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A. Overview
In these supplementary materials, we first give more

model details and implementation details in Sec. B and
Sec. C, respectively. Then we present more quantitative
results in Sec. D. More visualization results are given in
Sec. E.

B. Model Details
The self-attention module SelfAttn(·) and the cross-

modal attention module CrossAttn(·) are the conventional
multi-head self-attention modules in the standard Trans-
former. Specifically, given the query Q, the key K, and
the value V , the self-attention of the k-th attention head at
the l-th layer is calculated as follows:

Hl,k = Softmax(
QKT

√
dh

)V, (1)

where dh is the hidden dimension of the network. The
attention Hl,k is used to update the query Q through the
Feed-Forward Networks (FFN). In SelfAttn(·), Q, K and
V are obtained from the same single-modal feature. While
in CrossAttn(·), they are derived from the features of dif-
ferent modalities. The outputs of both modules are the self-
attention values and the updated query features.

C. Implementation Details
Training. Following [2], we use a batch size of 16 dur-

ing training for both R2R and RxR. We employ a two-stage
training strategy for ADAPT, i.e., first train the baseline
model [2] until the performance is converged in Val Unseen,
and then pick the model with the highest SPL from the first
stage and continue to train it with our ADAPT. The learn-
ing rates in the first and second stages are set to 1e-5 and
1e-6, respectively. The optimizer is AdamW [3]. The se-
quential consistency loss is used in both the imitation learn-
ing training and the reinforcement learning training, while
the modality alignment loss is used only in the imitation

learning training. During modality alignment learning, the
non-paired sub-prompts for a specific sub-prompt are the
sub-prompts in other samples in the same batch.

Action Prompts. Before feeding to the prompt encoder,
the image and text sub-prompt features are extracted in ad-
vance through the visual and text encoders of CLIP [4], re-
spectively. For accelerating the ADAPT training and in-
ference, we perform the action prompt retrieval for each
instruction in advance. The cosine similarity between two
phrase features is calculated as the sentence similarity. The
visual object/location vocabulary and the verb vocabulary
are manually built by filtering the vocabulary of R2R given
in [1]. To mitigate the multiple object noises existing in col-
lecting the action prompts, we create a shared prompt base
for R2R and RxR using the Fine-grained R2R1, which con-
tains paired sub-paths and sub-instructions always regard-
ing single object/location. By selecting image sub-prompts
from the sub-path rather than the whole path, our model can
largely mitigate the noise.

D. More Quantitative Results
In this subsection, we present the quantitative com-

parison between some variants, i.e., “Object”, “Extra”,
“Whole” and our ADAPT in Table 1. Specifically, “Ob-
ject” means the paired text and image sub-prompts are re-
placed by object words and related object images, respec-
tively. “Extra” means using action prompts as training sam-
ples directly. “Whole” means selecting image sub-prompts
from the whole path rather than the sub-path in Fine-grained
R2R. From the comparison results between “Object” and
ADAPT we can observe that learning action-level align-
ment is more helpful for successful navigation than object-
level alignment. The comparison results between “Extra”
and ADAPT show the advantage of explicit action prompt
learning over implicit training. The comparison results be-
tween “Whole” and ADAPT demonstrates that ADAPT ef-
fectively mitigates the multiple object noise during the ac-

1https://github.com/YicongHong/Fine-Grained-R2R
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tion prompt collection.

E. More Visualization Results
Object-level Alignment vs. Action-level Alignment.

Fig. 1 gives an action selection comparison between the
models provided with object-level prompts and action-level
prompts. From Fig. 1 we can observe that with action
prompts indicating Enter the closet, ADAPT can success-
fully choose the action image which contains the closet door
to enter it. The model provided with object prompts about
the closet, however, selects the wrong action. These results
show the necessity of action-level alignment.

Implicit Learning vs. Explicit Learning. We give
a language attention comparison between the baseline
agent [2] and ADAPT in Fig. 2, where we can find that
both models attend to the right instruction part in steps 1-3.
However, the baseline conducts wrong modality alignment
and action. This shows that compared with attention-based
implicit learning through simple navigation supervision, ex-
plicit action prompt learning contributes to learning better
modality alignment for successful navigation.

Navigation Trajectories. Fig. 3 and Fig. 4 present ex-
amples of the panoramic views and action comparison be-
tween the baseline [2] and our ADAPT. From the visual-
ization results we find that by introducing action prompts,
ADAPT can make action decision accurately to accomplish
successful navigation. For example, in Fig. 3, with the
help of the action prompts related to “past the windows”,
ADAPT makes the correct action of “past the windows” in
the first two navigation steps. The baseline agent, however,
fails to conduct the action of “past the windows” during
navigation and thus makes a wrong trajectory.

Failure Cases of Navigation Trajectories. Fig. 5 and
Fig. 6 give failed trajectory examples of our ADAPT and
the ground-truth. From the failure cases we can see that
ADAPT may fail when the observations and instructions
cause an ambiguity during navigation. From Fig. 5 we ob-
serve that although our ADAPT makes a wrong trajectory
due to ambiguous observations of multiple “living area”
and “wooden chair”, it still conducts the correct actions of
“go to the living area” and “wait at the wooden chair” in
Step 2 and Step 4, respectively. From Fig. 6 we can find
that due to the ambiguous instruction of “walk forward and
turn left” without referring to concrete visual objects, our
ADAPT makes the action of “turn left” before passing the
stairs (the ground-truth one should be conducted after pass-
ing the stairs) and thus leads to a wrong trajectory. How-
ever, it still conducts the asked action of “entering the living
room” at the end of the navigation.

Action Prompt Alignment. Fig. 7 presents additional
results of action prompt alignment between the CLIP [4]
features and the sub-prompt features of our ADAPT. For the
action phrase feature, the top 5 similar image features are re-

Table 1. More quantitative comparison between some variants and
our ADAPT.

Method ResNet-152 CLIP
NE ↓ SR ↑ SPL NE ↓ SR ↑ SPL ↑

Object 4.09 59.9 54.9 4.01 61.9 55.4
Extra 4.41 59.0 54.2 4.29 60.7 55.1
Whole 4.05 61.8 55.3 4.14 60.5 55.2

ADAPT 4.07 62.5 56.1 4.10 63.1 57.2
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Figure 1. Action selection comparison between the models pro-
vided with object-level prompts and action-level prompts.
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Figure 2. Language attention comparison between the baseline [2]
and ADAPT.

trieved from the object/location-related image sub-prompt
set. From Fig. 7 we can observe that compared with CLIP,
our ADAPT can perform better action-level modality align-
ment. For example, in Fig. 7 (b) our ADAPT can effectively
retrieve the closet images containing the appearances of the
closet and its door through which the agent can make the
action of “stop in front of”.
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"With the violin on your right, walk 
straight down the hallway, past the 
windows on the right.  Turn left at the 
end and stop in the round doorway.
 "
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action prompt

walk straight down the hallway

past the windows

Panoramic view Action ActionPanoramic view

STOP STOP

Figure 3. Visualization of panoramic views and action comparison in a trajectory example between the baseline [2] and our ADAPT.

Walk toward the kitchen and turn left 
at the counter. Proceed down the 
hallway, turn left into the living room 
and wait by the sofa.
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Figure 4. Visualization of panoramic views and action comparison in a trajectory example between the baseline [2] and our ADAPT.



Exit the library area and go 
to the living area.  Turn 
right and wait at the 
wooden chair.
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go to the living area

wait at the wooden chair
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Figure 5. A failed trajectory example of our ADAPT and the related ground-truth. The yellow boxes indicate the instruction-related visual
objects/locations appearing during the navigation trajectory.



walk forward then turn left 
then walk straight again 
entering the living room.
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Figure 6. A failed trajectory example of our ADAPT and the related ground-truth. The yellow boxes indicate the instruction-related visual
objects/locations appearing during the navigation trajectory.



(a) action phrase: exit the bedroom
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？ ？

(b) action phrase: stop in front of the closet
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(c) action phrase: walk behind the chairs
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Figure 7. Action prompt alignment comparison between the CLIP features and the sub-prompt features of our ADAPT. “✓”: correct; “✕”:
incorrect; “?”: ambiguous.
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