 1 contains the comprehensive inform rates, success
rates, BLEU scores, and combined scores of end-to-end
TOD models evaluated on the MultiwOZ2.2 benchmark.
In Table 1, Baseline indicates the fine-tuning T5-base using
only Language model loss, i.e., Lyerier and Ly.eqp, Which is
comparable with BORT (Sun et al. 2022). Further, our pro-
posed Winnie outperforms the baseline system by 3.5 com-
bined scores (from 99.9 to 103.4). For end-to-end TOD mod-
eling, MinTL (Lin et al. 2020), PPTOD (Su et al. 2022),
BORT (Sun et al. 2022), and MTTOD (Lee 2021) also
use TS5 as their backbone models. Winnie outperforms the
best performance of them, MTTOD (Lee 2021), with a 3.2
combined score (from 100.2 to 103.4). Furthermore, Win-
nie, without relying on additional corpora, significantly sur-
passes the previous state-of-the-art model, GALAXY (He
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Model Pre-trained

Extra corpora

Inform Success BLEU Combined

DAMD (Zhang, Ou, and Yu 2019)
LABES (Zhang et al. 2020b)

GPT-2

AuGPT (Kulhanek et al. 2021)

MinTL (Lin et al. 2020) T5-small
SOLOIST (Peng et al. 2021) GPT-2
DoTS (Jeon and Lee 2021) BERT-base
UBAR (Yang, Li, and Quan 2020)  DistilGPT2
PPTOD (Su et al. 2022) T5-base
BORT (Sun et al. 2022) T5-small
MTTOD (Lee 2021) T5-base
GALAXY (He et al. 2021) UniLM-base
Baseline T5-base
Winnie T5-base

no 57.9 47.6 16.4 69.2
no 68.5 58.1 18.9 82.2
yes 76.6 60.5 16.8 85.4
no 73.7 65.4 19.4 89.0
yes 82.3 72.4 13.6 91.0
no 80.4 68.7 16.8 91.4
no 83.4 70.3 17.6 94.5
yes 83.1 72.7 18.2 96.1
no 85.5 77.4 17.9 994
no 85.9 76.5 19.0 100.2
yes 85.4 75.7 19.6 100.2
no 85.7 75.5 19.3 99.9
no 89.7 78.3 194 103.4

Table 1: Comparison of end-to-end models evaluated on MultiWOZ 2.2. Previous work results are reported on the official

MultiWOZ leaderboard.
Model Match F1 BLUE Comb
Sequicity (Lei et al. 2018) 927 854 253 1144
LABES (Zhang et al. 2020b) 96.4 82.3 25.6 115.0
SOLOIST (Peng et al. 2021) 94.7 87.1 25.5 1164
GALAXY (Heetal. 2021) 98.5 87.7 242 1173
Winnie 100.0 87.8 244 118.3

Table 2: Comparison of end-to-end task-oriented dialog sys-
tems on Camrest676. The results of all previous works are
from original papers. F1 is the abbreviation of Success F1.

et al. 2021), which utilizes a large external corpus for pre-
training, by 3.2 combined scores (from 100.2 to 103.4). This
achievement establishes a new state-of-the-art performance
in terms of inform rate, success rate, and combined score.
Note that Winnie outperforms GLAXY by 4.3 and 2.6 on
inform rate (from 85.4 to 89.7) and success rate (from 75.7
to 78.3), respectively, which means that Winnie exhibits su-
perior performance in comprehending dialog context and
strategizing dialog policy compared to other models, lead-
ing to enhanced task completion. Meanwhile, the results also
prove that our proposed SCL and system act classification
task are very effective for TOD tasks.

Table 2 and Table 3 present the detailed match rates, suc-
cess F1s, BLEU scores, and combined scores for end-to-end
TOD models on the CamRest676 and the Stanford In-Car
Assistant benchmarks, respectively. Winnie outperforms the
previous state-of-the-art model GALAXY (He et al. 2021)
by 1.0 (from 117.3 to 118.3) and 2.0 (from 107.5 to 109.5)
combined scores, establishing a new state-of-the-art per-
formance in terms of match rates, success F1s, and com-
bined scores on both datasets. Note that in Table 2, Winnie
achieves 100.0 points on the match rate, which proves that
our proposed SCL can effectively model the dialog struc-

18026

Model Match F1 BLUE Comb
SEDST (Jin et al. 2018) 84.5 829 19.3 103.0
Sequicity (Lei et al. 2018) 84.5 81.1 21.9 104.7
LABES (Zhang et al. 2020b) 85.8 77.0 22.8 928
FSDM (Shu et al. 2019) 84.8 82.1 21.5 105.0
GALAXY (Heetal. 2021) 85.3 83.6 23.0 107.5
Winnie 85.7 84.0 24.6 109.5

Table 3: Comparison of end-to-end task-oriented dialog sys-
tems on In-car. The results of all previous works are from
original papers. F1 is the abbreviation of Success F1.

T5-model SAC SCL Match Success BLUE Comb
w/ - - 85.7 75.5 19.3 999
w/ w/ - 87.7 76.0 19.2 101.1
w/ - w/  87.1 76.4 19.1 1009
w/ w/ w/  89.7 78.3 194 1034

Table 4: The performance of the various components in our
proposed methods on MultiWOZ is evaluated. SCL repre-
sents the Supervised Contrastive Learning, and SAC repre-
sents the System Act Classification.

tural information and further improve the understanding of
user intentions. In Table 3, Winnie is the sole model capable
of simultaneously achieving state-of-the-art performance in
inform rate, success rate, BLEU score, and combined score.

Ablation Study

In this section, we present the ablation results of different
Winnie components on MultiWwOZ2.2 to explore the im-
pacts of individual modules and combinations on the overall
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Figure 3: The our model performance with different levels
of hyper-parameter 7 on the MultiwOZ 2.2.

model performance. As illustrated in Table 4, where “w/*
indicates the addition of the single method, “SCL* denotes
the auxiliary task of supervised contrastive learning, and
“SAC* means the auxiliary task of system act classification.
Compared with the baseline, adding any of the two mod-
ules makes the overall performance better. SCL and SAC
outperform the baseline by 1.0 and 1.2 on the combined
score, respectively. In comparison to SCL, SAC exhibits
superior performance enhancement capabilities. This supe-
riority arises from the heightened influence of system act
quality on response generation quality. Additionally, SAC
tasks directly contribute to the enhancement of action state
generation quality. Furthermore, integrating these two mod-
ules synergistically enhances the end-to-end dialog model-
ing performance.

Hyper-Parameter Analysis

We empirically scrutinize how the hyper-parameter 7 for
SCL of Winnie affects the performance of TOD on the Mul-
tiWwOZ2.2. The value of 7 controls the distance between two
instances. With a larger 7, the margin between instances
of different categories decreases. Conversely, a smaller 7
widens the margin between these instances, indicating less
similarity in the representation space across various cate-
gories. As shown in Figure 3, as the 7 value increases from
0.01, the Combined score gradually increases. Obviously,
when the 7 is 15.0, the Combined score achieves the optimal
peak. In Figure 3, with the decreasing of the 7, the instance
representation becomes more and more dissimilar, which is
of great help modeling the dialogue structural information
at first. However, when the value is less than 15.0, the dia-
log structural representations obtained by the dialogue-level
Transformer layer damage the dialog semantic representa-
tion obtained by the dialog encoder, leading to performance
degradation. Therefore, in the experiment, we chose the op-
timal value of 15.0.

Case Study

To further analyze Winnie’s quality, two cases are presented
in Figure 4 and Figure 5. In Figure 4, the baseline obtains
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Dialog id: mul0374.json

System action (Sa):[restaurant][request] bookday

Sa Baseline: [restaurant]

[inform] postcode phone [general] [regqmore]

Sa Winnie: [restaurant][request] day time

Response (Res):what day will you be dining ?

Res Baseline:the phone number is [value_phone] and the postcod
e is [value_postcode] . is there anything else i can help you with ?
Res_Winnie:what day and time would you like the reservation for

Figure 4: Casel: comparison of baseline and Winnie re-
sponse generation process, with the differences in red.

Dialog id: sng892.json

Belief State:

[hotel] [value type] guest house [value pricerange] moderate [
value_internet] yes [value_stars] 3[value_name] hamilton lodge
Baseline: [hotel] [value_type] guest house [value pricerange] m
oderate [value_internet] yes [value stars] 3

Winnie:

[hotel] [value_type] guest house [value_pricerange] moderate [
value internet] yes [value stars] 3[value name] hamilton lodge
DB state (DB):[db _T]

DB Baseline:[db 2]

DB Winnie:[db 1]

Figure 5: Case2: comparison of baseline and Winnie re-
sponse generation process, with the differences in red.

incorrect database search results because the generated be-
lief state lacks certain slot values. On the contrary, Winnie
can generate the belief state correctly and get the correct
database search results. In Figure 5, the baseline generates
the wrong response due to the wrong system act, but Win-
nie can generate the system act correctly and finally gener-
ate correct responses. This further proves that by incorporat-
ing SCL and system act classification tasks, the model can
understand the dialog context better, capture more abundant
system action annotation information, and improve the qual-
ity of response generation in the end.

Conclusion

In this paper, we propose innovative additions to TOD sys-
tems called Winnie. It incorporates supervised contrastive
learning to model dialog structural information, diminish-
ing the distance within the same class and augmenting the
gap between different classes. This enables the model to pay
more attention to knowledge-dense information types from
redundant contexts. Additionally, the system act classifica-
tion task is used as an auxiliary task to ameliorate the perfor-
mance of generated system acts by capturing more abundant
system act annotation information. We conduct extensive ex-
periments on three freely accessible datasets, showing that
our model outperforms other methods with significant im-
provements. Ablation studies further show that supervised
contrastive learning significantly enhances the model’s nat-
ural language understanding and dialogue state tracking per-
formance, consequently improving response generation per-
formance. Also, system act classification as an auxiliary task
can help the model generate system act more accurately.
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