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Abstract

In the pursuit of robust and generalizable environment
perception and language understanding, the ubiquitous
challenge of dataset bias continues to plague vision-and-
language navigation (VLN) agents, hindering their perfor-
mance in unseen environments. This paper introduces the
generalized cross-modal causal transformer (GOAT), a pio-
neering solution rooted in the paradigm of causal inference.
By delving into both observable and unobservable con-
founders within vision, language, and history, we propose
the back-door and front-door adjustment causal learning
(BACL and FACL) modules to promote unbiased learning
by comprehensively mitigating potential spurious correla-
tions. Additionally, to capture global confounder features,
we propose a cross-modal feature pooling (CFP) module
supervised by contrastive learning, which is also shown to
be effective in improving cross-modal representations dur-
ing pre-training. Extensive experiments across multiple
VLN datasets (R2R, REVERIE, RxR, and SOON) under-
score the superiority of our proposed method over previous
state-of-the-art approaches. Code is available at https :
//github.com/CrystalSixone/VLN—-GOAT.

1. Introduction

Effective environment perception, language understand-
ing, and historical utilization are at the core of vision-
and-language navigation (VLN) [4]. Despite significant
progress, deploying VLN in the real world remains a huge
challenge, primarily due to diversities and uncertainties in
environments and instructions. A key hindrance is dataset
bias [79, 82], e.g., agents may overfit to familiar visual en-
vironments, resulting in diminished performance in envi-
ronments with diverse appearances and layouts [24]. This
over-reliance on specific patterns, like biased structural tra-
jectories and repeated entity components, raises concerns
about the robustness and generalizability of VLN systems.
One way to mitigate dataset bias in VLN is to build
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Figure 1. In response to language instructions, the VLN agent
is required to navigate to the target based on visual cues. This

paper introduces a causal learning pipeline using the do-operator
to reduce bias from confounders in VLN action prediction.
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broader and more diverse datasets, which is what numerous
recent studies have focused on. These include using speaker
models to generate pseudo instructions [14, 16, 61, 62, 64,
65], synthesizing cross-environmental trajectories [26, 39],
transferring image styles [30, 34], collecting data from the
web [18, 36, 44, 70], and labeling more fine-grained, entity-
aligned instructions [10, 21, 29]. However, achieving a per-
fectly balanced dataset devoid of bias is nearly impossible.
Consequently, we often find ourselves caught in a cycle of
“creating a dataset” - “identifying bias” - “creating a new
dataset”. Therefore, we are prompted to move from diag-
nosis to treatment [73], transitioning from the continuous
collection of new datasets to the development of unbiased
models that can confront and mitigate bias.

However, existing methods that focus on model design-
ing mainly concentrate on introducing more types of inputs
(e.g., objects [2, 12, 13, 23, 35, 63] and depth [3, 20, 40,
77]), or constructing the global graph [8, 9, 46] to repre-
sent environments. These efforts, although valuable, often
overlook underlying dataset biases and the essential causal
logic behind the task. In fact, the reason why humans can
well execute various instructions and navigate in unknown
environments is that we can learn the inherent causality of
events beyond biased observation, achieving good analogi-
cal association capability. Therefore, for the first time, we
propose to use causal inference [51] to equip VLN agents
with similar cognitive abilities that we have, and then allow
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them to make more reasoned decisions.

Then, how to develop such a causal inference capabil-
ity? Although there is no single answer, we propose to
exploit the concepts of intervention [52] — technique that
uses a do-operator to alleviate the negative effects raised
by confounders. Here, confounders are variables that in-
fluence both inputs and outcomes, creating spurious corre-
lations and biases. Intervention empowers researchers to
mitigate the impact of confounders, enabling the model to
grasp the causation of events during data fitting. However,
given the fact that VLN is such a complex task that involves
cross-modal inputs and a long-term decision-making pro-
cess, it is challenging to identify underlying confounders
and apply intervention to debias through network learning.

To address the above challenges, we propose a
generalized cross-modal causal transformer (GOAT) ap-
proach that enables the VLN model to alleviate the neg-
ative effects raised by confounders, thus achieving causal
decision-making (Fig. 1). Firstly, we propose a unified
structural causal model to describe the VLN system, involv-
ing two distinct categories of confounders: observable and
unobservable. Observable confounders are content-related
and easily identifiable (e.g., the keywords in instructions
and the room references in environments), whereas unob-
servable confounders refer to intricate stylistic nuances that
are harder to discern but can impact the overall system (e.g.,
decoration styles in vision, sentence patterns in language,
and trajectory trends in history). Then, we propose to ad-
dress these confounders via two causal learning modules
that are based on back-door and front-door adjustments [52]
(namely BACL and FACL), respectively. Furthermore, to
build global dictionaries for representing confounders, we
devise a cross-modal feature pooling (CFP) module to ef-
fectively aggregate long-sequential features. Contrastive
learning [56] is adopted to optimize CFP, serving as an ad-
ditional auxiliary task during pre-training. As demonstrated
by thorough experiments, our findings reveal the impact of
integrating causal learning to deconfound biases on cross-
modal inputs, offering valuable insights for enhancing gen-
eralization in similar tasks across diverse scenarios.

To summarize, our main contributions are as follows:

* We propose a unified structural causal model for VLN
by comprehensively considering the observable and un-
observable confounders hidden in different modalities.

* we propose BACL and FACL, using the back-door and
front-door adjustments to allow end-to-end unbiased
cross-modal intervention and decision-making.

* We propose CFP, a cross-modal feature pooling mod-
ule designed to aggregate sequence features for semantic
alignment and confounder dictionaries construction.

* Our GOAT model demonstrates exceptional generaliza-
tion across multiple VLN datasets (R2R [4], RxR [29],
REVERIE [53], and SOON [81]), outperforming existing

state-of-the-art methods. A comprehensive causal learn-
ing pipeline is presented to inspire future research.

2. Related Work

Vision-and-Language Navigation (VLN) requires agents
to navigate to specific locations [4, 29] or find target ob-
jects [53, 81] in real visual environments based on natural
instructions. Its practicability has led to significant interest,
showing potential in fundamental embodied Al skills. Ini-
tial models relied on recurrent neural networks [2, 11, 21,
68]. Transformer-based models [8, 9, 19, 22, 63] brought
substantial progress due to their powerful long-distance
encoding. However, small-scale datasets in VLN were
found to cause bias, leading to serious overfitting. Conse-
quently, several approaches were devised to tackle this chal-
lenge. Speaker-follower frameworks [16, 27, 58, 62, 64]
used the speaker model to generate pseudo instructions.
VLN-BERT [44], AirBERT [18], and Lily [36] collected
trajectory-instruction pairs from diverse sources. REM [39]
and EnvEdit [34] created new environments by editing
existing environments. Although these methods improve
generalization, they cannot completely eliminate inherent
dataset biases. Therefore, we propose to develop an unbi-
ased model by equipping the agent with the causal inference
capability to learn cause-effect relations during data fitting,
enabling them to adapt adeptly to diverse situations.

Causal Inference is an emerging technique exploring
task causality [52], leading to a surge in efforts to inte-
grate it with deep learning, in tasks like image recogni-
tion [67, 69, 76], image captioning [38, 73], and visual
question answering [33, 49]. One popular way is to use
the adjustment technique to alleviate the negative effects
caused by confounders, and some studies exploring the use
of counterfactuals [1, 49, 50]. This paper emphasizes the
adjustment method due to its practicality. However, most of
the existing causal learning tasks are simple without con-
sidering more challenging tasks like VLN. Additionally,
current methods apply back-door [38, 66, 75, 78] or front-
door [42, 73, 74] adjustments separately across modalities,
lacking comprehensive confounder assumptions and com-
plete bias corrections. In this paper, we propose to si-
multaneously tackle both observable and unobservable con-
founders in vision, language, and history. This approach
significantly reduces overall bias, enhancing the generaliza-
tion capabilities of embodied VLN agents.

3. Preliminary

3.1. Task Formulation

The VLN task [4] involves an embodied agent following
natural language instructions to navigate real indoor en-
vironments. Matterport3D simulator [7] is used to allow
interaction, where the environment is provided as graphs
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Figure 2. Illustration of the structural causal model of VLN.

with connected navigable nodes. The agent receives nat-
ural language instructions Z = {wj,ws,...,wy} with L
words, and the current panorama separated into 36 sub-
images V = {v1,va,...,v36} [16]. The agent also knows
its current heading # and elevation ¢. During navigation,
the agent needs to select the next point from nearby can-
didates or predicts the stop signal based on visual cues.
Success is defined when the stop location is within 3 me-
ters of the ground-truth position. For the goal-oriented task,
REVERIE [53] and SOON [81] additionally require locat-
ing the target object at the final destination.

3.2. Structural Causal Model of VLN

As illustrated in Fig. 2, we construct a structural causal
model capturing the relationships among the key variables
in VLN: visual observation V), linguistic instruction Z, de-
cision history #, and action prediction A. To clarify, we
use X' to denote inputs (X = {V,Z,H}) and Y for out-
put () = A). In this directed acyclic graph, the start-
ing and ending points represent the cause and effect, re-
spectively. Traditional VLN methods focus on learning the
observational association P(Y|X), overlooking the ambi-
guity introduced by confounders Z in the back-door path
X <+ Z — ). Here, confounders are extraneous variables
that influence both causes and effects, e.g., frequently oc-
curring content or specific attributes. Z — X’ arises since
the combined probability of input data is inevitably affected
by the limited resources available in the real world when
collection and simulation. Additionally, Z — ) exists be-
cause collected environments, labeled instructions, or sam-
pled trajectories also affect the probability of action distri-
butions. These confounder links enable spurious shortcuts
during training but can be detrimental in new situations.
We propose to distinguish hidden confounders from dif-
ferent modalities into observable and unobservable cat-
egories, enhancing our prior knowledge integration and
the rationality of assumption. Concretely, observable con-
founders encompass instances that can be recognized (e.g.,
room references z, and guiding keywords z7). In contrast,
unobservable confounders consist of intricate patterns and
style-related elements that are challenging to qualitatively

describe (e.g., decoration style in vision z;/, sentence pat-
tern in language zj', and trajectory trend in history zj}).
Since we cannot explicitly model unobservable confounders
Z", the additional mediators M are inserted between X’ and
Y to establish front-door paths ¥ — M — ). Detailed ad-
justment methods are introduced in subsequent sections.

4. Methodology

The overview of the GOAT model is shown in Fig. 3. The
proposed back-door and front-door adjustment causal learn-
ing modules are detailed in Sec. 4.1 and Sec. 4.2, respec-
tively. The cross-modal feature pooling method is subse-
quently introduced in Sec. 4.3. Finally, a practical causal
learning pipeline is presented in Sec. 4.4.

4.1. Observable Causal Inference

Back-door Adjustment Causal Learning (BACL). Based
on Bayes’s theorem, the typical observational likelihood
is as P(Y|X) = >, P(Y|X,z)P(z|X), where P(z|X)
could bring biased weights. Do-operator [52] provides sci-
entifically sound methods for determining causal effects by
severing the back-door link between Z and X'. According to
the invariance and independence rules [17], we have:

P(Y|do(X ZPWO ,2)P(2]do(X)) (1)

=ZP Y|X,2)P(2) 2)

In such case, the intervention is achieved by blocking the
back-door path Z — X', making X have a fair opportunity
to incorporate causality-related factors for prediction. Pre-
vious methods [42, 73, 78] used the NWGM approxima-
tion [6] to directly pursue causal learning to the final out-
puts. However, these methods limit the intervention only to
the network’s final Softmax layer, overlooking possible bi-
ased features in shallow layers. Since the conditional prob-
ability is implicit in pattern recognition made by the trained
neural network [48], we release the target effect of causal
hypothesis to learned features rather than merely outputs.
Obtaining unbiased features leads to unbiased predictions.
Consequently, the specific network module is formulated as
f (=, z), and the implementation of Eq. (2) becomes:

B(z,z) = E.[f(z, 2)] 3)

The linear function is used as f(x, 2) = fz(x) + f.(2).
Then Eq. (3) becomes f.(x) + E.[f.(z)]. To obtain
E.[f.(2)], there are two prevalent approaches: statistic-
based [42, 66] and attention-based methods [38, 73]:

|ZZ|
4
Zz 517 @
exp(hz?

> exp( hz
where |z;| denotes the number of z belongmg to the i-th

Statistic : E,[f. (=

Attention : E.[f.(z Z fz(zi) )
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Figure 3. Framework of GOAT, built on the foundation of the dual-scale graph transformer [9]. Back-door and front-door adjustment
causal learning mechanisms are used for mitigating spurious correlations, enabling unbiased feature learning and decision-making.
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Figure 4. Illustration of BACL and FACL.

category in the training set, and h means hidden features.
The illustration is shown in Fig. 4(a). Our experiments
in Sec. 5.3 reveal modality-specific calculation preferences.

BACL in Text Content. In VLN instructions like “Exit the
office and turn right into the kitchen,” essential guiding ele-
ments such as directions (e.g., “exit” and “right”) and land-
marks (e.g., “office” and “kitchen”) play significant roles.
These keywords which are common causes of instruction
construction and action distribution, serve as observable
confounders. Firstly, we build the text keyword dictionary
DY = (201,205, ..., 2] ;] with K classes to store con-
founder features. Direction-and-landmark keywords are ex-
tracted based on their part-of-speech tags [63]. We use the
pre-trained RoBERTa [41] to obtain feature representations
for each extracted token f7. Since the same word can have
different features across sentences, we calculate the average
feature for each keyword: 27, = ﬁ Zj fin ;- Subse-
quently, the text content causal repreééntation G is calcu-
lated as follows:
I = ROoBERTa(44(Z) + ¢¢(P)), Zx = LN(¢x(D7)) (6)
Gy = LN[¢i (BT, ) ™
where (-) and ¢(-) denote the learnable embedding layer
and the full-connection layer, respectively. The absolute po-
sitional encoding P [60] is added to present the position in-
formation, and the layer normalization LN [5] is employed

for stabilizing hidden states during training.

BACL in Vision Content. For each step, the panorama )V
is divided into 36 sub-images. Since existing VLN datasets
primarily involve indoor room navigation, visual room ref-
erences are treated as observable confounders. CLIP [56]
is used to extract image features. Since room labels are
not directly provided, we employ BLIP [32], a pre-trained
VQA model to capture the room information for each im-
age, by querying the model with a fixed prompt “what
kind of room is this?” The average value of each room
reference type is calculated, forming a visual room ref-
erence dictionary DY = (201,20 2, s 29 ps], Where M
is the number of room types. Additionally, the matrix
v = [(sin ;, cos 0;, sin n;, cos 1;)3¢, ] is used to present the
direction of each image’s shift relative to the agent, where
0 and 7 denote the heading and elevation direction. If there
are additional object features (for goal-oriented tasks), they
are concatenated with image features. Subsequently, a 2-
layer transformer encoder is used to capture spatial depen-
dencies. The above process is formulated as follows:

V = CLIP(V), Z, = LN(¢,(D})) ®)
Vo = LN[QSU(B(Vv Zr))] 9
Qv = Trans(Vv + '(/)d(’Y)) (10)

4.2. Unobservable Causal Inference

Front-door Adjustment Causal Learning (FACL). In the
previous section, we employed the back-door adjustment
technique to handle bias caused by observable confounders.
However, there are additional unobservable confounders
that cannot be explicitly captured and modeled in advance.
To address this, we introduce another technique - front-door
adjustment [17]. As shown in Fig. 4(b), an additional me-
diator M is inserted between inputs and outcomes to con-
struct the front door path X — M — ). In VLN, an
attention-based model P(Y|X) = > P(Y|m)P(m|X)
will select key regions M from inputs X’ for action predic-
tion ). Therefore, the model inference can be represented
by two parts: the feature selector X — M which selects
suitable knowledge M from X, and the action predictor
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M — Y which exploits M to predict ). To eliminate spu-
rious correlation brought by unobservable confounder Z,
we simultaneously deploy do- operator to X and M:

P(Y|do(X ZP Yldo(m))P(mldo(X))  (11)

:ZP ZPme

= Ey/Epp [P (y|m ,m)] (13)
where 2’ denotes potential input samples of the whole rep-
resentation space, different from current inputs X = x. We
use the bold symbol m to denote the in-sampling features
obtained by the feature extractor acting on the current in-
put, and ' to mean the cross-sampling features randomly
sampled by the K-means-based feature selector from the en-
tire training samples. Based on the linear mapping model,
Eq. (13) becomes E,,,[m] + E,[z']. As it is intractable
to get a closed-form solution of expectations involving the
complex representation space, the estimation is achieved by
the query mechanism. Two embedding functions [42, 73]
are used to transmit input @ into two query sets g; = ¢1 ()
and g, = g2(x). Then, the front-door adjustment is approx-
imated as follows:

(m|X) (12)

Eule]~ Y P(a'lg,)z = Z Ze"fxglg )w; (14)
z! 1

Epnjz[m] ~ ZP m|g,)m Z Zexfxg; ) m; (15)

.7:(:12,:13 ) = Ez’[ } +E7n\z[ } (16)

The above process can be efficiently implemented using the
multi-head attention [60], enabling seamless integration of
causal adjustments into existing transformer-based frame-
works with minimal modifications.

FACL in Text, Vision, and History. Considering the
characteristics of VLN, we propose to eliminate unobserv-
able confounders from three kinds of inputs in VLN, i.e.,
vision, language, and history. First, following previous
graph-based methods [9, 63] we construct the vision se-
quence G, = {[STOP], [MEM],Q,} and the history se-
quence G, = {[ STOP] [MEM], {Q;}_,} by adding the
additional token for presenting stop and recurrent mem-
ory states, respectively. (); means the learned weight sum
of panoramic features for the ¢-th step. To condense the
lengthy sequence of features and generate global features
x’ for cross-sampling, we devise the CFP module (as de-
scribed in Sec. 4.3) with the attentive pooling mechanism to
construct confounder dictionaries for vision, history, and in-
struction, denoted as DLJ , Dg, and ng, respectively. Then
the causality-enhanced features R,,, R and R are calcu-
lated based on Eq. (16):

= F(Gs, DY)
(17)

R, = F(Gy, DY), Ry = F(Ghn, Dy,), Rs

Furthermore, we introduce an adaptive gate fusion (AGF)
method to enhance the stability of learning by integrating

T .
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Figure 5. Illustration of the cross-modal feature pooling (CFP).
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causality-enhanced features with the original context fea-
tures for each modality:

Wy = 0(Ry Wy + G, W, + 1) (18)

Up=w; OR, + (1 —w,) © G, (19)

where § and ® mean the Sigmoid function and element-

wise multiplication. Suppose R, and G, € RE=*xd then

W,/ € R*"*1 and b € RE=*1 are learnable parameters.

Next, the cross-modal fused local features F; and global

features I, are obtained by the cross-attention encoders C

from METER [15]. The dynamic fusion DF [9] followed
by Softmax SF is applied for action prediction:

=C(U,,Us,Uy), Fy =C(Up, Uy, Us) (20)

Ff =DF(F, Fy), yr = SF(Fy) (21)

The cross-entropy loss is used to optimize the network:

T
Lee=) —logPyi|T, Vi, Hau1)  (22)

t=1
4.3. Cross-modal Feature Pooling

One challenge of implementing the front-door adjustment
in VLN is constructing efficient dictionaries for global fea-
tures from long sequences. This requires compressing se-
quential features of varying lengths into a unified feature
space to represent each sample effectively. Let H € RE*dn
be the sequential features, the following attentive pooling is
used to effectively compress the sequence length:

A=T(H), a=SF(AW,), H=T("H)  (23)
where 7 denote the Tanh activation, W, € R%*! is the
learnable attention matrix, and H € R*%_ As shown
in Fig. 5, for vision, history, local-global fusion, and text
features, we use one transformer layer as the encoder fol-
lowed by the attentive pooling to obtain flattened features
C',C9,Cf, and C*, respectively. Then, we adopt con-
trastive learning [35, 57, 62] to optimize this cross-modal
feature pooling (CFP) module, meanwhile improving se-
mantic alignments for different modalities. The contrastive
loss £;, is constructed as:

L & os exp((C}, CS>/t)
T2B4 Tl exp((CLCY)/Y) o
ZB: exp (CL.Cs) /1)

B "0 exp((CLLCp)/t)
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where B and ¢ mean the batch size and temperature, respec-
tively. Similarly, contrastive losses L, and L, are calcu-
lated by replacing C! with C9 and C/. The overall CFP
loss is the sum of these losses Lcpp = Lis + Lgs + Lys.
To enable the network more adaptive to characteristics
for VLN and thus facilitate the building of the front-door
confounder dictionaries for samples, we train the CFP mod-
ule alongside other auxiliary tasks [9] during pre-training.
Subsequently, the trained attentive pooling modules are
used to extract global features for different modalities. In
the fine-tuning stage, we employ the BACL and FACL with
established dictionaries for intervention. The CFP offers
dual benefits: it aligns different modalities more effectively
during pre-training and provides a systematic approach for
extracting coherent representations from sequence inputs.

4.4. Causal Learning Pipeline

As shown in Fig. 6, we
summarize a causal learn-
ing pipeline that serves as a
blueprint for similar learning-

Task
Formultation
Confounder
Assumption

based methods. First, it be- [ObsembleJ [Unobservab,e}
gins with task formulation, Confounder J \Confeunder

1 Feature Feature
where the specific task and e ) (e, Y4

its objectives are precisely de- ¥ —¥
fined. Next, the observ- [Adj““me“tj [A‘”“St’“e"‘]
able and unobserv?lb'le con-
founders are explicitly as-

sumed. Both back-door and predition
front-door adjustment strate-
gies are employed to tackle
these confounders, either si-
multaneously or sequentially,
contingent on task specifics.
Then, the pipeline proceeds
to model calculation and result prediction. Throughout
network optimization, both network parameters and con-
founder features are continuously updated. Ultimately,
this iterative process leads us to the development of a ro-
bust causal model capable of generating unbiased features,
thereby advancing the generalizability of Al systems.

Parameter
Optimization

Figure 6. Pipeline of the
causal learning.

5. Experiments
5.1. Experimental Settings

1) Datasets. We verify GOAT on two kinds of VLN
benchmarks: fine-grained datasets (R2R [4] and RxR-
English [29]), which provide long step-by-step navigation
instructions, and goal-oriented datasets (REVERIE [53] and
SOON [81]), which additionally requires for the target ob-
ject. Formally, the datasets are partitioned into four splits:
training, validation seen (sharing the same environments
with the training set), validation unseen (having different

environments from the training set), and test unseen sets
(reported by the online leaderboard for fair comparison).

2) Evaluation Metrics. In R2R, key metrics include Nav-
igation Error (NE), Success Rate (SR), Oracle SR (OSR),
and SR Weighted by Path Length (SPL). RxR adds Normal-
ized Dynamic Time Warping (nDTW) and SR Weighted by
Dynamic Time Warping (sDTW). REVERIE and SOON in-
troduce Remote Grounding Success Rate (RGS) and RGS
Weighted by Path Length (RGSPL).

3) Implementation Details. Our model consists of 6 trans-
former layers for text, 2 for panorama, and 3 for cross-
modal encoding. We use CLIP-B/16 [56] for image fea-
ture extraction and initialize network weights with ME-
TER [15]. In pre-training, MLM [28], SAP [8], and the
proposed CFP are for R2R and RxR. OG [37] is added for
REVERIE and SOON. EnvEdit [34] is employed for feature
augmentation. The synthetic extended datasets [19, 62, 65]
are used for R2R, REVERIE, and RxR, respectively. Pre-
training is done on a single Tesla V100 GPU for a maximum
of 300K iterations by the AdamW [43] optimizer, with a
batch size of 48 and a learning rate of 5 x 1075, The num-
bers of classes of keywords and rooms are 74 and 50, and
the temperature ¢ is set to 1. In fine-tuning, the front-door
dictionaries are randomly sampled from the K-Means clus-
tering features. As the text transformer RoBERTa [41] is
involved in end-to-end training, the textual keywords dic-
tionary is also iteratively updated. Speaker models with the
environmental dropout [58, 62, 64] are used to provide dy-
namic pseudo labels. We employ batch size 12 for R2R,
REVERIE, and 5 for RxR and SOON, with a learning rate
of 2 x 107° and a maximum of 100K iterations.

5.2. Comparisons with State-of-the-Arts

In Tab. 1, 2, 3, 4, we compare GOAT with the previous state-
of-the-art (S0TA) methods on the R2R, REVERIE, RxR-
English, and SOON datasets, respectively. On all these four
datasets, our approach exhibits superior navigation perfor-
mance, precise instruction-following alignment, and accu-
rate object grounding across both seen and unseen environ-
ments. For instance, in R2R, GOAT achieves remarkable
improvements in SPL compared to BEVBert [3], with rela-
tive increases of 7.41%, 6.45%, and 4.74% on three subsets.
In REVERIE, GOAT shows substantial relative enhance-
ments in RGSPL by 11.83%, 6.55%, and 20.87% on three
subsets. In the challenging SOON and RxR tasks, GOAT
also exhibits significant improvements in performance met-
rics, highlighting its robustness and superior generalization
capabilities over previous methods.

5.3. Quantitative Analysis

1) Effect of Causal Inference. Fig. 7 verifies the impact of
causal inference on GOAT across four diverse VLN datasets
in unseen environments. “W/o intervention” signifies the
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Method Validation Seen Validation Unseen Test Unseen
SRT SPLT NE| OSRfT | SRt SPLT NE| OSRfT | SRt SPLt NE| OSR?T
HAMT [8] 76 72 2.51 82 66 61 3.29 73 65 60 3.93 72
DUET [9] 79 73 2.28 86 72 60 3.31 81 69 59 3.65 76
TD-STP [80] 77 73 2.34 83 70 63 3.22 76 67 61 3.73 72
GeoVLN [25] 79 76 2.22 - 68 63 3.35 - 65 61 3.95 -
DSRG [63] 81 76 2.23 88 73 62 3.00 81 72 61 3.33 78
GridMM [71] - - - - 75 64 2.83 - 73 62 3.35 -
GELA [10] 76 73 2.39 - 71 65 3.11 - 67 62 3.59 -
EnvEdit [34] 77 74 2.32 - 69 64 3.24 - 68 64 3.59 -
BEVBert [3] 81 74 2.17 88 75 64 2.81 84 73 62 3.13 81
GOAT (Ours) | 83.74 7948 179 88.64 | 77.82 68.13 240 84.72 | 7457 6494 3.04 8035
Table 1. Comparison with other state-of-the-art methods on the R2R dataset [4]. ‘-’: unavailable statistics.
Method Validation Seen Validation Unseen Test Unseen
ctho SRT SPLT RGStT RGSPLt | SRT SPLT RGStT RGSPLtT | SRT SPLT RGStT RGSPLt
HAMT [8] 4329 40.19 27.20 25.18 3295 3020 18.92 17.28 3040 26.67 14.88 13.08
HOP+ [54] 55.87 49.55 40.76 36.22 36.07 31.13 2249 19.33 33.82 2824 20.20 16.86
DUET [9] 7175 6394 57.41 51.14 4698 33.73 32.15 23.03 52.51 36.06 31.88 22.06
DSRG [63] 75.69 68.09 61.07 54.72 47.83 34.02 32.69 23.37 54.04 37.09 3249 22.18
GridMM [71] - - - - 51.37 3647 34.57 24.56 53.13 36.60 34.87 23.45
BEVBert [3] 73.72 65.32 57.70 51.73 51.78 36.37 34.71 24.44 52.81 3641 32.06 22.09
GOAT (Ours) | 78.64 71.40 63.74 5785 | 5337 3670 38.43 26.09 | 57.72 40.53  38.32 26.70
Table 2. Comparison with other state-of-the-art methods on the REVERIE dataset [53]. ‘—’: unavailable statistics.
Method Validation Seen Validation Unseen 1d ‘ BACL FACL ‘ SRt SPLT NE| OSR?T
SRt SPLtT nDTW{ sDTW1|SRT SPLT nDTW{ sDTW+
Syntax [31] 48.1 440 58.0 40.0 |39.2 350 520 32.0 é ‘); ; ;2%; 2471?2 %gg ggég
SOAT [45] - - - - 442 - 54.8 36.4 ' ' ' '
HOP+[54]  |53.6 479 590 430 (457 384 520 360 3 X v | 7650 6692 253 8421
FOAM []4] _ _ _ _ 42.8 387 54.1 35.6 4 v/ v/ 77.82 68.13 2.40 84.72
Q/IDA?;TM?SN 5(2'3 44&6 56_'3 4(2'6 ggg 4(1'2 Zg; 431;; Table 5. Effect of back-door and front-door adjustments.
VLN-PETL [55]/60.5 56.8 65.7 51.7 |57.9 542 649 49.7
GOAT (Ours) |74.1 681 710 614 |682 617 671 566 integration of causal inference leads to significant enhance-

Table 3. Comparison on the RxR-English dataset [29].

Test Unseen

Method Validation Unseen
OSRT SRt SPLt RGSPLT|OSRT SRt SPLt RGSPLt
GBE [81] 28.54 19.52 1334  1.16 |21.45 1290 9.23 0.45
DUET [9] 5091 36.28 22.58 3.75 |43.00 33.44 2142 4.17
GridMM [71] |53.39 37.46 24.81 391 |48.02 36.27 21.25 4.15
GOAT (Ours)‘ 54.69 40.35 28.05 5.85 ‘50.63 40.50 25.18 6.10
Table 4. Comparison on the SOON dataset [81].
o R2R REVERIE RXR SOON
20 75 32 28.1

77.8 36.7 - 5591 263 §
78 1753 s 34-3 68 NN 24

N N N N
72 % 68.1 30 % 261 s 566 s
6 § 64. § 24.8 § 53. § 4959

\ | “1EN gg \ | NI
60 \ 20 a7 E @
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Bw/o Intervention [w/ Interventlon

9
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Figure 7. Effect of the intervention on various VLN datasets.

exclusion of the proposed BACL and FACL interventions
across all modalities. On each of the datasets examined, the

ments in the model’s performance. This strongly demon-
strates causal learning’s considerable popularization poten-
tial in enhancing learning-based model generalization.

2) Effect of BACL and FACL. Tab. 5 analyzes the effects
of the proposed BACL and FACL on the R2R val-unseen
subset. Compared to the baseline (#1), individual applica-
tion of either BACL (#2) or FACL (#3) leads to performance
improvements. Concurrent use of BACL and FACL (#4)
leads to further performance enhancements. These findings
underscore our assumption about the presence of both ob-
servable and unobservable confounders. Integrating both
back-door and front-door adjustments is crucial to com-
prehensively addressing dataset biases, and enhancing the
model’s robustness and generalization.

3) Effect of CFP. In Tab. 6, we assess the efficacy of the
proposed CFP on the R2R val-unseen subset. During pre-
training (PT), incorporating CFP as an additional auxiliary
task (CFP-P) enhances training performance, improving SR
and SPL by 3.11% and 3.02% (#A1), respectively. In the
fine-tuning (FT) stage, we compare the performance with
and without the use of trained attention modules from CFP

13145



Stage | Id | Method
A0 ‘ w/o CFP-P

| SRt SPLt NE| OSRt
4036 37.88 6.52 48.87

Al | w/CFP-P 43.47 4090 6.06 53.13
BO | AOw/oCFP-F | 7556 6590 2.63 8242
FT Bl | A1w/oCFP-F | 76.63 66.17 2.63 84.67
B2 | Al w/CFP-F 77.82 68.13 240 84.72

Table 6. Effect of CFP in pre-training and fine-tuning.

Id | Text Vision | SRt SPLt NE| OSRt

1 Stats  Stats 7522 6478 271  83.65
2 Stats  Attn 76.59 6539 256 85.31
3 | Attn Stats 77.82 68.13 240 84.72
4 | Attn  Attn 7595 6583 2.64 8391

Table 7. Effect of Statistic and Attention methods in BACL.

Accuracy of instructions  Accuracy of instructions  Accuracy of instructions  Accuracy of instructions
involving “stairs” involving “chair” involving “sofa” involving “bed”
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Figure 8. Comparison of the distribution of SR and SPL of instruc-
tions involving specific terms on the R2R val-unseen split.

to extract global features for front-door dictionaries (CFP-
F). “W/o CFP-F” signifies the use of simple average pool-
ing to compress features from the pre-trained model. #B2
shows that the CFP provides more reliable confounder rep-
resentations for causal learning (SPL 1 1.96%).

4) Effect of Different BACL in Different Modalities.
Tab. 7 investigates the effect of various combinations of
statistic-based and attention-based methods for text and vi-
sion in BACL on the R2R val-unseen subset. The results in-
dicate that employing the attention method for text and the
statistic method for vision yields the best performance (#3).
Intuitively, this can be explained by the structured nature of
textual information and the involvement of RoOBERTa’s end-
to-end training, enabling the attention method to effectively
capture contextual nuances. Conversely, images lack ex-
plicit causality, and CLIP, the image extractor, isn’t trained
directly for efficiency reasons. Consequently, the statistic
method ensures a stable causal learning process, preserving
the integrity of vision-related features.

5.4. Qualitative Analysis

1) Bias Elimination Effect. In Fig. 8, the compactness of
the boxes represents concentrated data distribution and re-
duced variability, while a median line closer to the center
signifies even data distribution. It shows that GOAT obtains
narrower boxes and more central midlines across diverse
objects. This finding showcases that with the integration of

i} Starting point P Destination O Visited point
£ Ground-truth  ®>DSRG 5> GOAT (Ours)

Unvisited point

* Instruction:
Walk out of the room and go past
the stairs and into the bedroom
that is straight ahead, go to the
bathroom doorway and wait there.

* Instruction:

Slightly move over the
green _chair closest to the
corner of the reception
desk in the lounge.

1

Figure 9. Predicted trajectories in unseen environments.

causal intervention, GOAT significantly reduces prediction
bias, thereby enhancing its generalization capability in pre-
viously unseen environments.

2) Visualized Trajectories. In Fig. 9, we visualize some
predicted trajectories in unseen environments, comparing
them with DSRG on R2R and REVERIE datasets. Notably,
GOAT precisely captures directional cues like “straight
ahead” and nuanced instructions like “closest to the corner”,
enabling accurate predictions. These instances highlight
the intricate causal connections in VLN tasks, where spe-
cific instructions prompt corresponding actions. GOAT’s
enhanced causal inference capability enables it to generate
more reasoned responses aligned with the provided instruc-
tions, underscoring the significance of robust causal infer-
ence in VLN systems. Please refer to our supplementary
material for more detailed discussions and visualizations.

6. Conclusion

Our work presents GOAT, a novel approach that addresses
the dataset bias in VLN from the perspective of causal learn-
ing. The back-door and front-door adjustment causal learn-
ing (BACL and FACL) mechanisms are proposed to adjust
for observable and unobservable confounders, respectively.
The cross-modal feature pooling (CFP) module is adopted
to promote feature learning and extraction through con-
trastive learning. The practical causal learning pipeline is
presented to illuminate other similar learning-based meth-
ods. Experiments on R2R, REVERIE, RxR, and SOON
datasets show that GOAT can reasonably discover sequence
visual-linguistic causal structures and significantly improve
performance. Beyond VLN, the underlying confounder as-
sumption and causal inference principles are generalizable
to other similar fields.
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