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Abstract

There is more and more interest in research of building an
AI assistant that can communicate with human in a multi-
modal conversational setting. Most existing task-oriented di-
alog datasets do not coordinate the dialog in the user’s mul-
timodal context. The Situated Interactive MultiModal Con-
versations datasets (SIMMC 1.0 and 2.0) were introduced re-
cently to allow research to train machines to consider not only
the dialog history but also the scene content. The datasets pro-
vide fully annotated dialogues where the user and the agent
see the same scene elements and the agent can be decisive
to update the scene. This year’s SIMMC 2.0: Situated Inter-
active Multimodal Conversational AI challenge, held as the
third track in the Tenth Dialog System Technology Challenge,
pushes the development of many methods on SIMMC 2.0
dataset. In this paper, we present our approaches in five sub-
tasks: disambiguation classification, multimodal coreference
resolution prediction, dialog state tracking, response genera-
tion and response retrieval. For subtasks 1, 3 and 4, we com-
bine all the outputs into a single string and adapt BART-
based encoder-decoder framework to make the predictions.
For subtask 2, we propose Bi-encoder & Poly-encoder model
to match the visual objects with the dialogue turns. For sub-
task 5, we applied BART-based framework to find more rel-
evant responses among given candidates. Our models came
in second place for the response retrieval subtask and a good
place for the others. Our models’ performance in both the
public dev-test and the private test-std datasets shows the ro-
bustness of our approaches.

Introduction
In recent years, building an AI assistant, which can process
the conversational context the same way as a human assis-
tant, has received more attention from AI research commu-
nities. To match the human performance, the AI assistant
needs to understand the multimodal context of the conversa-
tion beyond the traditional natural language processing set-
tings (Crook et al. 2019; Moon et al. 2020; Gunasekara et al.
2020). This Natural Language Understanding (NLU) pro-
cess requires taking into consideration of past conversation
and external information (meta data or the scene both user
and the assistant observe). Moreover, the assistant needs to
respond to the user in a reasonable manner in terms of syntax
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and semantics. Following this direction, the SIMMC chal-
lenges in the Dialog State Technology Challenge (DSTC)
provide datasets to develop a multimodal shopping assis-
tant. The scenario in this year’s SIMMC 2.0 consists of the
dialogue between a user and a shopping AI assistant with
the close-to-real-world context. In particular, each dialogue
is associated with a virtual reality scene of a store, which
includes the objects that can be mentioned in the conver-
sation. This is different from the SIMMC dataset last year,
where the virtual reality environment does not reflect the real
user situations at a store. The dataset also provides object in-
formation (meta data) to allow researchers to model context
better.

The SIMMC 2.0 challenge consists of 5 subtasks: 1) dis-
ambiguation classification, 2) multimodal coreference reso-
lution prediction, 3) dialog state tracking, 4) response gen-
eration and 5) response retrieval. We model the subtasks 1,
3 and 4 as a joint learning task. Instead of dealing with each
task separately, we represent the output of each task as a
string and concatenate all of them into one single output
string. This is inspired by recent trend of adopting pretrained
models for multitask learning (Moon et al. 2020; Raffel et al.
2020; Kottur et al. 2021; Huang et al. 2021). In particular,
we utilize the encoder-decoder framework, where the en-
coder captures the past multimodal conversational interac-
tion between a user and a virtual assistant while the decoder
generates the combined outputs of the three subtasks. One
crucial advantage of the joint learning is that it allows us to
train on multiple subtasks while sharing a common encoder-
decoder. Intuitively, diambiguation, state tracking and re-
sponse generation can benefit from each other: A plausible
state tracking may help generate a plausible response. This
multi-task setting cannot be possible in non-neural methods
where classification and generation tasks are considered sep-
arately. For the response retrieval task, we use the encoder of
the encoder-decoder framework. As the response candidates
do not have disambiguation label or dialogue state tracking,
we train only on the response data. The model encodes the
conversational context, outputs the conditional probabilities
of the candidates and uses the probabilities to rank the can-
didates. This model and the multitask model we described
before are trained and evaluated independently.

Given one or more scenes shared between the virtual as-
sistant and a user, Sub-Task #2 aims to predict the ID(s) of



the objects mentioned in the current user transcript. For ex-
ample, in the transcript “Do you have anything with a similar
size as the brown shirt and the grey and brown?”, the men-
tioned objects IDs are “[40, 12]”, which correspond to the
IDs of “the brown shirt” and “the grey and brown” in the
current scene. A scene is a generated VR scene screenshot.
A scene contains multi-modal contexts, with an image show-
ing all the objects that appear in the snapshot and a JSON
file describing the name, ID, bounding box and position of
the objects and their relationships. In addition, there is an-
other JSON file containing the metadata (e.g., price, avail-
able sizes, color, pattern) of all the objects. We regard the
task as a ranking task, and build a Bi-encoder (Humeau et al.
2020) and Poly-encoder (Humeau et al. 2020) model to get
the similarity score between each candidate object and the
current user transcript. And we select the top-K ranked ob-
jects as the predicted objects. Bi-encoder encodes the input
context and a candidate using two transformers, which are
initially started with the same weights in the pre-training,
but are updated separately during fine-tuning.

We make our code available at https://github.com/i2r-
simmc/i2r-simmc-2021/

Task Description
In this section, we describe more details of the SIMMC 2.0
datasets and challenge. The datasets contain annotated mul-
timodal dialogues generated using finite-state-machines as
user and system simulators in a multi-modal framework, and
then paraphrased by human annotators.. Each dialogue cor-
responds to a shopping experience, in which the user com-
municates with the assistant in natural language while co-
observe a scene of the shop. This is different from the exist-
ing work in multimodal dialogs (Das et al. 2017; Hori et al.
2018; de Vries et al. 2018; Gunasekara et al. 2020) and Vi-
sual Question Answering (Anderson et al. 2018) where there
are primary and secondary observations. The user can ob-
serve the scene’s objects in multiple viewpoints to make a
request but does not know detailed information of the ob-
jects. On the other hand, the assistant has access to meta
information of objects, which include unique properties like
size, brand, cost and position of the objects within the scene.
Therefore, a virtual assistant not only needs to consider the
dialogue history but also keeps track of the environment
state to comprehend the user’s request and produce the rele-
vant response.

The SIMMC 2.0 datasets have a total of 11K dialogs and
about 117K utterances with 1.5K unique commercial store
scenes in fashion/furniture domain. The fashion dataset is
established from 3D digital assets of real-life clothing ob-
jects (e.g. pants, trousers) while the furniture dataset is based
on the 3D digital furniture assets from an e-commerce site.
These assets/objects are combined with seed scenes from re-
spective domains to get the pool of scenes. The scenes are fi-
nally manipulated by using random camera view. A dialogue
starts with a user request and asks for recommendation from
the assistant. Each dialogue turn has human and system tran-
scripts annotated dialogue acts/intents, references of men-
tioned objects to the bounding box in the respective scene.

This rich multimodal context allows a systematic study of
the diverse expression in multimodal dialog.

Following the previous challenge, SIMMC 2.0 datasets
are also split into four subsets: train, dev, dev-test and std-
test. The train and dev sets, as the names suggest, are used
for training and validation processes. The dev-test set is used
to evaluate the model performance publicly and outside of
the challenge while the test-std set is not available publicly
and is used for official evaluation of the challenge. Overall,
the metrics for evaluation processes are computed in a task
specific manner for both dev-test and std-test. We report our
models’ performance on both sets.

We briefly go through all sub-tasks in the challenge:

• Sub-task 1 - Multimodal Disambiguation: The first sub-
task’s goal is to classify whether the user utterance con-
tains any ambiguous reference that the assistant agent
should disambiguate. This is a binary classification task
whose input are current user utterances, previous assis-
tant turns, multimodal context (scene and objects). The
evaluation metric is binary classification accuracy. More-
over, the metric is computed only for some specific turns
instead of entire dialogue.

• Sub-task 2 - Multimodal Coreference Resolution: The
second sub-task is to resolve the objects referred to in
a user utterance and return their canonical IDs that were
defined in each scene. In addition to the similar input like
sub-task 1, this coreference resolution task also makes
use of the ground-truth bounding boxes that segment ob-
jects in each scene. Moreover, the previous scenes are
also considered to make the prediction as users may men-
tion/refer to an object that they are mentioned from view-
points/scenes in the past. Coreference Precision, Recall
and F1 are evaluation metrics for this sub-task.

• Sub-task 3 - Multimodal Dialog State Tracking: The third
sub-task is to track the dialogue acts and the associ-
ated slot pairs for multimodal conversation. This sub-task
measures the assistant’s understanding of users request
through each turn. This sub-task also uses the similar in-
put as sub-task 2. The evaluation metrics for this sub-task
consists of intent accuracy and slot precision, recall and
F1.

• Sub-task 4 - Response Generation: The fourth sub-task
aims to generate assistant responses to the user requests.
Based on user utterances, ground-truth belief states and
multimodal objects/scenes, the assistant needs to reply in
a reasonable manner. For the generation task, the tradi-
tional metric BLEU-4 score is used to measure the per-
formance. Moreover, the metric is computed only for the
last turn in each dialog.

• Sub-task 4 - Response Retrieval: The final sub-task is
to retrieve assistant response to the user request from
a list of 100 candidates which are generated randomly
and uniquely. The performance is evaluated based on the
recall@1 (R@1), recall@5 (R@5), recall@10 (R@10),
mean rank, and mean reciprocal rank (MRR).



Figure 1: Illustration of all sub-tasks in SIMMC 2.0 dataset. The right-hand side is an example of a dialog between a user
and an assistant. The left hand side is the corresponding shopping scene. For each of user’s requests, the assistant detects any
disambiguation (sub-task 1), matches the ambiguous reference in the text to the object in the scene (sub-task 2), tracks the
dialog state (sub-task 3) and generates or retrieves an appropriate response (sub-task 4).

Methods
Baseline Models
The challenge organizers benchmark the datasets by adopt-
ing two baseline models:

• Multimodal Dialog State Tracking (MM-DST) by (Moon
et al. 2020) that fine-tunes GPT-2 (Radford et al. 2019)
to generate the belief states and assistant response (sub-
tasks 3 and 4). Specifically, this baseline takes previ-
ous dialog context and flattened object/scene information
as the input, which is similar to causal language model
approach (Peng et al. 2020; Hosseini-Asl et al. 2020).
While being effective for utilizing a large pre-trained lan-
guage model, the drawback in this model is that the flat-
tened string may lose the structure information in its orig-
inal format data (e.g. {pattern: striped, color: blue}) and
give wrong signal to the model.

• Multimodal Transformer Network (MTN) (Le et al.
2019) that encodes features from scenes/object snap-
shots and dialog together. While being effective to com-
bine image and language features, this model is not pre-
trained and needs to train from scratch with the challenge
datasets only. This may not be comparable to adopting
the large pre-trained language models to the datasets.

Joint Learning Model
In this part, we describe our approach to solve sub-tasks
1,3,4 altogether. Let D denote a dialog in SIMMC dataset
with n turns. Formally, D can be expressed as:

D := {((Ui, Ai,Mi, Bi)}ni=1 (1)

where Ui, Ai are the user and assistant utterances at turn i,
Mi is the multimodal context that includes scene, object rep-
resentations in form of text (i.e., object metadata) or image
and Bi is the belief state which consists of disambiguation
label (BDL

i ; sub-task 1), object references (sub-task 2), and
intent and slot (BIS

i ; sub-task 3).
Inspired by recent work to apply natural language gener-

ation technique on non-generation tasks (Raffel et al. 2020;
Brown et al. 2020), we combine the outputs of Disambigua-
tion Classification, Dialog State Tracking, Response Gener-
ation (sub-tasks 1, 3 and 4) into one single output. Then the
model input and output at turn i are

inputi = U≤i SEP1A<i (2)

outputi = BDL
i SEP2 B

IS
i SEP3 Ai (3)

where U≤i indicates current and previous user utterances,
A<i previous assistant utterances, and SEP1, SEP2, SEP3

are special tokens for separation between different inputs
and outputs. One thing to note here is that belief state and
assistant response appear in the entire dialog while disam-
biguation labels only appear in a portion of them. Therefore,
we allow the dummy case that a dialog turn does not have
disambiguation label and let the respective BDL

i is empty.
As we can combine the three subtasks into one single gen-

eration task, we also adopt the encoder-decoder framework
to this problem. The probability of the output y for a given
input x can be expressed as:

Pθ(y|x) = Pθ(B
DL, BIS , A|x)

= Pθ(B
DL|x)Pθ(B

IS |x, BDL)Pθ(A|x, BDL, BIS)

This shows advantage of our joint learning model: It gen-
erates outputs for the three separate tasks at the same time



Figure 2: Illustration of generating the three sub-tasks’ outputs in a single string.

while sharing a common encoder. Intuitively, all the tasks
can benefit from each other as the assistant can generate
good response given it already knows whether the user ut-
terance has any disambiguation or any intent/slot act. Fol-
lowing the conditional probability formula, our model accu-
mulates the knowledge from the simplest task (sub-task 1)
to the most complex task (response generation).

Model Architecture
We now describe the architectural components of our model:
the encoder and decoder. Overall, we apply the Trans-
former based model (BART) (Lewis et al. 2020) to SIMMC
datasets. While fine-tuning the model, we only train to min-
imize the cross entropy loss and exclude the reconstruction
loss in the original model.

Dialog Encoder Given an input sequence of source text
x = (x1, . . . , xn) that combines previous user and assis-
tant utterances as equation (2), we use Transformer Encoder
(Vaswani et al. 2017) to encode it into a continuous space
representation. The input is first passed through the embed-
ding layers and then through multi-attentive blocks. In the
encoding process, each multi-attentive block is computed
using self attention mechanism. We take the last layer hid-
den states to represent the input text:

ex = Embedding(x)
hx = Self-Attention(ex) (4)

Dialog Decoder Our model uses an uni-directional Trans-
former Decoder as the decoder. We generate the output
(equation 3) from left to right. At each decoding step t, the
decoder applies cross attention on the source text hx and
self attention on the previous states d<t to generate the cur-
rent state dt. Then dt is fed into a soft-max layer to get the
probabilities for the generated token t

d′
t = Cross Attention( Self-Attention (dt),hx) (5)

dt = Softmax (d′
t) (6)

Training Objective We train our model by minimizing the
total loss defined as:

Ltotal(θ) =Lgeneration(θ) + λ||θ||22 (7)

where Lgeneration(θ) is the cross entropy loss for generation.
we also apply an L2-regularization on the parameters with
λ, the regularization strength.

Response Retrieval Model
Similar to joint learning model, we apply BART encoder-
decoder model for sub-task 4. We train our model on gener-
ation task with past dialog as input and assistant response as
output. The training objective is also to minimize the combi-
nation of cross entropy and regularization losses. We use the
negative cross entropy of each candidate as the score to rank
all candidates in the response pool and choose the candidate
that maximizes score:

Score(yi) = Lgeneration(yi|x) (8)
i∗ = argmaxScore(yi)) (9)

Adapt Bi-Encoder & Poly-Encoder for Multimodal
Coreference Resolution
Problem Formulation Following the definition as illus-
trated by equation 1, we elaborate the multimodal context
Mi in turn i as

Mi = (Si, Oi, Ii) (10)
where Si is a set of scene text descriptions, including the
name, ID, bounding box and position of the objects appear-
ing in the scene and their relationships, Oi is a set of object



(a) Bi-encoder (b) Poly-encoder

Figure 3: Bi-encoder & Poly-encoder Illustration. (a) Bi-encoder encodes context and candidate separately. (b) Poly-encoder
also encodes context and candidate separately, but adds an attention between the global features of the input context and a given
candidate to catch the interactions. Adapt from (Humeau et al. 2020)

Data Type Attributes in Metadata
Furniture name, brand, customerRating, price, materials

Fashion name, brand, customerReview, price, size

Table 1: Non-Visual Metadata of objects in Furniture and
Fashion data.

metadata, including name, brand, color and other attributes,
and Ii is a set of scene images. Table 1 shows the metadata
of Furniture and Fashion, respectively. Since visual metadata
can’t be used, we only list the non-visual metadata.

Sub-Task #2 aims to predict object IDs mentioned in Ui

using
∑i

i=1 Ui,
∑i−1

i=1 Ai and Mi for turn i, i = {1, ..., n}.

Bi-encoder As Figure 3a shows, in Bi-encoder, the input
context and a candidate are encoded by two transformers,
separately. The output vectors of context and candidate are:

yctxt = red(T1(ctxt)) ycandi = red(T2(candi))
(11)

where ctxt is the input context, candi is a candidate, T1

and T2 are two transformers, T (x) = h1, ..., hN is the out-
put of a transformer T , and red(·) is a function that reduces
sequence of vectors into one vector.

Poly-encoder As Figure 3b shows, Poly-encoder also en-
codes input context and candidate using two separate trans-
formers, which is the same as Bi-encoder. However, in or-
der to catch the interactions between context and candidates,
Poly-encoder makes two updates. It indicates that the input
context is usually much longer than a candidate, so Poly-
encoder uses m global feature vectors y1ctxt, ..., y

m
ctxt to rep-

resent the input context, while Bi-encoder only uses one vec-
tor. Specifically, yictxt is represented as:

yictxt =
∑
j

wci
j hj (12)

where (wci
1 , ..., wci

N ) = softmax(ci · h1, ..., ci · hN ), ci is
context code, i = 1, ...,m. The m context codes are initial-
ized randomly and learnt during fine-tuning. Poly-encoder
then attends m global features on each candidate vector and
gets the representation of the input context as:

yctxt =
∑
i

wiy
i
ctxt (13)

where (w1, ..., wm) = softmax(ycandi · y1ctxt, ..., ycandi ·
ymctxt).

Training Objective of Bi-encoder & Poly-encoder We
compute the dot-product s(ctxt, candi) = yctxt · ycandi

as
the score of a candidate candi given the input context ctxt.
We train our Bi-encoder and Poly-encoder model by mini-
mizing the cross entropy loss:

Lrank(candi|ctxt) = −log s(ctxt, cand1)

+

M∑
i=2

log s(ctxt, candi)

where cand1 is the ground-truth candidate object and
candi, i = 2, ...,M is the negative candidate objects.

Adapt Bi-encoder & Poly-encoder A dialog contains
several turns. For each turn, there are one or more corre-
sponding scenes. For turn i, we regard the scenes appear-
ing in turn 1, ..., i as the current scenes since it may men-
tion previous scenes. Since Sub-Task #2 aims to predict the
object ID(s), we need to obtain candidate objects from the
current scenes. We regard all the objects appearing in the
current scenes as the candidate objects. In the original set-
ting of Bi-encoder and Poly-encoder, each input context has
only one ground-truth candidate label. But in Sub-Task #2,
there are usually more than one mentioned object for each
user transcript. So in the training process, if a user tran-
script contains N mentioned objects, we will generate N
samples for the transcript. And each sample only contains
one mentioned object in the candidate objects, all the other



Datasets Model Sub-task 1 Sub-task 3 Sub-task 4
Accuracy Slot F1 Intent F1 BLEU

MM-DST 73.9 81.72 94.53 0.192
dev-test MTN (Le et al. 2019) - 74.75 93.40 0.22

Our model 88.8 90.0 96.28 0.34

MM-DST 73.5 83.8 94.1 0.20
test-std MTN (Le et al. 2019) - 76.7 92.8 0.21

Our model 89.5 87.8 96.2 0.26

Table 2: Results of joint learning models in SIMMC 2.0 dev-test & test-std sets.

Datasets Model Sub-task 4
R@1 R@5 R@10 Mean Rank MRR

Random 0.010 0.050 0.100 50.0 0.052
GPT2 0.026 0.107 0.184 38.0 0.088

dev-test MM-DST 0.404 0.64 0.73 11.91 0.516
Our model 0.558 0.799 0.876 5.6 0.666

MM-DST 0.428 0.654 0.749 11.0 0.535
test-std BART + supervision signal 0.712 0.95 0.982 1.9 0.815

Our model 0.496 0.747 0.845 6.6 0.612

Table 3: Results of response retrieval models in SIMMC 2.0 dev-test & test-std sets.

mentioned objects will be filtered in the candidate objects,
in order to guarantee that each training sample only contains
one ground-truth object.

We add the keyword “System :” before system tran-
script, “User :” before user transcript and “Objects :” be-
fore the mentioned object IDs in the previous system tran-
script annotation. We represent input context in turn i as
ctxti = “System : Ai−1 SEP Objects :
[list of object IDs] SEP Users : Ui”.

We represent a candidate object ObjK (K is the ob-
ject ID) as candObjK = “K Oi(ObjK) Si(ObjK)”.
Oi(ObjK) is the non-visual metadata of object ObjK , con-
taining a set of attributes showed in Table 1. We add attribute
name before attribute value. For example, if the “brand” of
a candidate object is “Modern Arts”, we represent the at-
tribute as “brand : Modern Arts”. For Si(ObjK), we use
“prefab path”, “unique id”, “index”, “bbox”, and “position”
of object ObjK .

Following Bi-encoder and Poly-encoder, we compute the
dot product between yctxt and each ycandi

, and ranking the
candidate objects based on the score in the descending order.
Finally, in the test process, we select top-K (K = 2 in our
experiments) candidate objects as the predicted objects.

Experiments
Joint Learning Model
Setup We follow the train/dev/dev-test/test-std splits pro-
vided by the challenge organizers. This results in 7,307
dialogs for training, 563 for development, 1,687 for dev-
test and 1,685 for test-std. For our model setup, we use

BART-large encoder-decoder models with 24-layer, 16-head
Transformer Encoder and 24-layer, 16-head Transformer
Decoder. The model’s hidden size is 1,024. The beam width
is 4. Our model is trained using Adam optimizer (Kingma
and Ba 2015) with a batch size of 24 turns. Our learning
rate is initialized at 0.00001. We also follow a learning rate
schedule that increases learning rate linearly in 200 warm-
up steps. Model selection for testing is based on the cross
entropy loss on the development set. We train the models on
one single Tesla V100 GPU.

Results The experimental results on SIMMC 2.0 dev-test
and test-std sets are shown in Table 2. As it can be seen,
our model achieves an accuracy of 88.8% and 89.5% in the
dev-test and test-std splits of sub-task 1, outperforms the
baseline by 24.9% and 16% respectively. In sub-task 3, our
model also achieves slot F1 scores of 90% and 87.8%, ex-
ceeding the baselines by 9.3% and 4%. The result in Intent
F1 also outperforms the baselines by 1.8% and 2.1%, reach-
ing 96.3% and 96.2% respectively. In sub-task 4, our models
outperform the baselines by 11 BLEU in dev-test set and 5
BLEU in test-std set.

Response Retrieval Model
Setup We used the same model settings as adopted in our
joint learning models.

Results The experimental results on SIMMC 2.0 dev-test
and test-std sets are summarized in Table 3. In dev-test set,
we achieve the average recall@1 of 55.8 %, mean rank 5.6
and MRR 0.666 which outperform the baselines. In test-std



set, we have similar results which show our model is consis-
tent across different evaluation sets. We achieve the second
place in the challenge in this task.

Ablation Study
To validate our multimodal decisions, we performed an abla-
tion study in SIMMC 2.0 sub-tasks. In particular, we evalu-
ate (i) the impact of joint learning vs single training models,
and (ii) whether we should combine the text dialog context
with the text representation of the scene (non-visual meta
data). We follow the same setup as Joint Learning Model
and compare only the results in dev-test set (because test-std
is not public).

Joint Learning vs. Single model Table 4 shows results
for single models and joint learning model. We can see that
the joint learning model outperforms all the other models
in respective sub-tasks. This gives the joint learning model
significant advantages as it performs not only better than the
single sub-task models but also requires less parameters.

Model Sub-task 1 Sub-task 3 Sub-task 4
Accuracy Slot F1 Intent F1 BLEU

Sub-task 1 only 87.1 - - -
Sub-task 3 only - 87.2 91.2 -
Sub-task 4 only - - - 0.30

Our model 88.8 90.0 96.3 0.34

Table 4: Results of joint learning model and single models
in SIMMC 2.0 dev-test set.

Model Sub-task 1 Sub-task 3 Sub-task 4
Accuracy Slot F1 Intent F1 BLEU

Meta-data 87.7 24.9 95.40 0.31
Our model 88.8 90.0 96.28 0.34

Table 5: Results of our model with text-only inputs & with
all the inputs including meta-data in SIMMC 2.0 dev-test
set.

Normal Input vs. Meta Data Table 5 shows results for
the models with text-only inputs (Normal Input) and all the
inputs including metadata (Meta-data). For the latter, we
concatenate the text inputs with the text representation of
the scene into a single input string. We can see that it im-
proves upon the single tasks but is still worse than our joint
learning model with text-only inputs. It shows that the we
need a better way to incorporate the metadata.

Bi-Encoder and Poly-Encoder Model for
Multimodal Coreference Resolution
Setup We use the BERT-base (Devlin et al. 2019) model to
implement Bi-encoder and Poly-encoder1. Specifically, we

1https://github.com/chijames/Poly-Encoder

use uncased BERT of which the number of transformer lay-
ers is 4, the hidden size is 512 and the number of attention
head is 8. We set the maximum length of the input context as
128 and the maximum length of a candidate object as 256.
And our model is trained using Adam optimizer with batch
size of 32, epoch number of 10 and learning rate of 0.00005.
We train the models on one single Tesla V100 GPU.

Results Table 6 shows the results of our Bi-encoder and
Poly-encoder models on Sub-Task #2 using SIMMC 2.0
dev-test and test-std datasets. Bi-encoder model performs
slightly better than Poly-encoder model on dev-test. We thus
submitted the Bi-encoder model for the evaluation with test-
std, and so the performance of the Poly-encoder model on
test-std is not reported.

Model Object F1
dev-test test-std

GPT2 0.366 0.441
Bi-encoder 0.405 0.422

Poly-encoder 0.392 –

Table 6: Results of Bi-encoder and Poly-encoder on SIMMC
2.0 dev-test and test-std.

Conclusion
In this paper, we have presented our approaches for the third
track of DSTC 10 Challenge (SIMMC 2.0) We proposed a
total of three models: a joint learning BART-based model
that encodes the dialog context to generate the combination
string of disambiguation classification, dialog state track-
ing and response generation; Bi-encoder and Poly-encoder
models that encode and match the input context and object
candidates; BART-based model to rank the probabilities of
response candidates given dialog context to retrieve the as-
sistant response. Through experiments, we have shown that
our methods outperform the baseline models and our mod-
els achieved the second place for response retrieval sub-task
on test-std. In the future, we would like to extend our mod-
els so that they can capture multimodal information more
efficiently.
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