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Abstract

Existing multimodal conversation agents have shown impres-
sive abilities to locate absolute positions or retrieve attributes
in simple scenarios, but they fail to perform well when com-
plex relative positions and information alignments are in-
volved, which poses a bottleneck in response quality. In this
paper, we propose a Situated Conversation Agent PRetrained
with Multimodal Questions from INcremental Layout Graph
(SPRING) with abilities of reasoning multi-hops spatial rela-
tions and connecting them with visual attributes in crowded
situated scenarios. Specifically, we design two types of Mul-
timodal Question Answering (MQA) tasks to pretrain the
agent. All QA pairs utilized during pretraining are gener-
ated from novel Incremental Layout Graphs (ILG). QA pair
difficulty labels automatically annotated by ILG are used
to promote MQA-based Curriculum Learning. Experimen-
tal results verify the SPRING’s effectiveness, showing that it
significantly outperforms state-of-the-art approaches on both
SIMMC 1.0 and SIMMC 2.0 datasets. We release our code
and data at Github LYX0501/SPRING repository.

1 Introduction
Building multi-modal conversation agents that can commu-
nicate with people in visual situations is an attractive goal
for the AI community. Lots of specific tasks and datasets
for visual dialog, like VisDial (Das et al. 2017), GuessWhat
(De Vries et al. 2017), GuessWhich (Chattopadhyay et al.
2017), are proposed in recent years. Among them, the Sit-
uated Interactive Multi-modal Conversation (SIMMC 1.0)
(Moon et al. 2020) aims to study task-oriented dialogues that
encompass a situated multi-modal user context in the form
of a virtual reality (VR) environment. The updated dataset
SIMMC 2.0 (Kottur et al. 2021b) provides a more challeng-
ing test bed for multi-modal conversation agents. There are
many assets with a complex layout in each image. Figure
1 gives an example of a scene and a fragment of dialogue
in SIMMC 2.0. There are dozens of clothes in the image.
Each cloth is a digit asset with a unique asset ID and a set of
attributes (e.g. type, color) in the metadata. But there is no
information on the scene layout except for a few labels on
four relations (up, down, left, and right) between the assets.
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Do you have any clothes match my new 

bought jeans ? 

How about the black jacket on the leftmost floor rack or the 

grey jacket on the top row of the shelf near the entrance ?

Anything else ? I prefer some fashion t-shirs.

The purple t-shirt on the back middle shelf may meet your 

criteria. 

User

Agent

User

Agent

Figure 1: An example of a virtual scene and a fragment of
dialogue in SIMMC 2.0. Since there are many clothes with
similar visual attributes, it is difficult to talk about a asset
only by its visual attributes.

A number of works have been established on SIMMC
2.0. Based on different multi-modal Visual-Language pre-
training Models (VLM), previous researchers pay more at-
tention to learning the visual attributes of assets. QS Goal
Diggers (Kottur et al. 2021a) and Kakao Enterprise (Lee and
Han 2021) directly insert visual attributes into models input,
while Sogang University (Kottur et al. 2021b) and A-STAR
(Nguyen et al. 2021) build a set of visual attributes predic-
tion tasks in pre-training stage. KAIST (Lee et al. 2022) de-
signs an auxiliary task to predict visual attributes. However,
less attention has been paid to building spatial relations be-
tween assets. All existing models only use the coordinates of
asset bounding boxes as positional information, which can-
not capture spatial relations in the scenes.

As a result, the models can accurately generate ”the black
jacket” but fail to describe more natural referring expres-
sions like ”the black jacket on the leftmost floor rack”. It is
obvious that the later expression is more useful in a scene
including lots of clothes with similar attributes. The combi-
nation of attributes and spatial relations helps people locate
assets quickly. To generate this type of expression, a model
needs to learn not only the visual attributes of each asset but
also spatial relations between different items.

To address above problem, we propose Situated Conver-
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sation Agent PRetrained with Multimodal Questions from
INcremental Layout Graph (SPRING), which is pretrained
with multimodal questions generated from incremental lay-
out graph. In our method, we design Incremental Layout
Graph (ILG) for each scene to capture rich spatial relations
between different scene items. Unlike scene graph (Chang
et al. 2020), an ILG is built using pure textual information
and can be extended incrementally with newly added dia-
logue. And then, two types of Multimodal Question An-
swering (MQA) pre-training tasks and corresponding QA
pairs are collected by traversing nodes (digital assets and
background items) on the ILG. According to the spanned
path length, QA pairs can be automatically annotated with
difficulty levels. Curriculum Learning (Bengio et al. 2009)
is therefore employed for pre-training on a Transformer
(Vaswani et al. 2017) encoder-decoder backbone. Experi-
ments on both SIMMC 1.0 and SIMMC 2.0 show that our
method improves the response quality by a large margin
compared to previous best models.

The main contributions of our work are as follows:

• We first propose a novel approach to build ILGs for vir-
tual scenes from dialogue text incrementally. The ILGs
include scene items with relations. It is worth noting that
this process does not rely on any human annotation.

• Based on ILGs, we introduce two types of new MQA
pretraining tasks that can facilitate model understanding
of visual metadata and spatial relations between different
assets. Pre-training samples are automatically generated
by traversing the ILG, which also generates an accompa-
nying difficulty label for curriculum learning.

• We conduct thorough experiments to verify that our ap-
proach effectively enhances response quality. Our ap-
proach outperforms existing state-of-the-art methods by
a significant margin consistently on all metrics on both
SIMMC 1.0 and SIMMC 2.0.

2 Related Works
Situated Interactive Multimodal Conversations. Con-
versation systems have developed rapidly in recent years,
e.g., task-oriented conversations pretraining (He et al.
2022c,a,b), knowledge-based conversations (Hui et al. 2022;
Wang et al. 2022a) and so on. Among them, multimodal
conversations are the new trend. META releases multimodal
conversation datasets SIMMC (Kottur et al. 2021b) based on
VR shopping stores. There are hundreds of scene snapshots
from different angles. Compared with the previous multi-
modal dialogue datasets MMD (Saha, Khapra, and Sankara-
narayanan 2018) and VisDial (Das et al. 2017), the situ-
ated agent is required to generate more complex visual at-
tributes and more detailed spatial relations to infer digital
assets in the scene. Kottur et al. (2021a) has preliminary
explorations on utilizing visual attributes and spatial rela-
tions. Concretely, DialVinVL (Kottur et al. 2021a) incorpo-
rates slot values about visual attributes with dialogue history
as textual input and concatenates original box coordinates
to region features extracted by the object detector as visual
input. JMGPT (Kottur et al. 2021b) and JointGM (Nguyen
et al. 2021) apply language model to predict visual attributes

and system response jointly. MMBart (Lee et al. 2022) adds
embedded box coordinates to textual embedding as Trans-
former input and designs auxiliary tasks to predict visual at-
tributes according to the output of encoder hidden states. We
can find that their utilized spatial information is all from the
bounding box. Unlike these methods, we first notice the lack
of VLM’s capability for visuality and spatiality, and then
propose MQA pretraining tasks based on incremental layout
graphs which have been successfully applied to (Qiu et al.
2021; Liao et al. 2021; Hui et al. 2021; Qiu et al. 2022).

Visual Language Pretraining. To improve models’ per-
ception of text and image and help them establish connec-
tions between multimodal information, kinds of visual lan-
guage pretraining models are designed. ViLBERT (Lu et al.
2019) and UNITER (Chen et al. 2020) propose to con-
sider the raw output of the detector, a distribution of object
classes, as soft labels and optimize the KL-divergence be-
tween two distributions. LEXMERT (Tan and Bansal 2019)
and UNIMO (Li et al. 2021) propose Masked Region Fea-
ture Regression (MRFR) regresses the masked region fea-
ture to its corresponding original region feature, where rep-
resents images as a sequence of region features by Faster
R-CNN (Ren et al. 2015). Furthermore, SOHO (Huang et al.
2021b) is designed to avoid information leakage from neigh-
bor features when images are converted into grid features or
patch features.

Recently, CLIP (Radford et al. 2021) and ALIGN (Jia
et al. 2021) leverage large-scale image-text pairs to learn
transferable visual representations and exhibit surprising
zero-shot transfer to image classification tasks. VL-T5 (Cho
et al. 2021) and OFA (Wang et al. 2022b) introduce down-
stream tasks, like visual grounding and grounded caption,
into pretraining tasks to narrow the gap between pretrain-
ing and fine-tuning. Unlike these efforts, we design new pre-
training tasks through a unified QA paradigm to improve ex-
isting methods’ visual attributes and spatial relations model-
ing without adding new modules.

3 Methods
Let D = {(Ut, Rt, It)}Tt=1 be an ongoing dialogue between
a user and an agent with T rounds, where Ut is the user
utterance at time step t, Rt is the language response to Ut by
the agent, and It is the accompanying scene image. The task
here is to predict the optimal language response R

′

t, given
the dialog history Ht = [Ui, Ri]

t−1
i=1 , current user utterance

Ut and scene image It, as modeled in Eq (1)

R
′

t = argmaxPθ (Rt | Ht, Ut, It) (1)

where θ is the model learnable parameters.
To solve above problem, we propose a mutimodal dia-

logue model SPRING, which is pretrained with mutlimodal
questions generated from incremental layout graph. In the
following sections, we will introduce model architecture,
ILG generation and MQA pretraining tasks in order.

3.1 Architecture
The backbone of SPRING model is encoder-decoder based
single-stream VLM framework, which are stacks of Trans-
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Do you have a nice coat from 

Downtown Consignment ?

I have the black coat in the second 

row of the third compartment in 

the leftmost cupboard.

My next question is whether you 

have quality t-shirt to show me ?

How about the pink t-shirt in the top 

row on the back display wall and the 

blue t-shirt in the bottom row?

I need a blouse as well.

How about the brown blouse in the 

bottom row on the back display wall 

and the grey blouse in the middle 

row in the second compartment in 

the leftmost cupboard. ?

( Dialogue History  … )

Query Asset 

ID & BBox 

Part of Background Item

Background ItemDigital Asset

Spatial Relationship

Incremental Layout Graph

Agent

User

( Dialogue History  … ) User

Agent

Agent

( Dialogue History  … ) User

Figure 2: Construction of Incremental Layout Graph from dialogue. Digital assets and background items constitute ILG nodes
while spatial relations form ILG edges. ILG is continuously incremented with newly added dialogue under the same scene.

former (Vaswani et al. 2017) layers. The scene image It ∈
Rh×w×c is splitted to P patches. And each patch is projected
to visual embedding of the model hidden size. The dialogue
history and current user utterance are converted to sub-word
sequence by Byte-Pair Encoding (BPE) and then embedded
to textual embedding. All visual embedding and textual em-
bedding are concatenated as model input.

To facilitate SPRING to better understand the informa-
tion of embodied scenes, we propose a series of MQA pre-
training tasks based on layout graphs Gi. As there is no an-
notated layout graph in the SIMMC dataset, we propose an
unsupervised ILG construction method based on natural lan-
guage dialog history.

3.2 Incremental Layout Graph (ILG)

We observe that visual attributes and spatial descriptions
exist in the dialogue history. Compared with dataset an-
notations, the information from dialogue is more detailed.
For example, SIMMC 2.0 annotation only gives bounding
boxes of digital assets and four types of relative position
(up, down, right, left) between them, while dialogues in-
clude the absolute position of background items and their
relative position with assets. A crucial discovery lies in the
co-coreference between dialogue history and response, the
same assets present in the responses to be generated.

Therefore, we propose an ILG generation algorithm to ex-
tract high quality information from dialogues and generate
Incremental Layout Graph (ILG) Gi = ⟨Vi, Ei⟩ to dispose
them, where Vi denotes the node set containing the digital
assets and background items from dialog history and Ei rep-
resents the edge set depicting spatial relations between scene
items Vi.

Textual Information Extraction and Alignment we
consider adopting a rule-based textual information extrac-
tion method, i.e. , regular expression, to extract visual at-
tributes and spatial descriptions from dialogue history with-
out human annotation. The regular expressions RegExpva
and RegExpsd for visual attribute and spatial description
are as follows.

RegExpva = (art.) (color) (asset type) (2)
RegExpsd = (positional prep.) (art.) (.∗?) (punc.) (3)

where art. is article, prep. represents preposition and punc.
means punctuation. Please refer to Appendix for details.
With these two regular expressions, as left part of Figure 2
shows, we can extract visual attribute ”black coat” and spa-
tial description ”in the second row of the third compartment
in the leftmost cupboard” from dialogue history.

Although the visual attributes and spatial descriptions
extracted by the above regular expressions are naturally
aligned because of language features, they are not aligned
with asset IDs, making asset box coordinates unusable. To
solve this problem, we query the color and type of assets
from the database by their IDs to compose visual attributes
like ”black coat” and then try pairing them with the ex-
tracted visual attributes like ”black coat”. If these two visual
attributes match, the corresponding asset ID ”16” can be de-
termined, from which we can get the paired asset IDs, visual
attributes, and spatial descriptions. We further design the fol-
lowing two regular expressions to extract background item
and relative spatial relation from extracted spatial descrip-
tions.

RegExpbi = (background item) (4)
RegExpsr = (positional prep.) (5)
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[Pure Visual QA]  What is the type of asset 
9 and 16 ?

[Region-Guided Visual QA] What is the 
color of asset 42 in region ? Region: [656, 
263, 701, 399]

[Position-Guided Visual QA]  What are 
types of asset 20 in second row of the third 
compartment and asset 42 in the top row 
on the back display wall?

[Pure Spatial QA] Where is asset 33 , 9 and 
20?

[Region-Guided Spatial QA] Where is asset 
16 in region ? Region: [412, 323, 479, 588]

[Visual Attribute-Guided Spatial QA] Where 
is the pink t-shirt and grey blouse ?

Spatial QA

Visual QA

SPRING

Blouse and coat.

Pink.

Blouse and t-shirt.

In the bottom row, in the bottom row 
on the back display wall and in the 
second row of the second compartment 
in leftmost cupboard.

In the second row of the third 
compartment in the leftmost cupboard.

In the top row on the back display wall.

2

1

5

8

4

2

N
Difficulty 

Level

Curriculum Learning

ILG

Figure 3: Demonstration of SPRING model and two types of MQA pretraining tasks, Visual QA and Spatial QA.

QA TYPE QUESTION TEMPLATE ANSWER

PVQA What is the [visual attribute type] of item [asset ID]? [visual attribute value]
RVQA What is the [visual attribute type] of item [asset ID] in region? Region: [x1, y1, x2, y2] [visual attribute value]
POVQA What is the [visual attribute type] of item [asset ID] [position]? [visual attribute value]
PSQA Where is the item [asset ID]? [position]
RSQA Where is the item [asset ID] in region? Region: [x1, y1, x2, y2] [position]
VSQA Where is the [item color] [item type] [asset ID]? [position]

Table 1: QA pair template. Square brackets ‘[∗]’ represent slots to be filled by traversing ILGs.

where RegExpbi and RegExpsr denote regular expressions
for background item and spatial relation, prep. represents
preposition. With these two regular expressions, as middle
part of Figure 2 shows, we can extract background items
”second row”, ”third compartment” and ”leftmost cup-
board” and relative spatial relations ”in”, ”of” from spatial
description obtained previously.

Incremental Layout Graph Generation With rich infor-
mation extracted from a sample of dialogue history, lay-
out sub-graph can be generated as middle part of Figure 2
shows. In the layout sub-graph, digital asset node store its
visual attributes like ”black coat” and asset ID ”16” while
background item nodes store background items like ”sec-
ond row”, ”third compartment” and ”leftmost cupboard”.
Spatial relations and queried bounding boxes are utilized to
define layout sub-graph edges. As the right part of Figure 2
shows, the scene ILG continuously increments with newly
added sub-graph about the same scene, which finally can
include all digital assets, background items, and spatial rela-
tions between them under this scene. Mining information on
the ILG is simple but effective. The visual attributes can be
easily obtained by traversing the ILG nodes, while multiple
types of spatial relations can be inferred by walking along
the ILG edges.

3.3 ILG-Based MQA Pre-training Tasks
To enhance response generation quality of visual attributes
and spatial relations, we design visual QA pre-training task

and spatial QA pre-training task based on Multimodal Ques-
tion Answering (MQA), which respectively contain three
types of novel sub-tasks. As shown in Figure 3 and Table
1, all QA pairs are automatically generated by traversing
ILG and filling the corresponding template. The QA pair
generation algorithm is displayed in Algorithm 1. Formula-
rly, we use the question template filling function Qtype(·) to
generate question, Atype represents corresponding answer,
Typeva means visual attribute type, IDasset denotes asset ID,
Iscene is scene image, BBoxasset means asset region coor-
dinates, tsr represents spatial relation, tva is visual attribute,
tbi denotes background item.

Visual QA
Pure Visual QA (PVQA) As the most basic visual QA
task, the goal of Pure Visual QA is to help the model es-
tablish connections between asset ID and corresponding vi-
sual attributes when a scene image is provided. We design
PVQA template in which the question prompts the type of
visual attribute and asset ID. The pure visual question can
be generated by traversing the asset nodes of ILG and filling
[assetID] slot in the template while answers are gener-
ated based on the visual attributes stored in asset nodes. The
objective of PVQA task is the following.

Lθ = −
∑N

i=1 logPθ (Apv | Qpv(Typeva, IDasset), Iscene) (6)
Region-Guided Visual QA (RVQA) To improve the
model’s ability of locating asset and describing its visual
attribute by region visual context, we design RVQA tem-
plate based on PVQA, in which the question is guided by
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asset region coordinates and asset ID. The region-guided
visual question can be generated by traversing asset nodes
of ILG and filling [assetID], bounding box coordinates
[x1,y1,x2,y2] slots in the template. The corresponding
answer is produced based on the visual attributes stored in
asset nodes. The objective of RVQA task is the following.

Lθ = −
∑N

i=1 logPθ (Argv | Qrgv(Typeva, IDasset,BBoxasset), Iscene) (7)

Algorithm 1: QA Pair Generation
Input:

ILG Gi = ⟨Vi, Ei⟩, QA template list T
Output:

QA pair list QA, difficulty label list DL
1: Initialize QA pair list QA and difficulty label list DL
2: for node in Ei do
3: if TypeOf(node) = ”background item” then
4: Skip node
5: /* Get information from digtal asset node */
6: (tva, IDasset, BBoxasset)← GetInfo(Gi, node)
7: /* Walk from node to get spatial relations */
8: (tbi, tsr)←Walk(Gi, node)
9: tslot ← (tva, tbi, tsr, BBoxasset, IDasset)

10: for template in T do
11: /* Fill in the template */
12: (qa, dl)← FillIn(template, tslot)
13: Add QA← qa,DL← dl

Position-Guided Visual QA (POVQA) In the conversa-
tions, instead of region coordinates, an agent has to locate
asset by its spatial information no matter when understand-
ing user utterances or making recommendations. To bring
the question closer to a real conversation, we design POVQA
template by replacing region coordinates in RVQA with spa-
tial relations. For position-guided visual question template,
the [assetID] slot can be filled by traversing asset nodes
of ILG while the [position] slot is filled by spatial rela-
tion path between asset nodes and background item nodes.
The corresponding answer is produced based on the visual
attribute stored in asset nodes. The objective of POVQA task
is the following.

Lθ = −
∑N

i=1 logPθ (Apgv | Qpgv(Typeva, IDasset, tsr), Iscene) (8)

Spatial QA

Pure Spatial QA (PSQA) As the most basic spatial QA
task, the goal of PSQA is to help the model establish connec-
tions between asset ID and corresponding spatial relations
when a scene image is provided. We design PSQA template
in which the question only prompts ”where” and asset ID.
The pure spatial question can be generated by traversing the
asset nodes of ILG and filling [assetID] slot in the tem-
plate, while answers are generated based on the spatial rela-
tion paths between the background item node and the asset
node. The objective of PSQA task is the following.

Lθ = −
∑N

i=1 logPθ (Aps | Qps(IDasset), Iscene) (9)

Region-Guided Spatial QA (RSQA) To improve the
model’s ability of locating an asset and describing its spatial
relations by region visual context, we design RSQA tem-
plate based on PSQA, in which the question is guided by
asset region coordinates and asset ID. The region-guided vi-
sual question can be generated by traversing asset nodes of
ILG and filling the slots of [assetID], bounding box coor-
dinates [x1,y1,x2,y2] in the template. The correspond-
ing answer is produced based on the spatial relation paths
between the background item node and the asset node. The
objective of RSQA task is the following.

Lθ = −
∑N

i=1 logPθ (Args | Qrgs(IDasset,BBoxasset), Iscene) (10)

Visual Attribute-Guided Spatial QA (VSQA) In the
conversations, instead of region coordinates, an agent has
to locate an asset by its visual attribute no matter when un-
derstanding user utterances or making recommendations. To
bring the question closer to a real conversation, we design
VSQA template by replacing region coordinates in RSQA
with visual attributes (e.g. color, type). For spatial-guided vi-
sual question template, the [assetID] slot can be filled by
traversing asset nodes of ILG while the [item color] and
[item types] slots are filled by the visual attribute stored
in asset nodes. The corresponding answer is produced based
on the spatial relation paths between the background item
node and the asset node. The objective of VSQA task is the
following.

Lθ = −
∑N

i=1 logPθ (Avags | Qvags(IDasset, tva), Iscene) (11)

3.4 MQA-Based Curriculum Learning
Automatic Difficulty Level Annotation When generat-
ing QA pairs by walking on the ILG, the number of nodes
spanned by the pathway can be recorded. The more nodes
the path passes through, the more scene information con-
tained in the corresponding QA pair, which means that the
multimodal dialogue model needs more hops to make infer-
ences. Therefore, we automatically label the difficulty level
of each QA pair according to the number of nodes the path
spans. For example, when generating the question “Where is
the brown jacket 83 & 1055?” and the answer “it is on the
floor rack near the entrance.”, one asset node “brown jack
83 & 1055” and two background item nodes are spanned on
the ILG. The difficulty level of this QA pair is annotated as
3. The following is the formal expression.

d =
|Vspanned|

D (12)

where d denotes the normalized difficulty level of QA pair,
|Vspanned| represents the number of ILG nodes spanned by
corresponding path, D is the maximum value of ILG nodes
spanned by the QA pair path in the dataset.

Pretraining Strategy With automatically annotated diffi-
culty labels, we propose MQA based curriculum learning
to activate the potential of our designed MQA pretraining
tasks. We define the model competence c as follows.

c(t) = γ
√
α t

T + β
(
1− t

T

)
min2(d) (13)
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MODELS BLEU-1 BLEU-2 BLEU-3 BLEU-4 METEOR ROUGE CIDEr VISUAL SPATIAL

SIMMC 1.0
MN-MAG (Kim et al. 2021) 27.28 16.75 12.32 9.50 16.62 32.35 0.8694 9.49 9.10
Tom (Jeong et al. 2021) 28.95 18.81 14.23 11.10 18.83 38.18 1.5014 11.13 10.17
JBi-encoder (Huang et al. 2021a) 26.76 16.76 12.49 9.60 17.65 36.46 1.2345 9.73 9.43
SPRING (Ours) 32.46 22.15 17.23 13.77 20.75 40.51 1.6329 13.53 12.60

SIMMC 2.0
MTN (Kottur et al. 2021b) 62.38 44.52 32.90 21.70 21.38 38.50 1.1207 19.91 14.95
JMGPT (Kottur et al. 2021b) 51.05 35.03 24.66 19.20 14.73 29.18 0.7738 13.67 11.54
JMGPT-BS (Kottur et al. 2021a) 64.86 48.86 37.91 28.38 22.43 43.88 1.9669 22.10 14.56
JointGM (Nguyen et al. 2021) 64.40 48.54 37.69 34.62 21.91 42.44 1.8265 21.77 15.82
MMBart (Lee et al. 2022) 69.89 52.99 41.32 33.10 24.79 46.60 2.1887 26.19 21.11
DialVinVL (Kottur et al. 2021a) 75.38 57.42 44.92 34.90 27.09 51.24 2.3426 29.92 22.55
GPTDeIT (Lee and Han 2021) 68.43 52.23 40.95 28.50 24.81 47.80 2.2271 25.04 18.06
GLIMMeR (Hemanthage et al. 2021) 74.05 56.85 44.88 35.31 27.48 50.92 2.4952 32.70 22.58
SPRING (Ours) 83.29 64.75 52.41 42.49 31.90 57.12 3.1351 38.87 30.77

Table 2: Comparison on SIMMC 1.0, SIMMC 2.0 dataset, visual and spatial subsets. Our model consistently outperforms strong
baselines by a large margin on 7 widely-used metrics.

where t is the index of current training step, T represents
the maximum number of training steps, min2(d) means the
minimum value of difficulty level d, α and β are hyper-

parameters, γ is determined by α as
√

1
α . Here we set α

to 1.2 and β to 0.8. At a given training step t, QA pair with
difficulty smaller than or equal to c(t) (i.e. d ≤ c(t)) will be
sampled for training. As such, our pretraining strategy fo-
cuses on QA pairs with lower difficulty in the early stage,
aiming at helping the model form preliminary perception
and inference capabilities for scene items. In the middle and
late stages, more difficult QA pairs are added, which im-
proves the model’s ability to generate visual attributes and
spatial relations for multiple assets.

After MQA pretraining, SPRING model is fine-tuned on
the SIMMC response generation task. The auto-regressive
language modeling objective is the following.

Lθ = −
∑N

i=1 logPθ (Ri | Hi, Ui, Ii) (14)
where N denotes the total number of training samples.

4 Experiment
4.1 Setup
Datasets. To evaluate the performance of the proposed
model, we first conduct experiments on widely-used situated
multimodal dialogue datasets SIMMC 1.0 and SIMMC 2.0.
The SIMMC 2.0 dataset contains 7.2k fashion dialogs and 4k
furniture dialogs, respectively. There are around 290 digital
assets for fashion and 110 assets for furniture, which are re-
arranged within seed scenes to generate 160 different scenes.
The SIMMC 1.0 dataset includes 6.6k fashion dialogs and
6.4k furniture dialogs. We evaluate model performance on
the dev-test split of SIMMC 1.0 and SIMMC 2.0, which has
the same scale as the test-std 1 dataset.

In addition, we invite human experts to filter responses
with visual attribute or spatial relation from SIMMC 1.0 and
SIMMC 2.0 dev-test split to construct Visual Subset and
Spatial Subset. We further evaluate models on these two
subsets to prove the effectiveness of our model.

1Not publicly available as a test set for the DSTC competition.

Evaluation Metrics. The official metric adopted by
SIMMC 2.0 response generation task is BLEU-4, which only
focuses on n-grams overlap between the predicted and tar-
get response. For a more comprehensive comparison, we add
widely-used machine generation metrics: BLUE-n (Papineni
et al. 2002), METEOR (Banerjee and Lavie 2005), ROUGE
(Lin and Hovy 2003) and CIDEr (Vedantam, Zitnick, and
Parikh 2015) metrics. Compared with the accuracy based
BLEU metric, METOR and ROUGH pay attention to recall
and calculate how many n-grams from the target response
exist in the predicted response, while CIDEr uses TF-IDF to
assign larger weights to infrequent phrases.

Implementation Details. Our model is based on Trans-
former (Vaswani et al. 2017) structure with 12 layers, where
ever Transformer block has 768 hidden units and 12 atten-
tion heads. Each patch is projected to features of the same
size as the hidden units. We initialize SPRING parameters
from pretrained VLM, i.e. , OFA (Wang et al. 2022b). Dur-
ing pretraining, our model is trained for 4 epochs with 8
batch sizes on 8 TESLA V100 GPU. Adam (Kingma and
Ba 2015) is adopted as optimizer with a 4e-4 learning rate.
Besides, the dropout rate is set to 0.2 to prevent over-fitting.
During fine-tuning stage, we train 60 epochs on the SIMMC
train set with a learning rate of 4e-5 and a batch size of 16.

Compared Methods. We compare SPRING with strong
baseline methods from SIMMC 1.0 and SIMMC 2.0. On
SIMMC 1.0, MN-MAG (Kim et al. 2021) adopts a memory
network as encoder and designs multimodal fusion gate to
fuse information. Tom (Jeong et al. 2021) esambles predic-
tion results from several GPT-2 models. JBi-encoder (Huang
et al. 2021a) is jointly trained to predict belief state and re-
sponse. On SIMMC 2.0, MTN (Le et al. 2019) separately en-
codes multimodal input while the visual encoder is guided
by a query-aware attention encoder. JMGPT (Kottur et al.
2021b) trains a multi-task GPT2-large, which takes dialogue
history and flattened multimodal contexts as input. Further-
more, JMGPT-BS (Kottur et al. 2021a) extends JMGPT by
inferring with different beam search sizes. MMBart (Lee
et al. 2022) adds box coordinates embedding to textual in-
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MODELS SIMMC 2.0 VISUAL SPATIAL

VLM 38.22 34.67 25.04

VLM
w/ PVQA 40.75 36.54 27.58
w/ RVQA 41.27 37.02 27.22
w/ POVQA 40.89 35.94 28.08
w/ (PVQA + RVQA + POVQA) 41.36 37.59 28.24

VLM
w/ PSQA 41.18 36.05 28.30
w/ RSQA 40.77 35.42 28.18
w/ VSQA 40.40 36.34 27.97
w/ (PSQA + RSQA + VSQA) 41.56 36.25 28.49

VLM
w/ all QA 41.92 38.52 30.18
w/ (all QA + CL) 42.49 38.87 30.77

Table 3: Ablation study on SIMMC 2.0 with BLEU-4.

put and proposes auxiliary tasks to predict asset attributes.
DialVinVL (Kottur et al. 2021a) is based on VinVL-Base
(Zhang et al. 2021), concatenates original box coordinates
to region features as visual input, and incorporates dialogue
history with dialogue policy as textual input. GPTDeIT (Lee
and Han 2021) utilizes GPT2-large (Radford et al. 2019)
as the text model to encode dialogue history and flattened
slot values and DeIT-I (Touvron et al. 2021) as the image
model to encode assets referenced by current turn utterance.
JointGM (Nguyen et al. 2021) leverages BART-large (Lewis
et al. 2020) to predict disambiguation label, belief state and
response jointly according to inputted dialogue history. Sim-
ilar to GPTDeIT, GLIMMeR (Hemanthage et al. 2021) also
leverages GPT2-large and utilizes asset scene ID to help
the model understand the semantics of each asset. Notably,
GLIMMeR is the state-of-the-art method on SIMMC 2.0 and
achieves the winner of the DSTC10.

4.2 Overall Performance
Table 2 displays the results of the model on the SIMMC
1.0 and SIMMC 2.0 dataset response generation task. It
can be seen that SPRING has exceeded previous models
by a large margin and achieved state-of-the-art results on
all representative machine generation metrics. On SIMMC
2.0, the significant increased percentage on BLEU-n mani-
fests our model successfully utilizing more accurate words
and phrases to make responses. Our model also shows ex-
cellent performance on recall-based metrics METEOR and
ROUGE, of which the score improvements reach 4.42 and
6.2. When the CIDEr metric pays more attention to infre-
quent n-grams, SPRING still outperforms GLIMMeR with
0.64 on CIDEr. Besides, according to the right part of Ta-
ble 2, our model exhibits the highest BLEU-4 scores on the
visual subset and spatial subset, which verifies the improve-
ment of our model is produced by its better understanding
of visual attribute and spatial relation and ability to conduct
reasoning with aligned information to generate more accu-
rate responses.

4.3 Detailed Analysis
Ablation Study. As shown in Table 3, we perform abla-
tion experiments to evaluate the effectiveness of each pre-
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Figure 4: The human evaluation results on SIMMC 2.0.

training task and curriculum learning strategy in SPRING.
It can be observed that each MQA pretraining task brings
significantly BLEU-4 improvement on the complete SIMMC
2.0 dataset compared with the basic VLM model. Specifi-
cally, VLM models pretrained with all visual QA tasks per-
form 2.92 higher than baseline on the Visual Subset, while
VLM models pretrained with all spatial QA tasks display
3.45 improvement compared with baseline on the Spatial
Subset, which can verify that visual QA and spatial QA re-
spectively prompt model’s ability of describing visual at-
tribute and spatial relation. Besides, the last two rows fur-
ther prove that our designed curriculum learning pretraining
strategy effectively activates the potential of QA pretraining
tasks and boosts model performance.

Human Evaluation. The human evaluation mainly fo-
cuses on 4 aspects: fluency, relevance, correctness, and
informativeness, which are important for task-oriented di-
alogue systems. We randomly select 500 dialogues from
SIMMC 2.0 dev-test dataset as candidates, and then filter
these dialogues from the results generated by DialVinVL,
GLIMMeR, and our model. We release evaluation task on
Amazon Mechanical Turk (AMT) and make the last re-
sponse of every selected dialogue evaluated by 10 different
evaluators. Each evaluator scores 1500 generated responses
on 4 aspects according to golden response in blind review
from 1 to 5, simulating a real-life multimodal dialogue sce-
nario. As shown in 4, it can be observed that our model con-
sistently outperforms the other two models on all metrics,
which is in line with automatic evaluation results.

5 Conclusion

In this paper, we propose a novel situated conversation agent
pretraining method named SPRING. Specifically, all QA
pairs and their difficulty labels used in pretraining are gener-
ated from our Incremental Layout Graph without any extra
human annotations. Experimental results on SIMMC 1.0 and
SIMMC 2.0 show that SPRING greatly surpasses previous
models and describes visual attributes and spatial relations
more accurately.
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