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Abstract

Humans learn from life events to form intuitions toward-
s the understanding of visual environments and languages.
Envision that you are instructed by a high-level instruction,
“Go to the bathroom in the master bedroom and replace the
blue towel on the left wall”, what would you possibly do
to carry out the task? Intuitively, we comprehend the se-
mantics of the instruction to form an overview of where a
bathroom is and what a blue towel is in mind; then, we
navigate to the target location by consistently matching the
bathroom appearance in mind with the current scene. In
this paper, we present an agent that mimics such human
behaviors. Specifically, we focus on the Remote Embod-
ied Visual Referring Expression in Real Indoor Environ-
ments task, called REVERIE, where an agent is asked to
correctly localize a remote target object specified by a con-
cise high-level natural language instruction, and propose
a two-stage training pipeline. In the first stage, we pre-
train the agent with two cross-modal alignment sub-tasks,
namely the Scene Grounding task and the Object Grounding
task. The agent learns where to stop in the Scene Ground-
ing task and what to attend to in the Object Grounding
task respectively. Then, to generate action sequences, we
propose a memory-augmented attentive action decoder to
smoothly fuse the pre-trained vision and language repre-
sentations with the agent’s past memory experiences. With-
out bells and whistles, experimental results show that our
method outperforms previous state-of-the-art(SOTA) signif-
icantly, demonstrating the effectiveness of our method.

1. Introduction

Vision and Language tasks, such as Vision-and-Language
Navigation (VLN) [2], Visual Question Answering
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(VQA) [3, 4] and Referring Expression Comprehension
(REF) [17, 40, 39] etc., have been extensively studied in the
wave of deep neural networks. In particular, VLN [2, 5]is a
challenging task that combines both natural language under-
standing and visual navigation. Recent works have shown
promising performance and progress. They mainly focus on
designing agents capable of grounding fine-grained natural
language instructions, where detailed information is provid-
ed, to find where to stop, for example “Leave the bedroom
and take a left. Take a left down the hallway and walk s-
traight into the bathroom at the end of the hall. Stop in
front of the sink” [10, 23, 37, 36, 34, 18]. However, a prac-
tical issue is that fine-grained natural language instructions
are not always available in real life and human-machine in-
teractions are mostly based on high-level instructions such
as “Go to the bathroom at the end of the hallway”. In oth-
er words, designing an agent that could perform high-level
natural language interpretation and infer the probable target
location using knowledge of the environments is of more
practical use.

In this paper, we focus on the REVERIE task [30] which
is an example of the above mentioned high-level instruc-
tion task. Here, we briefly introduce the settings. Given a
high-level instruction that refers to a remote target object at
a target location within a building, a robot agent spawns at
a starting location in the same building and tries to navigate
closer to the object. The output of the task is a bounding box
encompassing the target object. The success of the task is
evaluated based on explicit object grounding at the correc-
t target location. A straightforward solution is to integrate
SOTA navigation model with SOTA object grounding mod-
el. This strategy has proven to be inefficient in [30] and
instead, they proposed an interactive module to enable the
navigation model to work together with the object ground-
ing model. Although the performance is improved, we ob-
serve that such method has a key weakness: it is unreason-
able to discern high-level instruction by directly borrowing
the fine-grained instruction navigation model that consists
of simple trainable language attention mechanism based on
the fact that the perception of high-level instruction primar-
ily depends on commonsense knowledge prior as well as
past experiences in memory. Therefore, the overall design
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is not in line with human intuitions in high-level instruction
navigation.

Scene Grounding Task Object Grounding Task

"W .

~s.

Go to the closet on the second level
and bring me the clothes bag

Go to the closet on the second level
and bring me the clothes bag

Figure 1. The overview of two pre-training tasks, the Scene
Grounding task and the Object Grounding task. The Scene
Grounding task empowers the agent the ability to reason where
the target location is and the Object Grounding task learns what to
attend to.

Designing an agent to solve the problem like the
REVERIE task is still under explored and there are stil-
1 no systematic ways to design such an agent. Then, how
does human wisdom solve this task? Human beings have in-
stincts to understand surrounding visual environments and
languages. Intuitively, given a high-level instruction, we
would first extract high-level what and where information
and then form an overview of the appearance of the target
location in mind based on common sense knowledge. Dur-
ing navigation, we would consistently match current scene
and objects in the scene to the instruction semantics and
decide where to navigate next. According to such intuition-
s, we approach this problem from a new perspective and
present an agent that imitates such human behaviors. Con-
cretely, we define our problem as designing an agent that
is able to solve where and what problem in the REVER-
IE task. We propose a two-stage training pipeline. In the
first stage, we design two pre-training tasks, mimicking the
aforementioned two human intuitions. The second stage is
training the agent with a memory-augmented attentive ac-
tion decoder, further increasing the agent’s navigation ca-
pability under high-level instructions.

Pre-training Stage. As is shown in Fig. 1, we intro-
duce a new subtask called the Scene Grounding task that is
trained to recognize which viewpoint in a set of viewpoints
is best aligned with the high-level instruction and another
subtask called the Object Grounding task that helps the a-
gent identify the best object that matches to the instruction
among a set of candidate objects located at a target view-
point. Experimental results show that the Scene Grounding
model recognizes the target viewpoint with a high accuracy
and the Object Grounding model outperforms the previous
best model used in [41, 30] by more than 10%.

Action Decoding Stage. In this stage, with the pre-
trained models serving as scene and language encoders, we
propose a memory-augmented attentive action decoder that
leverages a scene memory structure as the agent’s internal
past state memory. This design is based on the fact that
the computation of action at a specific time step could de-

pend on any provided information in the past. Experimental
results indicate that the proposed structure is effective and
achieves new state-of-the-art performance.

To sum up, this paper has the following contributions:

e We propose a new framework that borrows human in-
tuitions for designing agent capable of understanding
high-level instructions, which closely integrate navi-
gation and visual grounding in both training and in-
ference. Specifically, the visual grounding models are
pre-trained and serve as vision and language encoders
for training navigation action decoder in the training
phase. In inference, the action is predicted by consid-
ering logits from both the visual grounding models and
the navigation decoder.

e We introduce two novel pre-training tasks, called
Scene Grounding task and Object Grounding task, and
a new Memory-augmented attentive action decoder in
our framework. The pre-training tasks attempt to help
the agent learn where to stop and what to attend to,
and the action decoder effectively exploits past obser-
vations to fuse visual and textual modalities.

e Without bells and whistles, our method outperform-
s all previous methods, achieving new state-of-the-art
performance on both seen and unseen environments on
the REVERIE task.

2. Related Work

Vision-and-Language Navigation and REVERIE. In VL-
N, an agent is required to navigate to a goal location in a
3D simulator based on fine-grained instructions. [2] pro-
posed the Matterport3D Simulator and designed the Room-
to-Room task. Then, a lot of methods have been proposed
to solve this task [10, 37, 36, 34, 18]. On the other hand,
the recently proposed REVERIE task [30] is different from
traditional VLN in that it requires an agent to navigate and
localize target object simultaneously under the guidance of
high-level instruction. The model they proposed trains the
navigation model with the interactive module that work-
s together with the object grounding model [41], in the
hope that the model could learn to understand high-level
instruction in a data-driven manner. However, our motiva-
tion is essentially different in that we inject commonsense
knowledge prior and past memory experiences into the ac-
tion policy taking into consideration the human perception
in dealing with such high-level instruction navigation prob-
lems. Specifically, we introduce two pre-training tasks and
a memory based action policy to make the agent become
scene-intuitive. Moreover, our pre-training tasks differ from
the ones proposed in [10, 42, 24] in that their motivation is
based on the fact that the ground truth navigation path is
actually hidden in the fine-grained instruction, which is not
the case in high-level instruction navigation.

Memory-based policy for navigation tasks. Various
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memory models have been extensively studied for navi-
gation agents, including unstructured memory [14, 26, 38,
, 25, 7], addressable memory [27, 28], topological mem-
ory [31], and metric grid-based maps [I1, 1], etc. Un-
structured memory representations, such as LSTM mem-
ory, have been used extensively in both 2D and 3D environ-
ments. However, the issue of RNN based memory is that it
does not contain context-dependent state feature storage or
retrieval and does not have long time memory [1, 16, 9]. To
address these limitations, more advaneced memory struc-
tures, such as addressable, topological, and metric based
memory are proposed. In this paper, we adopt a simple
adressable memory structure. The aim of using such a sim-
ple design is 1) to intentionally make it lightweight, thus
reducing computational overhead, since the computation-
al cost is important in REVERIE and our pipeline already
contains heavy models; 2) to improve the performance of
the overall pipeline rather than designing a more advanced
memory superior to others. Besides, in VLN, the metric
map memory construction requires finegrained language in-
struction as guidance, which is not available in our task, and
building the topological memory requires pre-exploration of
the environment, a technique that is certainly helpful to our
agent but is beyond the discussion of this paper.
Vision-and-Language BERT based referring expression
comprehension. Recent years have witnessed a resurgence
of active research in transferrable image-text representa-
tion learning. BERT-based models [8&, 33, 32, 22, 6, 21]
have achieved superior performance over multiple vision-
and-language tasks by transferring the pre-trained model on
large aligned image-text pairs to other downstream tasks. In
BERT-based VLN, the most related agents to ours are [12]
and [24]. [12] treats VLN as a vision-and-language align-
ment task and utilizes a pre-trained vision-and-language
BERT model to predict action sequence while [24] formu-
lates VLN as an instruction and path alignment task and
adopts a pre-trained vision-and-language BERT model to
find the best candidate path that matches to the instruc-
tion given. However, our work differs from others in that
we propose a generalized pipeline that mimics human in-
tuitions to solve the high-level instruction navigation task
where vision-and-language BERT model is a building block
which can be customized to other vision-language align-
ment block. Experimental results show that the main per-
formance gain comes from our proposed pipeline.

3. Method

In the REVERIE task, an agent placed at a starting loca-
tion navigates to the target location to localize an objec-
t specified by a high-level instruction. To carry out this
difficult task, we propose a novel pipeline that contains a
scene grounding model, an object grounding model, and a
memory-based action decoder. We make two claims of our

design choice: first, to better grasp the semantics of high-
level instructions, we choose VILBERT model as our ba-
sic building block to serve as vision-and-language encoder;
second, since scene grounding task and object grounding
task are two essentially different tasks, we do not share the
basic building blocks for these two tasks. In general, we
decompose our method into two stages, as shown in Fig. 2,
namely the pre-training stage and the action decoding stage.
In the following sections, we first introduce the pre-training
tasks; then we illustrate the memory-based attentive action
decoder and finally, the loss function used to train the agent.

3.1. ViLBERT introduction

In this section, we briefly introduce the input and output
arguments of a VILBERT model [21] as shown in Fig. 3.
A VILBERT model is a BERT-based model that consists of
two input streams, vision encoding stream and language en-
coding stream, followed by a cross-modal alignment Trans-
former block. The inputs to VILBERT model are sequence
of words and visual features respectively and the outputs
are corresponding encoded word sequence features as well
as visual sequence features. We use VILBERT as our base
model (basic building block) for the Scene Grounding task
and the Object Grounding task. In Scene Grounding task, a
panorama viewpoint image is discretized into 36 view im-
ages and the inputs are sequence of words in the instruction
and 36 mean-pooled features extracted from 36 view im-
ages by a ResNet-152 CNN pre-trained on ImageNet [19].
In Object Grounding task, the inputs are sequence of words
in the instruction and all annotated bounding boxes features
extracted by Mask R-CNN [13] in a target viewpoint.

3.2. Overview of the proposed method

Settings. To formalize the task, we denote a given high-
level instruction as L = {lk}kNLI where [V is the number
of words in the instruction L and a set of viewpoints as
v = {Vk}gil where N, is the number of viewpoints in
the environment. At each time step ¢, the agent observes
a panoramic view V;, a few navigable views O; and a set
of annotated bounding boxes B;. The panoramic view is
discretized into 36 single views by perspective projection-
s, each of which is a 640 x 480 size image with ﬁeld of
view set to 60 degrees, and is denoted by V; = {Um}fil.
O; = {vtﬂ»}iv:“l C V; where N, is the maximum naviga-
ble directions at a viewpoint V;. Each v, ; is represented as
vy; = ResNet(v;;). Thus, V, = {vm}fil. Besides, the
set of annotated bounding boxes at viewpoint V; is denot-
ed by By, = {bt,i}l],v:bl where Ny, is the number of bounding
boxes. Mask R-CNN [13] is used to extract bounding boxes
features B; = {bt7i}£\[:”1, where b, ; = MRCNN (b ;).
Stage 1(a): Scene Grounding Task. We formulate the
task as finding a viewpoint that best matches to a high-
level instruction L in a set of candidate viewpoints vg.
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Figure 2. The overall pipeline of our method. The green part of the figure denotes the memory module where current viewpoint feature
V'+ and previous action feature a;—1 are embedded and stored in the Memory. Transformer blocks are used to generate s¢. The red
rectangles represent two pre-trained models, namely Scene Grounding model and Object Grounding model. ViL Encoder consists of
ViLBERT and BiLST M and ViLPointer is ViLBERT trained on viewpoint-based object grounding task. At each time step ¢, the
agent perceives the instruction with viewpoint features and object features simultaneously. Action prediction is made by the Action Select
part where an attentive structure is applied. The final action is generated by considering scene grounding score gsg4, object grounding score
Jog and action logit I;. The dashed dot lines are used only for illustration purposes.

vs = {Vi|Vik € v} C v. Concretely, we define a mapping
function g, (, ) that maps (L, V}) to a matching score. The
formula is defined as follows,
Vi = argmax gs4(L, ResNet(Vy)) (1)
Vi €Evs
Stage 1(b): Object Grounding Task. The goal of this
task is to identify the best matching object among a set of
candidate objects located at a target viewpoint. We denote
Vr as a target viewpoint and its corresponding annotated
bounding boxes set is By. We define another compatibility
matching function g, (, ) that produce matching scores for
all objects with a high-level instruction L. Thus, the prob-
lem is defined as follows,

},i = arg max gog(L, MRCNN (br;)) )
br,;€Br

Stage 2: Memory-augmented action decoder. To mit-
igate the memory problem presented in previous section,
a scene memory structure M ; is implemented to store the
embedded observation and previous action at each time step

t. The memory is updated by,
softmax(V (W ih, 1))V,
st = FC([a;—1,v4]),
Mt = Update(Mt_l, St)
where s; is current state representation; v, is attentive vi-

sual feature;h;_; and a;_; are last time step hidden s-
tate and action embedding respectively;W; € R2048xDn

vy

3)

is a trainable parameter. F'C stands for fully connect-
ed layer. The Update operation appends s; to M.
V, € R30x2048 5 ¢ RIX2048 o c RIX3200 g ¢
R*Pr h, € RO M, € R*Dn,

Fully Connected Layer =) Matching Score sc;.

Vision Branch
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L: walk into the living room and sit
down in the chair closest to the stairs

Sc={sci, scz, sc5, sc, sc5}
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Figure 3. The pipeline of the Scene Grounding Task. We for-
mulate this task as a 5-way multiple choice problem. Each
(L, ResNet(Vy)) pair is sent to the ViL BERT model separately
to generate alignment score sci. The panorama viewpoint image
here denotes the discretized 36 view images in a viewpoint. We
mark the beginning of the image sequence with a special token
I MG and the language with C LS.

3.3. Scene Grounding Task

The goal of this task it to help the agent infer where the tar-
get location is. Given a high-level instruction, “Bring me
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the jeans that are hanging up in the closet to the right”, hu-
mans first locate the where information, the key word clos-
et, by capturing the semantics of the instruction according
to the language context and commonsense knowledge and
then form an overview of the appearance of the closet in
mind; then, humans navigate to the target location by con-
sistently matching the closet appearance in mind with cur-
rent scene. In fact, humans have gradually formed intuitions
towards the understanding of scenes, instructions and tasks
in life. For language instructions in relatively simple life
scenes that do not involve complex reasoning, they usually
directly merge the above two processes for direct percep-
tion and understanding. We call this process as context-
driven scene perception. In this section, we propose Scene
Grounding task to imitate such human behavior.

Based on the observation, we believe that a model that
could evaluate the alignment between an instruction and a
viewpoint is able to localize the target viewpoint. There-
fore, to implement this idea, we create a dataset from the
REVERIE training set and fine-tune a VILBERT model
on the dataset. Specifically, we adopt a 5-way multiple
choice setting. We eliminate subscript for simplicity con-
cern. Given an instruction L, we sample 5 viewpoints
{Vi*, V5, V5, V, 7, V5 }, out of which only one is aligned
to the instruction (or in other words, positive). In detail,
we choose the ending viewpoint in the ground-truth train-
ing path as V1+, the second last viewpoint along the ground-
truth path as V,~ which is a hard negative sample and ran-
dom sample V5, V™ from the rest of the viewpoints along
the path, and V™~ from other path . Then, we run the ViL-
BERT model on each of the (L, V) pair. As is shown in
Fig. 3, the output tokens C'LS and IM G encode instruc-
tion representation hopg as well as viewpoint representa-
tion hjyre respectively. We define the matching scores as
Sc and train the model with cross entropy loss L.

Sc = {scy, sca, sc3, ey, SC5 }
sck = gsg(L, ResNet(Vi,)) = Wa(h¢ s © hiy)
Ly = CELoss(softmax(Sc),1(V;"))

“)
where W, € RYX1924 5 4 trainable parameter and 1(.) is
indicator function. hf.; ¢ € R0 pk - ¢ R1024x1
are the encoded language and visual representations of the

language and vision encoding streams from our pre-trained
ViLBERT model for kth (L, V},) pair respectively.

3.4. Object Grounding Task

The aim of this task is to help the agent learn what to attend
to. For each ground-truth target viewpoint Vi, we formulate
this task as finding the best bounding box b7, ; in bounding
boxes set Br given (L, Br) pair. A straightforward method
to implement this idea is to construct a single image based
grounding task, where each training sample consists of in-

struction L and a subset of bounding boxes in Br that be-
long to view vr ;. However, according to our experiment,
this strategy produces moderate performance since object-
s in 3D space could span multiple views in corresponding
projected 2D image space. The cross-image objects rela-
tionships in each viewpoint are not well captured by the
model. Therefore, we propose a two-stage training strat-
egy, namely a single image based grounding and a view-
point based object grounding. In single image grounding,
we fine-tune the VILBERT model from [22, 21] on the
aforementioned single image grounding dataset where each
training sample is (L, B,,.,) (all annotated bounding box-
es in v, are collected) and B, , C Br; then, we further
fine-tune trained model on a new viewpoint based objec-
t grounding dataset. Concretely, each training sample in
the viewpoint based dataset is a (L, Br) pair (all annotated
bounding boxes in vr are collected) and the correspond-
ing label is a vector containing Os and 1s where 1 indicates
the IoU of a bounding box with the target bounding box is
higher than 0.5. In inference, we represent an object score
as the averaged scores from all bounding boxes that share
the same object id at a viewpoint that the agent stops.

3.5. Action Decoder

With the pre-trained grounding models, the action decoder
generally adopts Encoder-Decoder structure to produce ac-
tion prediction. Specifically, the Scene Grounding model
is accompanied by a BiLST M network to construct a vi-
sion and language grounding encoder Vi L Encoder and the
Object Grounding model is formulated as an object level
grounding encoder ViL Pointer. The inputs to action de-
coder are L, B; and V', and it outputs predicted action dis-
tribution ;.

First. At each time step ¢, to perceive current scene and
instruction, we obtain x; by grounding L with V', through
ViLEncoder and then selecting the fused language se-
quence as output. The formula is defined as follows,

X, =ViLEncoder(L,V)
= BiLSTM(ViLBERT(L,V,)) (5)
&, = softmax(X,(Wsh,_1))T X,

where W3 € R1024XDn jg g trainable parameter and X,
is encoded language feature taking current scene V', into
consideration. X, € RM*1024 5, < RI1x1024 p, | ¢
RDth.

Second. To decide which navigable direction to
go next, we perform object level referring expres-
sion comprehension. The object level referring com-
prehension helps the agent infer whether a navigable
view wv;; contains possible target object. In particu-
lar, the set of bounding boxes in view wv;; is denoted
by Bii = {biilbir € By, Inside(byy,v; ;) = 1} where
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Inside(,) function decides whether b, is inside view
vy,;. ViLPointer is ViLBERT pre-trained on the Objec-
t Grounding task and we select the fused bounding boxes
features as the output. Then,

F,; = ViLPointer(L, MRCNN (B, ,))

- (6)
Vt,i = gtop—k(Ft,i)

where F';; is the set of aligned bounding boxes features
at view v, ; and geop—k(, ) selects top-k aligned bounding
boxes and averages the corresponding aligned bounding
boxes features from F'; ; to produce view comprehension
ﬁt,i c R1X1024.

Third. We define the representation of each navigable
view as v} ;:

v = V4,3, (cos Oy 5,810 0y 3, COS Py i, SIN @y ), Dy ]

@)
where the agent’s current orientation (0 ;, ¢, ;) represents
the angles of heading and elevation and is tiled 32 times
according to [10]. (cosB;,sinb;;,cos ¢y i sine.;) €
R*128 and v, € R1*3200 The set of navigable view rep-

. N,
resentation is denoted as O; = {w},;} . . The grounded

navigable visual representation 0} is represented as follows:

o, = softmax(g(0})(Wahi—1))" g(0;) (8

where W4 € R1924XDr jg g trainable parameter and g(, ) is
a number of Fully Connected layers accompanied by ReLU
nonlinearities. 6, € R1*1924 O} ¢ RNox3200,

Fourth. The new context hidden state h, is updated by a
LSTM layer taking as input the grounded text &; and navi-
gable view features o} as well as the current state represen-
tation feature s{.

(hi,ct) = LSTM([&,, 0}, s7], (hy—1,¢0-1)) (9

where s¢ is memory augmented current state representation
and is defined as,
M = [Transformer(My, M)« ... (10)

s = [Transformer(s;, M{)|x .,
where Nyemm and Ngqie are number of memory trans-
former blocks used and number of state transformer block-
s used respectively. s¢ € R>XDPn M € R*Pr,
Transformer is the standard version Transformer block
from [35].

Finally. The action logit l; is computed in an attentive
manner.

lii = g(Oy ;) (Ws[hy, 24]) (11)

where W5 € R1024x(1024+Dn) iq 4 trajnable parameter and
I; € RY*1 In training stage, a; = Categorical(l;) is
selected based on categorical policy and in inference stage,
it is selected by a; = argmaxz(l;). Action embedding is
selected based on a; = O}[ay).

3.6. Inference

We propose to use a combined logit Zi:o Lr + Gog + 954
that sums action logits, object grounding logits and scene
grounding logits to perform navigation, where g7, and g,
denote object grounding score and scene grounding score at
time step 7 respectively. Experimental results indicate that
our strategy shortens the search trajectories while maintain-
ing a good success rate. The final output bounding box is
obtained by running V¢ L Pointer at the stop viewpoint that
the agent predicts.

3.7. Loss Functions

To train the agent, we use a mixture of Imitation Learn-
ing (IL) and Reinforcement Learning (RL) to supervise the
training. Specifically, In IL, at each time step, we allow the
agent to learn to imitate the teacher action by using a cross
entropy loss L. and a mean squared error loss L, for
progress monitor [23]. In RL, we follow the idea of [34]
and allow the agent to learn from rewards. If the agent stops
within 3 meters near the target viewpoint, a positive reward
+3 is assigned at the final step; otherwise a negative reward
—3 is given.

»Cfinal =alee + ﬂﬁpm +vLRL
T
Lee = — y; log(lt,*)
P (12)
T
ﬁpm = - Z(yfm - pgm)Q

o~
I
-

where y} is the teacher action at step ¢; 2" € [0,1] is the
shortest normalized distance from current viewpoint to the
target viewpoint; p!"" is the predicted progress; «, 3 and ~y
are all set to 1.

4. Experiments

In the REVERIE dataset, the training set contains 59 scenes
and 10466 instructions over 2353 objects; the val seen s-
plit consists of 53 scenes and 1371 instructions over 428
objects and the val unseen split include 10 scenes and
3573 instructions over 525 objects. The test set contain-
s 16 scenes and 6292 instructions over 834 objects. In
this section, we conduct extensive evaluation and analysis
of the effectiveness of our proposed components. For the
Implementation Details and the Qualitative Examples,
please refer to the supplementary document.

4.1. Evaluation Metrics

Following [30], we evaluate the performance of the mod-
el based on REVERIE Success Rate (RGS) and REVERIE
Success Rate weighted by Path Length (RG SPL). We also
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Table 1. Ablation Study experiments performed to verify the effectiveness of the proposed method.

best performing result is marked in bold.

In different ablation study block, the

Methods Val Seen Val Unseen
Experiments | ID Encoder | Pointer | Policy Nav. Acc. RGST RG Nav. Acc. RGST RG
Tone | Berlone | ViLRawene | Vilone | MNyy | Vilpir | Cpot | MAyor | Succt _OSuced SPLT Length] SPLt [Succ OSuccf SPLT Lengthl SPLY
1 vV Vv 50.53 55.17 45.50 16.35 3197 29.66 | 14.40 28.20 7.19 45.28 7.84 4.67
2 Vv Vv v 54.18 58.68 48.99 1246 33.87 21.23 | 18.66 29.51 10.44 3295 1113 6.32
3 Vv Vv Vv 33.73 39.14 30.72 14.56 2382 21.94 | 15.22 31.64 8.44 42.62 8.89 4.84
Component 4 V4 Vv Vv 39.00 43.85 35.00 13.71 2895 2598 | 13.80 31.33 8.21 37.31 9.17 5.54
Effectiveness 5 v Vv v 37.32 43.08 31.71 18.29 2488 21.70 | 19.06 44.39 7.10 79.88 11.08 4.17
6 Vv Vv Vv 56.36 60.93 5224 13.21 36.33 3392 | 21.61 31.98 12.21 36.05 13.21 7.31
7 Vv Vv Vv 54.25 56.08 50.49 13.56 39.56  37.16 | 26.98 37.86 1370 42.50 17.32 871
3 v v V| 5952 6423 5530 1400 | 4357 4042 | 2817 4041 1477 4312 | 1960 10.27
9 11 55.24 58.61 5229 1242 | 4090 38.76 | 28.97 39.56 1328 44.10 20.51 9.19
Memory 10 (3,3 6191 6585 57.08 1361 | 4596 42.65 | 31.53  44.67 1628 4153 | 2241 1156
Blocks 11 (5,5 60.01 63.38 54.99 17.44 44.69 41.10 | 25.84 38.20 13.09 44.00 18.23 9.19
(Niems Nstate) | 12 (1,7 57.27 62.26 5278 13.96 42.66 3938 | 23.66 35.61 11.67 4573 1679 843
13 [CA) 57.06 60.15 53.35 14.16 42.38  39.67 | 28.15 39.45 1492 41.53 19.54  10.13
14 I 60.92 65.78 56.14 15.28 45.61 4219 | 32.35 49.08 1474 60.89 2235 10.54
Logit 15 litgsg 61.49 65.78 56.72 13.67 4547 4231 | 31.20 47.80 1590 4582 21.68 11.08
Fusion 16 Li+gog 61.14 65.77 55.21 16.82 44.48  40.04 | 32.12 46.54 15.73 52.14 21.98 11.02
Y Litgsg+og 6191 6585 57.08 13.61 | 4596 42.65 | 3153 4467 1628 41.53 | 2241 11.56
Table 2. Comparison with state-of-the-art methods on the REVERIE task. The best performing result is marked in bold.
Val Seen Val Unseen Test (Unseen)
Methods Nav. Succ. RG Nav. Succ. RG Nav. Succ. RG
Succ.t OSucc.t SPLT Length] RGSt SPLT Succ.t OSucc.t SPLT Length] RGSt SPLT Succ.t  OSucc.T SPLT Length] RGST §PLT
RCM [36] + MattNet 23.33 29.44 21.82 10.70 16.23  15.36 9.29 14.23 6.97 11.98 4.89 3.89 7.84 11.68 6.67 10.60 3.67 3.14
SelfMonitor [23] + MattNet | 41.25 43.29 39.61 7.54 30.07 2898 8.15 11.28 6.44 9.07 4.54 3.61 5.80 8.39 4.53 9.23 3.10 2.39
FAST-short [ 8] + MattNet 45.12 49.68 40.18 13.22 3141 28.11 10.08 20.48 6.17 29.70 6.24 3.97 14.18 23.36 8.74 30.69 7.07 4.52
REVERIE [30] 50.53 55.17 45.50 16.35 31.97 29.66 14.40 28.20 7.19 45.28 7.84 4.67 19.88 30.63 11.61 39.05 11.28  6.08
Human - - - - - - - - - - - - 81.51 86.83 53.66 21.18 77.84 5144
Ours 61.91 65.85 57.08 13.61 4596 42.65 || 31.53 44.67 16.28  41.53 2241 11.56 30.8 44.56 14.85 48.61 19.02  9.20

report the performance of Navigation Success Rate, Naviga-
tion Oracle Success Rate, Navigation Success Rate weight-
ed by Path Length (SPL), and Navigation Length. Please
refer to the supplementary document for more details.

4.2. Ablation Study

In this section, we aim to answer the following questions:
(a) Does the performance gain mainly come from BERT-
based structure? (b) How effective is each of the proposed
component? (c) Does the memory blocks number mat-
ter? (d) Why do we need logit fusion? For simplicity con-
cern, we define the following experiment settings: (1) our
proposed ViL Encoder is ViLene; (2) the ViLRawep, is
ViL Encoder not pre-trained on the Scene Grounding task
but pre-trained on the Conceptual Captions dataset [29] as
well as the 12 tasks specified in [22]; (3) the BERT .
is a BERT language encoder pre-trained on the BookCor-
pus [43] and English Wikipedia datasets; (4) our proposed
ViLPointer is ViLy,; (5) previous SOTA MattNet point-
er is M N,,; (6) our action policy is M A5 (7) previous
action policy is Cy; (8) previous simple language encoder
is Len. composed of a trainable embedding layer with a Bi-
directional LSTM layer.

Performance Gain. To answer question (a), we perform
experiments 1, 2, 3 and 6 as is shown in Table 1. All agents
are trained under L., and L, with o and 3 both set to
0.5. It is clear that the agent’s overall performance is incre-
mentally improved by changing the language encoder from
the simple L., to our proposed ViL.,., which proves our
analysis that previous language encoder does not well cap-
ture the semantics of high-level instructions. The experi-
mental results of 3 and 6 clearly suggests that the BERT-
based structure is not the root cause of our performance

gain and our proposed Scene Grounding task significant-
ly increase the RG SPL metric to 33.9% on Val Seen and
7.31% on Val Unseen, even higher than the strong baseline
in experiment 2.

Component Effectiveness. To answer question (b),
based on the statistics from Table 1, we train six models
in experiments from 3 to 8 and ablate the proposed compo-
nent one by one to demonstrate the effectiveness. For fair
comparison, we follow the settings of [30]. All agents are
trained under L. and L,,,, with o and 3 both set to 0.5. We
start from the baseline experiment 3 and replace each com-
ponent by our proposed ones. Specifically, in experiments
3 and 6, the proposed ViL Encoder improves the RG SPL
(and SPL) by a large margin, 11.98% (and 21.52%) higher
in Val Seen and 2.47% (and 3.77%) higher in Val Unseen
than the baseline respectively, which proves that the Scene
Grounding task is effective; in experiments 3 and 4, our
pointer ViL Pointer outperforms the MattNet counterpart
by shortening the length of the search trajectory while main-
taining a high RG SPL (and SPL), which demonstrates the
effectiveness of the Object Grounding task; in experiments
3 and 5, the results show that the overall search trajectory
of our action policy is longer than that of the baseline while
our action policy achieves higher RGS and Navigation Suc-
cess Rate, which demonstrates that the memory structure
in our policy guides the agent to the correct target location
at the cost of long trajectory; in experiments 7 and 8, we
demonstrate that by integrating all our proposed methods,
our agent improves previous SOTA in terms of RG SPL by
10.76% on Val Seen and 5.6% on Val Unseen.

Memory Blocks. To answer question (c), we train five
models with different V¢, and Ngiqte values. In these ex-
periments, we train the agents with L., L, and Lz, and

7042



Table 3. Pointer Task: REVERIE Success Rate at the ground truth
target viewpoint; Encoder Task: given ground truth path, the suc-
cess rate of identifying the target viewpoint among a set of candi-
date viewpoints along the path.

Tasks Methods Val Seen  Val Unseen
MattNet [41] 68.45 56.63
Pointer CM-Erase [20] 65.21 54.02
ViLPointer-image-based 65.72 55.53
ViLPointer-vp-based 73.26 67.45
Encoder ViLEncoder 85.67 66.43

a, B and ~y set to 1.0. In general, according to the experi-
ments from 9 to 13 in Table 1, all pairs of (Nyem, Nstate)
exhibit superior performance compared to previous SO-
TA method in experiment 1 and the strong BERT baseline
model in experiment 2. Moreover, the best performance
model is achieved by setting (Nyem, Nstate) to (3,3) in
these five models, which suggests that using small values of
(Nmems Nstate) limits the agent’s memorization ability and
using large values of (Npem, Nstate) €nables the agent to
achieve good performance on Val Unseen while maintains
good performance on Val Seen.

Logit Fusion. To answer question (d), we report two
accuracies to verify the effectiveness of g,4 and gsg. In
the Encoder Task of Table 3, given ground-truth path, our
proposed ViLBERT model achieves competitive perfor-
mance on both Val Seen and Val Unseen, demonstrating the
strong ability of g, to identify a target viewpoint. In the
Pointer Task of Table 3, the performance of V'iL Pointer-
vp-based is significantly higher than previous image-based
pointers because it is able to capture cross-image objects
relationships, suggesting that g, has the ability to find the
target location if the target object exists. According to ex-
periments from 14 to 17, where the agents are trained with
Lee, Lpm and L, and o, § and v set to 1.0, summing I,
Gog- and gg, shortens the search trajectory and maintains
a high RGS(Navigation Success Rate) and RG SPL(SPL).
The motivation behind the summing strategy is to use model
ensemble to reduce bias when searching for target locations
considering the fact that the agent has no prior knowledge
of the surrounding environments and the guidance of the
high-level instructions is weak.

4.3. Compared to previous state-of-the-art results

We first show what kind of cases our method improves com-
pared to previous SOTA and our BERT-based strong base-
line in experiment 2. Specifically, we divide the shortest
distance lengths of all ground-truth paths into three group-
s, namely short path(5 meters to 9 meters with 462 sample
paths on Val Seen and 1400 sample paths on Val Unseen),
middle path(9 meters to 14 meters with 703 sample path-
s on Val Seen and 1869 sample paths on Val Unseen), and
long path(14 meters to 18 meters with 247 sample paths
on Val Seen and 250 sample paths on Val Unseen). Then,
we count the cases that the agent successfully navigates to

RGS Successful Cases Percentage
e g & 2 &

Short Path Middle Path Long Path
Smeters to 9 meters 9 meters to 14 meters
462 samples 703 samples

(a) Val Seen

Navigation Successful Cases Percentage Under Different Lengt

Short Path ‘Middle Path
Smeters to 9 meters 9 meter
1400 samples 18

@

Smeters to 9 meters 9
1400 samples

Figure 4. Percentage of successful Navigation and RGS cases un-
der different length of ground-truth paths on Val Seen and Val Un-
seen datasets for previous state-of-the-art method,

, and our method.

the target locations and the cases that the agent successful-
ly navigates and localizes the target objects for the three
groups. In Fig. 4, we report the corresponding successful
cases percentage. It is obvious that our proposed method
improves all kinds of sample paths by a clear margin.

Then, we compare our final model with previous SOTA
models in Table 2. As is clearly shown in Table 2, our model
outperforms all previous models by a large margin. Specif-
ically, in terms of SPL, our agent increases previous SOTA
by 11.58% on Val Seen, 9.09% on Val Unseen and 3.24%
on Test respectively; for RG SPL, our agent increase previ-
ous SOTA by 12.99% on Val Seen, 6.89% on Val Unseen
and 3.12% on Test. The overall improvements indicate that
our proposed scene-intuitive agent not only navigates better
but also localizes target objects more accurately.

5. Conclusion

In this paper, we present a scene-intuitive agent capable
of understanding high-level instructions for the REVERIE
task. Different from previous works, we propose two pre-
training tasks, Scene Grounding task and Object Grounding
task respectively, to help the agent learn where to navigate
and what object to localize simultaneously. Moreover, the
agent is trained with a Memory-augmented action decoder
that fuses grounded textual representation and visual repre-
sentation with memory augmented current state representa-
tion to generate action sequence. We extensively verify the
effectiveness of our proposed components and experimen-
tal results demonstrate that our result outperforms previous
methods significantly. Nevertheless, how to bridge the per-
formance gap between seen and unseen environments and
how to shorten the navigation length efficiently remains an
open problem for further investigation.
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