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Introduction

We propose Planning Enhanced Dialog Policy
(PEDP), a novel multi-task learning
framework that learns single action dialog
dynamics to enhance multi-action prediction.

(a) Multi-action Dialog Policy (b) Single-action Dialog Fragment
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['m looking for a nice, expensive : - —
restaurant on the south side of town. | {\‘w have 5 restaurants that meet that L'I'lt'i.T]il.]

Inform{Choice)

We have 5 restaurants that meet that criteria.

Are you looking for a specific type of (0047 | gt

Inform(Choice), Request(Food)
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1 {.“LFL‘ you looking for a specific type of 1m1d'.’J
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I
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z Oh that sounds terrific. J :
]
]
I
I
I
I

z lMexican sounds good. J Request(Food)

Figure 1: (a) Example dialog under multi-action dialog policy”. We ° _/I\ZZ: s {E, E‘%:éﬂ%’iﬁﬁ’\]}?_jr
propose to learn single-action dialog dynamics (b) to model condi- STTEBNE, }EH'T/EJZ" RY %\Z}F\,ﬂ[ﬁ]}ﬁo
tional act combination patterns and enhance multi-action prediction. ° PR NESNEESEE S . S1E
KAFIETE R IRAVARER, BlL0
>A dialog policy responses by predicting atomic dialog actions “hotel-inform-area”.
represented as “Domain-Intent(Slot)” phrases. We omit the domain
(“restaurant™) for clarity.
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Figure 2: (a) The Planning-Enhanced Dialog Policy (PEDP) framework. It utilizes a single action dialog planning module (b) to incorporate
contextually relevant contents before multi-action prediction. A total of K single-action dialog procedures are planned, with the k-th path
looking ahead N steps under single-action dialog dynamics. At each step, the discrete policy model predicts an atomic dialog action an
given the previous dialog state embedding h,,_1. The world model, which simulates user behavior, responds to the predicted action a,, and
updates the dialog state embedding from h,,_1 to h,,.
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Approach

Ay (30000 s; into a dialog state embedding h;. Given the current state
Emmhle*m FTT embedding h;, we [_:rlan K incllePendent single-action dialog
Gumbel Sigmoid | paths, and the k-th dialog path is represented by a vector h(*),
Aggregation Function ) k=1,..., K. Our model then decodes each dialog path to a
[ (®"....p"™)  probability distribution over atomic dialog actions, i.e., p(¥).
o Path-wise Decoding | Finally, these distributions {p*) }/_ are aggregated to form
T mv, .. h()) a unified distribution, from which atomic dialog actions in the
' macro-action A, are sampled.
. Single-Action Dialog Planning | =~
I hy State Encoding
State Encoding 1
[ 1 | h; = FFN,,.(s;) = ReLU(s; W + by )Ws + bs. (1)
St
(a) In what follows, this dialog state embedding h, will serve as

the initial dialog state embedding for planning.
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Single-Action Dialog Planning === 7o = B2
[ ] hu

State Encoding S; » b

s (L LI 1 1 I 1) » b State Recovery
(a) (b)

: : : : look ahead several steps. Let h( ) denote the dialog state em-
Single-Action Dialog Planning  bedding at the n-th step in the Fth dialog forn = 0,..., Ny

where Nj is the length of the £-th dialog, and h[ } = hy,

h(m = h®). The last dialog state embedding h*) estimates

the hldden vector of the future dialog state s;4+1 and summa-

rizes the planned single-action dialog. In what follows, we

describe how to plan a single step from h( ) to obtain hi 1,3 41
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Single-Action Dialog Planning [ === Recover . h(2
[ 3
hu 1

State Encoding St - h
f Task 3
s (L L T T | b State Recovery
(a) (b)
) i i i Here, DP is implemented as a single linear layer followed by
Slngle-Actlon Dlalog Plannlng a Gumbel-Softmax function [Jang et al., 2016] parameterized

by 74. The Gumbel-Softmax function draws an atomic dia-
a,, = DP(h,) A GumbelSoftmax (™) (h, W + by) log action sample from a categorical distribution, diversifying
N (2) the planned dialogs. 7, is selected to balance the approx-
h,.; =Wo rld(hn, ﬂn) = GRU (hn, Emb (an)). imation bias and the magnitude of gradient variance. The
world model is implemented using a GRU to model dialog
state transitions, and Emb(a,) denotes the embedding vector

of atomic dialog action a,,.
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L Aggregation Function ) : Discrete @ : Discrete
$ K ! Policy i Policy
(Y, ..., p") : ; 2
]
1
1 ! (
. )
1

________________

Single-Action Dialog Planning [ === Recover . h(2
[ 3 hu

State Encoding S; > b

— F Path-wise Decoding 1
[ P il hﬂ_J
|:hl' L) hl_ K ,')

IR

s (I I 1 L o ) » b State Recovery
(a) (b)
Single-Action Dialog Planning

C, = GumbelSnftma;s{(T5)(FFNSt([h[} :h,iq]))

s; = Recover(hy) (3)

s;i+1 = Recover(hy)

where c;, is a binary variable, ™ denotes vector concatena- Here Recover is implemented by a 2-layer FFN and is only
tion, and FEN 1s a 2-layer fully-connected feed-forward net- ,¢oq during the training stage.

work using the ReLLU activation function in the middle layer.
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Single-Action Dialog Planning [ === Recover h(2
[ 3 hu

— F Path-wise Decoding 1
[ P il hﬂ_J
[hl‘l’l ht K Jl)

IR

State Encoding St > b
T L TR
s (T TT I | b State Recovery
(a) (b)
Path-wise Decoding
Specifically, we instantiate the
decoder p(¥) = [pgk) . pg\'})] where k refers to the P.Ef,'lf} = FFNﬁfﬂ([hﬂ : h“‘"}])_

planned path and M is the size of the action space. Each

pS,'f ), m = 1,..., M is a vector computed as:
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Path-wise Decodin . .
i t - - |hﬂ » World - World ; ..._..hf,‘],l——:h'-]-I
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Single-Action Dialog Planning [ === Recover h(2
[ 3 hu

State Encoding St > b
f — o Task 3
s (L T T T T 1) | h State Recovery
(a) (b)
Ensemble Prediction o e(Pitg)/7
A = GumbelSigmoid(P;) = W (T Y e
P, = Aggr(p",....p"))

Here GumbelSigmoid(-) is a modification of the Gumbel-
Softmax function, regarding sigmoid as a softmax with two
logits p and 0. 7 denotes the temperature factor, ¢, and g, are
Gumbel noises.

where Aggr(-) is the mean average in our case.



o ATAI
@ Chmgqlng thersty Advanced Technique of

of Techndlogy Atificial Intelligence

A, G500 000 i T e .
(LU0 t 2O fask l:l Gumbel-Max | Gumbel-Max ot FlT"‘s;z et
Discrete Act -—— 5 H | o . . =top Flag Prediction
( Ensemble Prediction A :Dj_ Sampling | ~~ Sampling ,

Prediction

1 IC]_

. :CE,I:' = False

@ ! Discrete
@ Policy

Gumbel Sigmoid

Discrete
Policy

Aggregation Function
& I:_J._:I
gaea

(p

- F Path-wise Decoding
[ P Py ]10
(W'Y, ... h'")) -

Single-Action Dialog Planning [ === Recover h(2
[ 3 hu

State Encoding S¢ +h
T L TR
s (L T T T T 1) | ~ State Recovery
(a) (b)
Training

Task 1: Discrete Act Prediction (DAP)

N-1 . .
ha) — h hy) pe(holan 1. hy, where 6 and ¢ denotes trainable parameters for the discrete

p(alho) = po(aolbo) RI;II golan|bn) ps(Bnla o ) dialog policy model and the world model, respectively.

>
DAP state transition

a = (a{h... }ﬂN—l)
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c=(co,...,cN_1)

where ~ parameterizes the stop prediction model, the
joint probability of pgge(h,+1|h,) is factorized as

plefho) = H?’r(cﬂlhﬂHﬁh02?¢=3(hn+1|hﬂl ps(hpit|an, hy,)pe(an|h,) of state transition and dis-

n=0 SFP I-step planning crete act prediction.

Task 2: Stop Flag Prediction (SFP)

N-1
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Training Task 3: State Recovery (SR)

p(st) = pc (Sﬂh(‘z?ﬂ(g{_’lstl where 1 and ¢ denotes trainable parameters for state en-
SR state encoding coder and the Recover, respectively. The joint probability
N—1 pe.o(hpt1/hy,) is the same as explained in Task 2.
p(str1lst) = p(sera/by) py(holst) 11 Pg.0(hni1|hy)

o . n=0 .
SR state encoding 1-step planning
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Task 4: Multi-Action Prediction (MAP)
N-—1
A¢lst) = pu(Aslhg. h h hys1|hy, .
P(Adls) £ ( tLD Nl?n(flstl U PM( YH' l where w denotes trainable parameters for the decoder. The

. n=0 . . . .
MAP state encoding 1-step planning rest 1s the same as explained in Task 3.
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MultiwOZ
Agent Turn Match Rec F1 Success
DiaMultiClass 11.46 +o0.56 0.68 +3.9% 0.81 +3.2% 0.81 +2a0%  67.3 +3.60
+ sample 9.23 to.2 0.82 t10% 090 +1.8%  0.77 £12% 814 +1.7s
DiaSeq (beam) 9.06 to.s7 0.81 to.4% 0.9 £1.2% 0.86 +o9% 81.4 toas
greedy 10.35 20,04 0.68 £1.5%  0.80 o5 077 tosw  67.7 £1.02
+ sample 8.82 o 0.86 to6%  0.93 +oa%  0.81 tosxn  86.9 to.ase
DiaMultiDense | 9.66 +o0.15 0.85 +0.6% 0.94 +0.4% 0.87 +0.6% 86.3 +0.64
- sample 12.75 to.77 0.61 +6% 0.72 £5.a% 0.80 +2.3%  58.4 +6.05
gCAS 11.69 +o0.53 0.56 +1.4% 0.72 +0.4% 0.76 +1.4%  58.8 +2.32
GP-MBCM® 2.99 0.44 - 0.19 28.9
ACER’ 10.49 0.62 - 0.78 50.8
PPO 15.56 0.60 0.72 0.77 574
ALDM’ 12.47 0.69 - 0.81 61.2
GDPL 7.54 40.43 (0.84 to.9% 0.89 42 2% 0.88 +1.2% 83.2 +1.4s
DiaAdv 8.90 to.as 087 toow 094 to.75% 0.85 to.58% 87.6 +t0.0
- sample 11.9 +0.88 0.62 +5.9% 0.73 +4.6% 0.80 +2a%  61.7 +5.50
PEDP 8.69 +0.15 0.88 +1.3% 0.97 +0.4% 0.87 +1.1% M6 +0.68
- planning 9.66 +to.1s 0.85 toen 094 roa% 087 toen  86.3 to.64
- ensemble 9.25 1043 0.88 +1.07% 0.96 +o.8% 0.85 +2.5% 89.1 +1.74
- sample 8.85 to22 082 +2s5% 093 +1a% 086 +16% 834 +1.m

Table 1: Interactive evaluation results. We simulate 1,000 dialogs
per run and report the mean and standard deviation over 5 runs.

ATAI
Advanced Technique of
Artificial Intelligence
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MultiwoOZ SGD (scaling)

Agent Fl1% Precision RecallF F1% Precision Recall%
DiaMuluClass 3941 x108 5459 +1m1 3432 1132 | 58.09 toez  BL29 £113  46.29 tosT

+ sample 3891 +o7a 4728 +toes 3756 108 | 5803 to6a  BL48 to1s 46,14 to.so
DiaSeq (beam) | 44.64 1208 5191 +o0e 4366 2227 | 63.13 toas 86.04 +05  50.83 +0.30

greedy 4834 4045 5471 +0.21 4884 tosa | 6321 o35 8631 07 50.85 +o.a0

+ sample 3782 t0a5 4302 to4s 3891 1064 | 62.64 +103 BS54 +162 5040 to.7s
DiaMultiDense | 3592 +054 5193 +033 3010 +oe9e | 57.85 toes  B0.64 +o43  46.2]1 o0

- sample 3435 +tos2 5214 +toas 2774 1074 | 56.69 toez  T9.54 toss 4519 to.7s
gCAS 5001 +tos2 5556 +tos0 5121 2174 | 7637 +160  T7.70 £1.46 7999 +1.08
GDPL 31.89+09s  50.14 tore 2499 11114 - - -

+ sample 3460 +oa7 4501 to2a4  31.54 tos0 - - -
DiaAdy 4097 085 5344 tos0 36,84 +1.30 - - -

- sample 41.71 +0.a7 5646 +t045 3628 +1.48 - - -
PEDP 64.63 o6 7703 +139 6177 101 | 8412 o3z 9166 +tosz  BL19 to4

- planning 3592 3054 5193 +os3 3010 +oe0 | 5785 toes  B0.64 +043  46.2]1 +o.80

- ensemble 64.34 o200 7763 +2.04 6085 £1.54 | 8331 toss  91.66 o7z B0.10 toss

- sample 66.95 +0.a5  T8A1 +303 6502 122 | 8474 o055 92.07 toer  BLM to.s2

Table 2: Standard evaluation results. We report the mean and stan-

dard deviation over 5 runs.
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Experiments

Dialog pair Win Lose Tie Q

PEDP vs. DiaSeq | 41.7 31.3  27.0 | 0.820
PEDP vs. DiaAdv | 36.5 27.6 359 | 0.856
PEDP vs. GDPL 326 265 409 | 0.839

Table 3: Human evaluation results. We report the mean over 9
judges and Krippendorit’s alpha («) that measures the inter-rater
reliability. Typically, results are considered reliable if « > 0.800.
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