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Figure 1: Transaction Model vs Constructivist Model. According to the Transaction Model, when
Alice (in red) asks about “Joe”, Bob will respond based on his individual knowledge, assuming there
is no ambiguity in Alice’s questions. In contrast, from the perspective of the Constructivist Model,
Bob will negotiate the meaning of “Joe” until both confirm the same person.

ABSTRACT

Humans talk in free-form while negotiating the expressed meanings or common
ground. Despite the impressive conversational abilities of the large generative
language models, they do not consider the individual differences in contextual
understanding in a shared situated environment. In this work, we propose MindDial,
a novel conversational framework that can generate situated free-form responses to
negotiate common ground. We design an explicit mind module that can track three-
level beliefs — the speaker’s belief, the speaker’s prediction of the listener’s belief,
and the common belief based on the gap between the first two. Then the speaking
act classification head will decide to continue to talk, end this turn, or take task-
related action. We augment a common ground alignment dataset MutualFriend (He
et al., 2017b) with belief dynamics annotation, of which the goal is to find a
single mutual friend based on the free chat between two agents. Experiments show
that our model with mental state modeling can resemble human responses when
aligning common ground meanwhile mimic the natural human conversation flow.
The ablation study further validates the third-level common belief can aggregate
information of the first and second-order beliefs and align common ground more
efficiently.

1 INTRODUCTION

Humans communicate based on a shared understanding of contextual meanings (also known as nego-
tiated meanings or common ground) (Burleson, 2007; Delia & O’Keefe, 1982). Though significant
improvements have been achieved in the natural language generation community with large generative
language models (Radford et al., 2019; Brown et al., 2020; Raffel et al., 2020; Ouyang et al., 2022)
for providing general, helpful and objective information based on users’ queries (Glaese et al., 2022;
OpenAl, 2023), modeling common ground in daily chit-chats that deliver situated, free-form and
subjective responses is rarely explored. Critically, two vital components are not carefully addressed
in previous dialogue models:
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I. Shared Situated Context. Conventional neural dialogue agents model dialogues as multi-turn
question answering, where they treat conversational agents as sender and receiver: the sender initiates
the topic by sending out a query and the receiver takes in the query and produces the next sentence
with the highest probability by learning from a massive dialogue corpus. These models are considered
Transaction models. Refer to Figure 1A for an example, Bob responds according to his individual
knowledge and assumes there is no ambiguity in Alice’s question. However, these models differ
from the nature of human communication — we communicate based on a shared comprehension of
contextual meanings. Such perspective is particularly essential when the dialogue agents can only
partially perceive the environment and effective communication can only occur when they negotiate
to obtain a common ground. These models are in line with the Constructivist model. As shown in the
talking pairs from Figure 1B, Alice and Bob have to negotiate to confirm the common understanding
of “Joe” is “Joe Smith”.

I1. Individual Mental Dynamics. One prerequisite for the Constructivist framework is that agents
have to explicitly model individual differences in understanding, intention and goals, i.e., mental
states. Compared with the Transaction framework that only models the individual’s state, a proper
inference of the conversational partner’s state can result in faster convergence of the common ground.
Moreover, based on the individual mental state modeling, one can easily produce free-form dialogues,
i.e., the goal is not to be forced to generate a single response based on the context but to keep speaking
or stop based on individual differences.

In order to step towards real-world situated conversation, in this work, we introduce MindDial, a
new dialogue framework built upon the theory-of-mind (ToM) modeling in cognitive theory, aiming
at modeling free-form neural dialogue generation with the Constructivist model’s point of view. It
is worth noting that some works simulate human values through their feedback to enable dialogue
systems to generate responses aligning better with human expectations (Bai et al., 2022; Yuan
et al., 2022). Different variants of Sally-Anne test are also proposed to test ToM of large language
models (Kosinski, 2023; Ullman, 2023; Sileo & Lernould, 2023). In comparison, we consider mind
modeling in situated daily dialogue scenarios and differing from value alignment and ToM question
answering from three perspectives:

* A structured “five mind” representation (Fan et al., 2021): as the Constructivist model example
shown in Figure 1B, we model two first-order beliefs, two second-order beliefs of each other’s
mind, and the third-level common belief;

* Belief dynamics prediction: we explicitly model how each utterance in the context results in the
occurrence, disappearance, or no change of the entities in the agents’ beliefs as the belief dynamics.
Then, the final belief distribution will be the summation of all belief dynamics estimation over
utterances in the dialogue history. It avoids the problem of losing track of some entities if we
directly model the final belief given a long dialogue input;

* Common belief modeling: we define the common belief as how probably the current speaker thinks
about an entity that will be aligned to the common ground. We hypothesize that the common belief
is based on the gap between the speaker’s belief of the physical world and her belief estimation of
the listener.

Contribution We consider our contributions as five-fold: i) We propose a novel framework for
free-form dialogue generation from the cognitive perspective, which integrates dialogue generation,
planning, and mind predictions. ii) We design an explicit mind module that can track the first and
second-order beliefs over long contexts by aggregating belief dynamics. A third-level common belief
based on the gap between the two will support the next response generation. iii) We augment a
collaborative dialogue dataset MutualFriend with belief dynamics annotations for each utterance
that can serve as a new benchmark dataset for ToM in situated dialogue tasks. iv) The evaluation
results and the ablation analysis demonstrate the efficacy of each component in our mind module.
Human evaluation shows that the responses generated with the three-level beliefs are more accurate
and efficient for negotiating common ground. v) We provide preliminary results for large language
models indicating that though they can estimate the belief changes in the dialogue but cannot apply
the estimation for dialogue response generation.
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2 RELATED WORK

Theory-of-Mind (ToM) ToM is a crucial capability for human social interactions developed in
early life (Kovdcs et al., 2010; Richardson et al., 2018). In literature, early works model belief update
through time in sequential games with partially observable Markov decision process (POMDP) (Baker
etal.,2011; De Weerd et al., 2013; Doshi et al., 2010; Han & Gmytrasiewicz, 2018). One agent’s belief
update is based on the estimate of others’ current beliefs, resulting in an infinite recursion. However,
in real life, studies have shown that humans could go no deeper than two levels of recursion (Camerer
et al., 2004). Therefore, works (Fan et al., 2021) began the efforts to end the recursion when their
beliefs merge into the “common mind”.

Modeling the belief of others has been extensively studied in symbolic-like environments (Wunder
etal., 2011; Rabinowitz et al., 2018; Kleiman-Weiner et al., 2016; Ho et al., 2016), where agents need
to incorporate or compete for a goal. Efforts to measure models’ ability to recognize false beliefs
and perspective-taking also emerge in robotics (Yuan et al., 2020; Milliez et al., 2014), computer
vision (Eysenbach et al., 2016; Fan et al., 2021), and natural language processing (Qiu et al., 2022;
Nematzadeh et al., 2018) using the Sally-Anne test (Baron-Cohen et al., 1985). It is also shown
that augmenting the model with external mind modules can help improve the performance of tasks
involving intensive belief exchange and rich social interaction scenarios (Fan et al., 2021; Qiu et al.,
2022). In this work, we explore how the common belief modeling with first and second-order belief
difference can enhance the quality and efficiency of the response generation in dialogue tasks.

Neural Dialogue Generation Neural dialogue generation has made impressive progress after
various datasets and advanced model architectures are proposed. Both SEQ2SEQ and decoder-based
models (Lewis et al., 2019; Zhang et al., 2020) are introduced into the open-domain dialogue systems
for style and personality-controlled generation (Hu et al., 2022; Cho et al., 2022), with knowledge
and emotion-aware abilities (Varshney et al., 2022; Liu et al., 2022), etc. In addition, researchers
explore reinforcement learning-based methods to enable agents to learn from human feedback (Bai
et al., 2022), coordinate, and compete with each other in task-oriented dialogues (Verma et al., 2022;
Jang et al., 2022).

Cooperative Communication For a cooperative task, efficient communication could be essential,
especially in a situation when each agent can only have a partial observation of the environment. To
guarantee that the communication takes the least cost meanwhile provides the most informative mes-
sages, previous works proposed multiple methods to align the common ground between agents (Bohn
et al., 2019; Anderson, 2021). Specially for dialogue tasks, datasets have been collected to provide
golden utterances when people try to align the common ground with each other based on structured
knowledge (He et al., 2017a), in situated tasks (Bara et al., 2021; Kim et al., 2019), multimodal
and continuous environment (Haber et al., 2019; Udagawa & Aizawa, 2021). Frameworks have
been adopted to model the belief dynamics using GNN, RNN, and transformers (He et al., 2017a;
Udagawa & Aizawa, 2021; Qiu et al., 2022). Fan et al. (2021) introduce low-level visual cues that
may possibly indicate mind transition. However, most of the models only focus on the first-order
belief (the current speaker’s belief of the world). In this work, we track the speaker’s both first and
second-order beliefs (the current speaker’s belief of others) and demonstrate how the jointly modeling
between the two can help align the common ground.

3 THE MINDDIAL FRAMEWORK

The dialogue corpus can be denoted as D = {(U,, KB, E?,C,,Y,)}\_,, where U, =
(Un,1s .-, Un k) represents the dialogue history and K is the number of turns. KB? =
(kby,1,...kby, 1) where I is the number of knowledge passages. p € A, B represents the two agents.
We assume that the current speaker is A, and p will be dropped for the following formulation. The
knowledge base contains entities under different attributes. F; is a union set of entities visible for the
current speaker. Each entity in E,, = {EY, EXP} is either shown in the dialogue history or in the
speaker’s knowledge base. Y, = {y},..,y£} is A’s next response consisting of several utterances.
Cn = {cl,...,cL} is A’s corresponding speaking act sequence, with ¢}, ..., c£~1 is “continue to talk”
and c% belongs to stop talking or make task related action. Given the dialogue contexts and a partial
response {y., .., y.=11, speaker A will first decide the next speaking act ¢;. If she decides to talk, the

next utterance y!, will be generated.
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(a) Overview of MindDial framework. (b) Example of belief dynamics annotation.

Figure 2: (a) Illustration of the MindDial framework. The colored barplots denote the belief pre-
diction’s outputs by and bp;, 4 for each attribute; the barplot in lightgray denotes the normalized
probability of the next entity to be mentioned w.r.t. the common belief prediction module. (b) We
annotate belief dynamics of each turn for the current context; refer to Section 4.1 for details.

Utterance Encoder The utterance and the structured knowledge encoder are built upon sequential
models like recurrent neural networks (Cho et al., 2014) or a transformer encoder (Vaswani et al.,
2017). We take the last hidden state as the turn-level representation s, , Skb, € R1%dr The sentence-
level representation is sgy and sx 5. When we flatten the turns and passages into a single sequence,
the encoded output is written as oy and ok p. The entity representation sz is a linear transformation
of the corresponding word embedding of the entities.

Belief prediction We define the first and second-order belief as the confidence distribution over
entities of each attribute. For a knowledge base with M attributes, the belief is b = {b™ =
(b, o™ ) YM S ;0™ = 1. Jy, is the number of entities for attribute m. We further de-
fine belief dynamics as the state change of each entity at each time step k as Aby with each entry
value ranging from —1 to 1. —1 indicates the disappearance of an entity in the belief and 1 indicates
an occurrence of an entity. Then the current belief is the accumulated prediction of the dynamics over
all dialogue turns: b™ = softmax(bg* + >, AbJ*). b is initialized to all zeros. The belief dynamics
of speaker A are obtained by calculating the attention score between the current utterance and the
entity shown in her own knowledge base

AB 4 = tanh(sgxs - (su,)"),  dR =Y ()" - shes, 1)
k

where s, € R/m*%: concatenates all entity representations for the attribute m shown in EX 5,
d™ € RY*4= ig the belief representation of attribute m for the speaker. Since A’s current estimate of
B’s knowledge base is based on her own knowledge base along with the entities mentioned by B in
the context, using the same attention module applied to the context and the whole entity set of the
given attribute s}, we can get dpina, bpina:

Ab"];:n,Bi’rLz4 = tanh(s”ﬁ : (Suk)T)7 ’rginA = Z(AbZ?BinA)T : S%‘l' (2)
k

We further define common belief b.,,, as how likely each entity is agents’ next talking focus over all
possible entities based on the gap bdi f f between b4 and bp;, 4. The output range is between 0 and
1. 1 indicates that this entity will be mentioned in the next response and 0 otherwise. The common
belief will be learned through another attention layer beo,, = o(sg - diy; 1) Where s € RIEnt|xd
|Ent| =", Jm is the total number of entities over all attributes.

To get the gap representation dpq; 7 £, We first aggregate d4 and dp;n 4 Over entities by a weighted
summation of p™: dyy; ;= (pmdy + (1 — p™)dB,.. ), where p™ = o(Wepni[b%, b5, 417 ), and
Wy = R1%2d= dyyi s 5 is then aggregated over attributes: dyairr = g(Wastdyg;fs; -3 d%iff]),
where W4y = softmax(Wy, ..., Wa). Wy, is computed by the Jensen—Shannon divergence (Lin,
1991) over b’} and b7, 4 in that we hope to pay more attention to attributes if they differ a lot
between b4 and bp;, 4. g is a linear transformation.
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Speaking act Classifier We divide the speaking act into 3 categories: {continue to talk, end the
current turn, take task-related action}. Based on the current context and the partial response, the
action is predicted using p: = MLP(sy), where MLP(-) denotes a multi-layer perceptron network.

Response Decoder We take another recurrent neural network or a transformer decoder as our
response generator. For each word prediction, it receives the embedding vector y;_; of the word
predicted at time-step ¢ — 1 and outputs the last hidden state h; € R1*4-/ and Pyocab(wy) over the
fixed vocabulary obtained from the training set.

Multi-source Copy Mechanism. We follow Bai et al. (2021); He et al. (2017a) to adopt the copy
mechanism so that the final word distribution depends on both the decoder output and a copy
probability of words shown in dialogue history, speaker’s knowledge base and the common belief.
The context representation of utterance and structured knowledge at each time step is obtained
through the Attention module:

d? = softmax(hy - og)% 3)

where ¢ € {U, K B}. Then the decoder state h; attends over the dialogue history representation dY
and the knowledge representation d<Z by

a; = softmax(hy - [dV; d5P]T), dy = oy[dY; dB P €))

where o = (aV, affP) € R1*2 is used to combine the distributions of the two inputs as shown

in Equation (5). We also use a generation probability p{“" € [0,1] to balance the distribution
between input sources and the fixed vocabulary, where p{" = /(W yen[yi—1, he, di]T), and Wye,, €
R1*(demptd=+d.r) Begides, we set a mind weight peonm, to leverage the common belief distribution

into the final prediction. The overall distribution is obtained by

P(wy) = (1=peom) | PI" Poocan(wi) + (1 — pfen)quzdﬁ{U KB}aqug(wt) +Peomsoftmax(beom, )
&)

Objective Mean squared error (MSE) loss will be used to measure the difference between the
predicted and ground truth belief dynamics. The common belief prediction loss will be measured by
Binary Cross Entropy (BCE). The action classification head is updated by Cross-Entropy loss. Apart
from belief and act training loss, we use the NLL loss to capture the word order information:

|

Lnrr = A > log(P(y}[y1.4—1, U, K B)) ©)
=1

The final loss is composed of three parts:

L=Lnrr + Loeties + Lact @)

4 EXPERIMENTS

4.1 SETTINGS

Dataset To provide a reasonable quantitative measure of belief dynamics in the dialogue, the
expected dataset should contain rich belief exchanges. Meanwhile, the belief exchange and the
final common ground can be easily labeled. In the absence of appropriate datasets, we augment
MutualFriend (He et al., 2017b) with belief annotation to evaluate our dialogue generation framework
for its clear definition of belief (distribution over structured knowledge) and common ground (the
mutual friend). In the MutualFriend task, each agent has a private knowledge base including a list of
friends and their attributes like name, school, etc. There is a shared friend that both agents have and
they need to chat with each other to find this mutual friend. We only keep the successful dialogues
and the final data split for train/val/test is 4922/608/581. Each dialogue in the training set contains a
maximum of 53 turns and each turn with a maximum length of 29.

To get the supervision signal for belief dynamics, we manually label each entity after one turn of
utterance as occur (mentioned by the speaker), no change (not mentioned in the last turn), or disappear
(negated by the speaker). Figure 2 illustrate one annotation process. For example, when B is asking
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about “yo-yoing”, this entity is marked as 1 for bp;, 4 dynamics. However, since it does not belong
to A’s knowledge, for the first-order belief of speaker A, we annotate it as no change. Then, when
“yo-yoing” is negated by A, it will be marked as a “disappear” in bp;, 4 dynamics. One entity is
labeled as the common belief to be aligned next if it is shown in the response utterance.

Implementation To serve as a baseline in this task, the model is expected to encode current
contexts and predict the belief dynamics. Then it will further generate the next response based on
both the dialogue history and the belief prediction. Therefore, we select dialogue baselines from three
categories: 1) We use the Gated Recurrent Unit (GRU) (Cho et al., 2014) among the recurrent neural
networks for its memory efficiency of modeling sequential data; 2) We combine the powerful encoder
Transformer (Vaswani et al., 2017) with the decoder Transformer (Radford et al., 2019) for its strong
conversation abilities; 3) We employ pre-trained encoder-decoder Transformer architectures such as
BART (Lewis et al., 2020) which can be flexibly adopted to sequence-to-sequence tasks.

For all transformer models, we finetune the pretrained model on the MuturalFriend dataset. For
context encoding, we prepend the BOS token at the beginning of the context and use its corresponding
hidden representation as the turn and sentence-level representation for the following attention layers
and speaking act prediction. The entity encoding will be a linear transformation of the corresponding
word embedding. Meanwhile, the decoder’s predicted vocabulary distribution will be mediated by the
copy mechanism (Bai et al., 2021). The model is trained on a single A6000 GPU for 30k steps with
an initial learning rate of 1e-4. The batch size is set to 32. Results are gathered over 3 random seeds.
More data format and implementation details can be found in Appendix G and Appendix I.

4.2 EVALUATION AND RESULTS

Mind prediction We first deter-
mine whether the models can accu- Taple 1: Belief dynamics prediction. Ab specifies belief
rately track both the first and second-  dynamics for b4 and bgip 4.

order beliefs. The dynamics predic-

tion performance is evaluated using  “prodels | Ab
the macro-average of Precision, Re- GRU

call, and F1-score. We can see from Transformer
Table 1 that all three types of encoders BART

can predict the belief dynamics in  ~-or
mind A and BinA fairly well com-  Transformer
pared with the random guess (0.33). BART

Precision Recall F1

69.00£0.02 83.33£0.02 74.67+0.02
ba 65.67£0.01 70.67£0.09 67.67+0.04
70.67£0.02  62.33+0.07 64.674+0.03

73.33+0.02 83.33+0.02 77.33+£0.01
bgina 70.00£0.01 69.33+0.11 68.331+0.06
73.33£0.02  60.00£0.07 62.33+0.04

For the next common entity predic-

tion, we compare the performance us-

ing both information from b4 and bp;, 4 as shown in Section 3 with a method computing dyq; ¢ s by
da or dp;n4 only. In d4 only method, p™ will be set to 1 and the Jensen-Shannon divergence is set
to O for all attributes. In dp;, 4, p"* Will be 0. We also report the same metrics as the belief dynamics.
However, since the common belief label is pretty sparse (selecting one/two entities from over 20
entities), all models get similar results. Therefore, we further treat it as a ranking task and use MRR
(Mean Reciprocal Rank) to measure how well the target entity can be returned among all available
entities. As shown in the first three columns of Table 4, combining b4 and bp;, 4 can achieve higher
ranking score, which suggests that people consider both their self belief and the belief estimation of
others when choosing the next entity to align with.

Next Response Generation We evaluate the response generation by both speaking act prediction
accuracy and commonly used textual generation metrics (BLEU, METEOR, and ROUGE (Papineni
et al., 2002; Lin, 2004; Lavie & Agarwal, 2007)). For the textual evaluation metrics, we align the
generated texts with the ground truth utterances only when both speaking acts are “continue to talk”.
If the ground truth action is “continue to talk” while the predicted action is “end the current turn”, the
score will be set to 0. To study the contributions of our mind module, we compare the performance
of our full model with generations not copying from common belief distribution (p¢o,, = 0 in
Equation (5)).

From the results shown in Table 2, we can see that generators combined with the external mind
module achieve better performances for all three categories. Without considering the mind prediction,
the performances drop for both response generation and speaking act prediction. This indicates that
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Table 2: Next response generation and speaking act classification. For each model category, we
report the textual response performance (METEOR, ROUGE-L, BLEU) and action classification
accuracy (Action acc). +mind indicates the generator copies from common belief distribution.

Models METEOR ROUGE-L BLEU-1 BLEU-2 Action acc

|
GRU 7.64+0.33 9.26£0.90 12.65+1.06 4.70+042 76.49+0.48
GRU-+mind 8.56+0.03 9.89+£0.27  12.70£0.56 5.17£0.11 77.64£0.54

Transformer 9.93+£0.70  12.44+0.15 13.45+£0.21 3.95£0.21 77.24+0.50
Transformer+mind | 10.45+0.11 13.14+0.23 14.15+0.07 4.90£0.14 77.66£0.42
BART 10.70£0.28  12.54£1.90 15.10£1.13 4.75£0.35 75.77£2.62
BART+mind 11.72+£0.26  14.01+£1.10 16.95+1.34 6.25+1.06 76.90+0.69
A’s Knowledge Base Context A’s Knowledge Base Context
Hobby School Name B: Hello Hobby Major Location |A: Hey
- ° 5 B: I know 2 people who are into 3D - - B: Hi do you know anyone in
Roller Skating  Boise State Univ. Randy printing Astronomy  Veterinary Sciences Indoor Astronomy?
Mahjong Mount Holyoke ~ Lawrence |A: Have -'““f" “‘“d Randy Astronomy  Vocational Education  Indoor A’s next Response
- 4 A: No 3D printing GT: 2 of my friends
Mahjong Claremount Julia Jo mind: I have a friend that
B’s Knowledge Base B’ next Response B's Knowledge Base went to Astronomy.
- ge 2as GT: I don’t know any Julia or Randy. Do - 8¢ 2as wentto . S r")mjmy' ' L
Hobby School Name you know a Lawrence or Eric? Hobby Major Location i" only: I'have 2 that work at
Mahjong Mount Holyoke ~ Lawrence W/ mind: 1 have a friend into Mahjong Knapping Physical Education ~ Outdoor b‘ . onl]y' I have a friend
4 only: I have a friend named Lawrence BinA :
3D Printing uluC Patricia bpina only: 1 have a friend named Randy Astronomy  Veterinary Sciences  Indoor that work at Astronomy
L . . . pina MU s PR by + bgina: 1 have two that
3D Printing Rider Univ. Eric by + bpina: I don’t know a Julia at indoor

Figure 3: Responses generated by model variants. For each case, the current contexts are shown
in the top-right; bottom-right visualizes the ground truth responses and the responses generated by
models without mind (w/o mind), with common belief estimation using the first-order belief (b4
only), the second-order belief (bp;, 4 only) and with both (b4 + bpina)-

reasoning about the belief dynamics can help the model resemble human responses when aligning
common ground meanwhile form human-like speaking flows.

Case Study Figure 3 demonstrates how the response differs with and without mind/first/second-
order belief modeling in Transformer category. The example on the left shows that the model without
belief modeling can falsely pull the conversation towards “Julia”. Model b4 and bp;, 4 respond with
entities in their corresponding order of beliefs but do not address the A’s false belief of “Julia” and
“Randy”. For the right example, though all models can capture the correct knowledge and generate
reasonable responses, only b 4+bp;, 4 provides additional information of other unknown attributes.
More examples can be found in Appendix B and Appendix C.

4.3 ABLATION STUDY

To assess the contributions of each component in the proposed method, we derive the following
variants as an ablation study:

* No dynamics: We predict the current beliefs b4 and bp;, 4 directly from the given K turns of
dialogues instead of summing over belief dynamics across turns in contexts.

* by only / bpina only: The common belief distribution is learned only based on the first or
second-order beliefs (the same in Section 4.2).

Will the belief prediction with dynamics be more accurate? We contrast belief prediction with
and without belief dynamics in the GRU category. We can observe from Table 3 that predictions by
summing belief dynamics over turns can reach higher precision and F1. We reckon that modeling the
state change of entities per utterance can help better track beliefs in longer contexts.

Does each order of belief benefit the response generation? From the pair-wise comparison
between +b4 only and +bp;, 4 of columns 4-5 in Table 4, we can see that +b4 performs better in
BART while +bp;,, 4 is better in the other two models. And jointly modeling both two levels of
beliefs can achieve the best results. This suggests that there is no clear dominance between the first
and second-order beliefs. Our full model b4+bp;, 4 can weight the information of the two beliefs
accordingly based on the current given contexts.
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Table 3: Belief estimation with/without dynamics prediction and Human study. w/o Ab represents
models trained directly with by and bp;, 4. W/ Ab denotes models trained with belief dynamics.
Comparisons are made between our Full model vs. b4 only vs. nomind model. The Full vs. GT is a
comparison between the full model and referenced ground truth.

bpina 55.00£0.00 57.00+0.01

Belief estimation Human study
Models | Belief  Precision F1 | Pairs | Wins. Lose.  Tie.
Jo Ab ba 45.00+£0.00  46.0040.00 | Full vs. b4 only 46.30 43.20 10.50
w bpina 45.3340.01 46.334+0.01 | Full vs. w/omind | 46.30 10.50 43.20
w/ Ab ‘ ba 33672001 36.00:£0.01 ‘ Full vs. GT ‘ 4720 5280 -

Table 4: Common belief prediction, next response generation and self-talk simulation by ablating
the first and second-order belief. Rows with model+b 4 specify results with common belief predicted
by the first-order belief only, with model+bp;, 4 by the second-order belief only and with +bs+bp;, 4
by both the first and second-order beliefs.

Models | F1 MRR | ROUGE-L  Actionacc | Successrate  #of Turn  # of Entity
GRU+b 4 60.00+0.00 26.75+0.31 | 8.89+1.12 77.54+0.66 | 6.58+1.25 37.744+0.13  12.80+2.90
+bBinA 60.00+0.00 26.65+0.51 | 9.88+£0.26  77.63+0.55 6.334+1.01 37.77+£0.25 12.78+2.86

+ba+bBina 60.00£0.00 26.87£0.43 | 9.89+0.27 77.64+£0.54 | 6.92£1.60 37.71£0.17 12.78£2.94
Transformer+by | 58.67+0.01 24.70+1.74 | 12.63£0.09 77.43+0.04 | 9.994+4.82  19.20+£0.94 12.234+2.72

+bBina 59.00£0.01 25.12£1.77 | 12.75+£0.55 77.77£0.11 | 8.83£2.18  17.79£1.28 10.55+0.99
+ba+bBina 58.67+£0.01 25.17£2.06 | 13.14+£0.23 77.66+£0.42 | 10.76+4.55 17.65£0.29 10.91+£2.73
BART+b 4 60.00£0.00 26.46+0.71 | 14.41+£1.29 76.84+0.55 | 5.77£0.04  31.77£0.21 15.31+£2.84
+bBina 59.67+£0.01 25.93£1.03 | 12.83+1.43 76.25+£1.58 | 7.37£3.00 28.93+1.84 13.71£4.92

+ba+bBina 60.00£0.00 26.51£0.65 | 14.10+£1.10 76.90£0.69 | 7.65£2.60  30.68+4.57 14.87+4.52

Common ground alignment We further use self-talk to evaluate how well the agents align their
common ground with and without modeling the gap between their beliefs and the belief of others.
For each round, the model will play as both the speaker and the listener to generate the next response.
The game will end when the two agents exceed the maximum of turns, or both of the agents decide
to make the choice. When the model predicts the next action is “take task-related action”, we will
choose the friend with the maximum probability based on b4 as its choice of friend. Since models
without a mind cannot make this choice, we only compare models with b4 or bp;, 4 only and our full
model. We report the average success rate when the agents choose the same person in their knowledge
bases as their mutual friend at the end of each game round. Meanwhile, we also calculate the average
number of turns they use to end the game and the average number of entities they mention when they
reach the common ground.

The right three columns of Table 4 show the self-talk results. Compared with b 4 and bpg;, 4 only, our
full model can achieve higher success while take less turns in the game and mention fewer number of
entities to achieve the alignment. This indicates that attending both the first and second-order beliefs
helps the model align the common ground more efficiently.

Human Evaluation We ask 20 well-educated students to run human studies on 1,000 examples. A
pair-wise comparison is made between our Full model and models with first-order beliefs, models
without mind modules, referenced ground truth, considering the grammar correctness and efficiency of
finding the common friend. From Table 3, we can observe that our model generates more grammarly
correct and efficient responses and also more resembles human responses. Please refer to Appendix F
for the interface details.

4.4 HOW WELL DO THE LARGE LANGUAGE MODELS (LLMS) PERFORM THIS TASK?

LLMs have gained great attention for their impressive conversational abilities. Instead of directly
asking ChatGPT questions regarding beliefs and false beliefs like the Sally-Anne test (Kosinski,
2023; Ullman, 2023; Sileo & Lernould, 2023), we investigate its capability of solving cooperative
communication tasks involving intense belief exchanges. As shown in Figure 4, we initialize two
ChatGPT models as two chat agents. Instructions are given to both of them about the goal and rules
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Table 5: Belief estimation =~ Table 6: Common belief prediction, next response generation and
self-talk simulation.

Ab | Precision F1
ba 65.00 53.87 F1  MRR | ROUGE-L Action Acc | Success #of Turn # of Entity

bBina 71.00 55.83 63.00 30.31 | 6.48 43.79 | 233 40 20.21

of the game. Additional prompts are given to help circulate the conversation meanwhile probe their
belief estimation and action prediction (see Appendix E). From the belief estimation and generation
results in Table 5 and Table 6, we can observe that ChatGPT can predict the belief change fairly well
when directly querying it. However, the low performance on the generation results indicates that it
talks without taking the belief estimation into account. We further investigate this problem by looking
into the generation details.

As marked in Figure 4, we observe several potential questions of current LLMs: 1) Inappropriate
belief estimation: when ChatGPT1 proposes friends interested in L&L Hawaiian Barbecue and
outdoor activities, ChatGPT2’s first-order belief over possible entities is also outdoor which is not
consistent with his knowledge base; 2) Mind inconsistent utterance: ChatGPT]1 is asking Apache
Software Foundation while she believes more in people working for American Motors Corporation as
the mutual friend; 3) No belief tracking: when the two agents confirm with L&L Hawaiian barbecue
and outdoor, ChatGPT1 returns back to Pelican Products which it already negated before. Please
check more examples in Appendix H.

ChatGPT1’s Knowledge Base (by: American Motors Corporation; b, i, 1: None) Do you have a friend who works for

the Apache Software Foundation?

School Company Location
| Note: ChatGPT]1 fails to mention entities w.r.t b .
Pittsburg American Outdoor (by: None; by i 2: None) I don't have anyone in my friend's list working for the
State Motors . . .
. Apache Software Foundation. Do you have anyone from pelican products who is
Corporation

interested in outdoor activities?

West Virginia ~ Apache Software Indoor
Foundation (by: L&L Hawaiian Barbecue, outdoor; by, 1: L&L Hawaiian Barbecue, outdoor)

X - Sorry, I don't have anyone in my friend's list working for Pelican Products but I can see
Lake Superior L&L Hawaiian Outdoor
that one of my friends likes L&L Hawaiian Barbecue and has interest in outdoor

State Barbecue
activities.
b,: L&L Hawaiian Barbecue, outdoor; b, iy, »: L&L Hawaiian Barbecue, outdoor
ChatGPT2’s Knowledge Base (b, a He ou lin2 wa ue, outdoor)
That's a great lead, thank you. As per your hint, I have a friend who is interested in
School Company Location outdoor activities and also likes L&L Hawaiian Barbecue. He could be the mutual friend
Pittsburg American Outdoor we are looking for.
State Motors | Note: ChatGPT2 provides incorrect information w.r.t its KB.
Corporation (by: Lake Superior, L&L Hawaiian Barbecue, outdoor; b, ;, 1: L&L Hawaiian Barbecue,
West Virginia L&L Hawaiian Indoor outdoor) That's awesome! I also have a friend who likes L&L Hawaiian Barbecue and
Barbecue

has an interest in outdoor activities. Let me check his profile quickly to see if he works
Lake Superior Pelican Products  Outdoor at Pelican Products.

State

| Note: “Pelican Products” has been checked in turn 2. |

Figure 4: Self-talk simulation using ChatGPT. The left table contains the knowledge bases of two
ChatGPT agents. The right box shows the conversation flow. We additionally prompt ChatGPT to
obtain their belief estimation as shown in parenthesis. Refer to Supplementary Material for detailed
prompt templates.

5 CONCLUSION

In this study, we present MindDial, a novel framework for generating human-like dialogues. Our
approach incorporates an external mind module, which predicts the first and second-order beliefs
of the speaker. The response generation takes into account a third-level common belief, which is
determined based on the disparity between the first two levels. Through extensive experiments, we
demonstrate that responses that consider belief estimation can enhance common ground negotiation
between agents. Our ablation studies further validates the effectiveness of our design in capturing
belief dynamics and modeling common beliefs by aggregating the first and second-order beliefs.
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ETHICS STATEMENT

Generating dialogues while considering Theory-of-mind modeling can offer advantages to social
chatbot applications by facilitating seamless and effective communication and collaboration between
robots and humans. For instance, when a person mentions "medicine," the robot can promptly provide
the appropriate medication to address an urgent situation. On the flip side, if chatbots exhibit a
more human-like demeanor, there is the potential for negative social consequences, such as making
people addicted to social media. It’s important to note, however, that our proposed methods primarily
focus on introducing scientific concepts and investigations and do not aim for such potentially
problematic applications. Furthermore, our work strictly relies on publicly available benchmarks and
data, ensuring that no personal information is collected. Our human study is conducted with utmost
care to safeguard participants’ privacy and interests, with no potential harm involved.

REFERENCES

Carolyn Jane Anderson. Tell me everything you know: a conversation update system for the rational
speech acts framework. In Proceedings of the Society for Computation in Linguistics 2021, pp.
244-253,2021. 3

Jiaqi Bai, Ze Yang, Xinnian Liang, Wei Wang, and Zhoujun Li. Learning to copy coherent knowledge
for response generation. In AAAI Conference on Artificial Intelligence (AAAI), volume 35, pp.
12535-12543, 2021. 5,6

Yuntao Bai, Andy Jones, Kamal Ndousse, Amanda Askell, Anna Chen, Nova DasSarma, Dawn Drain,
Stanislav Fort, Deep Ganguli, Tom Henighan, et al. Training a helpful and harmless assistant with
reinforcement learning from human feedback. arXiv preprint arXiv:2204.05862, 2022. 2, 3

Chris Baker, Rebecca Saxe, and Joshua Tenenbaum. Bayesian theory of mind: Modeling joint
belief-desire attribution. In Annual Meeting of the Cognitive Science Society (CogSci), volume 33,
2011. 3

Cristian-Paul Bara, Sky CH-Wang, and Joyce Chai. MindCraft: Theory of mind modeling for situated
dialogue in collaborative tasks. In Proceedings of the 2021 Conference on Empirical Methods
in Natural Language Processing, pp. 1112—1125, Online and Punta Cana, Dominican Republic,
November 2021. Association for Computational Linguistics. doi: 10.18653/v1/2021.emnlp-main.
85. URL https://aclanthology.org/2021.emnlp-main.85. 3

Simon Baron-Cohen, Alan M Leslie, and Uta Frith. Does the autistic child have a “theory of mind”?
Cognition, 21(1):37-46, 1985. 3

Manuel Bohn, Michael Henry Tessler, and Michael C Frank. Integrating common ground and
informativeness in pragmatic word learning. 2019. 3

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhariwal,
Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, et al. Language models are
few-shot learners. Advances in Neural Information Processing Systems (NeurIPS), 33:1877-1901,
2020. 1

Brant R Burleson. Constructivism: A general theory of communication skill. Explaining communica-
tion: Contemporary theories and exemplars, pp. 105-128, 2007. 1

Colin F Camerer, Teck-Hua Ho, and Juin-Kuan Chong. A cognitive hierarchy model of games. The
Quarterly Journal of Economics, 119(3):861-898, 2004. 3

Itsugun Cho, Dongyang Wang, Ryota Takahashi, and Hiroaki Saito. A personalized dialogue gen-
erator with implicit user persona detection. In Proceedings of the 29th International Conference
on Computational Linguistics, pp. 367-377, Gyeongju, Republic of Korea, October 2022. Inter-
national Committee on Computational Linguistics. URL https://aclanthology.org/
2022 .coling-1.29.3

10


https://aclanthology.org/2021.emnlp-main.85
https://aclanthology.org/2022.coling-1.29
https://aclanthology.org/2022.coling-1.29

Under review as a conference paper at ICLR 2024

Kyunghyun Cho, Bart van Merriénboer, Dzmitry Bahdanau, and Yoshua Bengio. On the properties
of neural machine translation: Encoder—decoder approaches. In Proceedings of SSST-8, Eighth
Workshop on Syntax, Semantics and Structure in Statistical Translation, pp. 103—111, Doha, Qatar,
October 2014. Association for Computational Linguistics. doi: 10.3115/v1/W14-4012. URL
https://aclanthology.org/W14-4012.4,6

Harmen De Weerd, Rineke Verbrugge, and Bart Verheij. How much does it help to know what she
knows you know? an agent-based simulation study. Artificial Intelligence, 199:67-92, 2013. 3

Jesse G Delia and Barbara J O’Keefe. The constructivist approach to communication. In Human
communication theory: Comparative essays, pp. 147-191. Harper and Row, 1982. 1

Prashant Doshi, Xia Qu, Adam Goodie, and Diana Young. Modeling recursive reasoning by humans
using empirically informed interactive pomdps. In International Conference on Autonomous
Agents and Multiagent Systems (AAMAS), pp. 1223-1230, 2010. 3

Benjamin Eysenbach, Carl Vondrick, and Antonio Torralba. Who is mistaken? arXiv preprint
arXiv:1612.01175, 2016. 3

Lifeng Fan, Shuwen Qiu, Zilong Zheng, Tao Gao, Song-Chun Zhu, and Yixin Zhu. Learning triadic
belief dynamics in nonverbal communication from videos. In Conference on Computer Vision and
Fattern Recognition (CVPR), pp. 73127321, 2021. 2, 3

Amelia Glaese, Nat McAleese, Maja Trebacz, John Aslanides, Vlad Firoiu, Timo Ewalds, Maribeth
Rauh, Laura Weidinger, Martin Chadwick, Phoebe Thacker, et al. Improving alignment of dialogue
agents via targeted human judgements. arXiv preprint arXiv:2209.14375, 2022. 1

Janosch Haber, Tim Baumgirtner, Ece Takmaz, Lieke Gelderloos, Elia Bruni, and Raquel Fernidndez.
The PhotoBook dataset: Building common ground through visually-grounded dialogue. In Proceed-
ings of the 57th Annual Meeting of the Association for Computational Linguistics, pp. 1895-1910,
Florence, Italy, July 2019. Association for Computational Linguistics. doi: 10.18653/v1/P19-1184.
URL https://aclanthology.org/P19-1184.3

Yanlin Han and Piotr Gmytrasiewicz. Learning others’ intentional models in multi-agent settings
using interactive pomdps. Advances in Neural Information Processing Systems (NeurlPS), 31,
2018. 3

He He, Anusha Balakrishnan, Mihail Eric, and Percy Liang. Learning symmetric collaborative
dialogue agents with dynamic knowledge graph embeddings. In Proceedings of the 55th Annual
Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pp. 1766-1776,
Vancouver, Canada, July 2017a. Association for Computational Linguistics. doi: 10.18653/v1/
P17-1162. URL https://aclanthology.org/P17-1162. 3,5

He He, Anusha Balakrishnan, Mihail Eric, and Percy Liang. Learning symmetric collaborative
dialogue agents with dynamic knowledge graph embeddings. Annual Meeting of the Association
for Computational Linguistics (ACL), 2017b. 1, 5

Mark K Ho, James MacGlashan, Amy Greenwald, Michael L Littman, Elizabeth Hilliard, Carl
Trimbach, Stephen Brawner, Josh Tenenbaum, Max Kleiman-Weiner, and Joseph L Austerweil.
Feature-based joint planning and norm learning in collaborative games. In Annual Meeting of the
Cognitive Science Society (CogSci), 2016. 3

Zhe Hu, Zhiwei Cao, Hou Pong Chan, Jiachen Liu, Xinyan Xiao, Jinsong Su, and Hua Wu. Con-
trollable dialogue generation with disentangled multi-grained style specification and attribute
consistency reward. IEEE/ACM Transactions on Audio, Speech, and Language Processing, 31:
188-199, 2022. 3

Youngsoo Jang, Jongmin Lee, and Kee-Eung Kim. Gpt-critic: Offline reinforcement learning for end-

to-end task-oriented dialogue systems. In International Conference on Learning Representations
(ICLR), 2022. 3

11


https://aclanthology.org/W14-4012
https://aclanthology.org/P19-1184
https://aclanthology.org/P17-1162

Under review as a conference paper at ICLR 2024

Jin-Hwa Kim, Nikita Kitaev, Xinlei Chen, Marcus Rohrbach, Byoung-Tak Zhang, Yuandong Tian,
Dhruv Batra, and Devi Parikh. CoDraw: Collaborative drawing as a testbed for grounded goal-
driven communication. In Proceedings of the 57th Annual Meeting of the Association for Com-
putational Linguistics, pp. 6495-6513, Florence, Italy, July 2019. Association for Computational
Linguistics. doi: 10.18653/v1/P19-1651. URL https://aclanthology.org/P19-1651.
3

Max Kleiman-Weiner, Mark K Ho, Joseph L Austerweil, Michael L Littman, and Joshua B Tenen-
baum. Coordinate to cooperate or compete: abstract goals and joint intentions in social interaction.
In Annual Meeting of the Cognitive Science Society (CogSci), 2016. 3

Michal Kosinski. Theory of mind may have spontaneously emerged in large language models. arXiv
preprint arXiv:2302.02083, 2023. 2, 8

Agnes Melinda Koviécs, Erng Téglds, and Ansgar Denis Endress. The social sense: Susceptibility to
others’ beliefs in human infants and adults. Science, 330(6012):1830-1834, 2010. 3

Alon Lavie and Abhaya Agarwal. METEOR: An automatic metric for MT evaluation with high
levels of correlation with human judgments. In Proceedings of the Second Workshop on Statis-
tical Machine Translation, pp. 228-231, Prague, Czech Republic, June 2007. Association for
Computational Linguistics. URL https://aclanthology.org/W07-0734. 6

Mike Lewis, Yinhan Liu, Naman Goyal, Marjan Ghazvininejad, Abdelrahman Mohamed, Omer
Levy, Ves Stoyanov, and Luke Zettlemoyer. Bart: Denoising sequence-to-sequence pre-training for
natural language generation, translation, and comprehension. arXiv preprint arXiv:1910.13461,
2019. 3

Mike Lewis, Yinhan Liu, Naman Goyal, Marjan Ghazvininejad, Abdelrahman Mohamed, Omer Levy,
Veselin Stoyanov, and Luke Zettlemoyer. BART: Denoising sequence-to-sequence pre-training
for natural language generation, translation, and comprehension. In Proceedings of the 58th
Annual Meeting of the Association for Computational Linguistics, pp. 7871-7880, Online, July
2020. Association for Computational Linguistics. doi: 10.18653/v1/2020.acl-main.703. URL
https://aclanthology.org/2020.acl-main.703. 6

Chin-Yew Lin. ROUGE: A package for automatic evaluation of summaries. In Text Summarization
Branches Out, pp. 74-81, Barcelona, Spain, July 2004. Association for Computational Linguistics.
URL https://aclanthology.org/W04-1013. 6

Jianhua Lin. Divergence measures based on the shannon entropy. IEEE Transactions on Information
theory, 37(1):145-151, 1991. 4

Ye Liu, Wolfgang Maier, Wolfgang Minker, and Stefan Ultes. Empathetic dialogue generation with
pre-trained roberta-gpt2 and external knowledge. In Conversational Al for Natural Human-Centric
Interaction: 12th International Workshop on Spoken Dialogue System Technology, IWSDS 2021,
Singapore, pp. 67-81. Springer, 2022. 3

Grégoire Milliez, Matthieu Warnier, Aurélie Clodic, and Rachid Alami. A framework for endowing
an interactive robot with reasoning capabilities about perspective-taking and belief management.
In The 23rd IEEE international symposium on robot and human interactive communication, pp.
1103-1109. IEEE, 2014. 3

Aida Nematzadeh, Kaylee Burns, Erin Grant, Alison Gopnik, and Tom Griffiths. Evaluating
theory of mind in question answering. In Proceedings of the 2018 Conference on Empir-
ical Methods in Natural Language Processing, pp. 2392-2400, Brussels, Belgium, October-
November 2018. Association for Computational Linguistics. doi: 10.18653/v1/D18-1261. URL
https://aclanthology.org/D18-1261.3

OpenAl. Gpt-4 technical report, 2023. 1

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida, Carroll Wainwright, Pamela Mishkin, Chong
Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray, et al. Training language models to follow
instructions with human feedback. Advances in Neural Information Processing Systems (NeurIPS),
35:27730-27744, 2022. 1

12


https://aclanthology.org/P19-1651
https://aclanthology.org/W07-0734
https://aclanthology.org/2020.acl-main.703
https://aclanthology.org/W04-1013
https://aclanthology.org/D18-1261

Under review as a conference paper at ICLR 2024

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-Jing Zhu. Bleu: a method for auto-
matic evaluation of machine translation. In Proceedings of the 40th Annual Meeting of the
Association for Computational Linguistics, pp. 311-318, Philadelphia, Pennsylvania, USA,
July 2002. Association for Computational Linguistics. doi: 10.3115/1073083.1073135. URL
https://aclanthology.org/P02-1040. 6

Liang Qiu, Yizhou Zhao, Yuan Liang, Pan Lu, Weiyan Shi, Zhou Yu, and Song-Chun Zhu. Towards
socially intelligent agents with mental state transition and human value. In Proceedings of the
23rd Annual Meeting of the Special Interest Group on Discourse and Dialogue, pp. 146—158,
Edinburgh, UK, September 2022. Association for Computational Linguistics. URL https:
//aclanthology.org/2022.sigdial-1.16.3

Neil Rabinowitz, Frank Perbet, Francis Song, Chiyuan Zhang, SM Ali Eslami, and Matthew Botvinick.
Machine theory of mind. In International Conference on Machine Learning (ICML), pp. 4218—
4227. PMLR, 2018. 3

Alec Radford, Jeffrey Wu, Rewon Child, David Luan, Dario Amodei, Ilya Sutskever, et al. Language
models are unsupervised multitask learners. OpenAl blog, 1(8):9,2019. 1,6

Colin Raffel, Noam Shazeer, Adam Roberts, Katherine Lee, Sharan Narang, Michael Matena, Yanqi
Zhou, Wei Li, and Peter J. Liu. Exploring the limits of transfer learning with a unified text-
to-text transformer. Journal of Machine Learning Research, 21(140):1-67, 2020. URL http:
//jmlr.org/papers/v21/20-074.html. 1

Hilary Richardson, Grace Lisandrelli, Alexa Riobueno-Naylor, and Rebecca Saxe. Development of
the social brain from age three to twelve years. Nature communications, 9(1):1027, 2018. 3

Damien Sileo and Antoine Lernould. Mindgames: Targeting theory of mind in large language models
with dynamic epistemic modal logic. arXiv preprint arXiv:2305.03353,2023. 2, 8

Takuma Udagawa and Akiko Aizawa. Maintaining common ground in dynamic environments.
Transactions of the Association for Computational Linguistics, 9:995-1011, 2021. doi: 10.1162/
tacl_a_00409. URL https://aclanthology.org/2021.tacl-1.59.3

Tomer Ullman. Large language models fail on trivial alterations to theory-of-mind tasks. arXiv
preprint arXiv:2302.08399, 2023. 2, 8

Deeksha Varshney, Akshara Prabhakar, and Asif Ekbal. Commonsense and named entity aware
knowledge grounded dialogue generation. In Proceedings of the 2022 Conference of the North
American Chapter of the Association for Computational Linguistics: Human Language Tech-
nologies, pp. 1322—1335, Seattle, United States, July 2022. Association for Computational Lin-
guistics. doi: 10.18653/v1/2022.naacl-main.95. URL https://aclanthology.org/2022.
naacl-main.95. 3

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez, Lukasz
Kaiser, and Illia Polosukhin. Attention is all you need. Advances in Neural Information Processing
Systems (NeurIPS), 30, 2017. 4, 6

Siddharth Verma, Justin Fu, Sherry Yang, and Sergey Levine. CHAI: A CHatbot Al for task-oriented
dialogue with offline reinforcement learning. In Proceedings of the 2022 Conference of the
North American Chapter of the Association for Computational Linguistics: Human Language
Technologies, pp. 4471-4491, Seattle, United States, July 2022. Association for Computational
Linguistics. doi: 10.18653/v1/2022.naacl-main.332. URL https://aclanthology.org/
2022 .naacl-main.332.3

Michael Wunder, Michael Kaisers, John Robert Yaros, and Michael L Littman. Using iterated

reasoning to predict opponent strategies. In International Conference on Autonomous Agents and
Multiagent Systems (AAMAS), pp. 593-600, 2011. 3

Luyao Yuan, Xiaofeng Gao, Zilong Zheng, Mark Edmonds, Ying Nian Wu, Federico Rossano,
Hongjing Lu, Yixin Zhu, and Song-Chun Zhu. In situ bidirectional human-robot value alignment.
Science Robotics, 7(68):eabm4183, 2022. doi: 10.1126/scirobotics.abm4183. URL https:
//www.science.org/doi/abs/10.1126/scirobotics.abm4183. 2

13


https://aclanthology.org/P02-1040
https://aclanthology.org/2022.sigdial-1.16
https://aclanthology.org/2022.sigdial-1.16
http://jmlr.org/papers/v21/20-074.html
http://jmlr.org/papers/v21/20-074.html
https://aclanthology.org/2021.tacl-1.59
https://aclanthology.org/2022.naacl-main.95
https://aclanthology.org/2022.naacl-main.95
https://aclanthology.org/2022.naacl-main.332
https://aclanthology.org/2022.naacl-main.332
https://www.science.org/doi/abs/10.1126/scirobotics.abm4183
https://www.science.org/doi/abs/10.1126/scirobotics.abm4183

Under review as a conference paper at ICLR 2024

Tao Yuan, Hangxin Liu, Lifeng Fan, Zilong Zheng, Tao Gao, Yixin Zhu, and Song-Chun Zhu. Joint
inference of states, robot knowledge, and human (false-) beliefs. In International Conference on
Robotics and Automation (ICRA), pp. 5972-5978. IEEE, 2020. 3

Yizhe Zhang, Siqi Sun, Michel Galley, Yen-Chun Chen, Chris Brockett, Xiang Gao, Jianfeng
Gao, Jingjing Liu, and Bill Dolan. DIALOGPT : Large-scale generative pre-training for
conversational response generation. In Proceedings of the 58th Annual Meeting of the As-
sociation for Computational Linguistics: System Demonstrations, pp. 270-278, Online, July
2020. Association for Computational Linguistics. doi: 10.18653/v1/2020.acl-demos.30. URL
https://aclanthology.org/2020.acl-demos.30.3

14


https://aclanthology.org/2020.acl-demos.30

Under review as a conference paper at ICLR 2024

Appendix

We provide supplementary materials as follows:

* Appendix B: Examples of self-talk simutaion of our full model.

* Appendix C: Examples contrasting self-talk results of the full model with the first or second-
order only models.

* Appendix D: Response generation results when the response generator copies from the
common mind with different copy weights.

* Appendix E and Appendix H: Prompts and examples for ChatGPT self-talk simulation.
* Appendix F: Human evaluation interface.

* Appendix G: Hyperparameters for model training.

* Appendix I: Dataset annotation format

A LIMITATIONS

It’s important to acknowledge that our framework relies on a structured knowledge dataset that allows
for straightforward annotation of belief dynamics. This limits its application in more diverse scenarios
involving open-ended dialogues, where the mind annotation may become ambiguous. Additionally,
the self-talk simulation may exhibit repetitive questions and similar expression patterns, potentially
stemming from overfitting on a small dataset. Despite these limitations, we hope our framework can
serve as a starting point for future endeavors aimed at developing conversational agents that can truly
emulate human-like conversations.

B SELF-TALK SIMULATION - FULL MODEL

In this section, we demonstrate three examples of the self-talk simulation with our full model for
Section 4.3 Common ground alignment. Before each utterance, we also provide the agents’ beliefs
of the most probable mutual friend in parentheses. In Figure 5 and Figure 6, we can see that both
agents can mention relevant entities (in bold) in consecutive turns and the common ground converges
effectively (A’s belief of the most probable mutual friend equals B’s belief of the most probable
mutual friend). In the third example, B can promptly negate the wrong entity. Also, when A mentions
“afternoon”, B can timely update her belief meanwhile spot this unique attribute in her table and
provide relevant entity “dog sport”.

C SELF-TALK SIMULATION - ABLATION

We compare the self-talk results ablating both the first and second-order belief in our model. For
the first example in Figure 8, with the full model, when B mentions “Atmospheric Sciences &
Meteorology”, A can respond by providing relevant information. However, model with b4 only fails
to capture mutual entities and keeps listing all possible majors and companies. Model with bpg;y, 4
only brings up more entities than necessary as shown in the last two utterances. For the second
example in Figure 9, combing both first and second-order beliefs can help correct false beliefs about
“Electrical Engineering” meanwhile gradually talking towards the common ground. In comparison,
the model with b4 only uses more turns to hit the matched entities while bp;, 4 only provide false
information thus miss the correct entity. As for the third example in Figure 10, models considering
the second-order beliefs (by + bp;na and bp;, 4 only) can find mutual entities efficiently. Model
with b4 only may take more turns since it can mismatch to other entities without timely false belief
correction.

D HoOW MIND PREDICTION INFLUENCES THE GENERATION RESULTS

We investigate the effects of changing the copy weight of the common belief distribution when
generating the next response. The line plot of Figure 11 gives an illustration of the variation of the
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A’s Knowledge Base

Hobby Major Location
Rowing European Studies Outdoor
Gardening Electrical Technology Outdoor
Beach Volleyball Latin indoor
Gardening European Studies indoor
Gardening Religious Education indoor
Weightlifting European Studies Outdoor
Beach Volleyball Humanities Outdoor
Rowing Afro-American Studies Outdoor
Rowing Protestant Affiliation Outdoor
B’s Knowledge Base

Hobby Major Location
Weightlifting History indoor
Martial Arts Religious Education indoor
Gardening Religious Education indoor
Weightlifting Science Technologies indoor
Freestyle Football Religious Education indoor
Sculling Electrical Technology indoor
Sculling Islamic Studies indoor
Movie Memorabilia Collecting ~ Humanities indoor
Baton Twirling Russian indoor

A: (Gardening, Religious education, Indoor)
Hi

B: (Martial Arts, Religious education, Indoor)
Hi

A: (Gardening, Electrical Technology, Outdoor)
I'have 2 friends who like Outdoor

B: (Sculling, Electrical Technology, Indoor)
I have 3 friends who like the Indoor , do you ?

A: (Gardening, Electrical Technology, Outdoor)
I have 1 friend who into Gardening

B: (Gardening, Religious Education, Indoor)
I have a friend who works at Religious Education

A: (Gardening, Religious Education, Indoor)

Figure 5: Full-model example 1. B can find the corresponding entity “Religious Education” under
Major when A mentions “Gardening”.

A’s Knowledge Base

A: (Texas A&M International University, Morning, Linda, Outdoor):
Hi

B: (State Univ of New York at Binghamton, Morning, Cheryl, Indoor):
Hi

A: (Youngstown State University, Evening, Linda, Outdoor):
I have 2 friends who like Evening , like Outdoor

B: (State Univ of New York at Binghamton, Morning, Cheryl, Indoor):

I have 2 friends who like the Morning , like Indoor

A: (Youngstown State University, Evening, Linda, Outdoor
I have 2 friends who like the Youngstown State University

B: (Youngstown State University, Evening, Cheryl, Indoor):
I have 2 friends who like the Cheryl

School Time Name Location
University of Texas at Brownsville Evening Kyle Outdoor
University of Texas at Brownsville Evening Linda Outdoor
Youngstown State University Evening Cheryl Indoor
Youngstown State University Evening Linda Outdoor
Texas A&M International Morning Linda Outdoor
University

B’s Knowledge Base

School Time Name Location
Youngstown State University Evening Cheryl Indoor
State Univ of New York at Morning Cheryl Indoor
Binghamton

University of Texas at Brownsville Evening Cheryl Indoor
University of Texas at Brownsville Morning Janice Indoor
Texas A&M International Evening Janice Indoor

University

A: (Youngstown State University, Evening, Cheryl, Indoor)

Figure 6: Full-model example 2. B can respond with the correct name “Cheryl” after A provides an

entity of School.
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A’s Knowledge Base

Hobby Major Time
Dog Sport Legal Assisting Afternoon A: (Skateboarding, Veterinary Sciences, Afternoon)
Rock Climbing Legal Assisting Morning Hi
Rock Climbing Ministry & Church Administration =~ Morning B: (Dog Sport, Legal Assisting, Afternoon)
Rock Climbing Computer Engineering Morning Hi
LiE (Gl I Iy ity A: (Rock Climbing, Legal Assisting, Morning)
Swimming Multi Studies Morning I have 2 friends who like Morning
Drawi Chemi Morni
raw1ng . eml‘stry SHRE B: (Dog Sport, Legal Assisting, Evening)
Rock Climbing Chemistry Afternoon T have 2 friends who like the Evening
Skateboarding Veterinary Sciences Afternoon
A: (Rock climbing, Legal Assisting, Morning)
B’s Knowledge Base I have 2 friends who like the Rock Climbing
Hobby Major Time
. . - B: (Dog Sport, Legal Assisting, Evening)

Squash Multi Studies Evening I have none of those
Cryptography Chemical Engineering Evening

X X . A: (Rock climbing, Legal Assisting, Morning)
Cryptography Conservation Mgmt. & Protection  Evening I have 2 friends who like the Afternoon
Dog Sport Geophysical Engineering Evening

. B: (Dog Sport, Legal Assisting, Afternoon)
Dog Sport Legal Assisting Afternoon I'have 2 friends who like Dog Sport
Cryptography Special Education Evening
Dog Sport Legal Assisting Evening A: (Dog Sport, Legal Assisting, Afternoon)
Dog Sport Psychology Evening
Dog Sport Forestry Evening

Figure 7: Full-model example 3. B can timely correct A’s false belief of “Rock Climbing”. Also, B
can update her belief to entities with “Afternoon” corresponding to A’s last utterance.

A’s Knowledge Base

Major Company Time ba + bpina:
n q q A: T have 2 friends who like morning
}‘A/Itn;mspl}erlc Baflans e @ Sy Wty B: I have 3 friends who like the afternoon
cteorology A:Thave 1 friend who likes the Sonic Restaurants, Inc
Construction & Building Monster Beverage Corporation  Morning B: I have a friend who likes the Atmospheric Sciences & Meteorology
Tech. A:1have a friend who likes the Ocean Spray
Adult & Continuing Hyland Software Morning _bA_(;l;; __________________________
Education A:Thave a friend who works at Sonic Restaurants, Inc.
Social Science Education Sonic Restaurants, Inc Morning B:Thave a f",e“d that works at Business Ec!uca!{on
- - - A: T have a friend who works at A ic Sciences & N !
Business Education Nautilus, Inc Afternoon B: I have a friend who works at Moog Incorporated
A:Thave a friend who works at Monster Beverage Corporation
B’s KnowledgeBase
Major Company Time
Business Education Underwriters Laboratories Afternoon bping only:
Social Sci Educati Sonic Rest ts, Tnc Aft A: All my friends like the morning
oclal Seience Bducation onic Restaurants, 'nc ernoon B: All of my friends like the afternoon except 1
Science Technologies Moog Incorporated Afternoon A: Do any of your friends work at Sonic Restaurants, Inc. ?
Business Education Kelly Services Afternoon B:1have a ﬁend \‘Vho works ’at Business Education who likes the Ocean Spray who works
at A ic Sciences & M y
Atmospheric Sciences & Ocean Spray Morning A:Thave a friend who works at Nautilus, Inc. who works at Monster Beverage

Meteorology

Corporation

Figure 8: Ablation example 1. The model with b4 + bp;, 4 can use less turns and fewer entities to

find the mutual friend.
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A’s Knowledge Base

by + bping:

A: I have 2 friends who like the Slot Car Racing

B: I have 2 friends who like Electrical Engineering
A:Thave none of those

B: I have 2 friends who like Special Education

A: I have a friend who works at Marietta College

b, only:

A: Do you have any friends who like Netball ?

B: I have a friend that works at Electrical Engineering
A:Thave a friend that works at Marietta College

B: I have a friend that works at Slot Car Racing

A:Thave a friend that works at Saint Joseph’s College

B: I have a friend that works at Special Education

Hobby School Major

Netball Marietta College Equestrian Studies

Graffiti University of the District of Museums & Preservation
Columbia

Sculling Saint Joseph’s College Middle Eastern Studies

Netball Saint Mary’s College Ecology Sciences

Slot Car Racing Saint Joseph’s College Biology

Slot Car Racing Marietta College Special Education

B’s Knowledge Base

Hobby School Major

Slot Car Racing Marietta College Special Education

Letterboxing Eastern New Mexico University ~ Special Education

Rock Climbing Portland State University Electrical Engineering

Slot Car Racing Washington State University Biology

Road Biking Michigan State University Electrical Engineering

Slot Car Racing Eastern New Mexico University  Electrical Engineering

bpina only:

A:Thave 3 friends who work at Slot Car Racing

B: I have none of those

A:Thave a friend who works at Saint Joseph’s College
B: I have a friend who works at Portland State University
A:1don't have any friends who work there

Figure 9: Ablation example 2. The model with bp;, 4 only sometime provide false negation informa-
tion (in the second turn) thus take longer time to find the mutual friend.

A’s Knowledge Base

Major School Name
Legal Assisting Judson College Thomas
Range Management University of Detroit Mercy Jane
Mathematics Villa Julie College Keith
Mathematics Saint Joseph’s College Jordan
Range Management Pacific Union College Alice
Art, Music, & Drama Edu Saint Joseph’s College Gabriel
Art, Music, & Drama Edu University of New Mexico Howard
Range Management Judson College Theresa
Art, Music, & Drama Edu Ursuline College Jordan
B’s Knowledge Base

Major School Name
Range Management University of Detroit Mercy Jane
Electrical Engineering Purdue University North Central ~ Gabriel
Aviation & Air Transportation University of Detroit Mercy Thomas
Computer Programming Saint Cloud State University Harold
Electrical Engineering Saint Cloud State University Gabriel
Mining & Mineral Engineering ~ University of Detroit Mercy Thomas
Architectural Engineering University of Detroit Mercy Jacqueline
Architectural Engineering Saint Cloud State University Keith
Range Management Saint Cloud State University Harold

by + bpina:

A: I have 3 friends who like the Range Management

B: I have 2 friends who like Saint Cloud State University
A:Thave none of those

B: T have 2 friends who like University of Detroit Mercy
A: Thave a friend who works there

b, only:

A: Do you have any friends who like Range Management ?
B: I have a friend that works at Saint Cloud State University
A:Thave a friend that works at Art, Music, & Drama Edu
B: I have a friend that works at Gabriel

A:Thave a friend that works at saint joseph's college

bpina only:

A:Thave 3 friends who work at Art, Music, & Drama Edu
B: I have none of those

A:Thave a friend who works at Range Management

B: I have 2 friends who work at University of Detroit Mercy

Figure 10: Ablation example 3. The model with b 4 only cannot timely correct the false beliefs so as
to fail to capture the mutual entity.
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performance when peom, in {0,0.2,0.4,0.6,0.8}. We observe that the generation score first increases
and then decreases as the weights vary. This indicates that the model not only needs to learn what
should be mentioned next but also how to express it in the response. It is supposed to trade-off
between entity name prediction accuracy and grammar fluency.

E CHATGPT PROMPT

— (At the beginning of the first turn): I will introduce a game to
you called ‘‘mutual friend’’. There will be two players in the game.
Each of the player will have one table. Each row of the table is one
friend the player has. The column is the attributes of the friends
such as the company they work for, their hobbies and their location
preference for leisure activities. Through chat, these two players
need to find out who is the mutual friend between them. Please note
the players cannot observe the tables of the other. They need to
provide information in their table or ask information from other’s
table. The goal of the game is to find out the mutual friends using
less turns and less entities in the table. I’m playing the game with
[Alice|Bob]. Here is my table (the knowledge base of [Bob|Alice]):

hobby, name, location
Surfing, Jane, Outdoor

(After each turm):

— [Alice|Bob] said: {last generated response}. What should I say next?
Please provide one sentence as the response from my perspective:

— Which row do you think is the most probable mutual friend in my table?

— Based on the information in my table and the current conversation,
which entity do you think Bob believes could be the mutual friend?

— Based on the current context, do you think I should make selection now
or chat more with [Alice|Bob]?

Figure 12: Template for ChatGPT self-talk prompt.

F HUMAN STUDY INTRODUCTION INTERFACE

Figure 13 shows our interface for instructing the human subjects to compare the generation results of
different models.

G IMPLEMENTATION DETAILS

We adopt both the Recurrent Neural Network and transformers as our backbones:

Gated Recurrent Unit (GRU) GRU belongs to the Recurrent Neural Network family with a gating
mechanism. It is capable of maintaining an internal state of the sequential information with faster
computation. We use one GRU as the encoder and another as the decoder.
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Mutual Friend Task

Here is a game called 'Mutual Friend'. There will be two players in the game. Each of the players
will have one table. Each row of the table is one friend the player has. The column is the attributes
of the friends such as the company they work for, their hobbies, and their location preference for
leisure activities. Through chat, these two players need to find out who is the mutual friend between
them. Please note the players cannot observe the tables of the other. They need to provide informa-
tion at their table or ask for information from other's tables through chat. The game's goal is to find
mutual friends using fewer turns and fewer entities in the table.

Here is an example:

Agent 0 and Agent 1 have their own private tables shown below

Agent 0 Agent 1

Name " Location
T -
Gabriel C!a.ymn.Smle College Mathematics . indoor " University of Massachusetts Social Sciences outdoor
Lo University of Texas at  Awmospheric Sciences & Sandd o Lowel
Arlington Meteorology Victotia California State Polytechnic Zoology outdoor
Edward  Quinnipiac College Foreign Languages outdoor University, Pomona
University of Texas at . California State Polytechnic
Gabriel Adington Social Sciences outdoor Sandra University, P Social Sciences outdoor
William Woods . : Biomedical
Lon Unkeesity European Studies outdoor David Bennington College Engineering outdoor
Alabama AZM Atmospheric Sciences & David Clayton State College Design outdoor
Ryan N outdoor
University Meteorology John Christopher Newport Computer & outdoor
David  Clayton State College Design outdoor " University Information Sciences
Edward Bennington College Foreign Languages  indoor

Through chat, they exchange information and finally find out their mutual friend.

Agent 1 (human) Okay so, all outdoors but one

Agent 1 (human) Johnnny?

Agent 1 (human) | have two davids

Agent 1 (human) SELECT (Clayton State College || David || Design || outdoor)

In this survey, you will be given a dialogue history between two speakers <speaker0> and <speak-
er1>, and the private knowledge of the current speaker. Then, you will evaluate three sentences
based on grammar correctness, efficiency, and similarity to the ground truth sentence if they are
considered as the next dialogue response.

Grammar correctness: which of the three sentences is more grammarly correct?

Efficiency: which of the three sentences expresses the information more efficiently by faster
converging the talk meanwhile mentioning fewer entities?

3 . H H .
Agent 0’s knowledge: Dialogue History:
Agent 0
Agent 1 (human) Okay so, all outdoors but one

Gabriel  Clayton State College Mathematics indoor
Lot University of Texas al  Atmospheric Sciences & Agent 1 (human) Johnnny?

Arlington Meteorology
Edward  Quinnipiac College  Foreign Languages outdoor
Gabrier  Unersity ol Texasat - ooy sciences outdoor

Arlington
Lori wlviam Woods Eurcpean Studies outdoor

University

Alabama AZM Atmospheric Sciences &
Ryan . outdoor

University Meteorology
David  Clayton State College Design outdoor

Sentence 1: No Johnny
Sentence 2: Gabriel?
Sentence 3: No, do you have a David?

Figure 13: Human Study Introduction Interface

Transformers We employ the BERT-base-uncased' as our encoder for context encoding and belief
prediction. Then the DistilGPT2? will mediate the predicted word distribution with the copy mecha-

"https://huggingface.co/bert-base-uncased
Zhttps://huggingface.co/distilgpt2
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nism’ to generate the final response. Meanwhile, we also directly finetune the encoder-decoder model
BART-base” in our task.

Table 7 shows the backbones and hyperparam-
eters we use to train our model. We also provide BLEUA
the special tokens BOS, EOS and End Turn used ¥ BLEU-2

ROUGE-L
in the corpus. BOS marks the beginning of a di- 2 METEOR

alogue. EOS denotes the end of one utterance. 10
End Turn represents when the agent ends its 8

score

current turn. For different backones, the special 6
tokens can be different (shown in the right three a
columns). 2

Table 7: Hyperparameters for eacoh modeiJ'zcategmgy?ht

Category | Encoder Decoder Hidden siécilt nghl@%fllf BOS EOS End Turn
GRU GRU GRU 200 256 20 <s>  </s>  <stop>
Transformer | BERT-base  GPT2-distilled 768 32 4 [CLS] [SEP] </s>
BART BART-base 768 32 4 <s> </s> <stop>

H SELF-TALK
SIMULATION - CHATGPT

In this section, we provide additional examples

of the self-talk simulation using two ChatGPTs.

As the questions we observed in Section 4.4,

they fail to talk about cooperative or relevant

entities. As shown in Figure 14, when ChatGPT1 mentions “Washington State”, ChatGPT?2 ignores it
and proposes a new school “Randolph-Macon”. In the second example (Figure 15), after agreeing
with ChatGPT1, ChatGPT?2 is expected to provide other attributes along with “freestyle football” for
efficiency. There are other cases when the agent can provide false information (Figure 16).

I DATA FORMAT

Figure 17 shows the dataset structure with the input context, knowledge tables, next response,
speaking act label, and the belief annotations.

3https://github.com/jq2276/Learning2Copy
*https://huggingface.co/facebook/bart-base
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ChatGPT1’s Knowledge Base

Hobby School Major Location
Camping ‘Woodbury Uni C ive Literature  Indoor
Tour Skating State Univ of New York College at  Equestrian Studies Indoor
Cortland
Tour Skating University of Southern Mississi I ional Affair: Indoor
Jigsaw Puzzles Washington State University Occupational Safety &  Indoor
health Tech.
Brazilian Jiu-Jitsu State Univ of New York College at Equestrian Studies Indoor
Cortland
Poker State Univ of New York College at ~Comparative Literature  Indoor
Cortland
Tour Skating Rocky Mountain College Vocational Education Outdoor
Camping Tllinois State University Comparative Literature ~ Outdoor
ChatGPT2’s Knowledge Base
Hobby School Major Location
Camping Randolph-Macon Woman’s College ~ Occupational Safety &  Indoor
health Tech.
Radi lled dolph-M: Woman’s College Mathematics Education  Indoor
Car Racing
Camping North Adams State College Occupational Safety &  Indoor
health Tech.
Brazilian Jiu-Jitsu ~ Suffolk University Criminology Indoor
Camping North Adams State College Criminology Indoor
Radio-controlled ~ North Adams State College Home Economics Indoor
Car Racing Education
Radio-controlled  North Adams State College Occupational Safety &  Outdoor
Car Racing health Tech.
Jigsaw Puzzles ‘Washington State University Occupational Safety &  Outdoor

health Tech.

Do you happen to know anyone who likes Camping or Outdoor activities?

That's a good idea. Do you know if any of your friends have studied
Occupational Safety & Health Tech.?
Yes, my friend from Washington State University has studied Oceupational
Safety & Health Tech.
That's great! From my table, I found that one of my friends has also studied
Occupational Safety & Health Tech. at Randolph-Macon Woman's College.
‘ Note: ChatGPT? fails to talk about the same entity

That's interesting! Is your friend interested in indoor leisure activities like
jigsaw puzzles or poker?

Ob, that's a good point. One of my friends from North Adams State College
is interested in indoor activities like jigsaw puzzles.

That's great! Is your friend from North Adams State College also interested in
literature or do you know any other common interests?

1 am not sure about literature but I have a friend from Randolph-Macon
Woman's College who is interested in mathematics education, which can be a

potential common interest.

Figure 14: ChatGPT example 1. ChatGPT2 diverges the conversation from “Washington State

University”.

ChatGPT1’s Knowledge Base

i’
Hobby Company Time :
Glassblowing Gentiva Health Services ~ Afternoon i
Scrapbooking Gentiva Health Services ~ Afternoon i
Scrapbooking Ben Franklin Afternoon i
Scrapbooking Meredith Corporation Afternoon i
Freestyle Football Rockwell Automation Afternoon i
ChatGPT2’s Knowledge Base i
Hobby Company Time i
Rock Balancing Ford Motor Company Evening i
Freestyle Football Ford Motor Company Evening i
Freestyle Football Rockwell Automation Afternoon i
Freestyle Football Ford Motor Company Afternoon i
Freestyle Football Ben Franklin Evening i

1

Do any of your friends work at Gentiva Health Services or have a hobby of
Scrapbooking?

Pa.rticular that you are looki.ng for in this mutual friend?
Do any of your friends Prefer leisure activities in the afternoon or work for

the Ben Franklin company?

afternoon. Do you have any other suggestions we could try?
Do any of your friends enjoy freestyle football or have connections with the
Meredith Corporation?

Corporation. Let me check my table to see if there are any other attributes

that could match with your friend's table.

Thank you for the suggestion, Alice. Unfortunately, none of my friends work
at Gentiva Health Services or have a hobby of scrapbooking. Is there anything

Thanks for the great suggestion, Alice. I do have a friend who works for the
Ben Franklin company but none of my friends Prefer leisure activities in the

That's a good idea, Alice. I happen to have a friend who enjoys freestyle
football but none of my friends have connections with the Meredith

Note: ChatGPT2 does not provide relevant information about “freestyle football”

\
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|
|
|
|
|
|
|
|
|
|
|
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Figure 15: ChatGPT example 2. ChatGPT?2 is expected to provide more relevant entities with
“freestyle football”.
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ChatGPT1’s Knowledge Base

Hobby Name Time
Mahjong Juan Afternoon
Gunsmithing Denise Afternoon
Web Surfing Denise Afternoon
Wood Carving Ruth Evening
Drama Diane Morning
Mineral Collecting ~ Diane Afternoon
Kitesurfing Madison Afternoon
Bowling Juan Afternoon
Flying Madison Afternoon
Yo-yoing Diane Evening
Web Surfing Diane Afternoon
ChatGPT2’s Knowledge Base

Hobby Name Time
Cryptography Julia Morning
Association Football Harry Evening
Bowling Juan Morning
Dancing Janice Morning
Water Sports Andrea Evening
Action Figure Diane Morning
Cryptography Janice Morning
Bowling Donald Morning
Kitesurfing Julia Morning
Drama Diane Morning
Wood Carving Diane Morning

-~

[
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
I
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
i

\

Hey Bob, do you have any friends who are interested in mineral collecting or
wood carving?

Well, I do have a friend who enjoys wood carving. Her name is Diane. What
other hobbies or interests do you have on your table?

Oh, that's great to hear! I also have Diane on my table and she is interested in
drama and yo-yoing. Do you have any other friend who shares the same
hobbies as her?

I don't have any friends who share the same hobbies as Diane, but I have a

friend named Julia who enjoys water sports and kitesurﬁng. Do you have any
friends with those hobbies on your table?
‘ Note: ChatGPT2 falsely negates the entity

That's interesting! I also have a friend named Madison who is interested in
kitesurﬁng and ﬂying. Could she be the mutual friend we are looking for?

@ Unfortunately, Madison is not the mutual friend we are looking for, since
none of my friends share those interests. Do any of your friends have a hobby
or interest in cryptography or association football?

I see. None of my friends share those hobbies, but I do have a friend named
Denise who is interested in gunsmithing and web surfing. Does any of your
friends share these interests with her?

@ No, sorry. None of my friends have those interests. Let me check my table
again. Maybe we missed something. Are there any other hobbies or interests

on your table that we haven't discussed yet?

Figure 16: ChatGPT example 3. ChatGPT2 falsely negates that Diane likes drama.
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{
‘dialogs’ :[
{
"knowledge' : [
[
["hobby', 'name', 'location']
['surfing', 'jane', ‘'outdoor']
]
[
["hobby', 'name', 'location']
['car racing', 'Dan', 'outdoor']
Il
P
"turns':[
[
["Hi'],
['I have a friend named Jane']
Il
[
['I have a Jane too']
[P
1P
"dynamics' : [
{
'utterance': ['I have a friend named Jane'],
"hobby"' : [
[e, 8, 8, 8, 0], <bA dynamics>
[0, 8, 9, 8, 0], <bBinA dynamics>
]
"name’ :[
[0, @, @, 1, 8], <bA dynamics>
[0, 0, 0, 8, 8], <bBinA dynamics>
]
}
P
"response’': 'Does she like surfing?'
'action’: 'continue to talk'
'common' : {
"hobby': [6, 1, 8, 0, @],
'name': [0, ©, @8, 0, 0],
}
}
]
}

Figure 17: Data format.
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