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Abstract

Unlike empathetic dialogues,

emotional support conversations (ESC)
- help-seekerE ?I2517| ?I¢t empathyE MESH= A + 152 ZX|E exploringdtl addressing® = | assist sH{0f &t

O] =20|M=

- mixed initiative ESCL| &X|H2 226t LtE speaker roleLf initiative typeL 2 EF6t= tailor-designed schema A|QF
o g o)
=

- mixed-initiative interactions2 &8 &= = emotional support metrics X|Qt
- mixed-initiative responsesi’d2 /et knowledge-enhanced mixed initiative framework (KEMI) X|QF

* mixed initiativezt
s user?t system 25 interaction direction2 £E5H= =LA (initiative)E 7tX[= A|AH]
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Introduction

* As the world is making efforts to recover from Covid-19,

emotional support?t emotional distress2} psychiatric illness sHZ0f| 0L 529 gt

al

« J2iAM emotional support conversation (ESC)0i| CHEH 115 0| 2ets|
ESC A|ARIZ user?| emotional distressE £0|= 211 SA|0f| CHetE SdlA userS| ZHM|E THASHT S =015 &

SHE o} 3t
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o

rr
=
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Introduction

 different interaction patterns between ESC and empathetic dialogues (ED)

: ED= EEIH O 2 passive role®l BIH, ESCE Lzt 0| 55X 2 2 initiative roles HHEFHAM CHa}

() {I lost my job last year and got really angry. ] EmpatheticDialogues

I am sorry to hear that. It must be so upset. (Non-Initiative) > @

@{Yes, it was a complete surprise.l EDE usergl ?jl'xo'lﬂl- %"%l‘% EJ__' *l-%xl-% _cl)_lg'(ljl-E 71

= Non-initiativeE S E 2 &l

-

[I can understand that. I hope it turned out to be a blessing. (Non-Initiative) > @

w {I wish I had another job today. ]

I feel your pain. It happened to me few years ago. I hope
you find a job, good luck! (Non-Initiative)

LX) < I'm in depression because recently I lost my job. ]

[I am so sorry to hear that. Did you work there for a long time? (Initiative) }> )

ESC= ZE= S0lM usere| 2X|IE HHC 2 HAMSHY,
useful information or supportive suggestion=2 Sl A
user’t #XIE =8 = WAE

@ % Yes up to five years but my company getting too much ’ ESConv

lost so they took out lots of employs.

[I can understand. It can cause a lot of depression for you. (Non-Initiative) }> @

() {I don’t know what to do now. e

new resumes. Nonprofits have people who volunteer. (Initiative)

I would recommend looking for a local group that help assist creating ]F -

Figure 1: Examples from EMPATHETICDIALOGUES

and ESConv datasets with a similar job loss problem. 4/a5



Introduction

* Mixed initiative

- intrinsic feature of human-Al interactions

rr
Y

. user?t system 25 interaction directiong F=5H= =3 (initiative)E 712 =

« O] =2X| JH'E@0| %! mixed initiative ESC system ZQ

: M8 empathetic responseZ MAI8HHLE problem-solving discussion2 {I8H CHZF FEFES switch

HOoH2
HA AT

rr

+ J|EOl= 24240 TSt A ULAKIRE F IH
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Introduction

* Mixed initiative ESC system
1) When should the system take the initiative during the conversation?
L CHelE ZIHSHHA oA REHS 714 2L0F Sh=X|
2) What kind of information is required for the system to initiate a sub dialogue?
L CH2tE ok ™ O FEO HAQoHK|

3) How could the system facilitate the mixed-initiative interactions?

- 0]2{3t challengeE 124%t frameworkE |t

[
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Introduction

« EAFR schema H|¢t
annotate the utterances into different types with speaker roles and initiative types

« four emotional support metrics X|2t

« anovel framework, named Knowledge Enhanced Mixed-Initiative model (KEMI) |2t

external domain-specific knowledge A2

> Mixed initiative?} ESCO|IA £Q3ICH= 2 =9
> Mixed initiativeO| M= 7|Z=Q| HMHEZHLC} E| L M52 HO|= HE = E
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Preliminary Analysis
EAFR Schema & Metrics

« speaker roles2} initiative typeO|| [f2tM 49FX |2 L2

: Expression (User-initiative), Action (System-initiative), Feedback (User Non-Initiative), Reflection (System Non-

Initiative)
Role Type EAFR Definition Sample Utterances
User Initiative Expression The user describes details or expresses feelings My school was closed due to the pandemic.
P about the situation. I feel so frustrated.
The system requests for information related to ~ How are your feelings at that time?
System Initiative Action the problem or provides suggestions and infor-  Deep breaths can help people calm down.
mation for helping the user solve the problem. Some researches has found that ...
User Non-Initiative Feedback Thg user re.sp.onds to the system, s request or Okay, this n,lakes me feel better.
delivers opinions on the system’s statement. No, I haven’t.
The system conveys the empathy to the user’s I understand you. I would also have been
System  Non-Initiative Reflection = emotion or shares similar experiences and really frustrated if that happened to me.

feelings to comfort the user.

I’m sorry to hear about that.

Table 1: Definition and Examples for EAFR Schema Reflecting Patterns of Initiative Switch between Dialogue
Participants in Emotional Support Conversations.
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Preliminary Analysis
EAFR Schema & Metrics

« four emotional support metrics
each utterance i in a dialogue is annotated as a tuple (r;,t;, v;, ;)
r; € {User(U), System(S)} > Speaker role
t; € {Initiative(l), Non-Initiative(N)} - initiative role
v; €{0, 1}Vl 3 0One hot vocabulary embeddings

e; €[1, 5] > level of emotion intensity
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each utterance i in a dialogue is annotated as a tuple (3, t; , v;, €;)

P e | | m | Na I’y An d |yS | S r; € {User(U), System(S)} - Speaker role

. t; € {Initiative(l), Non-Initiative(N - initiative role
EAFR Schema & Metrics i<t () (N)} > initiativ
v; €{0, 1}VI -> One hot vocabulary embeddings

e; €[1,5] - level of emotion intensity

« four emotional support metrics

1) Proactivity: how proactive is the system in the emotional support conversation? (A|AEIO| GOl M2 HQIX])

Pro = S,t; = 1)

1 n
> i1 L(ri = S) Zizl I(r; =

- system-initiative interactions2| H|&
2) Information: how much information does the system contribute to the dialogue?

WL T = Syvik = 1, Y02} v = 0)

Inf = —
>ic1 L(ri = 9)

- new frequent terms2|
~> 0L} O L2l SETHX| §42 MER THoot SEoH=X|

LS
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each utterance i in a dialogue is annotated as a tuple (3, t; , v;, €;)

Pl’e| IMina I’y An d |yS |S r; € {User(U), System(S)} - Speaker role
EAFR Schema & Metrics t; € {Initiative(l), Non-Initiative(N)} = initiative role

v; €{0, 1}VI -> One hot vocabulary embeddings

e; €[1,5] - level of emotion intensity

« four emotional support metrics
3) Repetition: how often does the system follow up on the topic introduced by the user?

|V | 1—1
' EI(TiIS,UikII,ZUjk[TjIU]>0)

1=1 k=1 J=1

Rep =
ep Z?:l I(T'L - S)

n

AOfLL HHE O 2 QIFOH=X

mu[n

- System 22} FO|A, user?t AZst THO

4) Relaxation: how well does the system relax the emotional intensity of the user?

_Ql _ _ _ i &t 0|71t 0|29
Reli[rs = S| = e<ilr<i = U] — e>i[r>i = U] user2| emotional intensity

Rel = Relz- [’f'i = S]

1 n
>ic  I(ri = 9) Zi:l

- change of the user’'s emotion intensity
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Preliminary Analysis
Challenges of Mixed Initiative in ESC

1) When should the system take the initiative during the conversation?

== Init. 4% it. | W Hi || it _& -DialogueE 5523l 2} phaseZB = system uttOfA2] initiative label 2,

12727 Non-Init. Non-Init. Bl Bye | ".".". Non-Init.

emotion intensity 213} £X

- (O2HA) XHHl= H| DA initiative$t 43F0| UX|TH HM A=EX O 2 Hi5)St
H

°

e

Proportion

(@]
- (ESC, 24 HE) system initiative?} ZEH| non initiative 2Ct & S

intensity changeE 2¢&

o
[N)

0.0

0.0 0.2 0.4 0.6 0.8 .0’ 0. 0.2 0.4 0.6 0.8 1.0°
Conversation Progress Conversation Progress > Inltlatlvejf I_E_I_| Do=| j|- IE_C_)['%E”’ O|E_-|'g- |_E_O| 90|E_:| Userol negatwe
(a) EmpatheticDialogues (b) ESConv

emotiong SZAIZS
Figure 6: The distribution of utterance initiative (the - SHX|2F 7= Z=5 O[2{ctinitiative utt?t AtEXI2| Z4HE O EH S
stack plot) and the emotion intensity change (the bar
chart) at different conversation progress.

* emotion intensity change?} =242 user?2| emotion improvement
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Preliminary Analysis
Challenges of Mixed Initiative in ESC

1) When should the system take the initiative during the conversation?

)
2E2

I

1
2

(1) system initiative interaction2| EfO| 0| ZQ5|IC}
(2)

user?| Z°0| & 2=tz US|, ZXME SHEY = U= FELE suggestionS X&E5h=210| ZotHo = T 20| Lt

~> 32iA 2 turnoi|A] initiative§ PP X| X[ 2°85t= 22 1R SKOICH

> 0| =20 M= 2|&2| ESC ¥7S0lX support strategies or dialogue actsE AF&SIS I,

conversational effectiveness?t 2ARICH= H S R2| = OFA| AFRSHICH D o

O
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Preliminary Analysis
Challenges of Mixed Initiative in ESC

2) What kind of information is required for the system to initiate a subdialogue?
initiative utt? 4 W2 HEHE JHX[12 UUS

J2fM, HEDt mixed initiative interaction2 fsiA = 222t knowledge?t information2 {22 52

AtZ|EHoA10f| 2 M, M|7HX| X|4l0] supportive statementdf] =22 &Ct10 &
(1) Affective Knowledge - userQ| Z+740]| CHsH X| Al
(2) Causal Knowledge - stress Q10i| et emotional reasoning

)

(3) Cognitive Knowledge - userl| 2X| A&tS siAS = Q= CHXEH0| CHSH Q1|

> 9| X|Al MAICE Proactivity Information  Repetition Relaxation
Init. Non. Init. Non. All Init. Non. All Init. Non. All

D [0.28 0.72.12.14 2.69 2.46/0.42 0.44 0.43]0.83 0.82 0.83
ESC|0.48 0.52 '3.32 3.06 3.19\1.06 1.18 1.12/0.16 0.20 0.18

Table 7: Comparisons on emotional support metrics.

14/45
RSB



Preliminary Analysis
Challenges of Mixed Initiative in ESC

3) How could the system facilitate the mixed initiative interactions?

ESCOt useret o= 288 o= U= A0 oS 7[RI 2 SiL|f,

ZOX HEE 7|80 2 initiative-aware utteranceE AIMGH= A|ABIOZ Hojat 4~ Q1S
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Method

Problem Definition

- generates the target responser p(r|C, s)
s = description of the user's problematic situation

C = {ul, U2y +eey ut}

- three sub-tasks
1) Strategy Prediction
: predicts the support strategy y
2) Knowledge Selection

: selects appropriate knowledge k from the available resources K

3) Response Generation
. generates the mixed initiative response r based on the predicted strategy and the selected knowledge.
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Method

KEMI

|
' Knowledge Acquisition HEAL
! COMET [Affective State J
X + [xReact] :
: Query — | T [xIntent] | __, - — z:x:(;i - e — [Expecltation H Response)
| (Seeker Utterance) |+ F‘Wﬁnﬂ C/ <xEffoct> = §
! + [xNee L :
! - .
+ [xEffect] \ m Retrieved
: : - Knowledge
I
T
\ Mixed-initiative
: Response [CLS] || <context> [ SEP] ||[know.] || <knowledge>: |[SEP] |-+ |<knowledge>~| [SEP]| —> PLM — ([strategy]| y [[response]
. Generation
|

Figure 2: Overview of KEMI. Each expanded query is represented as a graph to retrieve subgraphs from HEAL, and

each subgraph in HEAL can be regarded as an actual case of emotional support conversations.
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Method

Knowledge Acquisition

- ESCOf|A] emotion reasoning= ¢/8 commonsense knowledge Aot G11=0| BiUS

= [
SHX|2FESCO|| M mf, 2H25HH A specific context informationS 217 |ol 232

- Hets10| QI8 A] large-scale mental health knowledge graph (HEAL)O|A AIX| 224 ESC At S ZASH= 2HA] X|oF

1. Query Expansion with COMET
: U_tE 7FX| 1 HE2 HEALOA AX| At E retrievedsi = H AP US
M

query expansion

e xEffect: The effect that the event would have
on Person X.

; 0| AL23
Commonsense knowledge generator?! COMETAE S| « xIntent: The reason why X would cause the

- user's affective@} cognitive state@} 2t#HE HH Lot event.

» xNeed: What Person X might need to do before

Cp = COMET(p, ut) Relatin p = {[xReact], [xIntent], [xWant], [xNeed], [XEff¢ the event.

e xReact: The reaction that Person X would have
to the event.

* xWant: What Person X may want to do after the
event.
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Method

Knowledge Acquisition

2. Query Graph Construction

PHEAL2 12X 222 £[0 UF

1 O3 471X Q] 2EA[Of] CHOHAE nEq et
1) expectation: commonly asked questions by the user in an emotional support conversation
2
3

4) response: frequent types of responses by the system to address the user's problems = [xWant], [xNeed], [xEffect]
- Cognitive Knowledge

affective state: emotional states associated with each speaker - [xReact] = Affective Knowledge

stressor: the cause of emotional issues - [xIntent] = Causal Knowledge

)
)
)
)

Knowledge Acquisition HEAL

{ Affective State ]

+ [xReact] COMET

+ [xIntent]

|

|

|

:

: <xWant>
i Query —— — g —
| (Seeker Utterance) | +[xWant] C/

I

|

|

I

|

<xNeed>
<xEffect>

et Retrieved
tr
Expanded Query , pHEssor Knowledge

e it ) S it i ), i S, e amf ot ( fm ) e T  Jimem)  fimemt  Jmfmt  Comlm!  f om) ], ol e i ) e [l i i) Y ) it ) V) i (it (el S il R it} i (i

- = = | = [Expectation H ResponseJ

+ [xNeed]

+ [xEffect] <xIntent>

semantic similarityZ 7|2t 2 query?| entity2lt At subgraphE 78S
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Method

Mixed-initiative Response Generation

- PLM AtE3lA 4g of5

BlenderBot Al

X = [CLS], <context>, [know. ], <know.>g, ...

Y = [strategy] »Y, [response], T
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Experiments

F1: strategy prediction

Model FIt+ PPL| B-2t B4t R-L}

Transform.er* (Vaswani et al., 2017) - 8155 566 131 14.68 . domain—speciﬂc actual case know'edge% *l-_g_'(')"-E 710' E%Ol EI_||:|-
MoEL* (Lin et al., 2019) - 6293 5.02 1.14 14.21

MIME* (Majumder et al., 2020) - 4327 482 1.03 14.83 E \I235= L C =2 M=
BlenderBot** (Roller et al., 2021) - 1623 545 - 1543 commonsenseS A&St= MISCLf GLHGRLE B 52 85
GLHG* (Peng et al., 2022) - 15.67 7.57 2.13 16.37

GLHG w/o L5 Loss* (Peng et al., 2022) - - 6.15 1.75 15.87

BlenderBot-Joint (Liu et al., 2021) 19.23 16.15 5.52 129 15.51

MISC (Tu et al., 2022) 19.89 16.08 7.62 2.19 16.40

KEMI 24.66" 1592 8317 2.517 17.051

Table 2: Experimental results on ESConv. * and **
indicate the results reported in Peng et al. (2022) and
Liu et al. (2021) respectively. Other results are repro-
duced. T indicates statistically significant improvement
(p<0.05) over the best baseline.

Model F1t+ PPL]| B-21 B-4t R-Lt
Transformer (Vaswani et al., 2017) - 65.52 623 152 15.04
BlenderBot (Roller et al., 2021) - 16.06 6.57 1.66 15.64
BlenderBot-Joint (Liu et al., 2021) 22.66 14.74 7.28 2.18 16.41
MISC (Tu et al., 2022) 22.68 14.33 7.75 230 17.11
KEMI 2591 13.84" 8.52f 2.72f 18.00f

Table 3: Experimental results on MI Counseling.
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Experiments

e Human Evaluation

1) Fluency: which model's response is more fluent?

2) Identification: which model's response is more skillful in identifying the user’s problem?

)

)
3) Comforting: which model's response is better at comforting the user?
4) Suggestion: which model can give more helpful and informative suggestions?
)

5) Overall: which model's response is generally better?

BlenderBot-Joint MISC
Win Tie Loss Win Tie Loss

Flu. 26% 51% 23% 37% 47% 16% - initiative interactions ZH|A L46}C}

Ide. 50% 38% 12% 46% 30% 24% > KEMI can generate more satisfactory and helpful
Com. 46% 40% 14% 44% 30% 26% responses than other methods

Sug. 52% 22% 26% 52% 16% 28%

Ove. 62% 20% 18% 70% 12% 18%

VS.

Table 4: Human evaluation results (KEMI vs.).
22145



Experiments

« Ablation Study

: 2F task?| 21, knowledge?| typeO|

I_

off ==

=
—

o

[oNe) o
Strategy Knowledge F11 PPL| B-2t R-L?T
- - - 1623 545 1543
- KEMI - 16.16 6.54 16.21
Joint KEMI 2466 1592 831 17.05
Joint w/o COMET 23.26 1574 7.60 1647
Joint w/o HEAL 1999 16.08 7098 16.92
Joint w/o Affective  22.68 16.08 8.22 16.98
Joint w/o Causal 23.14 1594 8.16 16.92
Joint w/o Cognitive 20.24 1622 7.62 16.64
Joint Oracle 32.38 12.79 18.45 28.01
Oracle KEMI - 1592 975 18.81
Oracle Oracle - 12.78 19.11 28.88

Table 5: Ablation study. Oracle knowledge is obtained
by the lexical match between the reference response

and the candidate knowledge from HEAL.

> THo18] strategy predictionzt knowledge selection taskE 2-0| AR3HS Y
|:_-| %% Mo E(I):l
/

ocoo=2
> (w/o HEAL) HEALO]| strategy prediction 450 523t &S &

-

= next support strategy= 0|2 [ actual case knowledge?t
=0| E[AC}
> (w/o COMET) PPLO| Cf ZO}
= commonsense knowledge?t XtQ1C{™ERT} OtL| 7| 20|

- cognitive knowledge?} 2 effective knowledge ULt

Oracle knowledge is obtained by the lexical match between the reference
response and the candidate knowledge from HEAL.
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Experiments

« Emotional Support Metrics

P M2 401X HERI 2 7

Proactivity Information  Repetition Relaxation
Init. Non. Init. Non. All Init. Non. All Init. Non. All

BB [0.36 0.64 (1.79 1.32 1.48(1.00 1.11 1.07|-0.01 0.11 0.07
BB-J [0.68 0.32 {1.89 1.18 1.66(1.18 1.09 1.15/0.01 0.07 0.03
MISC|0.61 0.39 |1.91 1.25 1.65|1.16 1.12 1.14/0.00 0.04 0.02
KEMI|0.45 0.55 |2.04 1.40 1.68|1.18 1.09 1.13/0.09 0.13 0.11

REF |0.51 0.49 [3.09 3.01 3.051.12 1.06 1.09]0.10 0.13 0.11

Table 6: Emotional support metrics. BB and BB-J de-
note BlenderBot and BlenderBot-Joint.
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Conclusion

« ESCOf|AM mixed initiativel| featureg2 Mg 4~ = framework K|t
« KEMI framework to tackle the problem of mixed-initiative ESC
a large-scale mental health knowledge graphOilA| X AlHIES 1 2A At

MTLZ strategy predictionf response generation 2r&

« AutomaticZ} human evaluationOj|A] 7| =9 HHHZ HL| SFAE| M=S HQ
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Abstract

« The interest in Empathetic and Emotional Support conversations among the public has significantly increased
« [ sensitivedtd understanding responseE 2o, B O 2 commonsense X|4]2 ALE
context2t HX| Y= X|AE M-S 2 US + upcoming dialogue themeE O|5& =~ Sis

- coherence®t empathy?t 26t £ S A9

_

« Commonsense knowledgeE inferg &= %!= Prophetic Commonsense Inference &= &[0t

L
Dialogue history@ future dialogue 2t2] 22 & &Y 4= U=

«  X|9tS5t= prophetic commonsense inference?t BE19| qualityS SAA|ZICH= I8 St

EMPATHETIC DIALOGUES, Emotion Support Conversation G|O|E{Al0]| CHSHA
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Introduction

+ Empathetic dialogue and emotion support conversation have taken center stage within the research landscape
« J|& AREZE commonsense knowledgeE AFE S sensibledt! comprehensive response 4440l S E
impliciteh o 2| K21 FE et FIHH QI Q1A F O[8list2 | 2|sh

> commonsense knowledgeE AESHA] interlocutor?| mental statelt intentE 2

« LLMZ2| dialogue response generation0| CHt E|0{t S240] ZHE|Y2

SHX|2FH LLMZ E3l empathetic responselt emotional supportE ¥72|= £&5¢
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Introduction

« LLMO|HO|Z= commonsenseE AtESH=E 1= 0| U K| T CHRILHO| EXHSH= implicitet QIt2HH S T Bl 2 F26HX| 23S

I there, don't know what to do, just broke up

with my girlfriend, we were i_ii_y_qg_r_s_i together.
2 X Sorry to hear! do you have any idea about
s ﬁz ; the break up? Did you think about it ?
Yes we decided together with our minds, and know 9.
I come home and feel so distant from the world. Listener
Commonsense | 7/ COMET
Listener’s Intent : To be together & Effect : Feel happy.
“ Out of Context CICERO Unrelated to Response ! OFZ| 2} utteranceS 7|HIS 2 7122

Causality : speaker & listener were in a relationship for:8 years. commonsense’} context2t LA| ¢t3

Subsequent: speaker & listener decided to get married.
Prophetic
Speaker feels a sense of loneliness and after breaking up.
Likely to emphasize the importance of and find happiness again. x
Intent to find a way to distract the speaker from sadness and focus on well-being.

L]

Sorry again! Hope you'll get relief from this sadness. Please =~ !

concentrate on your interests to divert your mind from this.
& 29145



Introduction

- =4S 8°fl, Ol=fet EA|Q] Tl Hel2

- boundless scope of commonsense inference

- dialogue history0i| 2|=5}= responseE AH4d517| 2ot S =20t HEE Eadst UX| ¢4S

Prophet LLM , #B's intent is to...

[ N U U U U U R

scared to go on this really high ride.

» Prophetic Commonsense Inference, a paradigm for the dynamic inference of commonsense knowledge X|2F
potential dialogue®} alignk|=
Prophetic Commonsense acquisition Prophetic Commonsense | Commonsense Inference & Response
Trainin 3 Generation
A T 8o gratery for my faruly due to/an s DW I am extremely afraid of going near heights
incident with my friend. Dialogue History :
. i i {M 'Or)l . ~
#;fn.lﬂ(;lzn:iegl-il;d \t;/:s; happened with your ﬁi:‘/ f::ilS; gratefill for .?. Oh, I can relate I am also afraid of that.
A MY frien.d s ‘her PR e sibling§ i #B: Oh really? What Yeah, last year I went to Disneyland and got on
st bl happened with your ... the elevator game and I almost cried hahaha.
i . LG : - 'h’ ) #A: My friend lost her
. #B: That's awful. Stuff like that teaches you arents and siblings in
| to appreciate what you've got. Resporse ]: fite £ oS ====scosmmacas :
I ;';"_":"j':::"_‘"; ________ Res | Cause of potential response - :
Infer ! |
: Cause of upcoming response? ' Infer| | Subsequent event :_
S : PR i I Emotion state |
\ : I I Cause | : . I
Subsequent _+ What would #B probably do? | " : Intention I
AR : 1 I Subs. | T L Ll :
— ' The emotion state of #A? : : Emo. : Train ) 1 |
I I
e ! i 'ntent: %Y=, | remember atime | was in Vegas | was
I
I
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Preliminary
Overview

« Commonsense knowledge Z, Dialogue history C = [uq,uy, ..., Us_1]

'U'tNP9(' | Z,C)
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Preliminary
Categories of Commonsense Inference

St

- dialogue history0| CH&t O[SH =& =0|1, response0f &=l EXHE QI characteristicsE O|8lst?| &
e 47tX| 89| commonsense knowledgeS &2

E2 commonsenseE 22 of& Al guiding oracleZ AME
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Preliminary
Categories of Commonsense Inference

1) Cause
dialogue contextLi2| Q1aI2tA|Dt S QS| desired responseE e 4~ Q= potential word2t phraseE ==

What is the cause of the assistant to post the last utterance?

2) Subsequent Event
past utterance?} CH2 response?tQ| QITEA| mtsto| 2|t

What will be the potential subsequent events involving the user that may occur after the assistant’s last utterance?

3) Emotion reaction
CHstol A fundamental element?! emotionE &2 M, 20| dialogueE & O[dli5t1 target response0f emotional contentE Z
= A

What is the emotional reaction of the assistant in their last utterance?
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Preliminary
Categories of Commonsense Inference

4) Intention
O = 9| dialogue ¥, logic, objectiveE B = dialogue intentE F&

What is the assistant’s intent to post the last utterance according to the emotion reaction of the user?

Speaker: Hi, 1 feel so lonely sometimes because all my friends live in a different country.

Listener: Oh, I'm sure you are lonely. Maybe you can join some kind of club that lets you meet new friends?

Dialogue Context Speaker: 1 was thinking about it! I wanted to join a group for local moms.

Response: That’s a good idea! This way you can also meet friends for yourself, but also maybe meet new friends
for your children to hang out with while you do with their moms!

Subsequent events: The listener is likely to suggest specific activities or events that the speaker can participate in
to meet new friends, showing a proactive and helpful approach to the conversation.

Emoiton: The speaker feels hopeful and appreciates the listener’s suggestion to join a group for local moms, as
it aligns with their desire to meet new friends.

Commonsense Knowledge Cause: The listener is motivated by empathy and the desire to offer practical solutions, encouraging the speaker

to pursue social connections .

Intent: To provide encouragement to the speaker, acknowledging the potential benefits of joining a group for
local moms and expressing hope that it will lead to positive outcomes for both the speaker and their children.
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Proposed Paradigm

Prophetic Commonsense acquisition

#A: I'm so grateful for my family due to an

incident with my friend. Dialogue
#B: Oh really? What happened with your History
family and friend then?

#A: My friend lost her parents and siblings in

a fire and their family was very close to mine.

- #B: That's awful. Stuff like that teaches you

Intent

" to appreciate what you've got. Resporse
Infer Pri—
; , Cause of upcoming response? '
ause E
I

I
A ", What would #B probably do? |
T | '
el — ¢ emotion state of #A? |
I
I
I
I

Prophetic Commonsense

Training Di
History

#A: I'm so grateful for

my family ...

#B: Oh really? What

happened with your ...

#A: My friend lost her

parents and siblings in
a fire ...

Res

e 1

I Cause |

I 1

I Subs. |

; : ‘ .

I Emo. ; Train

I 1

i Intent

| I p— o

Commonsense Inference & Response
Generation
I am extremely afraid of going near heights.

2 Oh, I can relate [ am also afraid of that.

Yeah, last year [ went to Disneyland and got on
the elevator game and I almost cried hahaha.

I'" Cause of potential response -
Subsequent event
Emotion state

Intention

g | remember a time | was in Vegas | was
scared to go on this really high ride.
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Proposed Paradigm

1. Prophetic Commonsense acquisition

«  ChatGPT ArE

Prophetic Commonsense acquisition

#A: I'm so grateful for my family due to an

incident with my friend. Diadogue
#B: Oh really? What happened with your History
family and friend then?

#A: My friend lost her parents and siblings in

a fire and their family was very close to mine.

#B: That's awful. Stuff like that teaches you

Intent

Prophet LLM , #B's intent is to...

L T s

s Response (Ground truth response)
Infer e —
. , Cause of upcoming response? '
ause v
1
I
subsequem\. _; What would #B probably do? |
: \ : |
— “The emotion state of #A? :
:
I
1
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Proposed Paradigm
2. Prophetic Commonsense Training

« generate prophetic commonsense inferences based on dialogue context - LLaMA2 7B2 LoRAEZ &
« SFT

Task Definition and instruction:
You are an expert in the theory of empathy and conversational contextual reasoning.
Given a dyadic dialogue clip between a listener and a speaker, the objective is to comprehend the dialogue and make
inferences to identify the underlying cause of the latest utterance stated by the listener
(the reason contributing to the utterance stated by the listener).

Example and Answers
| will provide an example of a conversation clip and the explanation of causes, which is as follows:
{example}
What is the cause of the speaker to post the last utterance?
Please make inferences based on the utterances before the last utterance of the conversation.

Please generate the answer like this:
Answer: {example answer}.

Dialogue context to be inferred

Now, generate one concise and relevant inference (no more than 40 words) of the cause of the last utterance.

The conversation clip is: {context}
Answer:
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Proposed Paradigm
3. Commonsense Inference and Response Generation

- Dialogue history2t At
sh& ot commonsense Hd &2 443t commonsense inference A&

—

« LLaMA2 7BZ LoRAZ §'d
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Experiments
Dataset

* two datasets: EMPATHETICDIALOGUES (ED) and Emotion Support Conversation (ESConv).
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Experiments

Automatic Evaluation of Generation Quality

Model BLEU-1/2/3/4 Dist-1/2/3 ROU_L. MET. Ave. CIDEr Length
CASE 15.99/7.41/3.90/2.29  0.64/3.02/5.98 18 7.77 87 18.12 9.92
LLaMAZ2 Vanilla 16.8/5.94/2.67/1.38  5.63/36.57/72.06  15.09 759 873 13.72 15.99

LLaMA2 + COMET  17.34/6.3/2.86/1.53  5.59/35.83/70.74 15.21 769 8726 14.38 15.56
LLaMA2 + CICERO  19.60/7.98/4.16/2.45 5.52/35.98/70.80 17.33 855 87.66 23.16 15.01

LLaMA?2 + PCI 21.34/9.25/4.89/2.84*%  5.5/34.53/68.47 19%* 9.54* 88.29 26.89* 16.3
PCI w/o cause 20.89/9.06/4.78/2.78  5.35/34.52/68.48 18.69 038 88.01 25.87 16.22
PCI w/o intent 18.72/7.05/3.35/1.82  5.29/33.67/67.44 16.18 8.17 8734 1646 16.1
PCI w/o subs 20.69/8.89/4.66/2.71  5.37/34.16/67.91 18.23 92 87.83 2439 16
PCI w/o emo 21.18/9.12/4.79/2.74  5.41/34.47/68.4 18.63 925 8792 2535 15.98
w/o Prophet 16.83/5.86/2.60/1.36  4.03/26.65/54.82 13.89 6.69 8539 9.70 14.74

Table 1: Automatic Evaluation results on EMPATHETICDIALOGUES dataset. The version of LLaMA?2 in our
experiments is LLaMA?2-chat-7B. The best results are highlighted with bold. "*" denotes that the improvement to
the best baseline is statistically significant (t-test with p-value < 0.01).
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Experiments
Automatic Evaluation of Generation Quality

Model BLEU-1/2/3/4 Dist-1/2/3 ROU_L. MET. Ave. CIDEr
MultiESC 17.4/7.21/3.76/2.25 3.67/15.6/27.97 19.27 7.61 9047 24.83
LLaMA?2 Vanilla 18.86/6.73/2.9/1.4 6.24/40.34/75.6 15.62 9.02 8844 832
LLaMA2 + COMET 18.22/6.48/2.78/1.35  6.22/39.81/75.18 15.58 9.04 8939 934
LLaMA?2 + CICERO 19.63/6.78/2.79/1.29  6.35/40.46/76.29 16.02 822 8825 1044
LLaMA2 + PCI 19.73/6.97/3.04/1.50  6.84/41.59/76.41* 16.03 853 89.12 1052
PCI w/o cause 19.63/6.99/3.09/1.55  6.62/41.03/75.69 15.99 845 89.01 11.74
PCI w/o intent 18.93/6.62/2.90/1.42  6.50/41.04/75.93 15.75 875 8922 11.21
PCI w/o subs 19.24/6.74/2.89/1.37  6.53/40.99/75.59 16.24 875 89.55 10.96
PCI w/o emo 19.15/6.61/2.74/1.25  6.62/41.10/75.75 15.75 837 8943 1024
w/o Prophet 15.88/5.09/2.05/0.94  4.92/32.25/63.99 14.14 847 8941 5.89

Table 2: Automatic Evaluation results on ESConv dataset. The best results are highlighted with bold. "*" denotes
that the improvement to the best baseline is statistically significant (t-test with p-value < 0.01).

« SFT - ESConv H|O|E{All
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o
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Experiments

Human Interactive Evaluation

Comparisons Aspects Win Lose Tie
Flu. 295 153 552

Comparisons  Aspects Win Lose Tie
Coh. 532 54 414 PCI vs. MultiESC Eﬁg‘ ﬁﬁ 12:2 §Z§
PCI vs. CASE Emp. 42.2 10.4 47.4 All 503 18.6 31.1
Inf. 46.4 5.4 48.2 Flu. 28.2 20.4 51.4
Coh. 178 13 692 . Com. 285 203 512
PCIvs. Vanilla  Emp. 30 166 534 PCLvs. Vanilla g " 355 295 38
Inf. 218 214 56.8 AlL 36.7 302 33.1
Coh. 178 148 67.2 Flu. 235 172 593
PCI vs. COMET Emp. 252 212 53.6
mf 249 238 513 AL Csﬁgl A3 258 401
Coh. 175 6.5 755 All 387 299 314
PCI vs. CICERO  Emp. 495 285 21.5 Flu. 13.5 10 76.5
Inf. 40.5 26.5 325 Com. 515 40.1 84
PCLvs. CICERO g\ 513 388 99
Table 5: Human A/B test (%) of EMPATHETICDIA- AlL 564 372 64
LOGUES. The inter-annotator agreement is evaluated by
Fleiss’s Kappa (denoted as k), where 0.4 < Kk < 0.6 Table 6: The human A/B test results for ESConv (%).
indicates moderate agreement. All £ values fall between 0.4 and 0.6, suggesting mod-
erate agreement.
Coherence (Coh.) Fluency (Flu.)
Empathy (Emp.) Comforting (Com.)
Informativeness (Inf.) Supportive (Sup.)
Overall (All.)
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Experiments

Speaker: Hi, I feel so lonely sometimes because all my friends live in a different country.

Listener: Oh, I'm sure you are lonely. Maybe you can join some kind of club that lets you meet new friends?

Dialogue Context Speaker: 1 was thinking about it! I wanted to join a group for local moms.

Response: That’s a good idea! This way you can also meet friends for yourself, but also maybe meet new friends
for your children to hang out with while you do with their moms!

LLaMA2 + COMET That would be fab! Do you live in a big city or a small town?
LLaMA2 + CICERO That would be great, I'm sure you will have great luck!

Subsequent events: The listener is likely to suggest specific activities or events that the speaker can participate in
to meet new friends, showing a proactive and helpful approach to the conversation.

Emoiton: The speaker feels hopeful and appreciates the listener’s suggestion to join a group for local moms, as
it aligns with their desire to meet new friends.

Commonsense Knowledge Cause: The listener is motivated by empathy and the desire to offer practical solutions, encouraging the speaker

to pursue social connections .

Intent: To provide encouragement to the speaker, acknowledging the potential benefits of joining a group for
local moms and expressing hope that it will lead to positive outcomes for both the speaker and their children.

LLaMAZ2 + PCI (Ours) That would be a great idea. You can make friends for yourself and for your children.

Table 7: A case containing LLaMA’s generated responses that were enhanced through our inference approach and
compared to standard baselines. The words relating to commonsense knowledge are highlighted in red, while
phrases in red signify the connection with knowledge and dialogue history.
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If PersonX says: Would you like a lift home?

helpful

PersonX is seen as ~—kind

_Attributes of PersonX

__Effects on PersonX

| “_Effects on others

;q » |latural Language

Ly

~rocessing

€ Artificial Intelligence

As a result, others want

caring
friendly
generous

none

As a result, others feel happy

Strategies

Stages

Examples

Question

Can you talk more about your feelings at
that time?

Restatement or

It sounds that you feel like everyone is

grateful
helpful
thankful
to say thank you

to thank PersonX

to go home

none

to thank PersonX for the ride

_———none
Others then _———getsin the car
= —— gets into car
gels in car
gives money

Paraphrasing ignoring you. Is it correct?
Reflecl.:lon of I understand how anxious you are.
Feelings
/ !
Self-disclosure I feel the same way! I also don't know what

to say to strangers.

Affirmation and

You've done your best and I believe you will

Reassurance get it!
Providing Deep breaths can help people calm down.
Suggestions Could you try to take a few deep breaths?
Apparently, lots of research has found that
Information getting enough sleep before an exam can
help students perform better.
Others I am glad to help you!
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