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Abstract

This paper presents our work on the fourth track in Dialog
State Tracking Challenge 9 – Situated Interactive MultiModal
Conversations (SIMMC) challenge, which aims at building
virtual assistants that can handle multimodal inputs and per-
form multimodal actions. For this challenge, we propose an
end-to-end encoder-decoder model based on BART for gen-
erating outputs of action prediction, response generation, and
dialogue state tracking tasks in a single string, and another
model based on Bi-encoders for response retrieval task. Our
models came in the first place for the action prediction and re-
sponse retrieval tasks, and the second place for the response
generation and dialogue state tracking tasks, achieving the
first position of overall ranking in the challenge. In particular,
our Bi-encoder models for the response retrieval task signifi-
cantly outperformed the other entries of the challenge’s offi-
cial evaluation. Furthermore, our models show similar perfor-
mance on the two test datasets (devtest dataset whose ground-
truth are released publicly and test-std dataset whose ground-
truth are not released publicly), which shows the robustness
of our models.

1 Introduction

The Situated Interactive MultiModal Conversations
(SIMMC) challenge is one of the tracks in the 9th Dialog
State Technology Challenge (DSTC 9), aiming at enabling
the conversational AI community to develop virtual as-
sistants that can process situated multimodal context that
a user and an assistant co-observe, and provide outputs
in multiple modalities (Crook et al. 2019; Moon et al.
2020; Gunasekara et al. 2020). The context is in the form
of a co-observed image or a VR environment which gets
updated dynamically based on dialog flow and assistant
actions, in contrast to existing literature that posit roles of
primary and secondary observers (Antol et al. 2015; Das
et al. 2017; Kottur et al. 2019; De Vries et al. 2017). The
assistant actions span across a broad multimodal action
space (e.g. ROTATE, SEARCH, ADD TO CART), shifting
the focus of the visual dialogue research from the token or
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phrase-level understanding of visual scenes to the task-level
understanding of dialogues, given complex multimodal
context. Assistant actions can be enacted on the object-level
(e.g. changing the view of the object in the scene) as well
as scene level, in contrast to existing dialogue-based image
retrieval tasks (Saha, Khapra, and Sankaranarayanan 2018;
Guo et al. 2018) which are limited to changes of the visual
scene.

The SIMMC challenge has a total of 4 sub-tasks, namely
1) assistant action selection, 2) response generation in nat-
ural language, 3) response retrieval from a candidate pool,
and 4) dialogue state tracking (DST). We approach the
challenge as a joint generation learning task except the re-
sponse retrieval task, though the first and last sub-tasks (ac-
tion selection, DST) are classification tasks and use unnat-
ural keywords (e.g. ADD TO CART) as labels, inspired by
the recent progress of adapting natural language generation
(NLG) for various natural language processing (NLP) appli-
cations, which had not been considered as generation tasks
(Raffel et al. 2020; Brown et al. 2020). In particular, we de-
velop encoder-decoder models, whose encoders analyze the
situated multimodal context and whose decoders jointly gen-
erate the outputs of the three tasks in a sequence so that the
models can learn about the three tasks synergistically. We
call the models joint generation models.

As for the response retrieval task, we adopt Bi-encoder
methods based on pre-trained language model (Humeau
et al. 2020), which separately encode an instance of situated
multimodal context and each candidate response from a pool
and learn to rank the candidates with respect to the situated
multimodal context. We call the models trained by the meth-
ods response retrieval models. The joint generation models
and the response retrieval models are trained and evaluated
independently.

2 Task Descriptions

The SIMMC datasets are based on shopping experiences be-
tween a user and a shopping assistant due to the rich multi-
modal interactions that occur in such settings. In addition to
an interactive dialogue, the shopping assistant also manip-



ulates the environment to display items from the shopping
inventory to assist the user. As such, the shopping assistant
is required to understand the user’s utterance using the dia-
logue history and the state of the environment (which is pro-
vided as a multimodal context), and produce a multimodal
response, including updating the co-observed environment
to convey meaningful information.

Two datasets with slightly different setups and modalities
were provided, set in the fashion and furniture domains re-
spectively. The datasets combined have about 13K dialogues
and about 169K utterances, and were collected through the
SIMMC platform (Crook et al. 2019). The fashion dataset
is grounded in real-world clothing items (e.g. jacket, dress),
while the furniture dataset is set in a virtual reality (VR) en-
vironment with furniture items which can be manipulated
(e.g. rotate, zoom in) by the assistant. Fine-grained anno-
tations are provided for each item to allow for both end-
to-end and component-level modeling. The user is, in the
beginning of a dialogue, presented either with a high-level
directive (e.g. “shop for a table”) for the furniture dataset or
with a randomly selected “seed” item from the product cat-
alog for the fashion dataset, and browses and asks for rec-
ommendations with help from the shopping assistant, which
has access to a broader catalog of items (or products). The
ground-truth for product recommendations (or appearances)
is provided. The user and assistant utterances are also ac-
companied by dialogue act labels and text spans for the cor-
responding attributes.

The organizers split the SIMMC dataset into train, dev,
devtest, and test-std subsets for both the fashion and furni-
ture domains. The devtest set is the publicly available test set
for measuring model performance and results outside of the
challenge, while the test-std is used as the main test set for
official evaluation of the challenge, with the ground-truth re-
sults not publicly disclosed. Performance for the test-std set
is evaluated on a per-turn basis instead of across the entire
dialogue like the devtest set. We will report the performance
of all our models on the devtest set and the performance of
our models submitted for the official evaluation on the test-
std set in this paper.

Sub-Task #1 – Structural API Call Prediction

The first sub-task involves predicting the assistant action
(at) as an API call along with the necessary arguments, us-
ing dialogue history (Ht), current user utterance (Ut), and
the multimodal context (Mt) as inputs. Action prediction is
cast as a round-wise, multi-class classification problem over
the set of APIs. The evaluation is based on such measures as
action accuracy, attribute accuracy, and action perplexity.

Sub-Task #2 – Response Generation

The second sub-task aims to output assistant response utter-
ances given a multi-turn context through response genera-

tion, and is evaluated based on the relevance of the assis-
tance response At for the current turn. The BLEU-4 score
is used to measure the closeness between the generated re-
sponse and the ground-truth response.

Sub-Task #2 – Response Retrieval

The third sub-task aims to retrieve assistant response given
a multi-turn context from a candidate pool of 100 re-
sponses, and the recall@1 (R@1), recall@5 (R@5), re-
call@10 (R@10), mean rank, and mean reciprocal rank
(MRR) are used for evaluation.

Sub-Task #3 – Dialogue State Tracking (DST)

The last sub-task is to systematically track the dialogue acts
and the associated slot pairs for the conversations across
multiple turns. Using current user utterance, dialogue con-
text, and multimodal context as inputs, the model will output
the belief state for the current user utterance. Intent and slot
F1 accuracies are the evaluation metrics for this sub-task.
In addition, annotated labels used for the evaluation include
coreferences.

3 Methods

Baseline Models

The challenge organizers provided the following four base-
line models: 1) a History-Agnostic Encoder (HAE) that ig-
nores dialogue context Ht and encodes only the user utter-
ance through an LSTM for downstream components, 2) a
Hierarchical Recurrent Encoder (HRE) (Serban et al. 2016)
that models dialogues at two hierarchical recurrence levels
of utterance and turn, 3) a Memory Network (MN) encoder
(Sukhbaatar et al. 2015) that treats dialogue history Ht as
a collection of memory units and then selectively attends to
them with the current utterance ut, 4) a Transformer-based
History-Agnostic Encoder (T-HAE) which is similar to the
HAE except with Transformer units (Vaswani et al. 2017) in-
stead of LSTMs. The results of these baseline models were
provided for benchmarking purposes.

Joint Generation

We use encoder-decoder models to predict the assistant API
action Act and arguments Actarg (Sub-Task #1), system re-
sponse R (Sub-Task #2 Response Generation), a list of be-
lief state actions I(1), ..., I(N) and associated belief state
slots I(1)arg, ..., I

(N)
arg (Sub-Task #3), related to current user ut-

terance at each user turn. The input of the model at each
user turn is user utterance Ut, dialogue history Ht and mul-
timodal context Mt which includes text description of the
visual objects mentioned in the dialogue. The target output



Domain Method Sub-task 1 Sub-task 2 Sub-task 3
Act. Acc Att. Acc Act. Perp BLEU-4 Slot F1 Intent F1

TD-IDF 78.1% 57.9% 3.51 - - -
HAE 81.0% 60.2% 1.75 0.059 - -

Fashion HRE 81.9% 62.1% 1.76 0.079 - -
MN 81.6% 61.6% 1.74 0.065 - -

T-HAE 81.4% 62.1% 1.78 0.051 - -
GPT2 - - - - 60.6% 61.1%
MTN 81.2% 71.7% - 0.098 64.8% 66.5%

SimpleTOD 82.9% 74.9% - 0.076 65.7% 61.3%
Bert2Bert 85.7% 81.6% - 0.099 68.6% 70.7%

Fashion Bert2Share 85.9% 81.4% - 0.095 70.8% 72.5%
Bert2GPT2 85.7% 81.6% - 0.090 68.6% 70.7%

Bert2DistilGPT2 83.6% 75.0% - 0.072 50.7% 64.6%
BART-base 86.0% 81.5% - 0.108 73.0% 73.5%

BART-large 86.5% 81.9% 2.88 0.115 74.0% 75.2%
TD-IDF 77.1% 57.5% 2.59 - - -

HAE 79.7% 53.6% 1.70 0.059 - -
Furniture HRE 80.0% 54.7% 1.66 0.079 - -

MN 79.2% 53.3% 1.71 0.065 - -
T-HAE 78.4% 53.6% 1.83 0.051 - -
GPT2 - - - - 63.9% 69.5%
MTN 73.5% 70.0% - 0.082 72.2% 77.9%

SimpleTOD 74.0% 63.1% - 0.058 73.3% 54.6%
Bert2Bert 78.0% 63.1% - 0.079 73.8% 79.4%

Furniture Bert2GPT2 78.3% 66.6% - 0.077 64.3% 80.0%
Bert2DistilGPT2 79.7% 65.0% - 0.085 73.1% 81.5%

BART-base 79.9% 70.7% - 0.099 78.6% 82.9%
BART-large 80.5% 69.4% 4.05 0.105 79.9% 83.6%

Table 1: Evaluation results of joint generation models against the SIMMC devtest dataset in fashion and furniture domains

of the joint generation model is a single string, combining
the output strings of the three sub-tasks as follows:

Act [Actarg] [SEP1] I
(1) [I(1)arg], ..., I

(i) [I(i)arg] [SEP2] R

, where the [SEP1] and [SEP2] are two special tokens in
order to separate the outputs of different sub-tasks from each
other. We show that the joint generation model performs bet-
ter than models separately trained for the sub-tasks.

We adapt the following Transformer-based encoder-
decoder models for the SIMMC dataset:

• Bert2Bert (Rothe, Narayan, and Severyn 2020): The en-
coder is a pre-trained BERT model which consists of 12
layers and 12 attention heads, where hidden size is 768.
The decoder is another pre-trained BERT model of the
same size as the encoder, but its weights are not synchro-
nized with those of the encoder and are fine-tuned inde-
pendently from the encoder. In addition, the decoder in-
cludes a cross-attention sub-layer.

• Bert2Share (Rothe, Narayan, and Severyn 2020): The en-
coder and the decoder share the same pre-trained BERT
model and its weights, while the decoder additionally has
a cross-attention sub-layer.

• Bert2GPT2 (Rothe, Narayan, and Severyn 2020): The
encoder is a pre-trained BERT model. The decoder is a
pre-trained GPT2 model which consists of 12 layers, 12

attention heads and a cross-attention sub-layer, where hid-
den size is 768.

• Bert2DistilGPT2 (Rothe, Narayan, and Severyn 2020):
The encoder is a pre-trained BERT model. The decoder is
a pre-trained distilled version of GPT2 model which con-
sists of 6 layers, 12 attention heads and a cross-attention
sub-layer, where hidden size is 768.

• MTN (Le et al. 2019): The encoder is a text sequence en-
coder of Multimodal Transformer Network (MTN) model
(Le et al. 2019). The decoder is an auto-regressive decoder
of the MTN model. They are not pre-trained, but trained
from scratch with the SIMMC data. We do not use the
video and caption encoders from the MTN model since
the SIMMC datasets have only text data.

• SimpleTOD (Hosseini-Asl et al. 2020): SimpleTOD uses
a single, causal language model jointly trained end-to-end
on all generation sub-tasks as a single sequence prediction
problem. The underlying pre-trained model used is GPT2.

• BART (Lewis et al. 2020): The encoder and the decoder
are those of the BART model (Lewis et al. 2020), but the
loss of fine-tuning the model for the SIMMC datasets is
calculated only based on the errors of the next token pre-
diction task, not involving the reconstruction loss of the
denoising step of the original BART model. We use both
the pre-trained BART-base and BART-large models for
the experiments.



Domain Model Sub-task 1 Sub-task 2 Sub-task 3
Act. Acc Att. Acc Act. Perp BLEU-4 Slot F1 Intent F1
Baseline 80.7% 67.4% 1.84 0.058 61.6% 56.3%

Fashion BART-base 85.4% 81.6% 2.91 0.106 73.9% 71.6%
BART-large 85.8% 80.7% 2.90 0.116 76.0% 72.9%

Baseline 77.8% 60.0% 1.93 0.064 63.4% 68.4%
Furniture BART-base 75.3% 68.6% 4.11 0.076 78.9% 82.60%

BART-large 76.8% 67.0% 4.08 0.100 81.5% 84.1%

Table 2: Joint generation models performance on test-std set in fashion and furniture domains

Method Type Sub-task 1 Sub-task 2 Sub-task 3
Act. Acc Att. Acc BLEU-4 Slot F1 Intent F1

MTN Individual 59.8% 64.4% 0.089 62.6% 62.6%
Bert2Bert Individual 79.2% 65.3% - 70.0% 72.1%

BART-base Individual 83.0% 75.0% - 71.8% 72.8%
MTN Joint 81.2% 71.7% 0.098 64.8% 66.5%

Bert2Bert Joint 85.7% 81.6% 0.099 68.6% 70.7%
BART-base Joint 86.0% 81.5% 0.108 73.0% 73.5%

Table 3: Performance comparison between joint learning and individual learning models in fashion domain

Source Text Encoder The sequence of concatenated
source text X(i) = x1, ..., xi that combines a user utterance
U (i) at the i-th turn, a dialogue history U (0), ..., U (i−1) at
previous turns and multimodal contexts m(i)

ctx is fed into the
encoder of a model (Encoder) to get the last layer hidden
representation of the input texts, h(i)src:

X(i) =
[
U (0), · · · , U (i−1), U (i),m

(i)
ctx

]
(1)

h(i)src = Encoder
(
X(i)

)
(2)

Target Text Decoder Given the hidden representation
output of the encoder h

(i)
src, the goal of the decoder

(Decoder) is to generate the next token (ym) given previous
target text sequence Y (i)

m−1 = y1, ..., ym−1 which includes
the information of assistant API action Act, Actarg, system
response R, and a list of belief states I(1)I(1)arg, ..., I(N)I

(N)
arg .

We assume that theDecoder has an innate multi-head cross-
attention layer CrossAttn, where the hidden representa-
tion of the previous target string h(i)tgt attends to the hidden

representation of the encoder’s last layer h(i)src, as follows
(Vaswani et al. 2017):

h
(i)
tgt = Decoder

(
Y

(i)
m−1

)
(3)

h′
(i)
tgt = CrossAttn

(
h
(i)
tgt, h

(i)
src

)
(4)

The output of the attention layer h′(i)tgt is used to proceed
the decoding process. We apply a linear layer for language
modeling after the last layer of the decoder to get proba-
bilities for the next token. A cross-entropy loss is used for
fine-tuning the model.

Response Retrieval Model

For the Response Retrieval task in Sub-Task #2, we adapt
the Bi-encoder and Poly-encoder architectures, which have
been shown good results for multi-sentence scoring tasks
(Humeau et al. 2020). We used the fine-tuned encoders of
the BERT and BART models from the joint learning tasks
for the two encoder architectures.

Bi-encoder Bi-encoders are a broad class of models that
map the input and candidate responses separately into a
common feature space whereby their similarity is mea-
sured. Examples of such methods include using memory net-
works (Zhang et al. 2018), transformers (Dinan et al. 2019),
LSTMs (Lowe et al. 2015), and CNNs (Kadlec, Schmid,
and Kleindienst 2015) to encode the input and candidate re-
sponses. In our case, both the input context at the ith turn(
X(i)

)
and each candidate response of the turn

(
m

(i,j)
cand

)
are encoded into vectors y(i)ctxt and y(i,j)cand separately by a pre-
trained Transformer encoder:

y
(i)
ctxt = T

(
X(i)

)
(5)

y
(i,j)
cand = T

(
m

(i,j)
cand

)
(6)

, where T is a fine-tuned Transformer from the joint learn-
ing sub-tasks. The models score the candidate response with
regard to the input context by calculating the dot product of
the context and response vectors

(
y
(i)
ctxt · y

(i,j)
cand

)
. The mod-

els are trained to minimize the cross-entropy loss.

Poly-encoder While Poly-encoders (Humeau et al. 2020)
also represent each candidate response as a single vector
like the Bi-encoders, they encode the input context jointly



Domain Model Pre-trained model Parameter R@1 R@5 R@10 Mean Rank MRR
LSTM 5.3% 11.4% 16.5% 46.9 0.102
HAE 10.5% 25.3% 34.1% 33.5 0.190
HRE 16.3% 33.1% 41.7% 27.4 0.253
MN 16.1% 31.0% 39.4% 29.3 0.245

T-HAE GPT-2 10.3% 23.2% 31.1% 37.1 0.178
BERT (fine-tuned) 46.5% 82.9% 94.1% 3.44 0.621

Fashion Bi-Encoder BART (pre-trained) 43.8% 82.6% 94.7% 3.41 0.602
BART (fine-tuned) 53.3% 88.6% 96.3% 2.81 0.681
BERT (fine-tuned) m=16 46.0% 82.7% 94.3% 3.54 0.616
BART (pre-trained) m=16 45.7% 84.0% 95.3% 3.27 0.619
BART (fine-tuned) m=8 52.7% 88.0% 96.3% 2.84 0.676

Poly-Encoder BART (fine-tuned) m=16 52.9% 88.2% 96.2% 2.84 0.678
BART (fine-tuned) m=32 51.5% 87.6% 96.0% 2.92 0.667
BART (fine-tuned) m=64 52.6% 88.1% 96.2% 2.86 0.676

LSTM 4.1% 11.1% 17.3% 46.4 0.094
HAE 12.9% 28.9% 38.4% 31.0 0.218
HRE 13.8% 30.5% 40.2% 30.0 0.229
MN 15.3% 31.8% 42.2% 29.1 0.244

T-HAE GPT-2 8.5% 20.3% 28.9% 37.9 0.156
BERT (fine-tuned) 48.1% 84.2% 93.5% 3.48 0.635

Furniture Bi-Encoder BART (pre-trained) 41.6% 80.5% 93.2% 3.87 0.582
BART (fine-tuned) 47.7% 84.1% 94.0% 3.43 0.631
BERT (fine-tuned) m=16 45.2% 81.4% 93.2% 3.69 0.610
BART (pre-trained) m=16 45.1% 82.6% 93.6% 3.60 0.611
BART (fine-tuned) m=8 46.8% 83.6% 93.9% 3.47 0.625

Poly-Encoder BART (fine-tuned) m=16 48.4% 84.3% 94.2% 3.39 0.639
BART (fine-tuned) m=32 45.2% 82.5% 93.5% 3.62 0.613
BART (fine-tuned) m=64 43.3% 81.6% 93.0% 3.77 0.598

Table 4: Response Retrieval Task performance on devtest set in fashion and furniture domains

with the candidate in order to allow further joint learn-
ing from pair of input context and candidate response.
They represent the input context as m vector representa-
tions

(
y
(i)(1)
ctxt , · · · , y(i)(m)

ctxt

)
, instead of just one as in the Bi-

encoder, and then obtain the context vector y(i)ctxt as the query
y
(i,j)
cand attends to the m context vector representations as val-

ues, as follows:

y
(i)
ctxt =

∑
k

wky
(i)(k)
ctxt (7)

, where

(w1, ..., wm) = softmax
(
y
(i,j)
cand · y

(i)(1)
ctxt , ..., y

(i,j)
cand · y

(i)(m)
ctxt

)
(8)

Poly-encoders obtain the m context vectors as follows:

y
(i)(k)
ctxt =

∑
l

wck
l hl (9)

(wck
1 , ..., w

ck
N ) = softmax (ck · h1, ..., ck · hN ) (10)

, where (c1, ..., cm) are m learnable context codes, and
(h1, · · · , hN ) are the vectors produced by a pre-trained
Transformer encoder over N input context tokens.

The m context codes are randomly initialized and learned
during fine-tuning, N is the number of tokens, and m is a

hyperparameter (m < N) that controls the tradeoff between
the inference speed and performance.

The scoring is also done by
(
y
(i)
ctxt · y

(i,j)
candi

)
as in the Bi-

encoder. This architecture has been shown to improve per-
formance over the Bi-encoder without compromising much
on prediction speed (Humeau et al. 2020).

4 Experiment

Joint Generation Tasks

For the joint generation tasks, we chose the hyperparameters
of learning rate α = 5 ∗ 10−5, number of epochs E = 10,
and the Adam optimizer with ε = 10−8 and β1 = 0.9, β2 =
0.999, after a number of experiments. A linear learning rate
scheduler is applied to the optimizer with warm up steps as
0.

Table 1 summarizes the evaluation results of the afore-
mentioned encoder-decoder models as well as the baseline
models against the SIMMC devtest dataset in the fashion
and furniture domains. For Sub-Task #1, the results are eval-
uated with the accuracy of action and attributes as well as
perplexity of action. For Sub-Task #2, the results are eval-
uated with the BLEU-4 of system response in natural lan-



Domain Model R@1 R@5 R@10 Mean Rank MRR
Baseline 4.5% 14.8% 22.1% 42.1 0.113

Fashion Bi-Encoder BART 51.3% 87.8% 96.3% 3.17 0.667
Poly-Encoder m=16 BART 49.1% 85.5% 95.3% 3.17 0.650

Baseline 9.9% 24.7% 32.5% 36.3 0.177
Furniture Bi-Encoder BART 53.8% 86.9% 93.8% 3.36 0.679

Poly-Encoder m=16 BART 50.8% 85.5% 93.3% 3.46 0.657

Table 5: Response Retrieval Task performance on test-std set in fashion and furniture domains

Ground-truth action Predicted action Error Pct.
None SearchDatabase 28.74%

SearchDatabase SpecifyInfo 9.49%
None SpecifyInfo 8.97%

SearchDatabase None 7.02%
SearchMemory SearchDatabase 6.89%

Table 6: Most frequent errors of the BART-large model for
Sub-Task #1 in the fashion domain

Incorrectly predicted intents Error Pct.
DA:REQUEST:GET:CLOTHING 10.13%

DA:INFORM:PREFER:CLOTHING 8.65%
DA:REQUEST:ADD TO CART:CLOTHING 5.76%

ERR:CHITCHAT 4.66%
DA:ASK:GET:CLOTHING.price 4.21%

Table 7: Most frequent errors of the BART-large model for
Sub-Task #3 in the fashion domain

guage. And for Sub-Task #3, the F1 of intents and slots are
measured to evaluate multimodal dialog state. The evalua-
tion results of the BART models are the average of 5 ex-
periment results, while those of the other models are the
average of 2 experiment results due to limited time. The
BART model shows the best performance and outperforms
the baselines by large margins.

Our joint generation models do not consider action key-
words as special tokens, but consider them as part of normal
text, thus often splitting them into multiple tokens. For ex-
ample, “AddToCart” is represented as a continuous token se-
quence of ‘Add’, ‘To’ and ‘Cart’. Consequently, the models
do not generate probabilities for the action candidates. We
instead compute the probability of an action keyword for
estimating action perplexity as follows: We employ beam
search for the decoders of the models and collect the prob-
abilities of the tokens of all action keywords. Then we ap-
ply softmax on the extracted token probabilities. Consider
an action keyword (ai) with K number of tokens (tki for
k = 1, · · · ,K). We compute the probability of the action
keyword (p(ai)) as follows:

K∏
k=1

p
(
tki |t1i , · · · , tk−1i

)
(11)

Like the baseline model, we normalize the probabilities of
action keywords by applying softmax followed by logarithm
on them.

Table 2 summarizes the average evaluation results of our
best joint generation models and the best baseline models
against the SIMMC test-std dataset in the fashion and fur-
niture domains. Note that the SIMMC organizers did not
release the ground-truth of the test-std dataset. The perfor-
mance of our best models on the test-std dataset is close to
that on the devtest dataset, which shows the robustness of
our models. Our best models outperform the best baseline
models on the test-std dataset for most of the evaluation met-
rics except action perplexity. The high action perplexity of
our joint generation models can be due to the fact that they
are not optimized for the action classification task. Also, our
best models show slightly lower (1%) performance of ac-
tion accuracy in the furniture domain than the best baseline
models, as our best models show slightly higher (0.5%) per-
formance for the devtest dataset in the furniture domain than
the best baseline models.

Table 3 summarizes the evaluation results of our encoder-
decoder models against the SIMMC devtest dataset in fash-
ion domain, when the models are trained for the three gen-
eration subtasks individually or jointly. The results show
that the joint learning models perform better than individ-
ual learning models.

Response Retrieval Task

We performed a variety of experiments to test two fine-
tuned Transformer models (BERT, BART) to train the two
response retrieval architectures (Bi-encoder, Poly-encoder),
with different values of m for the poly-encoder. We trained
the architectures and fine-tuned the models for 10 epochs
with a batch size of 32 and a learning rate of 5e−5 for all
the subsequent experiments. For each model, we conducted
at least 5 experiments and the results were averaged.

Both Bi-encoder and Poly-encoder architectures based on
BERT or BART models outperformed the baseline models
for both fashion and furniture domains by wide margins.
For the fashion domain, the results using the BART model
were significantly higher than those using the BERT model,
while the results of the two models in the furniture domain
were close to each other. We performed further experiments
with BART for the Poly-encoder architecture by varying the
value of m. For the fashion domain, we found that the Bi-
encoder architecture performs slightly better than the Poly-
encoder architecture across several values of m, which is



User utterance That’s okay, thank you for looking. What about the polka dot one from earlier?
Ground Action None

truth DST DA:REQUEST:GET:CLOTHING [fashion-O=OBJECT 2, fashion-pattern=polka dot, fashion-
sequential=earlier]

System utterance That one is only available in XL at this time.
Prediction Action SearchDatabase [info]

DST DA:ASK:GET:CLOTHING.info [fashion-O=OBJECT 1, fashion-pattern=polka dot, fashion-
theme=one, fashion-SITUATION 1=earlier]

System utterance This is from Downtown Consignment and is available in size M. It 212 Localts $111 and is available in
a medium.

Dialogue history System: No problem! I’ve added an XL of that sweater to your cart. Would you like help with anything
else today?

User utterance No, that’s all I need today. Thanks!
Ground-truth response Have a great day!

Predicted response You’re welcome! Have a wonderful day!

Table 8: Examples of incorrect predictions by the joint generation (first example) and response retrieval (second example)
models. Errors are colored in red.

in contrast to other observations (Humeau et al. 2020). We
were able to achieve an average recall@1 score of 53.3%,
a mean rank of 2.81, and an MRR of 0.681. For the furni-
ture domain, the poly-encoder model with m=16 produced
the best results overall, with a recall@1 of 48.4%, a mean
rank of 3.39, and an MRR of 0.639. We compared the results
of the fine-tuned BART models with the pre-trained BART
without fine-tuning, and observed that the fine-tuning on the
joint learning tasks improved the scores significantly, espe-
cially for the fashion domain. All the evaluation scores for
the devtest dataset are shown in Table 4.

Table 5 summarizes the evaluation results of the Bi-
encoder and Poly-encoder models with BART against the
test-std dataset. Both our models outperform the best base-
line models by large margins, and show similar performance
in comparison to their performance on the devtest dataset,
proving the robustness of our models. Bi-encoder models
produce better results than Poly-encoder models for both
fashion and furniture domains.

Error Analysis

In this section, we performed an error analysis of our joint
generation BART-large model in the fashion domain. Table
6 shows the most frequent errors of our BART-large model
in Sub-Task #1, where the predicted action is different from
the ground-truth action. The model often incorrectly pre-
dicts non-empty actions when the ground-truth actions are
empty (None). For the first example in Table 8, the model
confuses “None” action with “SearchDatabase” action, and
also produces invalid intent format. Table 7 shows the most
frequent ground-truth intents in Sub-Task #3 that the BART-
large model did not predict correctly.

We also performed an error analysis of the Bi-encoder
on the fashion domain response retrieval and observed that

there are two main types of errors. The first type of errors
occurs when there are multiple similar candidate responses
of a greeting or chit-chat nature, usually at the end of dia-
logues. The second example in Table 8 illustrates one such
case. The “incorrect” predicted response is actually a rea-
sonable response to the context. The second type of errors
arises when the response is related to a product attribute (e.g.
price, rating, availability), as our current models do not in-
corporate the product attribute knowledge base when select-
ing responses. As a result, the model picks a response with
incorrect information.

5 Conclusion

We developed an end-to-end encoder-decoder model based
on BART for generating outputs of the three tasks (Sub-
Task #1, Sub-Task #2 Response, Sub-Task #3) in a sin-
gle string, called the “joint generation” model, and another
model based on Bi-Encoder and Poly-Encoder for generat-
ing outputs of the Sub-Task #2 Retrieval task, called “re-
sponse retrieval” model. The two models are trained and
evaluated separately. We achieved the first place in Sub-task
#1 and Sub-Task #2 Retrieval categories, and the second
place (runner-up) in Sub-Task #2 Generation and Sub-Task
#3 categories, with the first place of overall ranking in Track
4 of the 9th Dialog State Tracking Challenge (DSTC 9) –
SIMMC: Situated Interactive MultiModal Conversations. In
particular, our response retrieval model significantly outper-
formed the other entries of the SIMMC official evaluation in
the Sub-Task #2 Retrieval category.
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