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ABSTRACT
Multi-modal interactive recommendation is a type of task that al-
lows users to receive visual recommendations and express natural-
language feedback about the recommended items across multiple
iterations of interactions. However, such multi-modal dialog se-
quences (i.e. turns consisting of the system’s visual recommenda-
tions and the user’s natural-language feedback) make it challenging
to correctly incorporate the users’ preferences across multiple turns.
Indeed, the existing formulations of interactive recommender sys-
tems suffer from their inability to capture the multi-modal sequen-
tial dependencies of textual feedback and visual recommendations
because of their use of recurrent neural network-based (i.e., RNN-
based) or transformer-based models. To alleviate the multi-modal
sequential dependency issue, we propose a novel multi-modal recur-
rent attention network (MMRAN) model to effectively incorporate
the users’ preferences over the long visual dialog sequences of the
users’ natural-language feedback and the system’s visual recom-
mendations. Specifically, we leverage a gated recurrent network
(GRN) with a feedback gate to separately process the textual and
visual representations of natural-language feedback and visual rec-
ommendations into hidden states (i.e. representations of the past
interactions) for multi-modal sequence combination. In addition,
we apply a multi-head attention network (MAN) to refine the hid-
den states generated by the GRN and to further enhance the model’s
ability in dynamic state tracking. Following previous work, we con-
duct extensive experiments on the Fashion IQ Dresses, Shirts, and
Tops & Tees datasets to assess the effectiveness of our proposed
model by using a vision-language transformer-based user simu-
lator as a surrogate for real human users. Our results show that
our proposed MMRAN model can significantly outperform several
existing state-of-the-art baseline models.

CCS CONCEPTS
• Information systems → Recommender systems; • Comput-
ing methodologies → Learning from critiques.
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1 INTRODUCTION
Interactive recommendation is a recently emerging research area [5,
9, 18, 22, 27]. It aims to satisfy the users’ needs by incorporating
their dynamic preferences through multi-turn interactions using ei-
ther only natural language for conversational recommendation [17,
23, 30, 32, 41] or, typically, both vision and natural language for
multi-modal interactive recommendation [4, 12, 39, 40, 42–44, 46].
Such a multi-modal interactive recommendation is specifically con-
cerned with a goal-oriented multi-modal sequence of interactions
between users and the recommender system, where users can re-
ceive visual recommendations (i.e. the items’ images) and express
fine-grained natural-language critiques about the recommendations
based on their preferences [5, 12, 39, 40, 45]. Figure 1 illustrates
an example multi-modal interactive recommendation scenario. In
particular, both the visual recommendation 𝑎𝑡−1 and the corre-
sponding natural-language feedback 𝑜𝑡 contain rich information
relating to the user’s current preferences 𝑎𝑡𝑎𝑟𝑔𝑒𝑡 , thereby allowing
the recommender system to make an improved recommendation 𝑎𝑡 .

Such a multi-modal interactive recommendation task has been
previously modelled using recurrent neural networks (RNNs, us-
ing a gated recurrent unit (GRU) [12, 40, 43] or a long short-term
memory (LSTM) [46]) or using a transformer [39] as a state tracker
for both multi-modal sequence combination [1, 10] (i.e. combining
the users’ natural-language feedback sequence and the systems’ vi-
sual recommendation sequence) and dialog state tracking [8, 24, 32]
(i.e. eliciting the users’ preferences over time). However, the actual
neural networks adopted as the state trackers (such as GRUs [3],
LSTMs [15] or transformers [35]) are all originally designed for
single-modal sequence modelling tasks (such as natural language
processing [29]). Therefore, these models typically resort to com-
bining the textual and visual representations with a concatenation
operation [12, 39, 40, 46], rather than processing the differing multi-
modal sequence data separately.

Despite the expressiveness and complementary of visual rec-
ommendations and the corresponding natural-language feedback
in multi-modal interactive recommendations, the long lengths of
the dialog sequences makes it challenging to correctly incorporate
the users’ preferences over time, thereby resulting in a degraded
satisfaction of the users’ information needs with inappropriate
recommendations. Indeed, the existing formulations of interactive
recommender systems suffer from an inability to capture multi-
modal sequence dependencies between the textual feedback and
visual recommendations using either the GRU/LSTM-based mod-
els [11, 12, 46] or the transformer-based model [39]. Specifically, we
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argue that the inability of these GRU/LSTM-based and transformer-
basedmodels at capturing suchmulti-modal sequence dependencies
of the dialog sequences is inherently due to their limitations in com-
bining multi-modal sequences or tracking dialog states (as we further
discuss in Section 2).

In this paper, we alleviate the multi-modal sequence dependency
issue in multi-modal dialog sequences modelling by addressing
the multi-modal sequence combination and the dialog state tracking,
respectively. To better combine the multi-modal dialog sequences
than using a concatenation operation, we extend the traditional
GRU architecture with an extra feedback gate (called a gate recur-
rent network (GRN), inspired by [7, 28]) to separately process the
textual feedback and the visual items in the visual dialog sequences.
To better track the users’ dynamic preferences across multiple in-
teraction turns, a multi-head attention network (MAN) is placed on
top of our proposed GRN component to refine the GRN’s hidden
states and to further enhance the model’s ability in dialog state
tracking, inspired by RNN-enhanced transformers [38]. To this
end, we propose a novel multi-modal recurrent attention network
(MMRAN) model for interactive recommendation to effectively in-
corporate the users’ preferences over time from the multi-modal
dialog sequences of the users’ natural-language feedback and the
systems’ visual recommendations. Following previous work, we
train and evaluate our MMRAN model by using a vision-language
transformer-based user simulator (VL-Transformer) [39], which has
been previously shown to be a good surrogate for real users. Our ex-
tensive experiments conducted on the Fashion IQ Dresses, Shirts, and
Tops & Tees datasets show that our proposed MMRAN model can
significantly outperform several existing state-of-the-art baseline
models. The main contributions of this paper are as follows:

• We propose a novel multi-modal recurrent attention network
(MMRAN) model for interactive recommendation. Our model sepa-
rately processes the textual feedback sequences and the visual item
sequences for multi-modal sequence combination, and tracks the
dialog states using abstract representations of the previous inter-
actions. We show that our proposed MMRAN model is more effec-
tive in capturing the dialog sequence information of the natural-
language feedback and the visual recommendations compared to
the existing baseline models.

•We propose a gated recurrent network (GRN) for extracting
the hidden states of the past interactions from the natural-language
feedback and the visual recommendations. Our GRN extends the
traditional gated recurrent unit (GRU) with a feedback gate to cap-
ture the correlation between the textual feedback at the current
turn and the hidden state of the previous turn.

• We deploy an advanced RNN-enhanced transformer architec-
ture [38] for interactive recommendation, in order to effectively
track the dialog states with a multi-head attention network (MAN)
using the GRN’s abstract representations.

•We perform extensive empirical evaluations with our proposed
MMRAN model on the multi-modal interactive recommendation
task, demonstrating significant improvements over the existing
state-of-the-art approaches.

The remainder of this paper is structured as follows: we first
discuss the limitations of the existing multi-modal interactive rec-
ommendation models in Section 2. We also review the related work
and position our contributions in comparison to the existing liter-
ature in Section 3. Then we detail our proposed MMRAN model in

Figure 1: Example multi-modal recommendation scenario.

Section 4. Afterwards we describe our experimental setup in Sec-
tion 5 and report our experimental results in Section 6, respectively.
Finally, we summarise our findings in Section 7.

2 MULTI-MODAL INTERACTIVE
RECOMMENDATION

In this section, we formulate the problem of the multi-modal
interactive recommendation task (Section 2.1). Then, we briefly
elicit the limitations of the RNN/transformer-based models in terms
of the multi-modal sequence dependency issue (Section 2.2).

2.1 Preliminaries

We study the multi-modal interactive recommendation task by
considering a user interacting with a recommender system using it-
erative multi-turn interactions through vision and language. At the
𝑡-th interaction turn, the recommender system presents a candidate
image 𝑎𝑡−1 selected from a candidate pool I = {𝑎𝑖 }𝑁𝑖=0 to the user.
The user then provides a natural language critique 𝑜𝑡 as feedback,
describing themajor visual differences between the candidate image
and their desired item. Specifically, we assume that the user only
gives feedback on the top-ranked candidate item in the ranking list,
as in [12, 40]. According to the users’ natural-language feedback 𝑜𝑡
and the interaction history up to turn 𝑡 , 𝜏𝑡 = (𝑜≤𝑡 , 𝑎<𝑡 ) ∈ H (i.e. a
set of interaction history), where 𝑜≤𝑡 = (𝑜1, ..., 𝑜𝑡 ) ∈ O (i.e. a set of
the users’ natural-language feedback) and 𝑎<𝑡 = (𝑎0, ..., 𝑎𝑡−1) ∈ A
(i.e. a set of items for recommendation), the recommender system
selects another candidate image 𝑎𝑡 from the candidate image pool.
This vision-language interaction process continues until the user’s
desired target image𝑎𝑡𝑎𝑟𝑔𝑒𝑡 is recommended or amaximumnumber
of interaction turns,𝑀 , is reached, leaving the user unsatisfied.

2.2 Multi-Modal Interactive Models
Figure 2 shows examples of interactive recommendations obtained
from (a) the Dialog Manager (DM) [12] model, which is based on
a gated recurrent unit (GRU) with a supervised-learning setup
(which we denote as DM-SL); and (b) the multi-modal interactive
transformer (MMIT) [39] model based on a transformer. In each
example, the recommender gives a random initial recommenda-
tion (denoted “Initial”) to the user, while the user with a desired
target item (denoted “Target”) provides natural-language feedback
about the recommendation at each turn. Then, the recommender
system updates the ranking list of the candidate items for the next
recommendation according to the user’s feedback [40].
2.2.1 The GRU/LSTM-based Models. In the GRU/LSTM-based
models [12, 40, 46] for multi-modal interactive recommendation,



(a) DM-SL

(b) MMIT

Figure 2: Examples of multi-modal interactive recommenda-
tions obtained from (a) DM-SL [12] and (b) MMIT [39].

due to the inability of GRUs/LSTMs in processing different multi-
modal data separately, the representations of the users’ natural-
language feedback and the systems’ visual recommendations are
usually combined with a concatenation operation and a multilayer
perceptron (MLP), so as to form a single input of the GRUs/LSTMs
at each turn. Such a concatenation operation on the multi-modal
sequence data causes the combined textual and visual representa-
tions to be memorised or forgotten synchronously at each inter-
action turn in the GRUs/LSTMs-based state trackers [11, 12, 46]
(Limitation 1). For instance, in Figure 2 (a), a sleeveless shirt is
recommended at the 1st turn by the DM-SL model due to the initial
comment, “shorter sleeves”, compared to the red T-shirt shown at
the initial turn, while the sleeveless feature shown in the image
at the 1st turn and similarly conveyed by the natural-language
at the initial turn is omitted by the recommender for the follow-
ing recommendations. However, we argue that the users’ feedback
should have more effect on the hidden state of the GRUs/LSTMs
in addition to the combined textual and visual representations, in
that the natural-language feedback explicitly conveys the users’
information needs while the rejected visual recommendations can
be noisy by also containing the users’ undesired features.

2.2.2 The Transformer-basedModel. In the transformer-basedmodel
for multi-modal interactive recommendation [39], the representa-
tions of the users’ natural-language feedback and the systems’ vi-
sual recommendations at all turns are concatenated together, while
the dialog states (i.e. the estimated users’ dynamic preferences) are
directly tracked and inferred from all the concatenated textual and
visual representations. Although the textual and visual representa-
tions at all turns in a multi-modal dialog sequence can fully interact
with each other by using a multi-head attention mechanism [35] in
the transformers, we argue that the effectiveness of the transformer-
based model is limited as it cannot consider the previous inferred
hidden states in an iterative manner (i.e. abstract representations
of the past interactions) of the multi-modal dialog sequence as per-
formed by the GRU/LSTM models at each turn (Limitation 2). For
instance, in Figure 2 (b), for the MMIT model, the “red” colour in
the comment at the 2nd turn refers to “red text” in the comment at
the 1st turn, while it is misunderstood by the recommender system
and taken as the colour of the shirt according to the successively
recommended “red” shirts from the 3rd turn to the 5th turn.

2.2.3 Summary of Limitations. To conclude, in the above analysis,
we have identified two limitations of the existing GRU/LSTM-based
and transformer-based models:

Limitation 1: The GRU/LSTM-based models incorporate the
multi-modal data with a concatenation operation rather than pro-
cessing the multi-modal dialog sequences separately for multi-
modal sequence combination.

Limitation 2: The transformer-based models directly infer the
users’ preferences from all the concatenated textual and visual
representations rather than from the abstract representations of
the past interactions for dialog state tracking.

In summary, the existing multi-modal interactive recommenda-
tion models based on only GRUs, LSTMs or transformers are not
able to properly process the multi-modal dialog sequences of the
natural-language feedback and recommended visual items, which
limits these models’ ability to incorporate the users’ preferences
over time. In Section 4, we propose a model that addresses these lim-
itations. In the next section, we detail related work in multi-modal
interactive recommendation and recurrent neural models.

3 RELATEDWORK
In this section, we first introduce multi-modal interactive recom-
mendations and survey the recent related work in this area. We
then introduce the gating mechanisms in RNNs. We further discuss
the RNN-enhanced transformers.

Multi-Modal Interactive Recommendations. Vision and language-
based communications between users and recommender systems
have been commonly leveraged to incorporate the users’ prefer-
ences and continuously provide them with recommendations dur-
ing their multi-turn interactions [2, 12, 25, 34, 40, 46]. In particular,
a multi-modal interactive recommender system (called Dialog Man-
ager) using model-based reinforcement learning was proposed by
Guo et al. [12] to allow users to give natural-language critiques on
the visual recommendations. To correctly track and estimate the
users’ preferences over time, a gated recurrent unit (GRU) [3] was
adopted in Dialog Manager for generating the users’ estimated pref-
erence representations from the sequences of the textual representa-
tions (i.e. natural-language feedback) and the visual representations
(i.e. recommended items). In addition, Wu et al. [40] also adopted
a GRU component in their Estimator-Generator-Evaluator (EGE)
model as a state tracker for eliciting the users’ preferences over
time. The EGE model considers the recommendation process as a
partially observable Markov decision process (POMDP) that the rec-
ommender system can only obtain a partial portrayal of the users’
preferences from the users’ natural-language feedback at each turn.
Meanwhile, Zhang et al. [46] proposed a reward-constrained rec-
ommendation (RCR) model using a long short-term memory net-
work (LSTM) component for tracking the users’ preferences and
constrained-augmented reinforcement learning for mitigating the
recommendations that violate the users’ comments or feedback. Fur-
thermore, a transformer-based model for multi-modal interactive
recommendations (called MMIT) was proposed by Wu et al. [39] to
incorporate the visual items’ features, the users’ natural-language
feedback, and the fashion attributes. This transformer-based struc-
ture has demonstrated more flexibility in terms of included modal-
ities compared to the RNN-based approaches [12, 39], as well as a



more effective recommendation performance. As described in Sec-
tion 2, these GRU/LSTM-based and transformer-basedmodels suffer
from their inability to capture multi-modal sequence dependencies,
because of their limitations in either combining multi-modal se-
quences with a concatenation operation or tracking dialog states
by inferring directly from all the concatenated textual and visual
representations at all turns instead of the multi-modal abstract
representations of the past interactions.

Gating Mechanisms of Recurrent Models. Traditional RNNs usu-
ally suffer from the vanishing gradient problem when processing
long sequences [15]. Recurrent units such as a long short-term
memory (LSTM) [15] and a gated recurrent unit (GRU) [3] are
extensions of traditional RNNs, which use gating mechanisms to
control the influence of a hidden state of the previous step. While
the GRU and LSTM architectures can alleviate the vanishing gra-
dient problem [3, 15], they cannot process different modalities
separately at the same time. The representations of the multi-modal
sequences are usually combined with a concatenation operation
as a single input of the GRUs/LSTMs at each turn [12, 33, 40, 46].
Many researchers have extended the GRUs/LSTMs to incorporate
contextual information associated with the sequence information,
such as transition contexts (the time intervals and the geographi-
cal distances) by using time and/or spatial-based gates [28, 31, 48].
In the multi-modal interactive recommendation task, the users’
natural-language feedback can be taken as contextual information
associated with the visual recommendation sequences. However,
to the best of our knowledge, such an approach to associate the
sources of contextual information has not been investigated for
multi-modal interactive recommendation to address Limitation 1.

RNN-Enhanced Transformers. In the transformer-basedmodel [39]
for interactive recommendation, dialog states (i.e. the estimated
users’ dynamic preferences) can only be directly tracked and in-
ferred from all the concatenated textual and visual representations
instead of being estimated from the abstract representations in
the past interactions of the dialog sequences, as performed by the
GRU/LSTM models at each turn. To alleviate such inherent limita-
tions of the transformers in state tracking, a number of previous
studies [13, 19, 21, 38] have investigated RNN-enhanced transform-
ers for sequence modelling tasks, such as R-Transformer [38], to
take the benefits from both the RNNs for abstract representations
at each turn and from the transformers for the whole sequence’s
overall feature interactions in sequence modelling. Wang et al. [38]
proposed an RNN-enhanced transformer model with a sliding win-
dow (called an R-Transformer) to benefit from the advantages of
both an RNN and a transformer’s multi-head attention mecha-
nism. Three layers (i.e. RNNs with a sliding window, a multi-head
attention layer, and a feedforward layer) were arranged hierarchi-
cally. In particular, the RNNs process sequences using a sliding
window and generate the hidden states of the past interactions se-
quentially, while the multi-head attention layer captures the dialog
states among the RNNs’ hidden states of the previous turns, and
the feedforward layer conducts non-linear feature transformation.
However, these RNN-enhanced transformers have not yet been
investigated for multi-modal interactive recommendation in order
to address Limitation 2.

As discussed in Section 2, given the limitations of the GRU, LSTM
and transformer-based models, we argue that the existing inter-
active recommendation models based on only GRUs, LSTMs or

Figure 3: The multi-modal recurrent attention network (MM-
RAN) model.

transformers are not able to properly process the multi-modal di-
alog sequences of natural-language feedback and recommended
visual items. This limits the ability of such models in incorporat-
ing the users’ preferences over time. To address Limitation 1 &
2, we propose a novel multi-modal recurrent attention network
(MMRAN) model for interactive recommendation. Specifically, our
model separately processes the textual feedback sequences and
the visual item sequences for multi-modal sequence combination
so as to address Limitation 1, while it tracks the dialog states
with the abstract representations of the previous interactions in
order to address Limitation 2. To the best of our knowledge, this
novel structure of our MMRAN model constitutes the first work
based on a multi-modal recurrent attention network in multi-modal
interactive recommendations.

4 THE MMRAN MODEL

We now define our proposed Multi-Modal Recurrent Attention
Network (MMRAN) model and introduce its components. Figure 3
shows the architecture of MMRAN, which aims to effectively incor-
porate the users’ preferences over time. The architecture consists
of three parts: text & image encoders, a gated recurrent network
(GRN), and amulti-head attention network (MAN).We also describe
the training of the MMRAN model using multi-turn interactions
with a user simulator.

Text & Image Encoders. The text encoder (denoted 𝑇𝑥𝑡𝐸𝑛𝑐 (·))
consists of a 1D convolutional layer (1D-CNN) and a subsequent lin-
ear layer as in [12, 40], where the user’s natural-language feedback
𝑜𝑡 (with each word represented by a one-hot vector) is extracted
into a textual sentence representation 𝑇𝑥𝑡𝐸𝑛𝑐 (𝑜𝑡 ). Although there
are many advanced pre-trained transformer-based language models
(such as BERT [6]) for processing the natural-language feedback,
we adopt a one-hot vector for each word with a pre-defined vo-
cabulary [12, 40] of fashion-related terms when generating textual
sentence representations, thus allowing fair comparisons with exist-
ing works [12, 40]. Furthermore, a pre-defined fashion vocabulary
is much smaller and is more concentrated on fashion features than
BERT. Similarly, the image encoder (denoted 𝐼𝑚𝑔𝐸𝑛𝑐 (·)) consists
of the ImageNet pre-trained ResNet101 model [14] and a subse-
quent linear layer, as in [12, 40], where a candidate image 𝑎𝑡−1
is extracted into image feature representations 𝐼𝑚𝑔𝐸𝑛𝑐 (𝑎𝑡−1). To
simplify the notations, in the following we directly use 𝑜𝑡 and 𝑎𝑡−1
as their representations, respectively. Then, both the visual and
textual representations are passed to a gated recurrent network



(GRN) and a multi-head attention network (MAN) to estimate the
user’s preferences.

The Gated Recurrent Network (GRN). To address Limitation 1
and effectively incorporate the users’ preferences from the multi-
modal dialog sequences of the users’ natural-language feedback
and the recommended visual items, inspired by [7, 28], we propose
a gated recurrent network (GRN) with a feedback gate for multi-
modal sequence combination. Figure 4 shows the architecture of
our proposed gated recurrent network (GRN). Our GRN extends
the traditional gated recurrent unit (GRU) with an extra gate (i.e.
a feedback gate 𝛽𝑡 ) to directly impose more effect on the hidden
state in addition to the combined textual and visual representations,
in that the natural-language feedback explicitly conveys the users’
information needs. The estimated hidden states of the user’s prefer-
ences can be achieved with ℎ𝑡 = 𝐺𝑅𝑁 (ℎ𝑡−1, 𝑎𝑡−1, 𝑜𝑡 ). In particular,
the proposed feedback gate 𝛽𝑡 controls the influences of the current
textual feedback 𝑜𝑡 at each state as follows:

𝛽𝑡 = 𝜎 (𝑊𝛽,ℎℎ𝑡−1 +𝑊𝛽,𝑜𝑜𝑡 + 𝑏𝛽 ) (1)

where𝑊𝛽,ℎ ,𝑊𝛽,𝑜 and 𝑏 are, respectively, the transition matrices
and the corresponding bias. Our proposed feedback gate 𝛽𝑡 aims
to capture the correlation between the current textual feedback 𝑜𝑡
and the hidden state of the previous turn ℎ𝑡−1. The feedback gate
𝛽𝑡 is activated in case where the natural-language feedback is less
informative about the users’ preferences compared to the hidden
state ℎ𝑡−1. Then, the equations of GRN with the proposed feedback
gate 𝛽𝑡 are:

𝑐𝑡 =𝑊𝑐,𝑎𝑎𝑡−1 +𝑊𝑐,𝑜𝑜𝑡 + 𝑏𝑐 (2)

𝑧𝑡 = 𝜎 (𝑊𝑧𝑐𝑡 +𝑈𝑧ℎ𝑡−1 + 𝑏𝑧) (3)

𝑟𝑡 = 𝜎 (𝑊𝑟𝑐𝑡 +𝑈𝑟ℎ𝑡−1 + 𝑏𝑟 ) (4)

ℎ̃𝑡 = tanh(𝑊ℎ𝑐𝑡 +𝑈ℎ (𝑟𝑡 ⊙ ℎ𝑡−1) + 𝑏ℎ) (5)

ℎ𝑡 = (1 − 𝛽𝑡 ) ⊙ 𝑜𝑡 + [(1 − 𝑧𝑡 )ℎ𝑡−1 + 𝑧𝑡 ℎ̃𝑡 ] (6)
where 𝑐𝑡 is an initially inferred multi-modal representation of the vi-
sual recommendation 𝑎𝑡−1 and the corresponding natural-language
feedback 𝑜𝑡 . 𝑧𝑡 , 𝑟𝑟 are update and reset gates, respectively. ℎ̃𝑡 is a
candidate hidden state. 𝜎 (·) and tanh(·) are the sigmoid and hyper-
bolic tangent functions, respectively.𝑈𝑧 ,𝑈𝑟 and𝑈ℎ are the weight
matrices that capture the recurrent connections between every two
adjacent hidden states ℎ𝑡−1 and ℎ𝑡 . ⊙ denotes the element-wise
product.𝑊 and 𝑏 with subscripts are, respectively, the transition
matrices and the corresponding biases. By including the natural-
language feedback 𝑜𝑡 through an aggregation operation (Equa-
tion (6)), 𝑜𝑡 has more effect on the hidden state ℎ𝑡 . In addition, a
sliding window with size 𝑁𝑠𝑙𝑖𝑑𝑖𝑛𝑔_𝑤𝑖𝑛𝑑𝑜𝑤 , as in [38], can be used
to limit the length of the multi-modal dialog sequences considered
at each turn. We investigate its impact on the model’s performance
in Section 6.2.

The GRN component allows our MMRAN model to sequentially
aggregate the recommendation and feedback information from the
recommender system’s recommendations and the user’s natural-
language feedback to the estimated hidden states for multi-modal
sequence combination. These estimated hidden states can be consid-
ered as the representations of the past interactions and are used as
inputs to the following multi-head attention network (MAN).

Figure 4: Our proposed GRN architecture.

The Multi-head Attention Network (MAN). To address Limita-
tion 2 and further track the dialog states among the GRN’s hidden
states of the previous turns, we adopt a multi-head attention net-
work (MAN) architecture that enables our MMRAN model to con-
sider the entire history of the multi-modal interactions during each
interaction turn. The multi-head attention mechanism in transform-
ers has been shown to be extremely effective to learn the long-term
dependencies in the sequence modelling, since it allows a direct
connection between every pair of its input representations [35, 38].
More specifically, in the multi-head attention mechanism, each in-
put representation at each turn will attend to all the other input
representations in the past interactions, thereby obtaining a set
of attention scores that are used to refine its representations. In
particular, the estimated hidden states of the users’ preferences
ℎ𝑖 (where 𝑖 ∈ [1, 𝑡]) are further encoded with a multi-layer trans-
former encoder 𝑇𝑟𝑎𝑛𝐸𝑛𝑐 (·) (with 𝑁𝑙𝑎𝑦𝑒𝑟𝑠 layers), which includes
the multi-head attention mechanism (with 𝑁ℎ𝑒𝑎𝑑𝑠 attention heads).
The refined hidden states are defined as follows:

ℎ
′
1, ..., ℎ

′
𝑡 = 𝑇𝑟𝑎𝑛𝐸𝑛𝑐 (ℎ1, ..., ℎ𝑡 ) (7)

The estimated final state of the user’s preferences is obtained as
𝑠𝑡 = 𝐿𝑖𝑛𝑒𝑎𝑟 (𝑅𝑒𝐿𝑢 (𝑀𝑒𝑎𝑛(ℎ′

1, ..., ℎ
′
𝑡 ))). For top-𝐾 candidate recom-

mendation, the closest images to the estimated state 𝑠𝑡 under the
Euclidean distance are recommended: 𝑎𝑡 ∼ 𝐾𝑁𝑁𝑠 (𝑠𝑡 ), where
𝐾𝑁𝑁𝑠 (·) is a softmax distribution over the 𝐾 nearest neighbours
of 𝑠𝑡 .

Overall, our MMRAN model enjoys the advantages of both the
feedback gating mechanism when processing multi-modal visual
dialog sequence information in the GRN (for multi-modal sequence
combination), as well as the advantages of the multi-head atten-
tion mechanism when tracking the dialog states among the GRN’s
abstract representations of the users’ preferences within the MAN.

Training with A User Simulator. To avoid collecting and anno-
tating entire multi-modal conversations, which is expensive, time-
consuming, and does not scale [47], we adopt an existing vision-
language transformer-based user simulator (VL-Transformer) [39]
as a reasonable proxy for real human users for training and evaluat-
ing our proposed MMRAN model. The user simulator considers the
differences in the image features of the candidate image 𝑎𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒
and the target image 𝑎𝑡𝑎𝑟𝑔𝑒𝑡 to produce a relative caption:

𝑤≤𝑖 = 𝑓 ( [𝑅𝑒𝑠𝑁𝑒𝑡 (𝑎𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒 ), 𝑅𝑒𝑠𝑁𝑒𝑡 (𝑎𝑡𝑎𝑟𝑔𝑒𝑡 )]) (8)

where𝑤≤𝑖 = (𝑤0, ...,𝑤𝑖 ) is theword sequence generated for the cap-
tion (i.e. 𝑜𝑡 ), 𝑓 (·) is the relative captioning network and 𝑅𝑒𝑠𝑁𝑒𝑡 (·)
is the ImageNet pre-trained ResNet101 model [14] to obtain the
prominent set of visual attributes from each image. The features
of the candidate and target image pairs are concatenated to form a



Table 1: Fashion IQ datasets’ statistics.

Dresses Shirts Tops & Tees
Train Valid Test Train Valid Test Train Valid Test

Relative Captions 11,970 4,034 - 11,976 4,076 - 12,054 3,924 -
Images 11,452 3,817 3,818 19,036 6,346 6,346 16,121 5,374 5,374

set of relative features, [𝑅𝑒𝑠𝑁𝑒𝑡 (𝑎𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒 ), 𝑅𝑒𝑠𝑁𝑒𝑡 (𝑎𝑡𝑎𝑟𝑔𝑒𝑡 )]. To
train a user simulator, we follow [12, 39, 40] by using relative cap-
tioning datasets, described further in Section 5 below. Furthermore,
we train our proposed MMRAN model with a triplet loss objective,
𝐿𝑡𝑟𝑖𝑝𝑙𝑒𝑡 , similar to [12, 39]:

𝐿𝑡𝑟𝑖𝑝𝑙𝑒𝑡 = max(0, | |𝑠𝑡 − 𝑎+ | |2 − ||𝑠𝑡 − 𝑎− | |2 +𝑚) (9)

where 𝑎+ is the representation of the target image as a positive
sample, 𝑎− is the representation of a randomly sampled image as a
negative sample, | | · | |2 denotes 𝐿2-norm, and𝑚 is a constant for
the margin.

5 EXPERIMENTAL SETUP
In this section, we evaluate the effectiveness of our proposed MM-
RAN model in comparison to the existing approaches from the
literature. In particular, to address Limitations 1 & 2, we answer
the following three research questions:

• RQ1: Does our proposed MMRAN model outperform the exist-
ing state-of-the-art baseline models in the multi-modal interactive
recommendation task with natural-language feedback?

• RQ2: Does the GRN structure address Limitation 1 and thereby
improve the MMRAN models’ ability to incorporate the users’ pref-
erences from the multi-modal dialog sequences?

• RQ3: Does the MAN structure address Limitation 2 so as to im-
prove the MMRANmodels’ ability to effectively track dialog states?

5.1 Datasets & Measures
We perform experiments on the Fashion IQ Dresses, Shirts and Tops
& Tees datasets [39]. On these three datasets, both relative captions
of image pairs and the images of the fashion products are available
for training and testing the user simulators (i.e. relative captioners)
and the recommendation models, respectively. The statistics of the
Fashion IQ datasets are summarised in Table 1.

Measures. We measure the effectiveness of the multi-modal in-
teractive recommendation models at the𝑀-th turn interaction with
top-heavy metrics, such as NDCG@𝑁 (i.e. Normalised Discounted
Cumulative Gain truncated at rank 𝑁 = 10), MRR@𝑁 (i.e. Mean
Reciprocal Rank truncated at rank 𝑁 = 10), and SR (i.e. Success
Rate that is the percentage of the succeeded users among all the
users with top-1 recommendation), as in [40, 46]. In particular, both
NDCG@𝑁 and MRR@𝑁 measure the quality of the ranking list
at each turn, while SR measures the efforts for finding the target
items over multi-turn interactions. We apply all the evaluation met-
rics (i.e. NDCG@10, MRR@10, SR) at the 5th interaction turn for
significance testing.

5.2 Baselines
We compare our proposed MMRAN model to three types of the
existing state-of-the-art baselines for multi-modal interactive rec-
ommendation with different state trackers:
•RNNs (GRUs/LSTMs): The DialogManager model [12] is a multi-
modal interactive recommendation model based only on a GRU as

the state tracker. There are two variants of the Dialog Manager
model in terms of their learning approaches: Dialog Manager with
a supervised-learning setup (denoted DM-SL) and Dialog Manager
with a model-based reinforcement learning setup (denoted DM-RL).
The DM-SL model is trained with a triplet loss (i.e. Equation (9)) to
maximise the short-term rewards, while the DM-RLmodel is further
trained with a cross entropy loss to maximise the cumulative future
rewards by exploring all possible recommendation trajectories in
the future turns given a known environment (i.e. a user simula-
tor) [12]. In addition, as a further possible baseline, we envisage that
an LSTM can also act as a state tracker in the Dialog Manager model
with a supervised-learning setup (denotedDM-LSTM). Furthermore,
we take the Estimator-Generator-Evaluator (EGE) model [40] as
another GRU-based baselinemodel, which uses reinforcement learn-
ing with a partially observable Markov decision process (POMDP).
• Transformers: The multi-modal interactive transformer (MMIT)
model [39] applies only a transformer. The MMIT model directly at-
tends to the entire multi-modal interaction history of both the users’
previous textual feedback and the system’s visual recommendations.
The MMIT model is also trained with a triplet loss as per DM-SL.
• RNN-Enhanced Transformers: R-Transformer [38], a typical
RNN-enhanced transformer, can be adapted as a strong baseline
model based on a GRU and a transformer. There are two variants
of the R-Transformer model: R-Transformer with a window size
3 [38] (which we denote as R-T𝐿𝑜𝑐𝑎𝑙 ) and R-Transformer without a
slidingwindow (whichwe denote as R-T𝐺𝑙𝑜𝑏𝑎𝑙 ). The R-T𝐿𝑜𝑐𝑎𝑙 and R-
T𝐺𝑙𝑜𝑏𝑎𝑙 models are also trained with a triplet loss similar to DM-SL.

The baseline models based on RNNs (i.e. DM-LSTM, DM-SL and
DM-RL) and Transformers (i.e. MMIT)) are the two representative
formulations of the existing multi-modal interactive recommenda-
tion task, which are formulated as a sequential modelling problem
with an RNN (such as a GRU or a LSTM) or a transformer, respec-
tively. The RNN-enhanced transformer models (i.e. R-T𝐿𝑜𝑐𝑎𝑙 and
R-T𝐺𝑙𝑜𝑏𝑎𝑙 ) adapted from the literature [38] can provide stronger
baselines using more advanced network structures. In addition, the
GRN component in MMRAN can also be adapted as a multi-modal
interactive recommendation model to estimate the users’ prefer-
ences and to make recommendations independently (which we
denote as MMRAN w/o MAN).

5.3 Experimental Settings

Setup for User Simulator. Wefirst train the existing VL-Transformer
user simulator [39] for relative captioning on the Fashion IQ Dresses,
Shirts, and Tops & Tees datasets, separately. The network parameters
are randomly initialised. We use the Adam [20] optimiser with an
initial learning rate of 10−4. The batch size is 16, and the maximum
number of epochs is 30. The dimensionality of the embeddings and
hidden states is 512. Appendix A.1 provides a comparison of the
VL-Transformer user simulator with another recent user simulator
called Show Tell [37] to demonstrate how close the VL-Transfomer
user simulator behaves in comparison to real human captions.

Setup for Recommender Training. Next, we train our proposed
MMRAN model using the VL-Transformer user simulator trained
on the Fashion IQ Dresses, Shirts, Tops & Tees datasets, respectively.
The recommendation models’ parameters are randomly initialised.
We use Adam [20] with a learning rate of 10−3 [12, 46]. The embed-
ding dimensionality of the feature space is set to 256 and the batch



Table 2: The multi-modal interactive recommendation effectiveness of our proposed MMRAN model and the baseline models
at the 5th turn on the three used datasets. % Improv. indicates the improvements by MMRAN over the best baseline model. The
best overall results are highlighted in bold. * and † denote a significant difference in terms of a paired t-test (Holm-Boferroni
correction, 𝑝 < 0.05), compared to MMRAN and MMRAN w/o MAN in each dataset, respectively.

Models State Dresses Shirts Tops & Tees
Tracker NDCG@10 MRR@10 SR NDCG@10 MRR@10 SR NDCG@10 MRR@10 SR

DM-LSTM LSTM 0.1788*† 0.1517*† 0.1163*† 0.0928*† 0.0771*† 0.0573*† 0.1307*† 0.1101*† 0.0835*†
DM-SL GRU 0.2050*† 0.1756*† 0.1364*† 0.1108*† 0.0923*† 0.0680*† 0.1566*† 0.1337*† 0.1026*†
DM-RL GRU 0.2339* 0.2047* 0.1621* 0.1274* 0.1065* 0.0798* 0.1654*† 0.1407*† 0.1077*
EGE GRU 0.2580* 0.2245* 0.1765* 0.1398* 0.1179* 0.0888* 0.1909* 0.1618* 0.1221*
MMIT Transformer 0.2443* 0.2135* 0.1701* 0.1278* 0.1072* 0.0790* 0.1738* 0.1468* 0.1108*
R-T𝐿𝑜𝑐𝑎𝑙 R-Transformer 0.2407* 0.2099* 0.1663* 0.1232* 0.1034* 0.0777* 0.1796* 0.1536* 0.1180*
R-T𝐺𝑙𝑜𝑏𝑎𝑙 R-Transformer 0.2672* 0.2320* 0.1831* 0.1402* 0.1182* 0.0884* 0.2019* 0.1703* 0.1288*

MMRAN GRN & MAN 0.3327 0.2918 0.2345 0.1683 0.1414 0.1043 0.2385 0.2041 0.1568
w/o MAN GRN 0.2477* 0.2162* 0.1751* 0.1244* 0.1058* 0.0808* 0.1823* 0.1545* 0.1178*
% Improv. - 24.51 25.78 28.07 20.04 19.63 17.45 18.13 19.45 21.74

size to 128 following the setting in [12]. For each batch, we train the
model with 10 interaction turns as in [40]. The maximum number
of epochs for training is 20. For the recommendation task, early
stopping [11] is used to avoid overfitting. The training completes
when average NDCG@10 over all the interaction turns on the val-
idation sets stops improving for 5 epochs, or when the maximum
number of training epochs is reached. For our proposed MMRAN
model, we consider all the previous textual feedback and visual
recommendations at each turn.

Setup for Recommender Evaluation. We evaluate the interactive
recommendation models for top-𝐾 (i.e. 𝐾 = 1) recommendation
with multi-turn interactions𝑀 ∈ [1, 5] on the above three datasets,
respectively. The previously recommended items are removed from
the ranking list at each turn with a post-filter to avoid repeated
recommendations, as in [40]. For a fair comparison, we mainly
compare the effectiveness of the tested models at the 5th turn (i.e.
𝑀 = 5) using the paired t-test (applying Holm-Bonferroni for multi-
ple comparison correction [16]). When a user successfully finds the
target item in less than 5 turns, we consider the ranking metrics
(i.e. NDCG@10 and MRR@10) for that user to be equal to one for
all turns thereafter.

6 EXPERIMENTAL RESULTS
We now analyse the experimental results to answer the three
research questions that are stated in Section 5, concerning the effec-
tiveness of our proposed MMRAN model for multi-modal interac-
tive recommendations with natural-language feedback (Section 6.1),
the impact of the GRN structure for multi-modal sequence combi-
nation (Section 6.2) and the impact of the MAN structure for dialog
state tracking (Section 6.3). We also show a use case from the logged
experimental results to consolidate our findings (Section 6.4).

6.1 MMRAN vs. Baselines (RQ1)

To answer RQ1, we assess the effectiveness of our MMRAN
model by comparing them with seven strong recommendation
approaches in the literature. Table 2 shows the obtained recommen-
dation performances of the baseline models (i.e. DM-LSTM, DM-SL,

DM-RL, EGE,MMIT, R-T𝐿𝑜𝑐𝑎𝑙 and R-T𝐺𝑙𝑜𝑏𝑎𝑙 in the first part) as well
as the MMRAN model variants (in the second part) with the same
test sets of the Fashion IQ Dresses, Shirts and Tops & Tees datasets
at the 5th interaction turn. The best overall performances across
the three groups of columns in the table are highlighted in bold
in Table 2. In each group, * and † denote, respectively, significant
differences compared to MMRAN and MMRAN w/o MAN (i.e. GRN
only), in terms of a paired t-test with a Holm-Bonferroni multiple
comparison correction (𝑝 < 0.05) [16]. Comparing the results in the
table, we observe that our proposed MMRANmodel achieves better
performances of 24-28%, 17-20% and 18-22% at the 5th turn than
the best baseline model across all metrics on the Fashion IQ Dresses,
Shirts, and Tops & Tees, respectively. Indeed, our proposed MMRAN
model is significantly better than DM-LSTM, DM-SL, DM-RL, EGE,
MMIT, R-T𝐿𝑜𝑐𝑎𝑙 and R-T𝐺𝑙𝑜𝑏𝑎𝑙 for each metric at the 5th turn with
top-1 recommendation. In answer to RQ1, the results demonstrate
that our proposed MMRAN model does overall outperform the
previous state-of-the-art baseline models. In particular, it is sig-
nificantly more effective than all of the GRU/LSTM-based models
(i.e. DM-LSTM, DM-SL, DM-RL and EGE), the transformer-based
model (i.e. MMIT), and the RNN-enhanced transformer models (i.e.
R-T𝐿𝑜𝑐𝑎𝑙 and R-T𝐺𝑙𝑜𝑏𝑎𝑙 ). Therefore, these results demonstrate that
our proposed MMRAN model, with the multi-modal recurrent at-
tention network, can effectively incorporate the users’ preferences
over time.

6.2 Impact of GRN (RQ2)

To address RQ2, the second part of Table 2 examines the compar-
ative performances of the MMRAN and MMRAN w/o MAN models
(i.e. GRN only) with different components for tracking and estimat-
ing the users’ preferences (i.e. state trackers). First, focusing onGRN,
we observe that the MMRAN w/o MAN model performs signifi-
cantly better than the DM-LSTM and DM-SL models in terms of all
metrics on the three datasets. The significantly better performance
of the GRN component indicates that the extra feedback gate can en-
hance theGRU’s ability in combining themulti-modal sequences (i.e.
textual feedback sequences and visual recommendation sequences).



(a) NDCG@10 (b) SR

Figure 5: Effects of the sliding window size 𝑁𝑠𝑙𝑖𝑑𝑖𝑛𝑔_𝑤𝑖𝑛𝑑𝑜𝑤

over the multi-modal dialog sequences on our proposed MM-
RAN at the 5th turn on Fashion IQ Dresses.

In addition, we also observe that MMRAN with a GRN component
in the state tracker performs significantly better than the R-T𝐿𝑜𝑐𝑎𝑙
and R-T𝐺𝑙𝑜𝑏𝑎𝑙 baselines, which all use a GRU component in the state
tracker. This suggests, as we argued in Section 1, that imposingmore
effect of the users’ natural-language feedback on the hidden state
of the GRUs in addtion to the combined textual and visual represen-
tations can benefit the interactive recommendation model. Further-
more, Figure 5 illustrates the NDCG@10 and SR performances of
MMRAN at the 5th turn in top-1 recommendation on the Fashion IQ
Dresses dataset with different sliding window sizes 𝑁𝑠𝑙𝑖𝑑𝑖𝑛𝑔_𝑤𝑖𝑛𝑑𝑜𝑤

that limit the lengths of the multi-modal dialog sequences at each
turn. We can see that the performance of MMRAN improves when
the value of the sliding window size𝑁𝑠𝑙𝑖𝑑𝑖𝑛𝑔_𝑤𝑖𝑛𝑑𝑜𝑤 increases from
2 to 10, except for 𝑁𝑠𝑙𝑖𝑑𝑖𝑛𝑔_𝑤𝑖𝑛𝑑𝑜𝑤 = 10 in term of SR. Further ab-
lation studies on the Fashion IQ Shirts and Tops & Tees datasets also
led to similar results and observations. We omit their reporting in
this paper because of space constraints.

Overall, for RQ2, we conclude that the GRN component with a
natural-language feedback gating mechanism enhances the model’s
ability to combine the multi-modal sequences so as to address
Limitation 1, thereby better incorporating the users’ information
needs from the multi-modal dialog sequences than the traditional
GRU network.

6.3 Impact of MAN (RQ3)
To address RQ3, Figure 6 depicts the effects of the MAN’s layers
𝑁𝑙𝑎𝑦𝑒𝑟𝑠 and the MAN’s attention heads 𝑁ℎ𝑒𝑎𝑑𝑠 on our proposed
MMRAN in terms of NDCG@10 and SR at the 5th turn on Fashion
IQ Dresses. We can see that the performance of MMRAN improves
when the MAN’s layers 𝑁𝑙𝑎𝑦𝑒𝑟𝑠 and the MAN’s attention heads
𝑁ℎ𝑒𝑎𝑑𝑠 increase from 2, respectively, except for 𝑁𝑙𝑎𝑦𝑒𝑟𝑠 = 4 and
𝑁ℎ𝑒𝑎𝑑𝑠 from 4 to 8. Meanwhile, our proposed MMRAN model can
achieve the best performance with 𝑁𝑙𝑎𝑦𝑒𝑟𝑠 = 6 and 𝑁ℎ𝑒𝑎𝑑𝑠 = 8 as
in [39]. Moreover, we note that the MMRAN model with both the
GRN and MAN components significantly outperforms MMRAN
w/o MAN, suggesting that the additional MAN component with the
multi-head attention mechanism further refines the hidden states
(which are generated by the previous GRN component) by tracking
the dialog states of the users’ preferences among the multi-modal
dialog sequences. The better effectiveness of MMRAN with both
GRN and MAN added up suggests that MMRAN can benefit from
their joint combination. Furthermore, we also observe that the
MMRAN model significantly outperforms the transformer-based

(a) NDCG@10 (b) SR

Figure 6: Effects of the MAN’s layers 𝑁𝑙𝑎𝑦𝑒𝑟𝑠 and the MAN’s
attention heads 𝑁ℎ𝑒𝑎𝑑𝑠 on our proposed MMRAN model at
the 5th turn on Fashion IQ Dresses.

MMIT model, suggesting that adopting the hidden states of GRN as
the representations of the past interactions is more effective than
using the original textual and visual representations as the inputs
of the transformer’s multi-head attention.

Overall, for RQ3, we conclude that the MAN component of MM-
RAN allows to effectively track the users’ preferences with the
GRN’s abstract representations of themulti-modal dialog sequences,
while addressing Limitation 2.

6.4 A Use Case

To consolidate the results observed in the paper, we present a use
case of multi-modal interactive recommendation in Figure 7 for the
Fashion IQ Shirts. Figure 7 shows the interaction process for top-1
recommendation across the six tested models: (a) DM-SL, (b) EGE,
(c) MMIT, (d) R-T𝐺𝑙𝑜𝑏𝑎𝑙 , (e) MMRAN w/o MAN and (f) MMRAN.
For a fair comparison, the initial images are the same across the
tested models given the target image from the testing set. When
the target item is recommended, the rank is 1 (e.g. “Turn 1 (rank=1)”
in Figure 7 (f)), and the user simulators will give the comment: “are
the same”. We observe that our proposed MMRAN model is the
most effective among the tested models. In particular, DM-SL/EGE
with only a GRU, MMIT with only a transformer and R-T𝐺𝑙𝑜𝑏𝑎𝑙

based on a GRU and a transformer all fail to recommend the tar-
get item within 5 interaction turns, while our proposed MMRAN
model needs only 4 interaction turns to recommend the target item.
Furthermore, we also observe that the rank of the target item with
the MMRAN w/o MAN model is relatively higher than the rank of
DM-SL at the 5th interaction turn. In addition, both the MMRAN
andMMRANw/oMANmodels can generally maintain a reasonable
recommendation during the multi-turn interaction process with
a shirt that is “yellow with a design”. Though the recommenda-
tion with MMRAN at the 1st turn is not a really “yellow” shirt, it
contains features from both the initial recommendation (i.e. the
“green” colour) and the corresponding natural-language feedback
(i.e. the “yellow” colour) in its “different graphic”, while maintaining
the highest rank of the target item (i.e. “rank=6”) among all the
tested models at the 1st turn. Indeed, the MMRAN model can better
capture the “green and yellow design” features from the users’ feed-
back than the other tested models. Similar results and observations
were seen for the Fashion IQ Dresses and Tops & Tees datasets, but
are omitted for reasons of space.



(a) DM-SL (b) EGE

(c) MMIT (d) R-T𝐺𝑙𝑜𝑏𝑎𝑙

(e) MMRAN w/o MAN (f) MMRAN

Figure 7: A use case for multi-modal interactive recommendation with different models on Fashion IQ Shirts.

7 CONCLUSIONS
In this paper, we proposed a novel multi-modal recurrent attention
network (MMRAN) model for multi-modal interactive recommen-
dation to effectively incorporate the users’ preferences over time.
Specifically, we leveraged a gated recurrent network (GRN) with a
feedback gate to separately process the natural-language feedback
and visual recommendations into hidden states (i.e. representations
of the past interactions) for multi-modal sequence combination, as
well as a multi-head attention network (MAN) to refine the previ-
ously generated hidden states by the GRN component to further
track the dialog states of the users’ preferences. Following previous
work, we trained our MMRAN model by using a vision-language
transformer-based user simulator (VL-Transformer), which itself is
trained to describe the differences between the target users’ prefer-
ences and the recommended items in natural language. Our experi-
ments on three Fashion IQ datasets demonstrated that our proposed
MMRANmodel achieves significantly enhanced performances com-
pared to the strongest baseline models on each used dataset - for
instance, improvements of 24-28%, 17-20% and 18-22%, respectively.
Our reported results showed that the MMRAN model benefits from
the capability of GRN in combining multi-modal dialog sequences
and from the MAN’s structure to effectively track the dialog states.

A APPENDIX
A.1 User Simulator Comparison

To demonstrate how close the VL-Transfomer user simulator
behaves in comparison to real human captions, we provide a quan-
titative analysis of the VL-Transformer user simulator for rela-
tive image captioning. We evaluate the relative captioning models
(i.e. user simulators) on the validation set due to the fact that the
test sets for relative captioning are not released in the Fashion IQ
datasets. Table A1 shows the relative captioning effectiveness of
the VL-Transformer model and another existing state-of-the-art
baseline user simulator model, Show Tell [12, 37], for generating
natural-language critiques given a pair of images. Effectiveness
is measured in terms of Recall-Oriented Understudy for Gisting
Evaluation (ROUGE) [26] and Consensus-based Image Description

Table A1: The relative captioning effectiveness of the VL-
Transformer relative captioningmodel compared to the Show
Tell baselinemodel on the Fashion IQ Dresses, Shirts and Tops
& Tees datasets. The best results for each dataset andmeasure
are in bold. * denotes a significant difference compared to
the VL-Transformer in terms of a paired t-test (𝑝 < 0.05).

Simulators Dresses Shirts Tops & Tees
ROUGE CIDEr ROUGE CIDEr ROUGE CIDEr

Show Tell 0.3105* 0.5165* 0.3030* 0.5640* 0.3074* 0.5801*
VL-Transformer 0.3225 0.6346 0.3198 0.6489 0.3266 0.7006

Evaluation (CIDEr) [36], on the Fashion IQ Dresses, Shirts, and Tops
& Tees datasets. The best overall performing results for each dataset
are highlighted in bold in Table A1. Comparing the results in the
table, we observe that, overall, the VL-Transformer model achieves
better performances than the LSTM-based model (i.e. Show Tell)
across all metrics on all the Fashion IQ datasets.

Figure A1 presents an example of the generated natural-language
critiques given a target image and a candidate image on each dataset:
(a) Dresses, (b) Shirts, and (c) Tops & Tees. There are two shown
ground truths1 (i.e. GT-1 and GT-2) for each pair of images, each fol-
lowed by the generated captions by Show Tell and VL-Transformer.
From the generated captions on each dataset, it can be observed that
the relative caption generated by the VL-Transformer model is more
expressive and more close to the ground truths compared to the
other model. These results demonstrate that the VL-Transformer
user simulator can generate expressive natural-language feedback
via relative captioning that is close to the ground truths. There-
fore, the use of the VL-Transformer for relative captioning can
act as a reasonable surrogate for real human users in generating
natural-language feedback.
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Figure A1: Examples of different user simulators.
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