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Q XERFEMNINEE L HRIRAE. BIRXNEESENE. HA, 58S
FEHNEANEENAMNE, EEFEMNENTRA . BHRBFESE
ASEAEE N

Baiti=g Google A . _

O MERSBEE (Dialogue State Tracking) FERFEMFEAFBIR, BEREF
BR, WMARENR, BIHEIFRINEINHERE (B-EXE&ES) |, TN

I8FR: FEHERER (slotaccuracy) BXSEREER  (joint slot accuracy)

wu‘ A

el N S = Sys: Hi, what can I do for you?
{ i User: Please find me a ' Chinese restaurant.
—— State: restaurant-food=chinese
| Dialogue State -
— NLY Tracking Sys: |Charlie Chan  fits your criterion, can I book it for you?
“ 3 — — User: Yes, I need a table on |Monday at |12:15 .

State: restaurant-food=chinese; restaurant-name=charlie chan

taurant-book day=monday; restaurant-book time=12:15

13m Robot. ; Sys: Booking is successful. Is there anything else I can assist
g ] NLG Policy learning you with today?
| — ) ;

Y P, User: I also need a taxi to get me to the restaurant -
State: restaurant-food=chinese; restaurant-name=charlie chan

taurant-book day=monday; restaurant-book time=12:15
taxi-destination=charlie chan; taxi-arriveby=12:15

Figure 1: Traditional Pipeline for Task-oriented Systems.
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Divide, Conquer, and Combine: Mixture of Semantic-
Independent Experts for Zero-Shot Dialogue State Tracking

Motivation:
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Contribution:

o B H R TR R i R = D AR TR HE 2R —%) 4
iR -5 FF

= UUEHIOMEI T %S5, HEMAE
MultiwOZ %z 42 )R IR T+5%~10%

O Semanticsarea (O Seen sample @ unseen sample

OI would like a taxi from saint johns
college to pizza hut fen ditton.

O

Book me some rooms for 6
people on Wednesday

® 1am travelingon Sunday][from peterborough to]

|cambridge. |




3% (Method)

1. &7 (dividing): FR3E AT WLAEAS (K118 RIR BEIREI 7018 S5 [H]
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Figure 2: Illustration of our proposed schema (best viewed in color).



SCI8 (Experiments)
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E5£% (Main Results)
> AP T H ISER S IIF—FX:[: =N EI/J rii‘k.
A A D J

&1[]9@75/2%?‘%3' T#ﬁézliléma il/'i ML He o

#Trainable Pretrained- Joint Goal Accuracy . .
Model #Trainable Pre-trained

Parameters model Attraction Hotel Restaurant Taxi Train Average Model JGA

Parameter Model

TRADE (Wu et al., 2019) . N 19.87 1370 1152 60.58 2237 25.76
MA-DST (Kumar etal., 2020) - N 22.46 1628 13.56 5927 2276 2687 TRADE - N 45.60
SUMBT (Lee et al., 2019) 440M Bert-base  22.60 1980 16.50 59.50 2250 28.18
TSDST (Lin et al., 2021b) 60M T5-small  33.09 2121 21.65 64.62 3542 3520 STARC (Gao et al., 2020)  440M Bert-base 49.48
T5DST f(Lin et al., 2021b) 220M T5-base 35.51 2248 25.04 6593 37.82 3736 SGD-baseline 440M Bert-base 43.40
SIotDM-DST (Wang et al., 2022)  60M T5-small 3392 19.18 2075 6625 3696 3555
SIotDM-DST (Wang et al., 2022) 220M T5-base 37.83 2650 27.05 6923 4027 40.18 TSDST 220M T5-base 53.15
TransferQA (Lin et al,, 2021a)  770M T5-large 31.25 2272 26.28 61.87 3672 3577 T5-Adapter 3.6M T5-base 52.14

0.8M T5-small  33.85 1822 19.62 6493 3225 33.77 .
T5-Adapter' 3.6M TS-Zase 39.98 2328 28.58 65.03 3698 38.77 Ours (Param-level) 3.6Mx K T5-base 52.54
Ours (Param-level) 0SMxK  TSemal 3460 242 207 6541 3388 3602 Ours (Token-level) 36MxK  T5-base 34.35
Ours (Token-level) : 35.82 2478 22.86 65.87 4027 3792
Ours (Param-level) 4128 26.15 31.05 66.64 3872 40.76 . .
Ors (Token lovel 36MxK  Tsbase 4% Pl o0 ms o Table 3: Full data results on MultiwWOZ 2.1 dataset. For

a fair comparison, only those generative models with
Table 1: Zero-shot results on MultiWwOZ 2.1 dataset. All numbers are reported in joint goal accuracy (%) and the the ablllty of zero-shot inference are listed here
best results among each setting are bolded. K is a hyper-parameter and refers to the number of sub-sets. Expect for '

t, all results of baselines come from the original papers.
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1. BBREERIRZIN :
(1) {ER{EAEER
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Figure 3: Impact of differ- Figure 4: Impact of differ-
ent clustering algorithms. ent numbers of sub-sets.
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Figure 5: Impact of different temperatures 7.

Weight Hotel Taxi

cights Param-level Token-level Param-level Token-level
Ours 26.15 27.72 66.64 66.90
Argmax 24.47 24.85 65.09 66.38
Average 20.62 25.87 59.61 65.51

Table 4: The Impact of weight in combing process.



>

"W

> XIBXEATIEAR ( Analysis on
Clustering)

1. A ERY RS {EL
2. XIEHER RRRUE XX
3. LRI X DEHER TS

K=3, model:roberta-base
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Figure 6: The t-SNE visualizations of clustered subsets
represented with TS and RoBERTa. “Token-level” and
“Param-level” show the zero-shot performance.
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Figure 7: Statistics of slot distribution across sub-sets.

100
= Il DI-Experts (Token-level)
X
< 30 DI-Experts (Param-level)
> B Ours
0
S5 607
[u]
Q
<
< 40
o
U]
E 20+
L=}

hotel attraction train taxi restaurant

Figure 8: The zero-shot performance of DI-Experts.
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Figure 9: Slot accuracy of different single experts and
ensemble models on hotel domain.

Model Training |©| Inference |©| Average (%)
T5DST 100% 100% 37.36
T5-Adapter 1.6% +1.6% 37.92

Ours (Param-level) 4.9% +1.6% 40.761+34
Ours (Token-level) 4.9% +4.9% 4271154

Table 5: Costs for training and inference of methods.
|©| denotes the number of trained/ deployed parameters
for training and inference, respectively.
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(1) ZUEEE : FRZUEERENER 2) BREE: (FREIAREHRIRE

Model Raw Data  Augmented Data
TRADE 19.50 28.30

Ours (Param-level)  26.15 27.561+14

Ours (Token-level)  27.71 2936117

Table 6: Complementarity between ours and data aug-
mentation methods, in terms of zero-shot performance
on hotel domain.

Model Attraction Hotel Taxi

SlotDM 36.38 25.45 67.21
+Our Framework ~ 37.411+10 26.58T+11 g8 2 1+08

Table 7: Complementarity between ours and competi-
tive model-level methods “SlotDM”, in terms of zero-
shot performance on three domains.
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« 2018 KSEM Accept (CCF-C)

« 2019 IJCAI Reject
« 2020 COLING Reject 137%3%h8, 8IRHHE
« 2020 ICASSP Reject

« 2021 IJCNN Accept (CCF-C)

« 2021 AAAI Reject

« 2021 ACL Reject

« 2021 SIGIR Reject

« 2022 COLING Accept (CCF-B)
o 2022 TASLP Reject

« 2023 CogSci Accept (CCF-B)

« 2023 ACL Accept (CCF-A)



Introduction

1. (B REEeB8IIFNEFEE=R
(i5Hh) BRI E ISHHEN, AEERK

3. (Eijaa) NP ENSE
Osemanticsarea ) Seensample @ unseen sample

OI would like a taxi from saint johns
|:> college to pizza hut fen ditton.
O
Book me some rooms for 6
people on Wednesday

@ 1am travelinglon Slmday][ from peterborough tn]

cambridge.
pected to improve the zero-shot performance. In Experimentally, we implement our framework
practice, we design a three-steE framework, where upon T5-Adapter and demonstrate the effectiveness
stages 1&2 are for training and stage 3 is for infer- and universality of our proposed schema. Specif-
ence: @dividing: encode and cluster the semantics ically, we achlww - e
of seen data into subsets, @conquering: train ex- ment on the MultiWwOZ benchmark with negligible
pert for each subset with dialogue state labels, and training and deplovment costs. achieving state-of-

the-art zero-shot performance under settings with-
out external information. Comprehensive analyses
are reported to provide some insights to better un-
derstand our method.

®combining: mine the relationship between newly
unseen sample and seen semantics, and perform
ensemble inference with weighted experts.



Method

1 BAEIEEM, RIERNEESNEEIEE,

2. FiERiRBH (BESTLIREER) |, EI355HIREEDRISEI

WY (REFRATREZRER) .

4 Methodology

Overviews Figure 2 illustrates the overview of
our method following three steps. In the @dividing
process, a context encoder f encodes seen dialogue
contexts into representations to construct seman-
tic space £. These samples are then divided into
several sub-sets by clustering. After that, We train
semantic-independent DST experts using labeled
states of sub-sets, also called the @&conquering pro-
cess. During ®@combining, we first estimate the re-
lationships J between seen data and unseen sample

Y, and perform the weighted mixture-of-experts
inference conditioned on ¢ for the unseen sample.

________________

1
1
1
1
1
: [ Encoder
1
1
1
|

Semantic Space
]
L * ..

[ ]

——————————-’

2. Conquering Process - - - - -

) Cp ()
t A B

Generation-based model

_________________________________________________________

Figure 2: Mlustration of our proposed schema (best viewed in color).




Experiments

AEFINAIRREEARE, S (BH) =R

1 SCIAMNESEEER, FiRAR RSN IBEARRATER ¢ 0],
N INSENG HPREER,

2. EcElmERiEhT, IDARRSARIMRE (TlZ, I8, BeSS)

3. XFRAEEME, MEEF—RFRANERBHA, TIRIZZMmX.

Impact of Clustering Algorithms We study the K=3, model:roberta-base K=3, model:t5-base
effect of different clustering algorithms, including 40 ENE 40 ‘
Kmeans (Hartigan and Wong, 1979), Birch (Zhang 20 20
et al., 1996), Agglomerative (Gowda and Krishna, " .
1978), and GMM (Yang et al., 2012) on hotel do-
- . -20 -20
main in Figure 3. As shown, 1) all clustering al- : _,
gorithms perform better than the T5-Adapter (Red —40 w207 40
dotted line), showing the effectiveness and stability —40 —20 0 20 40
of our framework; and 2) GMM achieves the best
Perforfl?_ﬁince Onhpmanléeter'le"el_ ense‘:‘tl’(le il“ferl' Figure 6: The t-SNE visualizations of clustered subsets
ence while our chosen Kmeans wins on token-leve : a "
ones. We believe advanced clustering may bring represented with T5 and RoBERTa. “Token-level” and
better division, thus achieving further improvement, “Param-level” show the zero-shot performance.

which will be investigated in future work.



Rebuttal

b, HNERFRE—REE, RAMUE T HEE, 515K,
RT, B, BARKETERBIOLT

“Can you please submit Figures 4 and 5 for the SGD dataset in the
rebuttal?”

" In their response to the reviewers' questions, the author provided
some additional useful information that | encourage them to include
In the camera-ready version. | would recommend to accept the paper to
ACL."

e soundness 3/3/4 ->3/4/4
e excitement 3.5/4/4.5 -> 3.5/4/4.5
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