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Appendix A Equations

We provide the equations of the soft-attention function SoftAttn() and the non-linear projection IT()
which are repeatedly used in this paper.

A.1 Soft-Attention

Suppose q is the query and y = {y, Y5, ..., y,, } is a set of values, we express the soft-attention [[11]]
function ¥ = SoftAttn(q, y) as

a;j = softmax; (y]TWq) (1)
=) oy, )
j=1

where W is a R™*™ learned linear projection for n-dimensional query and m-dimensional values,
«; is the attention weight of value y; and y is the attended value.

A.2 Non-Linear Projection
Suppose y is an input vector, the non-linear projection II(y) is defined as:
II(y) = Tanh(Wy) 3)

where W is a learned linear projection, and Tanh is applied element-wise.

Appendix B Implementation Details

B.1 Observed Features

At each navigable viewpoint, the agent observes a panoramic view of its surroundings. The panoramic
view consists of 36 single-view images at 12 heading angles and 3 elevation angles relative to agent’s
orientation. The scene, object and directional features are encoded for each single-view separately.

Scene features The R2R dataset [2l] provides image features for each single-view encoding by
two convolutional networks, a ResNet-152 [4] pre-trained on ImageNet [9] and a ResNet-152 [4]]
pre-trained on Places365 [12]. Ma et al. finds that the Self-Monitoring agent [6] performs similar
with the two image features, we also find in our experiments with the baseline model (EnvDrop [10])
that using the two image features achieve very similar results. However, while most of the previous
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works apply ImageNet features as the scene feature, our agent uses the Places365 features for two
reasons: (1) the Places365 dataset is proposed mainly for scene recognition task, which closely
agrees with the concept of scene that we defined in this paper. (2) The ImageNet features can be
considered as a summary of salient objects in the scene, which contains similar information as the
object representations applied by our agent.

Object features In this work, we apply a Faster-RCNN [8] pre-trained on the Visual Genome [J5]]
by Anderson et al. [1]] as object detector. We use the detector to predict object labels rather than to
extract object visual encodings (convolutional features). Then, we encode the labels using GloVe [[7]]
and use the encoded labels as object features. We argue that using labels instead of visual encodings
can provide much certain signals to indicate the existence of an object, since the agent only needs to
learn the text-text correspondence rather than the hard text-visual correspondence. We experiment
with the encoded object labels and the object visual encodings, and find that the agent performs much
better with the encoded object labels.

Directional features As in previous work [3| 16l [10], we apply a 128-dimensional directional
encoding by replicating (cosb;, sinf;, cosd;, sing;) by 32 times to represent the orientation of each
single-view ¢ with respect to the agent’s current orientation, where 6; and ¢; are the angles of the
heading and elevation to that single-view. Replicating the encoding by 32 times does not enrich
its information but makes its gradient 32 times larger during back-propagation. We suspect that
this benefits the agent to learn about the action-related terms (e.g. “turn left, “go forward”) in the
instructions, which are sometimes more important than the other visual clues.

B.2 Training

The training of our agent consists of two stages. At the first stage, we train the agent on the train split
of the dataset. At the second stage, we pick the model with the highest SPL from the first stage and
train with self-supervised learning on the augmented data generated from the train set [10]]. In the
second stage, we also perform a one-step learning rate decay. Once the agent’s performance saturates,
we pick the model with the highest SPL and continue training with learning rate of le-5.

Hyper-parameters Most of the hyper-parameters and settings in our network are the same as in
the baseline model [10], such as the learning rate (1e-4 before decay), the maximum navigational
step allowed (35 steps), the weighting of imitation learning loss (0.2 on training data and 0.6 on
augmented data) and the optimizer (RMSprop). We reduce the batch size from 64 to 32 due to the
GPU memory limitation. We did not perform hyper-parameter search on the number of objects in
each single-view or the dimension of features.

Training iterations and evaluation We perform the first training stage for 80,000 iterations and
continue the training in the second stage until 200,000 iterations. Then, after learning rate decay, we
keep training the network until 300,000 iterations. Evaluation on the validation splits is performed
every 100 iterations, results and network weights are carefully saved. We choose model with the
highest SPL in the validation unseen split as the final model.

Computing infrastructure and runtime All experiments are conducted on a NVIDIA RTX 2080
Ti GPU. The average runtime of the first training stage is 24 hours, and the second training stage
requires at most 60 hours to complete (including the time spent on evaluation). Early stop has been
applied if the network overfits and the agent’s performance degenerates significantly.

Appendix C Graph with Muti-Iterations Update

Our proposed language-conditioned visual graph supports update with multiple iterations. In Table[T]
we compare the results by training the agent with N iterations of graph update and testing with
n<N iterations of graph update. Overall, as the number of iterations in training increases, agent’s
performance in testing drops. The agent trained and tested with a single-step graph update obtains
the highest SR and SPL, hence for efficiency and better performance, the visual graph only run a
single-step update.



Table 1: Comparison of single-run performance on R2R validation unseen split with different number
of graph iteration in training and testing.

Iterations in Testing

1 2 3
Iterations in Training TL NE| SR{ SPLtT TL NE|/ SR?T SPL{ TL NE| SRT SPLt
1 9.99 473 057 0.3 - - - - - - - -
2 9.84 4.60 056 0.52 1504 4.62 056 052 - - - -
3 971 479 054 050 10.17 490 0.54 051 13.06 478 0.55 051

Appendix D Visualization of Trajectories

In the following pages, we present some navigational trajectories and the attended relational contexts
of our agent in the R2R validation unseen environments. In the figures, Distance is the current
distance to target, red arrow indicates the predicted directions and red square indicates the predicted
STOP action.
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Figure 1: Navigational trajectories and the attended relational contexts of a successful sample. During
navigation, the three relational contexts extract the most relevant contextual clues to guide the message
passing among visual features (e.g. the scene-object context emphasizes “hallway” and “stairs”,
while the object-direction context highlights “walk down”, “turn” and “continue”). As the agent
approaches the target and there is no more objects left in the instruction, the scene-object context

highlights the full-stop punctuation at the end of the sentence to suggest a STOP action.
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Figure 2: Navigational trajectories and the attended relational contexts of a successful sample. During
navigation, the three relational contexts extract the most relevant contextual clues (e.g. the scene-
object context emphasizes “hall”’, while the object-direction context highlights “walk down” and
“wait in””). We suspect that since the scene features are closer to a general representation of the
environment, so that the scene-direction contexts often cover a larger portion of the instruction which
matches the progress of navigation.
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Figure 3: Navigational trajectories and the attended relational contexts of a successful sample. It is
interesting to see that the scene-object context first highlights “walk towards” to indicate the agent
should move to an object (“tub”). Later, as the agent approaches the target, the scene-object context
highlights “toilet” since it is a landmark of the STOP action. This example suggests that the relational
context in message passing not only guide the sharing of visual information, but also add contextual
information to the visual features on the graph.
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Figure 4: Navigational trajectories and the attended relational contexts of a failure sample. As the
agent moves on, the object-direction context fails to transit to the later part of the instruction but it
keeps highlighting “(stairs) on the left” which the relevant action has already been completed. It
is likely that such information confuses the agent so that the agent moves to a wrong viewpoint at
step 3, and finally stops at a wrong place. In future work, a method which encourages an alignment
between the relational attentions and the navigation progress might be helpful.
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