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Speech Signal

Hypothesis

are there any action movies to

see this weekend

Language Understanding (LU) E
* Domain ldentification
* User Intent Detection
* Slot Filling

> Speech
| Recognition
Text Input )K
- Are there any action movies to see this weekend?

Ny

Semantic Frame
request_movie

vgenre=actior\, date=this weekend

( Natural Language W

Text response L Generation (NLG) |
Where are you located?

Dialogue Management (DM)
* Dialogue State Tracking (DST)
* Dialogue Policy

System Action/Policy
request_location



CAEIE=RES)

Persona 1 Persona 2

[ like to ski [ am an artist

My wife does not like me anymore [ have four children

[ have went to Mexico 4 times this year | [ recently got a cat

I hate Mexican food [ enjoy walking for exercise

[ like to eat cheetos [ love watching Game of Thrones

[PERSON 1:] Hi

[PERSON 2:] Hello ! How are you today ?

[PERSON 1:] I am good thank you , how are you.

[PERSON 2:] Great, thanks ! My children and I were just about to watch Game of Thrones.
[PERSON 1:] Nice ! How old are your children?

[PERSON 2:] I have four that range in age from 10 to 21. You?

[PERSON 1:] I do not have children at the moment.

[PERSON 2:] That just means you get to keep all the popcorn for yourself.
[PERSON 1:] And Cheetos at the moment!

[PERSON 2:] Good choice. Do you watch Game of Thrones?

[PERSON 1:] No, I do not have much time for TV.

[PERSON 2:] I usually spend my time painting: but, I love the show.



Open-domain Dialogues are Persona-sparse

: Speaker A Speaker B |
Persona related [Beijing is really hot today.]
Persona related [Haha, come to Harbin. The weather here is cool.]
Non-persona related [Good idea, how far is it from Beijing?]
Non-persona related [ About 9 hours by train.]
Non-persona related Great, | will check the schedule.
4 N\ 4 N
Persona of speaker A Persona of speaker B
Gender: Male Gender: Female
Location: Beijing Location: Harbin
| Interest Tags: Travel; IT ) | Interest Tags: Sport; Music )

An example dialogue sampled from the PersonalDialog dataset !



Problems When Using Persona-dense Data

| need to
exhibit my

persona ASAP
S

Nice to
meet you

i'}s

How PERSONA-CHAT is collected

| need to
exhibit my
persona ASAP

Fine-tune with
PERSONA-CHAT

Pre-trained
GPT

Direct fine-tuning lead to in-coherent responses



Any Solution?

* A pre-training-based dialogue model that can utilize persona-
sparse dialogue data
* An attention routing mechanism to control the amount of

persona-related features to exhibit in the response



Task Formulization

Inputs:
* Post X

Speaker A Speaker B

[Beijing is really hot today.}

{Haha, come to Harbin. The weather here is cool.]

{Good idea, how far is it from Beijing?]
[ About 9 hours by train.J

( Great, I will check the schedule. |

Persona of speaker A Persona of speaker B
Gender: Male Gender: Female
Location: Beijing Location: Harbin
Interest Tags: Travel; IT Interest Tags: Sport; Music

* Responder's persona profile T: (kq, V1), {ky, V3), ..., {kn, Un)

Output:
* Response Y, such that

Y =argmaxP(Y*|X,T)
Y*
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Model: Overview
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Model: Attribute Embedding

Speaker 1 Speaker 2
r A ~ ls A ™
Word Embedding [ How |[ are you ? _SEP Fine , and you ? _SEP
Gender Embedding [ Male |{ Male |[ Male |[ Male |[ Male |[Female ][ Female |[ Female |[ Female | [ Female | Female |
Location Embedding r Beijing 1( Beijing 1( Beijing i Beijing i Beijing ‘ rShanghai1 rShanghai1 rShanghai1 rShanghai‘ rShanghai‘ rShanghai‘
Tag Embedding [ Tag, i Tag; i Tag; | Tag, | Tag, \( Tag. \( Tag, \( Tag, I Tag, I Tag, Il Tag, |
Positional Embedding P, P, | P, P, P i Pe P, Pg Py Pio P11

The input representation of the dialogue context

The input embedding for each token is the sum of

1. A word embedding

2. A positional embedding

3. Attribute embeddings (Gender embeddings, Location embeddings, Tag embeddings)



Model:

Speaker 1 Speaker 2
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Model: Attention Routing

Dynamic Attention Routing |
Wel_ght Module |
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Model: Attention Routing

Dynamic Weight predictor

a = Py(is personarelated|E;)

Attention Routes
Query Key Value

N
Or = MultiHead (Epyey, E7, ET)
O. = MultiHead (Epyey, E¢, E¢)
Oprev = MultiHead (Eprevr Eprev' Eprev)

Omerge =a0r+(1—a)Oc+ 0¢ + Oprev

é}:
|

' Masked )
Multi-head :
[Attention} [MUlt"head

Attention

Dynamic
Weight

Multi-head
y Attention Predictor
T F N

[

Target ] [Outputs ‘

Persona Rep. | (shifted Right)
ET Eprev

[

Dialogue
Context Rep.

}

Ec

The weight predictor and three attention routes



Model: Loss and Training

Loss:

Predictor loss: Ly (0) = —z 1; logPg (1;|Ec) + (1 — 1y)log[1 — Py (r;|E¢)]

l
Language model loss: Liy(o) = —ZIOgPd,(u,;lui_k, ey Uj_q)
[

Dialogue model loss: Ly () = —2108P¢(ui|ui—k; o1, Ec, Ep)
Total loss: L(¢,0) = Lp(¢) + 41 Ly (@) + ALy (6)
Training:

* The encoder and decoder share a same set of parameters

* Parameters are initialized using a pretrained GPT model



Dataset: PersonalDialog

1. Three persona attributes were approached (“Gender”, “Location”, and “Interest Tags”)

2. Two test sets are used: a random test set and a biased test set

Table 1: Statistics of the dialogue dataset used in this study.

Total number of dialogues 544 M
Total number of speakers 1.31 M
Total number of utterances 1440 M
Dialogues with more than 4 utterances 0.81 M
Average utterances per dialogue 2.65

Average tokens per utterance 9.46

10



Automatic Evaluation

Metric:

(1) Persona Accuracy, (2) BLEU, (3) F1, (4) Distinct

Table 2: Automatic evaluation on the random test set.

Table 3: Automatic evaluation on the biased test set.

Model Acc. BLEU F1  Dist. ppl.
Att+PAB 13.99 1.61 860 0.130 69.30
Trans. 7.80 397 12351 0.132 43.12
TTransfo 8.80 406 12.63 0.169 32.12
TTransfo+P  43.05 344 1128 0.158 43.78
LConv 9.45 419 1299 0.157 32.64
LConv+P 48.00 356 1146 0.136 42.00
Ours 32.80 418 1252 0171 35.06
Ours, a=1 84.55 345 1096 0.154 38.56
Ours, a=0 12.90 456 13.02 0.171 33.71
w/o PreT Zi.190 386 11.62 0.146 4848
w/o AEmb  31.85 4.15 1256 0.164 35.75
w/o DWP 30.70 4.15 1234 0.169 34.10

+ HW 32.55 350 1190 0.151 38.52

Model Acc. BLEU F1  Dist. ppl.
Att. + PAB  47.60 3.08 1250 0.133 94.38
Trans. 34.93 7.06 15.38 0.203 85.80
TTransfo 45.87 8.68 17.39 0.260 34.83
TTransfo+P  61.61 0.10 18.41 0.257 38.07
LConv 44.34 8.47 17.08 0.238 37.44
LConv+P 59.88 0.82 1891 0.231 41.68
Ours 02.13 1053 19.47 0.256 38.68
Ours, a=1 94.24 11.63 20.51 0.262 39.74
Ours, a=0  51.44 0.00 17.44 0.249 40.89
w/o PreT 71.74 936 18.29 0.222 95.00
w/o AEmb  73.51 1051 19.41 0.247 39.36
w/o DWP 7390 1061 19.26 0.256 37.08

+ HW 69.87 9.01 19.81 0.232 36.37
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Manual Evaluation

Metric:

(1) Utterance Fluency, (2) Persona Consistency, (3) Context Coherency

Table 4: Manual evaluation on the random and biased test

sets.

Utterance Persona Context
Model Fluency Consistency  Coherency

Rand Biased Rand Biased Rand Biased
Trans. 1.852 1.8107 0.9971 1.068% 1.4287 1.500
TTransfo  1.8327 1.800 1.015T 1.1007 1.498 1.517
TTransfo+P 1.8027 1.8377 1.125T 1.1957 1.2171 1.483t
LConv 1.863 1.882 1.028% 1.1477 1.490 1.550
LConv+P  1.832t 1.875% 1.093t 1.173" 1.238% 1.478t
Ours 1.8371 1.912 1.092f 1.1987 1.487 1.563
Ours, a=1 1.8357 1.900 1.248 1.268 1.3037 1.4671
Ours, a=0 1.890 1.8807 0.9971 1.085" 1.535 1.463f
Gold Resp 1.928 1.922 1.015 1.423 1.758 1.807

1 significant difference with the best result (t-test, p-value <0.05)

Dialogue
Context:

I am free this weekend. It that OK? EXEFA, F4)

(Gender: Female, Location: Nanjing, Interest Tags: Cate)

Target Persona:

(Gender: Male, Location: Nanjing, Interest Tags: Null)

I’m also free, but I don’t know what’s going on.

Trans. : B0, ERRFNEEAET)
: Great, come here and we can have a meal together.
TTransfo - o trok T ReAl—0S MBI y
. Tam free this weekend. It that Okay?

TTranstotP:  zvmsin, wreF? ) d
LConv : It 1s not OK. (F&)
LConv+P : Are you in Nanjing or Nanjing? ((FERSEAERRE? )
Ours : Ok, are you coming to Nanjing? ¢F8, {fREZD? )
Ours. a = 1 - Comito Nanjing, I will treat you to dinner and film.

; CR@R, RSNZIREER)
Okt =0 : Ok, where are y01\1? I \fill go back tomorrow.

g (5F, {FTERRIE? FBEXHMEIET)
Gold Resp:  OK, come to Nanjing! &F, F¥@=! )

Figure 5: Sample responses generated by baselines and our

model.
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Conclusion

* Our model can produce coherent and persona-consistent responses
* The dynamic routing mechanism helps to utilize persona-sparse dialogues

* There are trade-offs between persona consistency and context coherency
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Threshold-based method

Score =1 [ Reject J

3

[ Input Utterance ] If‘> [ OOD Score ]

&

Score > 1 [ Accept J




Threshold-based method

Basic solution: Use the maximum value of the Softmax outputs

Score(x) = E{rlnzqacm Po(y = l;|x)

Advanced solution: Use an entropy regularization term
Ls(0) = L (0) + aLopn:(6)

Lee(0) = (x y%E? | — lOgPH(y — yilxi)]
Yi)~7 ind

Lent(e) — 3?~g [ — }[(PH (ylf))]

ood



How to obtain OOD samples?

S W W W R W W W e e W R W S W W W e www

Encoder | . | [ Decoder : ¢! | Auxiliary Classifier |

X Enc ) Z CL Dec i X i AC .
¢ l | g I : ) .

[ Dlscummatm ] : Shared E 5 Shared :

: Parameters : : Parameters E

/\A[ Generator ] .9 | ( Decoder | : 5 : | Auxiliary Classifier :
Gg ) 'l L Decy, : 'l AC, ] ;

A T T T T e L L T T T,

1. Autoencoder
2. Adversarial Generation Module

3. Auxiliary Classifier
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How to obtain OOD samples?

S A W W R R W e W e W e e

Encoder 1 o .
X Enc, J ] I :
[ D1scuumnt01 J : Shared 5
E Parameters :
/\4[ Generator ] ; | :
Gt‘ J :\ |
1. Autoencoder
z = Encgy (x)
Lrec (Qb' l/)) — [E E

e~N(0,) x~Pind

= IE IE
e~N(0,I) x~Pind

W W A W W R R W R MR R W R W W

Shared

|
|
|
|
|
|
|
|
Parameters :
|
|
|
|
I

f Decoder ~7 Auxiliary Classifier
(L Decy T AC,

o e e e e e e S e e e e e e e s o

[—logPy (x|z + €)]

[—logPy (x|Enc¢(x) +¢€)]

[ Decoder : ' : Auxiliary Classifier
T pee, JTTX AC,
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How to obtain OOD samples?

S A W W R R W e W e W e e

Encoder |
X Enc, J |
[ D1scuumnt01 J : Shared 5
: Parameters :
/\4[ Generator 1 | '
G; )

—

La(1) = E, [Dy(G()] -

> f Decoder ' g Auxiliary Classifier :
P ey, JT T .

W W A W W R R W R MR R W R W W

. | f Decoder ! p | Auxiliary Classifier :
Z | Dec, ) AC,, ;

! Shared
Parameters

o e e e e e e S e e e e e e e s o

E [ Dy(Encg(x))]

X~Pind
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How to obtain OOD samples?

Encoder
X Enc¢

b
Shared
Parameters

1
J
[ Discri mmmtm J
]
)

/\ Generator I
G - Z

g

e T Y T T tTTTTR ST

3. Auxiliary Classifier

£,ce(w) — oy )~Prng

[_

i~P¢ (x|Encg (x;))

[ = H (P (1X))]

L ent(§) = e~N. E

X' ~Py(x|Gg(€))

W W A W W R R W R MR R W R W W

Shared

|
|
|
|
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|
|
|

o - S e e e e e e e e e e e s s o

logP,(y = vi|x{)]

f Decoder : ' | Auxiliary Classifier |
L Decy | = AC, ;
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Experiments

Results on OSQ dataset

Datasets
Train Validate  Test
Dataset 00D - 0.10K 1.00K
‘ Dyiz 1025k - i}
IPA IND 28 90K 3.60K 3.60K
Dataset 20D - 1.20K 1.20K
‘ Dvnim 2000K - =

Model AUROCT AUPRT FPR95] FPR90J
Cont. GAN 52.227 82.797  94.407  88.177
Maha. Dis. 67.147 90.567  91.947  83.307
Likelihood Ratio  85.607 96.07T  62.507  43.407
AE 87.78% 06.987  58.507  40.10f
MSP 92.867 08.247  39.72T  21.76T
Entropy 92.82f 98.877  31.91T  19.64f
KNN 03.33f 08.207  33.86T 18.781
DOC 94.247 08.55T  30.02T  14.947
ODIN 95.14* 08.84*  26.04*  11.70f
ER+Perturb 94.017 08.55T  34.047  15.32f
ER+Mix 03.48f 08.31T  33.16f 17.861
ER+POG 95.41* 08.94*  25.00*  10.10f
ER+AEPOG 95.83 99,05 23.70 9.50
w.o. Noise 94.03* 08.53*  35.22T  17.74f
w.o. Soft Token  93.857 08.53*  39.24f 17.887
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Experiments

Results on IPA dataset (harder setting)

Results on IPA dataset (easler setting)

Model AUROCT AUPRT FPR95S| FPR90]
Cont. GAN 58.067 80.47T  91.51T  85.057
Maha. Dis. 45.657 23457  95.01T  89.971
Likelihood Ratio  69.657 86.217T  84.447  74.467
AE 67.577 85.91T  86.77T  74.791
MSP 72.667 86.427 77797  86.421
Entropy 72.877 86.421  88.157  75.41f
KNN 67.947 82.62T  76.87T  63.431
DOC 71.687 46.031  79.407  64.34%
ODIN 72.907 86.537T  77.57T  63.287
ER+Perturb 73.247 86.89*  77.887  63.307
ER+Mix 33.717 63.557  096.447  92.33f
ER+POG 73.831 87.15*  76.177  62.281
ER+AEPOG 75.86 87.95 71.67 56.78
w/o Noise 71.01* 85.10+  79.17F  65.171
w/o Soft Token 72.09* 86.31*  80.22T  65.071

Model AUROCtT AUPRT FPR95] FPR90J
Cont. GAN 69.807 87.55T  90.77f  76.187
Maha. Dis. 73.85T 48.207  73.967 61.487
Likelihood Ratio  90.83T 96.637 41517  27.371
AE 92.41% 97.21t 3777t 18.971
MSP 88.417 95.057  52.307  32.567
Entropy 89.021 95.057  37.56T  29.317
KNN 89.43f 95.021  36.177 22.91°
DOC 93.037 97.287  35.447  18.077
ODIN 90.25T 95.67T  37.92f 24.29%
ER+Perturb 06.287 08.72*  19.23T  10.80f
ER+Mix 92.76T 97.27t  38.44f% 21.711
ER+POG 08.53* 99.42*  T7.70* 4.36*
ER+AEPOG 98.60 99.46 7.64 4.24
w/o Noise 94.261 98.07"  33.08"  18.56
w/o Soft Token 94.08T 98.067  40.07t 16.96T
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Experiments

ROC curve on IPA dataset ROC curve on OSQ dataset
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Experiments

OOD score distribution on IPA dataset OOD score distribution on OSQ dataset
(a) MSP (b) ER+Perturb (a) MSP (b) ER+Perturb
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Experiments

Feature visualization on OSQ dataset

Samples of generated OOD utterances

(b) ER+Perturb

IND Samples

Translate hello in French.

Locate my phone please.

Schedule a gas bill payment.

Help me change my insurance plan.
I'd like to improve my credit score.

OOD Samples

How much is my car worth used.
Can you add a bag to my reservation.
How do you fix a leaking sink.

How long do wire transfer take.
When was Toyota created.

Generated by POG

Please obtain French.

How can make my phone get.

What meetings can I schedule there.

Can you help me an setting.

I'd like to include the email my my dinner.

Generated by AEPOG

How much is this payments please.

How good is my reservation like.

How do you divided for pork.

Tell me how long I taken for chilis off.
When was today’s name with delta vehicle.




Conclusion

* Our model can produce more effective pseudo OOD samples
* The pseudo OOD samples generated by the proposed POG model can be
used to iImprove the OOD detection performance

* The performance on IND samples Is not affected



