


(a) Observational noise

(b) Textual noise

Figure 5: Visualization of value maps from t-RNetAttn and t-CNN in PuddleWorld, without (top) and with ob-
servational and textual noise (bottom). Blue stars with circle are unseen objects which are not presented during
training. t-RNetAttn is more robust and exhibits less degradation in the value map compared to t-CNN.

(a) Words
Figure 6: Relative robustness of t-RNetAttn and t-
CNN under observational and textual noise in Puddle-
World, in terms of increase in goal localization error for
RL goal navigation. Our model is more robust.

(b) Unseen objects

Text Encoder Attention. To understand how
the text encoder handles the spatial information
given by the instructions, we visualize the attention
weights over the instruction text. Figure 3 shows
an example of attention weights conditioned on
two different locations of rocks in the environment.
We observe that the model assigns higher attention
weights to the correct rock instance (right), where
the rock appears below a spade, thereby demon-
strating correct grounding for both relevant objects
in the instruction.

Relation Map. We also visualize the value map
and the relation map |Z;| produced by the RNet
module. Figure 4 shows two examples from Pud-
dleWorld (top row for both (a) and (b))). We
observe that the relation network assigns sharper
weights (in absolute magnitude) in | Z; | to objects
mentioned in the text as well as their neighboring
cells. For instance, in the first example ”Reach cell
one bottom and right of blue circle,” only the circle

on the map is referenced by the instruction and |7 |
shows most extreme weights for that circle.

5.3 Robustness

Next, we investigate the performance of our model
under two kinds of noise:

1. Observational noise: Here, we add (up to 10 dif-
ferent) unseen objects which are not presented dur-
ing training to the observations at test time. Models
that can ignore such objects while computing repre-
sentations will be more robust to this type of noise.

2. Textual noise: We also add random words, un-
related to goal locations, into the instruction text.
We randomly choose one position in the text in-
struction, and insert 1 to 10 words including verbs
(e.g., locate, reach, go), articles (e.g., the, a), and
irrelevant objects (e.g., car, stone). We aim to test
the ability of a model to ignore unhelpful words
and focus on the informational content in the text.

Figure 6 plots the relative increase in goal error
(MD) for both t-CNN and t-RNetAttn as a function
of the amount of observational or textual noise. We
see that our model (green line) suffers less from
both types of noise, with a drop of 30% vs. > 45%
for t-CNN under observational noise. This fact is
further highlighted by Figure 5 which shows the
change in value maps when noise is added to both
models. While the value maps of t-CNN change
drastically, our model is less affected, especially in
the prediction of the goal location (highest value).
This observation is also strengthened by Figure 4
which shows the change in relation map when noise
is added. We observe that in Figure 4(a) the relation
maps are similar except that there are small values



on the top-right corner of the map. In addition, in
Figure 4(b) the relation maps are almost identical.
These results demonstrate that the proposed model
can focus on the relevant parts of the observation
map. In contrast, t-CNN computes a coarser global
representation by taking every nearby object on the
map into account. A small noise leads to a failure in
capturing correct multi-modal representations. The
computational costs, the failure cases, and border
impact are provided in Appendix C.

6 Conclusion

We have presented an approach to learn robust and
interpretable models for handling spatial references
in text. We use a text-conditioned relation network
to capture fine-grained spatial concepts between
entity pairs, with dynamically computed weights
using a cross-modal attention layer. Our empirical
experiments over various domains demonstrate that
our model matches or outperforms existing state-of-
the-art systems on several metrics, e.g. achieving
up to 16.7% improvement in goal localization error.
Further, we show that our approach is more robust
to noise compared to the baselines, in terms of both
unseen objects (observational noise) and randomly
injected words (textual noise). Finally, we demon-
strate that our model’s intermediate representations
provide a way to interpret its predictions.

Future research can explore other types of spa-
tial relations as well as techniques to scale relation
networks to larger observations spaces (e.g., ego-
centric vision tasks) in a computationally efficient
manner. In addition, our approach can be readily
extended to more scenarios by considering longer-
range cells and incorporating the object detector to
extract the object in the scene.
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Appendix

Outline. Section A describes the architecture of
the models, the implementation details, the instruc-
tions for executing the code, and computational
resources. Section B details three datasets consid-
ered in the paper. Section C provides an additional
analysis of interpretability and robustness in ISI
and ShapeWorld. In addition, we discuss the po-
tential weakness of the proposed approach. Finally,
Section D discusses the border impact and the risk
of deploying the proposed approach in real appli-
cations.

A Implementation Details

Architectures. We briefly describe the architec-
tures of t-RNetAttn, t-CNN, and t-UVFA.

(1) t-RNetAttn: In PuddleWorld the relation net-
work is a multilayer perceptron (MLP) with layers
of {10, 10, 1} neurons. We use tanh as an activa-
tion function. The size of each object embedding
[¢(e)] is 7. This results in a size 263 for the text
vector h (This is because that (7-2+1)-10+ 10 -
104+ 10-1+3 = 263, where the last 3 components
of h are used for a gradient map). The text encoder
is an LSTM with the size 15 for input layers and
the size 30 for the hidden layers, followed by a
linear decoder. In the first 260 components of A,
the first 150 components are reshaped into a 2-D
matrix Wy € R19%15 for the first layer, the follow-
ing 100 components are reshaped into a 2-D matrix
Wy € R19¥10 for the second layer, and the rest
of the components are reshaped into a 2-D matrix
W3 € RY¥10 for the final output layer. As a result,
we compute r; ; by

rij = f([o(si), d(s5),li4]) (1
= W3(o(Wao (Wh[d(si), #(s),1i4]))),

where o (-) is an activation function. The remaining
3 components are used for the gradient map Zs.
Finally, the relation map 71, and the gradient map
Z are concatenated, resulting in the size (10, 10, 2)
tensor, where the first two numbers are the size
of the map and the last number is the size of the
channel. We then use a convolution operation with
the kernel size 3 and a relu activation function to
get the final value maps.

In ISI we use the same architectures in Puddle-
World except for [¢(e)] being 13. This results in
a size 383 for text vector h. (This is because that
(13-241)-10+10-10+10-1+ 3 = 383, where

the last 3 components of i are used for a gradient
map.)

In ShapeWorld we use the same architectures in
PuddleWorld except for replacing the final convolu-
tion layer with a dense layer followed by a softmax
function to predict labels.

(2) t-CNN: In PuddleWorld we use a convolu-
tion filter with a size (3, 3). (We also increase the
size of filters to match the number of parameters
in the proposed model. We find that the baseline
performance drops by 5% since there are too many
entities on a single filter.) This results in a size 66
for h (This is because that 3 -3 -7 + 3 = 66, where
the last 3 components of h are used for a gradient
map). We use the first 63 components of h to be a
convolution kernel of size (3,3, 7) on an environ-
ment map, where the value 7 is the size of the object
embedding. This results in a text-conditioned map
Zy with a size (10, 10, 1) The remaining compo-
nents are used to construct a gradient map. Finally,
the relation map Z;, and the gradient map Z, are
concatenated, resulting in the size (10, 10, 2) ten-
sor. We then use a convolution operation with the
kernel size 3 and a relu activation function to get
the final value maps.

In ISI we use the same architectures in Puddle-
World. We use a convolution filter with a size 3.
This creates a size 120 for h (This is because that
3-3-134 3 =120).

(3) t-UVFA: For all three datasets, the size of
h is 7, followed by concatenating h and state rep-
resentations for the map to obtain a multi-modal
representation. This representation is then fed into
a deconvolution layer used to decode and recon-
struct value maps.

For all the models and datasets, we use the batch
size 512. The step size is 1072, We choose Adam
algorithm to train the models.

Hyperparameter Search. We conduct a
grid search on the embedding size of the
object {4,5,6,7,8,9,10}, the step size
{1071,1072,1073,107*}, the batch size
{100,500, 1000}. We test the performance (i.e.,
the policy quality) of each combination of the
hyperparameter on the validation set separated
from the training dataset.

Instructions for Reproducibility. To reproduce
the results, first install the libraries for python3 such
as numpy, scipy and PyTorch. Then download the
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Go two spaces above the heart

(a) Local instruction

Reach the northernmost house

(b) Global instruction

Figure 7: Examples of the local and the global instructions in PuddleWorld. A local instruction specifies the goal
by using nearby objects. A global instruction specifies the goal by using a global viewpoint.

Put the Toyota block in the same row
as the Twitter block

(a)

Move Benz to the immediate right of BMW,

evenly aligned and slightly separated
(b)

Figure 8: Examples in ISI. The goal is to place the block in the right position specified by the instructions.

package from https://github.com/anonymous.
Put the code on the designated folder. Finally, go
to the example folder and execute the code using
python command.

Computational Resources. We conduct the ex-
periments on a machine with an Intel Core i7 CPU
and no GPU is used. We find that in general it takes
about 6 hours to complete the experiments across
all three models. This shows that the proposed
model does not have a substantial computation cost
compared to the other baselines. All experiments
are performed using PyTorch?.

B Datasets

PuddleWorld. A 10 - 10 grid represents the
states. The cell is placed with either a water or
a grass. In addition, a grass may be placed with
six unique objects (triangle, star, diamond, circle,
heart, and spade) appearing once per map or the
non-unique objects (rock, tree, horse, and house).
Two types of instructions are provided: a local in-
struction that describes the goal location with the
nearby objects, e.g., “two cells to the left of the
triangle,” and a global instruction that specifies the
goal location with the global viewpoint, e.g., “the
westernmost rock.” Figure 7 shows the examples of
the local and global instructions. We give a reward
of +3 when the agent reaches the final goal loca-

*nttps://pytorch.org

tion. The reward design is to encourage the agent
to produce the accurate value maps. Please refer
to Janner et al. (2018) for more discussion on data
collection process.

ISI. The environment contains up to 20 blocks
marked with logos (e.g., Toyota, BMW) or digits.
Each instruction specifies the goal location of the
object, e.g., “Move Toyota to the immediate right
of SRI, evenly aligned and slightly separated.” Fig-
ure 8 shows the examples. Please refer to Bisk
et al. (2018) for more discussion on data collection
process.

ShapeWorld. Each scene contains 4 or 5 non-
overlapping objects. Unlike the object in the Pud-
dle and ISI that has a unique identifier, the object in
the ShapeWorld is a pixel image. This is to demon-
strate that the proposed approach can operate on
the raw images. The instruction describes the spa-
tial relationships between pairs of objects specified
by shape, color, or both, e.g., “a red ellipse is to the
right of an ellipse.” There are 8§ colors and 8 shapes
in total. Unlike the previous two tasks that predict
a target location, the task in the ShapeWorld is to
classifier whether the instruction matches the scene.
Figure 1 (bottom) shows the examples. Please refer
to Andreas et al. (2018) for more discussion on
data collection process.

Dataset Splitting. We follow the same splitting
scheme as in Janner et al. (2018); Bisk et al. (2018);
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Figure 9: Visualization of value maps and relation maps after taking absolute values | Z; | from t-RNetAttn, without
(top) and with observation and textual noise (bottom) in the PuddleWorld environment. Blue stars are unseen
objects. Our approach produces sharper (magnitude-wise) |Z;| values for goal location and referent objects, and

is almost undisturbed by noise.

Andreas et al. (2018). We show dataset statistics in
table 2.

Dataset Train  Test
PW local 1566 399
PW global 1071 272
1SI 11871 3177
SW 9000 500

Table 2: Statistics of PuddleWorld (PW), ISI language
grounding (ISI), and ShapeWorld (SW).

C Additional Results

C.1 Interpretability

PuddleWorld. To show the proposed model can
increase the interpretability, we provide additional
visualization examples of relation map in Puddle-
World as shown in Figure 9. We observe that the
proposed model assigns a larger magnitude of the
weights to the objects mentioned in the text in the

relation map. For example, in Figure 9(d) we ob-
serve that the model successfully attends to “cir-

cle”, which is specified by the instruction. In ad-
dition, under the observational and textual noise
the value maps are almost undisturbed by noise.
For example, in Figure 9(a) and (b) we observe
that the relation maps are almost unchanged af-
ter adding observational noise except for relatively
small values on the unseen object. On the other
hand, in Figure 9(c) and (d) we observe that the
relation maps are almost identical after adding tex-
tual noise. These observations imply that explicitly
computing the relation score of each entity pairs
allows the model to attend to objects that are most
relevant to the instruction. The results here are also
consistent with the results in Figure 4.

ShapeWorld. To show the proposed model can
increase the interpretability, we provide visualiza-
tion examples of the relation map in ShapeWorld
as shown in Figure 10. We observe that t-RNetAttn
also assigns a larger magnitude of the weights to
the objects mentioned in the text. For example,
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a cyan pentagon is to the right of a red shape .

0 2 4 6

8 10 12 14

(a)

a green circle is to the right of a circle .

0 2 4 6 8 10 12 14

(b)

Figure 10: Visualization of value maps and relation maps after taking absolute values |Z;| from t-RNetAttn in
the ShapeWorld environment. Our approach produces sharp (magnitude-wise) |Z;| values for goal location and
referent objects. Note that the size of the environment map is different from the size of the relation map since we
reduce the size of the environment map by using a convolution operation, reducing the computational cost.
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Figure 11: Relative robustness of t-RNetAttn and
t-CNN under observational and textual noise in ISI,
in terms of decrease in policy quality for goal navi-
gation with RL.

in Figure 10(a) we observe that there is a larger
magnitude of the weights on the top-right corner
of the map. This implies that the proposed model
successfully attends to the object that is specified
by the instruction (“a cyan pentagon’). This obser-
vation shows that the proposed model still works
well when the raw images are presented.

C.2 Robustness

ISI. To show that the proposed model is more
robust to the noise, Figure 11 plots the relative
decrease in policy quality for both t-CNN and t-
RNetAttn as a function of the amount of observa-
tional or textual noise in ISI. We can see that our
model (green line) suffers less from both types of
noise (a drop of 40% vs. >80% for t-CNN on the
observational noise with 10 unseen objects and a
drop of 2.5% vs. >20% for t-CNN on the textual

3 8
S < oo »
> A A2 AR A
g 0 ) g ‘ -
5 \/ 3 >
o -2 ¥ o
5 / 8
° i . c-10
£ 4 L > e+ tRNetAttn (ours)
9 i . n *-- t-CNN (Janner et al.)
© 4 ¢ —15
o -6 i ] v
S H 9 .
@ \
g 3 S -20 R
] 9 !
3 —10- - tRNetattn (ours) 3 25 ¢ VS A
© - t-CNN (Janneretal) & L= ¢ hd
] . . : . 0]
< 0 2 4 6 8 10 < 0 2 4 6 8 10

Number of unseen objects added Number of words added

(a) Observational noise (b) Textual noise

Figure 12: Relative robustness of t-RNetAttn and
t-CNN under observational and textual noise in
ShapeWorld, in terms of decrease in prediction ac-
curacy.

noise with 10 random words). This implies that the
proposed approach is robust to the noise because
of the relation network.

ShapeWorld. To show that the proposed model
is more robust to the noise, Figure 12 plots the
relative decrease in accuracy for both t-CNN and
t-RNetAttn as a function of the amount of obser-
vational or textual noise in ShapeWorld. For the
observational noise, instead of adding the unseen
objects, we add noise patches in the input images.
The element of each patch is sampling from Gaus-
sian distribution with the mean being zero and vari-
ance being one. For the textual noise, we use the
same procedure as the one in the PuddleWorld and
ISI. We can see that our model (green line) suf-
fers more from both types of noise. One possible
reason for this is that in order to reduce the dimen-
sion of the observation map, we first perform a
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SW PW local PW global ISI

ACC?t MSE| PQt MD| MSE| PQtT MD| MSE| MD|

t-RNet (ours) 0.73 t-RNet (ours) 019 094 195 0.31 091 3.13 0.16 3.66

t-RNetAttn (ours)  0.72 t-RNetAttn (ours)  0.22 092 1.95 0.40 091 382 0.15 3.43

(a) Classification (b) Value map regression
PW local PW global ISI

PQt MD] PQT MDJ| PQT MDJ
t-RNet (ours) 092 241 093 356 0.88 3.22
t-RNetAttn (ours) 091 210 093 423 0.84 3.79

(c¢) Goal navigation with RL

Table 3: Performance on the test set with the three metrics (PQ: policy quality, MD: Manhattan distance, MSE:
mean squared error) in PuddleWorld, ISI and ShapeWorld under both supervised and RL. The symbols 1 and |
signify larger numbers are better and smaller numbers are better, respectively. The best values are bold. Note that
in the case of supervised learning, we do not report the value of t-VGG since it is designed to solve the task in
ShapeWorld (SW). The MSE of t-UVFA in the ISI is not reported since it was not reported in Janner et al. (2018).

convolution on the observation map. The resulting
embeddings with a smaller width and height are the
inputs to the relation module. Unlike directly using
the embedding from the original observation map,
this dimension-reduction approach creates a coarse
representation of the observation map. This makes
a relation module vulnerable to observational and
textual noise. In contrast, t-CNN directly operates
on the observation map. This makes t-CNN less
vulnerable to the noise. One solution to increase
the robustness of t-RNetAttn in ShapeWorld is to
use an object detector to segment the objects from
the map. This would allow t-RNetAttn directly to
use the object information rather than the embed-
dings from the pixel. We leave the improvement of
this as a future research direction.

C.3 Ablation Study

One question of the proposed model is that whether
the improvement in performance is due to RNet or
the attention. To this end, we remove the attention
mechanism and simply take an average over all
LSTM outputs as h. Figure 3 shows the result. We
include the numbers reported in Table 1 for clarity.

C.4 Limitations of the Proposed Model

The robustness experiment in ShapeWorld in Sec-
tion C.2 shows that the proposed model is vulner-
able when the embedding comes from raw pixels
instead of the entity itself. Another limitation is
that the proposed model only computes represen-
tations in a 1-square neighborhood around each
cell. This may be problematic when we ask it to

resolve “reach the cell three above the easternmost

star”, where the goal is three blocks away from the
star. One possible solution to this is that we can

have another relation network that considers the
entities in a 3-square neighborhood around each
cell. This creates another relation map Z3 (similar
to Z) that captures the long dependency. Then we
concatenate Z3 with Z; and Z5 and feed this ten-
sor ([Z1; Zo; Z3] € R™*™*2) into a convolutional
layer to predict the value function. We leave the
improvement of this as a future research direction.

D Border Impact

The proposed approach could be applied in many
fields that are required to learn multi-modal rep-
resentations while providing transparency of the
model. For example, in the personalized robotic
assistants setting where the agent aims to complete
tasks specified by the instruction, the transparency
in the model is critical to build trust between hu-
mans and Al and mitigate safety risks in making
decisions. In addition, in the visual question an-
swering (Antol et al., 2015) where it is required to
have a visual understanding of the scene to answer
many questions, the proposed model could enhance
the performance while unveiling the inner work of
the model. Moreover, in the Simultaneous Local-
ization and Mapping (SLAM) (Durrant-Whyte and
Bailey, 2006) system where the agent aims to con-
struct the map of the environment and locate itself,
the proposed model could fuse multi-sensor input
data such as laser and ultrasonic sensors to learn a
representation for generating the map.
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