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Abstract

Egocentric Referring Video Object Segmentation (Ego-RVOS) aims to segment
the specific object actively involved in a human action, as described by a lan-
guage query, within first-person videos. This task is critical for understanding
egocentric human behavior. However, achieving such segmentation robustly is
challenging due to ambiguities inherent in egocentric videos and biases present
in training data. Consequently, existing methods often struggle, learning spurious
correlations from skewed object-action pairings in datasets and fundamental visual
confounding factors of the egocentric perspective, such as rapid motion and fre-
quent occlusions. To address these limitations, we introduce Causal Ego-REferring
Segmentation (CERES), a plug-in causal framework that adapts strong, pre-trained
RVOS backbones to the egocentric domain. CERES implements dual-modal causal
intervention: applying backdoor adjustment principles to counteract language
representation biases learned from dataset statistics, and leveraging front-door
adjustment concepts to address visual confounding by intelligently integrating
semantic visual features with geometric depth information guided by causal prin-
ciples, creating representations more robust to egocentric distortions. Extensive
experiments demonstrate that CERES achieves state-of-the-art performance on
Ego-RVOS benchmarks, highlighting the potential of applying causal reasoning to
build more reliable models for broader egocentric video understanding.

1 Introduction

Egocentric vision, capturing the world from a first-person perspective, offers invaluable data for
understanding human interaction and behavior. Within this domain, Egocentric Referring Video
Object Segmentation (Ego-RVOS) [36] presents a key task: segmenting the specific object actively
involved in a human action, as identified by a natural language query combining object and action
descriptions (Figure 1(a)). Successfully addressing Ego-RVOS paves the way for machines to develop
a deeper comprehension of dynamic scenes, integrating visual perception, language understanding,
and temporal reasoning. Prior work, such as ActionVOS [36], established settings for this task,
notably utilizing action descriptions alongside object names and sometimes adapting pre-trained
models with specialized loss functions to focus on active objects.

However, developing robust Ego-RVOS models faces significant hurdles. Current approaches often
struggle because they learn spurious correlations rather than genuine cause-and-effect relation-
ships [18, 60, 50, 6, 27]. These spurious correlations stem from two main sources, as illustrated by
typical failure cases in Figure 1(b). First, dataset biases often exist where certain object categories
frequently co-occur with specific actions, leading models to rely on these statistical shortcuts instead
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Figure 1: Motivation and overview of the CERES for addressing biases. (a) Ego-RVOS needs to segment the
objects related to action (positive objects, colored) instead of objects unrelated to action (negative objects, gray).
(b) Example failure cases of baseline [36] because of visual occlusion and rare objects outside the training set.
(c) Our CERES from text and visual modal performs causal intervention to achieve robust Ego-RVOS.

of truly grounding the language query [5, 40, 55]. Second, the inherent nature of egocentric video
introduces fundamental visual confounding factors: rapid camera movements, frequent hand-object
occlusions, and perspective distortions create complex visual patterns that can mislead models, partic-
ularly given the domain shift from typical third-person pre-training data [46, 19, 44, 12, 7, 56]. This
reliance on superficial cues renders models brittle and unreliable.

To overcome these challenges and foster robust segmentation, we propose Causal Ego-REferring
Segmentation (CERES), a plug-in causal framework that adapts strong, pre-trained RVOS backbones
to the egocentric domain by employing dual-modal causal intervention.

Instead of merely learning correlations, CERES aims to identify and model the underlying causal
pathways from the dual-modal inputs (vision X, text 7") to the segmentation output ()/), intervening to
remove confounding influences. As illustrated in Figure 1(c), we conceptualize the Ego-RVOS process
using a causal graph and outline the CERES framework. We identify two primary confounding issues:
(1) For the observable language bias, stemming from dataset statistics (confounder Z), CERES
applies principles inspired by backdoor adjustment [38, 39]. This aims to block the spurious path
T < Z — Y and estimate the direct causal effect of the text query 7 on the output ), P(Y | do(T)).
(2) For the unobservable visual confounding, originating from inherent egocentric factors (i),
CERES utilizes principles based on front-door adjustment [39]. This requires identifying a mediator
variable M that captures the causal effect flowing from vision X" to the output ). The goal is to
estimate the causal effect of the visual input X on ), P(Y | do(X)), by adjusting for the effect
mediated through M while blocking the confounding path X < U — ).

Implementing the front-door adjustment necessitates a carefully chosen mediator M. Egocentric vi-
sual features X" are susceptible to confounding ({/) through factors like rapid motion and occlusion. A
purely visual mediator risks inheriting this confounding, potentially violating front-door requirements.
We hypothesize that incorporating geometric structure can yield a more robust mediator, less sensitive
to U. Therefore, we propose a mediator M integrating semantic visual knowledge (M) with
geometric depth information (M), both derived from &'. Leveraging depth cues provides robustness
against visual distortions inherent in I/, aiming to better isolate the back-door path X — M — ).
CERES employs attention [60] to realize this vision-depth fusion and implement the necessary causal
adjustments within an end-to-end framework. The main contributions of this work are:

* We propose CERES, a novel framework applying causal inference principles to tackle key robustness
challenges in Ego-RVOS.

* We employ backdoor adjustment concepts to mitigate language biases arising from spurious
correlations in object-action dataset statistics.

* We utilize front-door adjustment concepts, implemented via a novel vision-depth mediator, to
address fundamental visual confounding inherent in the egocentric perspective.

* Extensive experiments across diverse backbones demonstrate that CERES achieves state-of-the-art
performance on VISOR, VOST and VSCOS datasets, significantly improving robustness against both
linguistic and visual biases.



2 Related Work

* Referring Video Object Segmentation (RVOS) Referring Video Object Segmentation (RVOS)
aims to segment the object referred to by a natural language expression throughout a video. Existing
RVOS tasks [17, 22, 34, 43, 58] are typically constructed by annotating referring expressions on
existing video segmentation benchmarks. These expressions often describe static attributes of a single
target object. The recent MeViS dataset [13] introduces motion-based language descriptions for
video object segmentation. Various methods have been proposed for RVOS [3, 14, 8, 54, 52, 24]. For
instance, SLVP [32] extends RVOS to the VISOR dataset [12], while ActionVOS [36] incorporates
action narrations to segment active objects in egocentric videos. Despite these advances, most
approaches overlook critical challenges such as occlusion and label bias in referring expressions. In
this work, we propose a causal inference-based framework to address these issues, enabling more
robust and generalizable RVOS models.

* Causal Inference Causal inference has become an increasingly popular tool for uncovering
task causality [39], and has been widely integrated into deep learning systems, especially in vision-
language tasks such as image recognition [51, 53, 66, 65, 33], image captioning [61, 25], and visual
question answering [23, 60]. A common approach is to apply adjustment techniques to mitigate the
influence of confounding variables, with some studies exploring counterfactual reasoning [37, 1, 35].
In this work, we focus on intervention-based methods due to their practicality. However, most
existing causal learning frameworks are limited to relatively simple tasks and rarely consider complex
embodied settings like RVOS. Moreover, current approaches typically apply either back-door [25,
50, 64, 68] or front-door [28, 60, 61] adjustments independently across modalities, failing to account
for both observable and unobservable confounders in a unified manner. Unlike prior works such as
GOAT [49], which tackles confounders in vision, language, and action history, we propose the first
causal framework tailored for RVOS. Specifically, we introduce a novel front-door adjustment that
integrates depth information and adjacent frames features to refine segmentation decisions under
occlusion. Meanwhile, we design a back-door blocking strategy to statistically correct biases in
referring expressions and action labels. Our approach effectively addresses both visual and linguistic
confounding effects, leading to more robust and generalizable Ego-RVOS models.

3 Preliminary
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The objective is to predict a sequence of binary seg- (Dashed lines indicate confounding paths; solid
mentation masks Y = {y;}!_;, where each realiza- lines indicate causal paths.)

tion y; € {0, 1}*W precisely delineates the pixels

belonging to the object instance specified by the query ¢ and actively participating in the described
action within frame z;. This task demands robust integration of visual perception (X’), language
understanding (7"), and reasoning about object-action relationships over time.

Structural Causal Model of Ego-RVOS. To systematically address the biases inherent in Ego-
RVOS, we formulate the task using a Structural Causal Model (SCM) [38], as depicted in Figure 2.
This model posits that the visual input X’ and text query 7 are the direct causes of the segmentation
output ). However, this ideal relationship is often confounded in practice.

We identify two primary confounders. First, an unobserved confounder U/ encapsulates intrinsic
egocentric visual characteristics (e.g., rapid motion, occlusions) [44]. U affects both the visual input X
and the output ), creating a spurious backdoor path X <— &/ — ). Second, an observable confounder
Z represents dataset-level statistical biases, such as skewed object-action co-occurrences [40]. Z



influences both the text queries 7 and the labels ), forming another backdoor path 7 < Z — ).
These backdoor paths lead models to learn superficial correlations rather than true causal relationships.

To mitigate the visual confounding from U/, we employ the front-door criterion. This involves an
intermediate mediator M that captures the causal effect from X to ). Recognizing that purely
visual knowledge might still be tainted by U/, we propose a more robust mediation strategy. As
shown in Figure 2, we conceptualize the visual information X" as giving rise to distinct semantic
knowledge M, (what objects are present) and geometric depth knowledge M ; (their spatial layout
and structure). We hypothesize that M, forms the primary pathway to an intermediate representation
MEX = M, - M — ), while M offers a complementary, potentially more robust, pathway
influencing Y (X — My — ). This decomposition aims to leverage the stability of geometric
cues (M) to buttress the semantic interpretation (M), leading to a mediator M (or a combined
influence on )) that is less susceptible to the distortions introduced by U{. The specific mechanisms
for realizing these causal adjustments will be detailed in our method section.

4 Methodology

The CERES (Causal Egocentric Referring-Segmentation) framework implements distinct causal
adjustment strategies to address the language and visual biases inherent in Ego-RVOS, as outlined in
our Structural Causal Model (SCM, Figure 2). Specifically, to counteract:

* Language Bias: Stemming from the observable confounder Z in the 7 < Z — ) pathway,
CERES applies back-door adjustment.

* Visual Bias: Originating from the unobserved confounder U/ affecting the X’ <— U/ — ) pathway,
CERES employs front-door adjustment. This is operationalized using a mediator M which is
carefully constructed from semantic visual features (M,,) and geometric depth features (M) derived
from the visual input X'.

The subsequent sections detail the specific formulations for these back-door and front-door adjust-
ments and describe their neural network implementations within CERES.

4.1 Language De-biasing via Back-Door Adjustment

Dataset statistics often correlate a textual query 7 with its target mask ) through a visible confounder
Z (e.g., frequent “knife—cut” pairs). Following Pearl’s back-door criterion [39], the interventional
distribution is

PY|do(T =) =Y PV I|T=t2=2 P(Z=2) =Ez[P(Y|t,2)]. (1)

Normalized—exponential approximation. A modern segmenter first maps inputs to pre—activation
scores (logits) sy (t,z) and then applies the Softmax function to obtain probabilities. For many
practical score distributions, the expectation of Softmax outputs can be closely approximated by
applying the Softmax function to the expected scores. This is because for any function of the form
f(2) = exp(g(z)), the weighted geometric mean [ ], f(z)"(*) is equal to exp(Ez[g(z)]). Given the
exponential nature of the Softmax function, this leads to the following approximation (often referred
to as the Normalized Weighted Geometric Mean or NWGM approximation [2, 25]):

Ez [Softmax(sy(t, 2))] ~ Softmax(Ez[sy(t, 2)]). 2)

Additive score assumption. We further assume the pre-activation scores decompose as sy (t, z) ~
s7(t) + s=(z), a standard design when text and bias features are fused by summation before the final
classifier. Substituting into Equation (2) gives the de-confounded score:

sy(t) = s7(t) + Ez[sz(2)]. 3)

Practical estimator. We instantiate s7(t) = w ' fr(¢) with a text encoder fr. A dictionary
{fz(2:)}X, of confounder embeddings is built once from the training set (each z; is a unique
object—action pair); the empirical frequency of each z; serves as P(z;). The expectation becomes the

fixed vector fz = Zfil P(z;) fz(z;). Finally, the de-biased text representation is

£(t) =fr(t) + £z,  and s),(t) = w' £ (¢). )



This implements Equation (3), providing an approximation of P() | do(7)) that is provably back-
door adjusted under the stated assumptions.

4.2 Visual De-biasing via Front-Door Adjustment

The visual pathway is confounded by an unobserved confounder U (e.g., rapid camera motion,
occlusions), rendering a back-door adjustment strategy impossible. Instead, we exploit the two-step
mediator process X — (M,, My) — M — Y to apply front-door identification, where M,
represents semantic visual features and M represents geometric features.

Front-door estimand. For the causal chain X — (M,, M) - M — ), Pearl’s front-door
theorem yields:

PY[do(X =2)) =Y Y PV |M=mX=2)PM=m|X=2)P(X=2) (5

To implement this, two key expectations need to be approximated using their feature embeddings
(denoted by bold capitals): (i) the effect of general visual context P(z’), approximated via X =
Ex/[X'], and (ii) the effect of the current visual input = on the mediator P(m | x), approximated via
M ~ EM\X:w[M]'

Mediator design. M, encodes high-level semantics from RGB features but can be sensitive to
the confounder &/. M, encodes geometric information (e.g., from pretrained monocular estimation
model) and is empirically more robust to {. These are extracted by modality-specific encoders,
producing sets of token vectors: M, (z) = {m,, ; }f;l from the current visual input x, and similarly

My (z) = {mg}7,.
Self-normalizing token aggregation for mediator components. To approximate the conditional

expectations E[M, | X = 2] and E[M,4|X = x] (which contribute to forming M), we employ
a weighted aggregation of tokens. The weights are derived from a normalized exponential of
dot-product similarities between query projections (derived from x) and key projections of the tokens:

Loy

M, =

m,j,k7

L
exp({gu(@), koj(mo))) NI, — zd: exp({qa (), ka,k(ma,x)))
v,7 -
j=1 25;1 eXp(<qv ($)7 kvyp(mvvp») k=1 2521 eXP(<qd(m)7 kd,q(md’q»)
Q)
where q.(-) and k. .(-) represent learned query and key projection functions.
Cross-modal aggregation for the final mediator M. We assume that the latent mediator M is a convex

combination of the visual tokens M, = {m, 1, ..., m,, 1, } whose coefficients depend only on the geometric
cue M. Restricting the predictor to this attention-linear family (ALF) yields the set:

FaLF = {fa(Mv) = Z%‘mv,j

a= Softmax(s(l\/.[d, Mv)) } @)

With squared error as the loss, the minimum-mean—square—error (MMSE) estimator inside Farr is obtained by
choosing the scaled dot-product score s(Mgy, m, ;) = (WoMy, Wxkm, ;)/Vd.

Appendix proves this result via a Lagrange-multiplier solution of the simplex-constrained quadratic program [4],
following the arguments of Perez et al. [41].

Hence the conditional expectation takes the familiar cross-attention form [48]:

E[M | M, (z), Ma(z)] = Z_; Zixpiiza?,i ﬁj(?@ m>)>)

my ;. (8)

Because My(z) ~E[Mgy| X = z] is purposely designed to be insensitive to the egocentric bias I/, we obtain
a bias-robust estimate of the overall mediator by plugging M,(x) into Equation (8): M(z) = Attn(Q =

My, K=V = M, ). Equation (8) concretely instantiates our claim that “M guides the aggregation of
M., ”, while ensuring that the learned weights are less exposed to the confounder /. A complete derivation and
additional empirical justification are provided in Appendix.

Memory-bank estimator for X. Most front-door implementations [60, 49] pre-compute a global dictionary
of training frames and apply cross-attention against that dictionary to approximate the expectation Ex/[X'].
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Figure 3: Overview of the CERES framework. The Linguistic Back-door Deconfounder (LBD) de-biases the
input text query T into features f7-(¢). Concurrently, the Visual Front-door Deconfounder (VFD) processes the
video frame X; it forms a vision-depth mediator M(xt) using Depth-guided Attention (DAttn) and estimates
temporal visual context X, via Memory Attention (MAttn), yielding de-biased visual features f% (z:). These
de-biased multimodal features are then used by the RVOS model to predict the segmentation mask Y.

Such a static lookup is impractical for long, dynamic egocentric streams. We instead assume (A1) short-range
stationarity: within a window of W frames, the marginal distribution of the raw frames z; is approximately
unchanged. Under (A1), the last W frames form an i.i.d. Monte-Carlo sample of the stationary distribution,
so their empirical average is an unbiased estimate of Ex/[X']. Concretely, we keep a sliding memory bank
By = {xi—+ }¥_, and define

w

X, = Z exp (Sirn(xt7 xt_T)) .

N Xt—
= ZZV:1 exp (sim(x¢, X;—o)) v

where x; (and x:—-) is the frame-level embedding of z:, and sim(-, ) is a learnable dot-product score as
in standard attention [48]. Equation (9) is nothing but a soft weighting of Monte Carlo samples, similar to
temperature-scaled importance sampling [63].

Theoretical guarantee. By the law of large numbers, the empirical mean over B; converges to Ex/[X']
as W — oo. Because the softmax weights in Equation (9) satisfy > - w, = 1 and are bounded, the same

convergence holds for X. Combined with the Attention-Linear-Family (ALF) model used for M, the overall
network is a consistent estimator of the front-door integral.

4.3 Overall Architecture

The CERES framework applies our proposed causal adjustment modules, the Linguistic Back-door Deconfounder
(LBD) and the Visual Front-door Deconfounder (VFD), to a pre-trained Referring Video Object Segmentation
(RVOS) model, typically trained on third-person datasets. An overview of the architecture is depicted in Figure 3.

Linguistic Back-door Deconfounder (LBD). To mitigate language bias, the LBD module (Section 4.1) first
constructs a confounder dictionary. This dictionary comprises embeddings of unique object-action pairs (z;)
and their empirical frequencies P(z;) derived from the training dataset statistics. The text encoder from the
pre-trained RVOS model is used to obtain the initial text query embedding f7(¢) and the confounder embeddings
fz(2;). During both training and inference, the de-biased text representation £7-(¢) is computed using Eq. (4),
effectively adjusting for spurious correlations learned from dataset statistics.

Visual Front-door Deconfounder (VFD). The VFD module (Section 4.2) addresses visual confounding. For
each video frame x:, visual features X;gb are extracted using the image encoder of the pre-trained RVOS model.

Concurrently, geometric depth features Xfepth are obtained from a pre-trained monocular depth estimation
model’s encoder.

To construct the mediator component M (z; ), features from the last 7 layers of both the RGB encoder (M., ; ()
for layer 1) and depth encoder (M g4,; () for layer [) are utilized. For each of these n layers, Depth-guided
mediator Attention (DAttn) combines these modalities:

iy (z;) = DAttn(Q = My, (z:),K = V = M, (21)), (10



Table 1: Comparison (%) with state-of-the-art methods on VISOR. Best results are highlighted in bold, second-
best in underline within the same backbone. 1 indicates higher is better, | indicates lower is better.

Method Backbone mIoUP1T cloUPt mIoU®| cloU®| gloUT Acet F1t
ReferFormer R101 59.9 66.4 30.5 521 553 586 642
ReferFormer+ R101 58.2 64.8 14.3 18.9 63.1 67.6 689
ActionVOS R101 59.9 67.2 16.3 285 699 734 737
Ours R101 64.0 72.8 15.3 256 724 1763 771

ReferFormer+ VSwinB 61.1 68.9 19.2 36.8 684 732 740
ActionVOS VSwinB 62.9 70.9 20.0 38.8 69.5 70.7 743

Ours VSwinB 65.4 72.5 19.1 35.1 721 747 759
HOS SwinL 55.1 59.2 13.5 17.3 66.5 703 69.7
ActionVOS SwinL 66.3 71.9 22.8 425 68.7 734 755
Ours SwinL 67.0 73.6 16.9 28.6 71.8 752 76.2

Table 2: Comparison (%) with state-of-the-art methods on the novel subset of VISOR. Best results are in bold,
second-best in underline. 1 indicates higher is better, | indicates lower is better.

Method mIoUP 1 cloUPT mIoU®| cloU®| gloUT Acet F11
ReferFormer+  47.2 54.1 13.5 218 501 519 577
HOS 458 497 7.8 1.1 619 645 66.0
ActionVOS 55.3 62.8 14.5 254 658 694 719
Ours 60.0 69.9 14.4 204 679 722 758

where 1\7[(“ (z¢) is the aggregated depth feature representation for layer  (analogous to Eq. (6) applied layer-
wise). This yields layer-specific mediator representations {1y (x:)};=,. For the final mask prediction, we

typically use the mediator from the last processed layer, M(z;) = m,, (z;).

To estimate the general visual context Xz, a memory bank stores recent frame features (from X, ), augmented
with temporal positional encodings. Temporal Memory Attention (MAttn) then computes X; as per Eq. (9).
The de-biased visual feature f% (z:) is then formed by integrating the mediator and context information.
Specifically, the final mediator M(mt) and the context X, are concatenated and processed through an MLP
followed by a gated residual connection:

fr(z:) = omx - MLP([M(mt); Xt}) +(1—omx) Xt (11)

This f% (x+) represents the visual input adjusted for egocentric confounders, o, x is the gate of residual path
for easier to train [45, 20]. For auxiliary losses during training, similar de-biased features £’ ;(x:) are computed
using the intermediate layer-specific mediators m; (x¢ ).

Output Generation and Training. The de-biased text features £7-(¢) and visual features f% () (or £ ;(x:)
for intermediate layers) are then utilized by the subsequent components of the RVOS model. These typically
include a classification head to predict the object category, a "positive" head to identify if the object is actively
involved in the action, and a mask decoder to generate the final segmentation mask ¢:. The model is trained
using a standard segmentation loss. Following prior work, auxiliary segmentation losses are applied to the
outputs derived from the de-biased visual features of the n intermediate layers during training. During inference,
only the de-biased visual feature from the final considered layer is used for prediction.

S Experiment

5.1 Experiment Settings

* Datasets. Following previous work [36], we evaluate our method on three public egocentric video datasets:
VISOR [12], VOST [46], and VSCOS [62]. VISOR, derived from EPIC-KITCHENS [10, 11], provides
annotations for hands and active object interactions; we utilize its training and validation splits. After pre-
processing, this yields 13,205 videos (76,873 objects) for training and 467 videos (1,841 objects) for validation,
where validation objects are manually annotated as positive or negative. VOST and VSCOS are used for
validation only. VOST assesses performance on objects undergoing transformations. VSCOS focuses on
state-changing objects; its validation data is filtered to prevent overlap with the VISOR training set.



* Metrics. We follow established evaluation protocols [26, 36]. Key metrics include mean Intersection over
Union (mloU) and cumulative IoU (cloU), reported separately for positive (mIoU®, cloU®P) and negative
(mIoU®, mIoU®) objects to assess segmentation of interacted and non-interacted instances, respectively. We
also report generalized IoU (gloU) [26] for a combined assessment of segmentation and target classification.
Additionally, Precision (P), Recall (R), and Accuracy (Acc) are used for the binary classification of object
activity. For these classification-related evaluations (gloU, P, R, Acc), a prediction is considered a True Positive
(TP) if its IoU with the ground truth exceeds 0.5. More metrics details are in the Appendix D.

* Implementation Details. CERES builds upon the ReferFormer [57] architecture, initializing with its pre-trained
weights. We evaluate ResNet101 [20], Swin-Transformer-L [30], and Video Swin-Transformer-B [31] as image
encoder backbones, paired with a ROBERTa [29] text encoder. Input frames are resized to 448 x 448. For the
Depth-guided Attention (DAttn) of Visual Front-door Deconfounder (VFD), depth features are extracted using
the encoder of a frozen pre-trained Depth Anything V2 model [59]. The Linguistic Back-door Deconfounder
(LBD) defines confounders z; based on unique "verb-noun" pairs identified in the training set queries. The
VFD’s Temporal Memory Attention (MAttn) employs a window of W = 5 recent frames. The model is trained
with a batch size of 4. Following the previous implement, auxiliary losses during training utilize visual features
from the last three layers of the image encoder. During inference, predictions are made online, without access to
future frames. Further optimization and hyperparameter details are provided in the Appendix.

5.2 Comparison with State-of-the-art Methods

We compare our CERES against several leading methods.

ReferFormer [57] serves as a foundational baseline, rep-  Taple 3: Comparison (%) of positive objects ToU
resenting a model pre-trained on third-person data and  ,, vSCOS and VOST.

subsequently fine-tuned for Ego-RVOS. ReferFormer+ ex-

tends this by incorporating an auxiliary prediction head for
"positiveness” (identifying if the object is actively involved  Method VSCOS VOST

in the action) and by including action descriptions in the mIOUT ¢IOUT mIOUT ¢IOU?T

referring query. EgoHOS [67] is a hand-object segmen-
tation model; for our comparison, we train it on VISOR, ~ReferFormer+ 53.0 542 30.6  16.1

treating hand-associated objects as positive targets. Ac- HOS 42.1 312 219 152
tionVOS [36] is a strong recent baseline that also builds ~ ActionVOS 525 577 302 176
on pre-trained models and employs specialized losses for ~ Ours 553 625 320 217

active objects.

On the VISOR benchmark (Table 1), CERES consistently

outperforms prior methods across all backbones. With ResNet101, CERES achieves 64.0% mloU® (+4.1%
over ActionVOS) and 72.4% gloU (+2.5%), alongside improved accuracy and F1 scores for positive object
classification. CERES also generally shows lower mIoU® and cloU®, indicating better discrimination against
non-target objects. While HOS has low mlIoU® due to its focus on hand-proximate objects, its mloU® is
consequently limited.

CERES’s advantages are particularly evident on a VISOR subset with novel objects or actions not seen during
training (Table 2). This subset serves as an open-vocabulary evaluation within VISOR, and CERES significantly
surpasses previous state-of-the-art results, demonstrating strong generalization capabilities likely due to its
mitigation of dataset-induced language biases.

Evaluations on VSCOS and VOST (Table 3), which feature significant object transformations, further underscore
CERES’s robustness. We treat these as zero-shot open-vocabulary generalization: models are trained only on
VISOR and evaluated on VSCOS/VOST without any fine-tuning. For instance, on VSCOS, CERES achieves
55.3% mIoU® and 62.5% cloU®, exceeding ActionVOS (52.5% and 57.7%). This superior performance in
challenging scenarios highlights the effectiveness of CERES’s causal intervention strategies in addressing both
linguistic and visual confounding factors in egocentric videos.

5.3 Ablation Study

We conduct ablation studies on the VISOR dataset using the ResNet101 backbone to analyze the contribution of
each key component in CERES.

Ablation of Proposed Modules. In Table 4, the baseline model (first row) achieves 59.9% mIoU® and 69.9%

gloU. Introducing only the LBD (second row) improves mloU® t0 61.2% (+1.3%) and gloU to 71.4% (+1.5%),
demonstrating its effectiveness in mitigating language bias. A nonlinear MLP-based depth fusion (third row)

for the mediator offers a 62.1% mIoU® but increases mloU®, indicating limited discriminative benefit. In
contrast, our DAttn depth integration (fourth row) significantly boosts mloU to 63.3% (+3.4% over baseline)
and reduces mIoU® to 15.8%, yielding substantial gains in gloU (71.8%) and Acc (75.3%). This confirms



Table 4: Ablation study (%) of proposed modules on VISOR  Table 5: Performance comparison on a "hard"
(ResNet101). (< indicates MLP-based depth fusion) subset of VISOR. (RF means ReferFormer [57],
ActV means ActionVOS [36])
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Figure 4: Qualitative analysis of ActionVOS and our CERES. Figure 5: Effect of W in MAttn.

the superiority of our causally-inspired depth mediator design within the VFD. Adding MAttn (fifth row) to
complete the VFE (DAttn + MAttn) further refines performance. This configuration achieves the lowest mloU®
(14.9%) and a strong 72.1% gloU, highlighting TCA’s role in improving discrimination by modeling broader
visual context. The full CERES model (last row), integrating both the complete VFE and LBD, attains the
best overall performance, with 64.0% mIoU@, 72.4% gloU, and 76.3% Acc. While its mloU® (15.3%) is
slightly higher than VFE-only (14.9%), the LBD’s inclusion enhances the recall of positive instances. This
trade-off results in superior overall identification and segmentation of target objects. These ablations validate the
individual and synergistic contributions of our causal adjustment modules.

Temporal Context Window Size for MAttn. We analyze the impact of the temporal window size W for the
MAttn module in Figure 5. Setting W = 0 (i.e., no MAttn module) results in lower performance compared to
using MAttn. As W increases, mloU® and Acc generally improve. We found W = 5 provides a robust balance
and consistently strong results.

Performance on Rare Concepts. To assess robustness against data scarcity biases, we evaluate models on a
"hard" subset of VISOR, comprising 159 clips with actions or objects appearing <50 times in training. Table 5
shows that, compared to ActionVOS, CERES improves mIoU by +3.9% (62.3% vs 58.4%) and gloU by
+2.3% (72.2% vs 69.9%). These gains are mainly attributed to LBD blocking the spurious path 7 < Z — )
(back-door), while VFD mitigates egocentric visual confounders ¢/ via the vision—depth mediator (front-door).
This highlights the effectiveness of CERES, particularly the LBD component, in generalizing to less frequent
concepts by mitigating reliance on spurious statistical correlations.

Qualitative Analysis. Figure 4 qualitatively compares CERES with ActionVOS [36], showcasing CERES’s
superior robustness. Our method yields more accurate segmentation in challenging egocentric scenarios,
including those with visual distortions like motion blur (e.g., "box", column 1) and occlusions (e.g., "knife",
column 2). This highlights the VFD module’s effectiveness in mitigating visual biases. Furthermore, CERES
demonstrates improved handling of textual queries involving uncommon objects or actions (e.g., "tortilla pack",
column 3), where ActionVOS may falter due to dataset biases. This underscores the LBD module’s contribution
to better language grounding. Overall, these visual examples corroborate our quantitative results, illustrating
how CERES’s causal interventions lead to more robust Ego-RVOS.

6 Conclusion

This paper introduced Causal Ego-REferring Segmentation (CERES), a novel framework that applies causal
inference principles to address critical robustness challenges in Egocentric Referring Video Object Segmentation.
We identified two primary sources of error: language biases stemming from dataset statistics and visual
confounding inherent in the egocentric perspective. CERES tackles these by employing backdoor adjustment to



mitigate spurious correlations between textual queries and segmentation outputs, and by utilizing front-door
adjustment with a novel vision-depth mediator to counteract the effects of unobserved visual confounders. This
dual-pronged causal intervention allows CERES to learn more robust representations, less susceptible to dataset-
specific biases and egocentric visual distortions. Extensive experiments on standard Ego-RVOS benchmarks
demonstrate that CERES achieves state-of-the-art performance, significantly improving segmentation accuracy
and reliability, particularly in challenging scenarios with novel concepts or significant visual ambiguity. Our
work underscores the potential of causal reasoning to build more generalizable and trustworthy models for
complex egocentric video understanding tasks.
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NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research, addressing
issues of reproducibility, transparency, research ethics, and societal impact. Do not remove the checklist: The
papers not including the checklist will be desk rejected. The checklist should follow the references and follow
the (optional) supplemental material. The checklist does NOT count towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For each
question in the checklist:
* You should answer [Yes] , ,or [NA].

* [NA] means either that the question is Not Applicable for that particular paper or the relevant
information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).
The checklist answers are an integral part of your paper submission. They are visible to the reviewers, area

chairs, senior area chairs, and ethics reviewers. You will be asked to also include it (after eventual revisions)
with the final version of your paper, and its final version will be published with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation. While

"[Yes] " is generally preferable to " ", it is perfectly acceptable to answer " " provided a proper
justification is given (e.g., "error bars are not reported because it would be too computationally expensive" or
"we were unable to find the license for the dataset we used"). In general, answering " "or "[NA] " is not

grounds for rejection. While the questions are phrased in a binary way, we acknowledge that the true answer is
often more nuanced, so please just use your best judgment and write a justification to elaborate. All supporting
evidence can appear either in the main paper or the supplemental material, provided in appendix. If you answer
[Yes] to a question, in the justification please point to the section(s) where related material for the question can
be found.

IMPORTANT, please:

¢ Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.

* Do not modify the questions and only use the provided macros for your answers.

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction claim CERES introduces a novel causal inference frame-
work for Ego-RVOS, using backdoor adjustment for language biases and front-door adjustment with
a novel vision-depth mediator for visual confounding. The paper’s methodology (Section 4) details
these causal mechanisms. Experimental results (Section 5), including SOTA performance on standard
benchmarks (VISOR, VOST, VSCOS) and ablation studies, directly support these contributions and
demonstrate the effectiveness of the proposed interventions within the defined scope of Ego-RVOS.
The claims regarding improved robustness against these specific biases are also substantiated by
comparative and ablation experiments.

Guidelines:
¢ The answer NA means that the abstract and introduction do not include the claims made in the
paper.
» The abstract and/or introduction should clearly state the claims made, including the contributions

made in the paper and important assumptions and limitations. A No or NA answer to this
question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how much the
results can be expected to generalize to other settings.

« It is fine to include aspirational goals as motivation as long as it is clear that these goals are not
attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We dedicated a paragraph to this (Limitations’) as part of the Appendix.
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Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that the paper
has limitations, but those are not discussed in the paper.

» The authors are encouraged to create a separate "Limitations" section in their paper.

¢ The paper should point out any strong assumptions and how robust the results are to violations of
these assumptions (e.g., independence assumptions, noiseless settings, model well-specification,
asymptotic approximations only holding locally). The authors should reflect on how these
assumptions might be violated in practice and what the implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was only tested
on a few datasets or with a few runs. In general, empirical results often depend on implicit
assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach. For
example, a facial recognition algorithm may perform poorly when image resolution is low or
images are taken in low lighting. Or a speech-to-text system might not be used reliably to provide
closed captions for online lectures because it fails to handle technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms and how

they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to address problems

of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by reviewers
as grounds for rejection, a worse outcome might be that reviewers discover limitations that
aren’t acknowledged in the paper. The authors should use their best judgment and recognize
that individual actions in favor of transparency play an important role in developing norms that
preserve the integrity of the community. Reviewers will be specifically instructed to not penalize
honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and a complete
(and correct) proof?

Answer: [Yes]

Justification: Key assumptions are stated in the main text, and complete proofs or detailed derivations
for our theoretical claims, such as the mediator construction and overall estimator consistency, are
provided in the Appendix.

Guidelines:

e The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-referenced.

» All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if they appear in
the supplemental material, the authors are encouraged to provide a short proof sketch to provide
intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented by
formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main experimental
results of the paper to the extent that it affects the main claims and/or conclusions of the paper
(regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The paper details the datasets, evaluation metrics, base model, specific architectural
choices for CERES components (LBD, DAttn, MAttn), key hyperparameters like batch size and
window size, and explicitly states that further implementation details are available in the Appendix.

Guidelines:

¢ The answer NA means that the paper does not include experiments.

« If the paper includes experiments, a No answer to this question will not be perceived well by the
reviewers: Making the paper reproducible is important, regardless of whether the code and data
are provided or not.

« If the contribution is a dataset and/or model, the authors should describe the steps taken to make
their results reproducible or verifiable.
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* Depending on the contribution, reproducibility can be accomplished in various ways. For
example, if the contribution is a novel architecture, describing the architecture fully might suffice,
or if the contribution is a specific model and empirical evaluation, it may be necessary to either
make it possible for others to replicate the model with the same dataset, or provide access to
the model. In general. releasing code and data is often one good way to accomplish this, but
reproducibility can also be provided via detailed instructions for how to replicate the results,
access to a hosted model (e.g., in the case of a large language model), releasing of a model
checkpoint, or other means that are appropriate to the research performed.

* While NeurIPS does not require releasing code, the conference does require all submissions
to provide some reasonable avenue for reproducibility, which may depend on the nature of the
contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how to

reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe the
architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should either be
a way to access this model for reproducing the results or a way to reproduce the model (e.g.,
with an open-source dataset or instructions for how to construct the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case authors are
welcome to describe the particular way they provide for reproducibility. In the case of
closed-source models, it may be that access to the model is limited in some way (e.g.,
to registered users), but it should be possible for other researchers to have some path to
reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instructions to
faithfully reproduce the main experimental results, as described in supplemental material?

Answer: [Yes]

Justification: We will release our code and detailed instructions for data preparation and reproducing
the main experimental results after the review period.

Guidelines:

¢ The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be possible,
so “No” is an acceptable answer. Papers cannot be rejected simply for not including code, unless
this is central to the contribution (e.g., for a new open-source benchmark).

¢ The instructions should contain the exact command and environment needed to run to reproduce
the results. See the NeurIPS code and data submission guidelines (https://nips.cc/public/
guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how to access
the raw data, preprocessed data, intermediate data, and generated data, etc.

¢ The authors should provide scripts to reproduce all experimental results for the new proposed
method and baselines. If only a subset of experiments are reproducible, they should state which
ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized versions (if
applicable).

* Providing as much information as possible in supplemental material (appended to the paper) is
recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyperparameters,
how they were chosen, type of optimizer, etc.) necessary to understand the results?

Answer: [Yes]

Justification: The paper outlines key experimental settings including datasets, metrics, backbone
architectures, and critical module parameters in the main text, and explicitly states that further
optimization and hyperparameter details are provided in the Appendix, ensuring reproducibility.

Guidelines:

¢ The answer NA means that the paper does not include experiments.
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* The experimental setting should be presented in the core of the paper to a level of detail that is
necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate informa-
tion about the statistical significance of the experiments?

Answer:

Justification: Experiments were too costly to be run multiple times, however, a lot of ablations are
available and the model is tested on multiple datasets.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confidence
intervals, or statistical significance tests, at least for the experiments that support the main claims
of the paper.

¢ The factors of variability that the error bars are capturing should be clearly stated (for example,
train/test split, initialization, random drawing of some parameter, or overall run with given
experimental conditions).

¢ The method for calculating the error bars should be explained (closed form formula, call to a
library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error of the
mean.

* Itis OK to report 1-sigma error bars, but one should state it. The authors should preferably report
a 2-sigma error bar than state that they have a 96% CI, if the hypothesis of Normality of errors is
not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or figures
symmetric error bars that would yield results that are out of range (e.g. negative error rates).

« If error bars are reported in tables or plots, The authors should explain in the text how they were
calculated and reference the corresponding figures or tables in the text.
8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the experiments?

Answer: [Yes]

Justification: The machine on which we run the experiments, as well as the computing time needed is
mentioned in the Appendix

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud
provider, including relevant memory and storage.

¢ The paper should provide the amount of compute required for each of the individual experimental
runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute than the
experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make it into
the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS Code
of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: Our work complies with NeurIPS ethics guidelines. No human subjects or sensitive data
were involved.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

« If the authors answer No, they should explain the special circumstances that require a deviation
from the Code of Ethics.
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10.

11.

12.

* The authors should make sure to preserve anonymity (e.g., if there is a special consideration due
to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal impacts
of the work performed?

Answer: [Yes]

Justification: The paper explicitly discusses potential positive impacts such as advancements in
assistive technologies, human-robot interaction, AR, and embodied Al, alongside negative societal
impacts including privacy concerns from surveillance, potential for bias propagation, and risks of
misuse, while also suggesting the need for ethical guidelines and mitigation strategies

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

« If the authors answer NA or No, they should explain why their work has no societal impact or
why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses (e.g.,
disinformation, generating fake profiles, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied to particular
applications, let alone deployments. However, if there is a direct path to any negative applications,
the authors should point it out. For example, it is legitimate to point out that an improvement in
the quality of generative models could be used to generate deepfakes for disinformation. On the
other hand, it is not needed to point out that a generic algorithm for optimizing neural networks
could enable people to train models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation strategies
(e.g., gated release of models, providing defenses in addition to attacks, mechanisms for monitor-
ing misuse, mechanisms to monitor how a system learns from feedback over time, improving the
efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release of
data or models that have a high risk for misuse (e.g., pretrained language models, image generators, or
scraped datasets)?

Answer: [NA]

Justification: No model in this paper is with a high risk for misuse. The collected datasets are all
open-source and accessible

Guidelines:

¢ The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with necessary
safeguards to allow for controlled use of the model, for example by requiring that users adhere to
usage guidelines or restrictions to access the model or implementing safety filters.

» Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in the paper,
properly credited and are the license and terms of use explicitly mentioned and properly respected?

Answer: [Yes]
Justification: All datasets and code libraries are properly cited with licenses.
Guidelines:

* The answer NA means that the paper does not use existing assets.
¢ The authors should cite the original paper that produced the code package or dataset.
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13.

14.

15.

* The authors should state which version of the asset is used and, if possible, include a URL.
* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

 For scraped data from a particular source (e.g., website), the copyright and terms of service of
that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the package should
be provided. For popular datasets, paperswithcode.com/datasets has curated licenses for
some datasets. Their licensing guide can help determine the license of a dataset.

 For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation provided
alongside the assets?

Answer: [Yes]

Justification: Our code for the CERES framework and the corresponding trained models are new assets.
Documentation is provided with the code release, detailing implementation, training procedures, and
dependencies to ensure reproducibility.

Guidelines:

¢ The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their sub-
missions via structured templates. This includes details about training, license, limitations,
etc.

¢ The paper should discuss whether and how consent was obtained from people whose asset is
used.

* At submission time, remember to anonymize your assets (if applicable). You can either create an
anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper include
the full text of instructions given to participants and screenshots, if applicable, as well as details about
compensation (if any)?

Answer: [NA]
Justification: We did not use crowdsourcing or research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

¢ Including this information in the supplemental material is fine, but if the main contribution of the
paper involves human subjects, then as much detail as possible should be included in the main

paper.
* According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.
Institutional review board (IRB) approvals or equivalent for research with human subjects

Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals (or an
equivalent approval/review based on the requirements of your country or institution) were obtained?

Answer: [NA]
Justification: Our research did not involve experiments on humans subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.
¢ Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly state
this in the paper.
¢ We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for
their institution.
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* For initial submissions, do not include any information that would break anonymity (if applica-
ble), such as the institution conducting the review.

16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or non-standard
component of the core methods in this research? Note that if the LLM is used only for writing,
editing, or formatting purposes and does not impact the core methodology, scientific rigorousness, or
originality of the research, declaration is not required.

Answer:

Justification: LLMs were only used for proofreading; they did not contribute to methodology.
Guidelines:

* The answer NA means that the core method development in this research does not involve LLMs
as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM) for what
should or should not be described.
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Appendix

A Limitations

While CERES demonstrates notable advancements in robust Ego-RVOS, we acknowledge certain aspects for
future consideration. The LBD module’s current definition of confounders (Z) as object-action pairs, while
effective for the targeted dataset biases, represents one specific strategy; future work could explore more nuanced
or automatically discovered confounder definitions. The additive score assumption used in the back-door
adjustment, though common, is an approximation of the true deconfounded score.

For the VFD, its performance is influenced by the capabilities of the underlying pre-trained depth estimator.
While we empirically show that depth aids in mitigating visual confounding, formally veritying full front-door
conditions for the chosen mediator structure is nontrivial. The Attention-Linear Family (ALF) assumption
explicitly trades expressivity for identifiability: restricting fusion weights to be functions of Mg helps prevent
leakage of the unobserved confounder U and yields a minimal, identifiable realization of the mediator, but
narrows the function class. Empirically, our ALF-based DAttn outperforms a nonlinear MLP fusion (Table 4),
indicating superior robustness under egocentric confounding. Exploring richer mediator parameterizations that
preserve front-door validity is left for future work.

The MAttn module approximates temporal context using a sliding window, a technique effective for many
dynamic egocentric scenes, though its generalization to scenarios with extremely long-range temporal depen-
dencies could be further investigated. The integration of depth features and additional attention mechanisms
introduces computational costs relative to simpler baselines, a common trade-off for enhanced robustness, and
further optimization could be explored.

Finally, the current evaluation of CERES is focused on the Ego-RVOS task. Extending and rigorously evaluating
its applicability and potential adaptations for a broader spectrum of egocentric video understanding challenges,
such as egocentric action recognition or long-term activity understanding, presents a valuable avenue for future
research.

B Broader Impact

The advancements in robust Ego-RVOS achieved by CERES hold potential for significant positive impacts.
More reliable egocentric video understanding can directly benefit assistive technologies, enhancing contextual
awareness for individuals with visual impairments, and can enable more intuitive human-robot interaction by
allowing machines to better grasp human-object interactions from a first-person view. In fields like augmented
reality, precise segmentation of actively manipulated objects can lead to more seamless and responsive user
experiences. Crucially, the causal principles and architectural components developed in CERES, particularly the
strategies for mitigating dataset and visual biases, may offer a foundational approach for enhancing robustness
and generalizability in other egocentric video analysis tasks. This is particularly relevant for embodied Al, where
a nuanced understanding of human actions and object interactions from an egocentric perspective is critical
for agents to learn from human demonstrations, predict intentions, and operate safely and intelligently within
complex human environments.

However, as with any technology capable of detailed scene analysis, responsible development is paramount. The
potential for misuse in surveillance or intrusive monitoring, especially with personal egocentric data, necessitates
strong ethical guidelines and privacy-preserving measures. While CERES aims to reduce specific biases, the
underlying pre-trained models might still harbor unaddressed biases, emphasizing the need for continuous
auditing and fairness considerations in Al system development. The deployment of such technologies should
thus proceed with a commitment to ethical practices and ongoing research into comprehensive bias mitigation.

C More Implementation Details

All experiments were conducted using PyTorch 2.1.2 and CUDA 11.8 on a system with four NVIDIA V100
GPUs. Models were trained for 6 epochs with a total batch size of 4, where each batch item was a single
video clip. We initialized the learning rate to 1 x 102 for our CERES modules and 1 x 10~* for pre-trained
components, decaying it by 0.1 at epochs 3 and 5, using the AdamW optimizer. The primary segmentation loss
combined bounding box, Dice and Focal losses. Input frames were resized to 448 x 448 for both training and
inference.

We use ReferFormer pretrained weight on Youtube-VOS dataset. For the VFD, depth features were extracted
using a frozen pre-trained Depth Anything V2 encoder. The LBD module defined confounders Z from unique
"verb-noun" pairs in training queries. The VFD’s DAttn utilized features from the last three layers of the image
and depth encoders, while MAttn employed a temporal window of W = 5 recent frames. During inference, an
online strategy was adopted, processing frames sequentially without access to future information.
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D Metric Details

This section provides further details on the evaluation metrics used in this work, complementing the descriptions
in Section 5.1 of the main paper.

* Accuracy and F1-score. These metrics evaluate the binary classification of whether an object is actively
involved in the queried action. A prediction is considered a True Positive (TP) if its Intersection over Union
(IoU) with the ground-truth active object mask exceeds 0.5. This stricter threshold, compared to some prior
works like ActionVOS [36] which might use IoU > 0, ensures a more accurate reflection of identification and
localization. True Negatives (TN) are correctly identified non-active objects or correct "no target" predictions.
False Positives (FP) are non-active objects misclassified as active, or incorrect "target present” predictions. False
Negatives (FN) are active objects missed or misclassified as non-active.

Based on these, Accuracy (Acc) and F1-score are calculated as:

e Accuracy (Acc):
TP + TN

Al =
“ = TP+ TN+FP+FN

¢ Fl-score:
2 x TP

T 2% TP+ FP+FN

The F1-score is the harmonic mean of Precision and Recall, providing a balanced measure for active object
classification.

* Mean Intersection over Union (mloU) and Cumulative IoU (cIoU). These are standard segmentation quality
metrics. mIoU calculates the average IoU across all individual object instances in the dataset. For each instance,
IoU is the ratio of the area of overlap between the predicted mask and the ground-truth mask to the area of their
union. cloU computes a single IoU value over the entire dataset (or a subset) by summing all intersection areas
and dividing by the sum of all union areas. As stated in the main paper, these metrics are reported separately
for positive objects (target objects actively involved in the action: mIoU®, CIOUEB) and negative objects (other
objects present in the scene but not involved in the queried action: mloU®, cloU®). Lower scores for negative
objects indicate better discrimination against non-targets.

* Generalized IoU (gloU). Proposed by Liu et al. [26], gloU offers a combined assessment of both segmentation
quality and the model’s ability to correctly classify target presence. It is calculated as the mean of per-sample
scores, making it less sensitive to object size variations compared to cloU. The per-sample score for gloU is
determined as follows:

* If a ground-truth target object exists for the query in a given sample: The prediction for this object
is first evaluated against the TP criterion (IoU > 0.5 with the ground truth). If it qualifies as a TP, its
actual IoU value contributes to the gloU average for that sample. If the prediction’s IoU is < 0.5, or if
no object is predicted by the model, the contribution for that sample is 0.

« If the ground truth indicates no target object for the query in a given sample (a "no-target" sample): If
the model correctly predicts that no target object is present, the sample’s contribution to gloU is 1. If
the model incorrectly predicts an object, the contribution is 0.

This definition ensures that gloU comprehensively evaluates the model’s performance in segmenting correctly
identified targets as well as its ability to correctly handle scenarios where the queried object is absent.

E Theoretical Details

E.1 Proof of the Cross—-Modal MMSE Estimator

This appendix provides the technical details that underpin Eq. (8) in the main text, showing that the
scaled—dot—product cross-attention

exp((WoMa, Wikm, ;)/Vd)
» EXD ((WoMa, WKmv,p>/\f)

L,
Attn(Q = My, K =V =M,) Z vy (E.1)

is the minimum-mean—square—error (MMSE) estimator of the latent mediator IM within the attention—linear
family Farr defined in Sec. 4.2. The derivation follows the general recipe of simplex—constrained quadratic
optimization [4] and re-uses the causal decomposition arguments of Perez et al. [41]. Throughout the appendix
all expectations are conditional on the observed pair (M4, M,,) unless stated otherwise.
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E.1.1 Problem Set-Up
Let M € R? be the latent mask mediator that triggers the downstream decoder. For a fixed input we observe
My eR? M,={m,,...,m,z,} C R

Inside the family FaLr every candidate estimator is a convex combination fo (M) =}, a;ymy,,; with non-

negative coefficients & € ALv, where A% := {a; > 0, 3 ;& = 1} is the probability simplex. The
restricted MMSE problem is therefore
a’ = argmingcaz, £(@), L(a):=E[|M - am,;|3]. (E.2)

E.1.2 Quadratic Form of the Risk
Let v := E[M] be the (unknown) conditional mean of the latent mask. Expanding the square in Eq. (E.2) gives
L(a) = |p*-2b"a+a Ga, (E.3)
——
const

where b; = (u, m, ;) and G;; = (m,;, m, ;). Because the first term does not depend on e, Eq. (E.2) reduces
to the simplex-constrained quadratic program

min {72 bTaJraTGa}. (E.4)

aceALv

E.1.3 Lagrange—Multiplier Solution
We solve Eq. (E.2) by introducing a Lagrangian
T, n) = —2b a+a' Ga + )\(Zj oy — 1) -n'a, (E.5)

where A € Randn € Ré}’) are dual variables that enforce the simplex constraints. Differentiating Eq. (E.2) and

using the KKT conditions [4, Ch. 5] yields

2(Ga)j —2b; +A—mn; =0, Vj, (E.6a)
nja; =0, o >20,n; >0, (E.6b)
> a;=1. (E.6¢c)

J

When G > 0 (true after layer normalization [48]), the solution lies in the open simplex—namely o; > 0,
implying 7; = 0. Subtracting the i-th and j-th rows of Eq. (E.2) cancels A and gives b; —b; = (Gar); — (Gav);.
Re-ordering yields

aj = exp(w)7 (E.7)
where we have inserted an infinitesimal temperature T > 0 for differentiability (the same trick as entropic
regularization [9]). Imposing Zj a; = 1 converts Eq. (E.2) into the softmax-style fixed-point

2b;—2(Gar),
exp(i’ 1 )
o = T . (E.8)
j >, exp(w)

E.1.4 Isotropic-Token Approximation

After layer normalization, high-dimensional visual tokens {m,,_ ;} are often nearly orthogonal [15, 21], implying
Gij = (my;,m, ;) ~ v;0;;, where v; = ||m, ;||3. Thus, (Ga); ~ v;ja;. The exponent in Eq. (E.8)
becomes (2b; — 2v;ja;)/T.

To achieve the common softmax form based on linear scores, we approximate by assuming the cross-interaction
terms b; = (u, m, ;) dominate the self-interaction terms 2+;«; /7 in determining the relative attention weights.
This simplification, common in deriving attention mechanisms [41], effectively neglects the quadratic self-
influence terms or treats their impact as uniform, yielding:

exp(ij /7')
> exp(2bp/T)

This results in scores linear in ¢ and m,, ; within the softmax, aligning with standard attention designs.

= Softmax;(2 (1, m, ;)/7). (E9)

o =~
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E.1.5 Substituting a Geometric Surrogate for u

The inner products in Eq. (E.9) still involve the unknown mean p. We therefore introduce a linear surrogate
driven by the geometric cue Mg:

n = VVQIVId7 my j — WKrnv,j, (ElO)

a standard choice in multimodal transformers [47]. Choosing 7 = V/d converts Eq. (E.9) into the scaled
dot-product of Vaswani et al. [48], and re-inserting the value tokens m.,, ; finally yields Eq. (E.1).

E.1.6 Consistency as 7 — 0

Let ok be the solution of the regularized optimization with temperature 7. By the I'-convergence of entropic
regularization [9, Thm. 1], af — af as 7 — 0, where « is the exact Euclidean projection solution of Eq. (E.2).
Because Wq, Wik are trainable and M, is fed through a temperature-scaling LayerNorm block, the network
can approximate arbitrarily small 7 in practice, so the learned weights converge to the optimal MMSE estimator.

E.1.7 Connecting Back to Causal Front-Door

Finally, note that our estimator (E.1) uses only the bias-free query Mgy(z) ~ E[M4| X = z] and the raw visual
tokens M, (z). Because My L U by design, the attention weights a(z) are conditionally independent of the

confounder, guaranteeing that Mi(z) = Attn(M,, M,,) is a front-door-adjusted proxy for the latent mediator,
exactly as required by Perez et al. [41]. O

E.2 Derivation of the NWGM Approximation

This section provides a derivation for the Normalized Weighted Geometric Mean (NWGM) approximation used
in main text Section 4.1 to implement the back-door adjustment for language de-biasing. The goal is to estimate
the causal effect P(Y | do(T = t)).

The back-door adjustment formula (Eq. 1) is:
P(Y|do(T =t) =Y POV |T=t2=2P(Z =2 =Ez[P(Y]t2)] (E.11)

In a typical neural network classifier or segmenter, the conditional probability P(Y | t, z) is obtained by
applying a Softmax function to pre-activation scores (logits), denoted as sy (¢, z). Thus, we are interested in
computing:
P(Y | do(T =t)) = Ez[Softmax(sy(t, 2))]. (E.12)
The NWGM approximation (Eq. 2) states:
Ez [Softmax(sy(t,2))] ~ Softmax(Ez[sy(t,z)]). (E.13)
To justify this approximation, we first consider the relationship between the arithmetic mean and the weighted

geometric mean (WGM). Let f(Z) be a function of a random variable Z which takes values z with probabilities
P(z). The arithmetic mean is:

Ez[f(2)] =) _ f(2)P(2). (E.14)

The weighted geometric mean is:

WGMz[f(2)] = [] £(2)7. (E.15)

For many distributions, especially when the number of samples for Z is large or f(z) does not vary excessively,
the arithmetic mean can be approximated by the WGM:

Ez[f(2)] = WGMz[f(2)]. (E.16)
Now, let f(z) = exp(g(z)) for some function g(z). Substituting this into the WGM definition (Eq. (E.15)):

WGMz [exp(g(2))] = [ J(exp(g(2))) "

= [T exp(9(2) P(2))

= exp (Z Q(Z)P(Z)>

= exp(Ez[g(2)))- (E.17)
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Combining Eq. (E.16) and Eq. (E.17):

Ezlexp(g9(z))] = exp(Ez[g(2)]). (E.18)

The Softmax function for a particular class output, given scores s, is proportional to exp(sx) (where sy, is the

score for class k). Specifically, Softmaxy(s) = %. The NWGM approximation essentially applies the

J J

relationship in Eq. (E.18) to the logits *before* the normalization step inherent in Softmax, effectively moving

the expectation inside the exponential terms that dominate the Softmax behavior. This leads to the approximation
in Eq. (E.13):

Ez [Softmax(sy(t,2))] ~ Softmax(Ez[sy(t,z)]). (E.19)

This approximation is commonly used and has been discussed in works like Baldi and Sadowski [2] and Liu
et al. [25].

With the additive score assumption (Section 4.1), sy (t, z) ~ s7(t) + sz (z), the expected score becomes:
Ezlsy(t, 2)] = Ez[s7(t) + s2(2)]
=s7(t) + Ez[sz(2)]. (E.20)
Substituting this into Eq. (E.19) gives:
P(Y | do(T =t)) =~ Softmax(s7(t) + Ez[sz(2)]). (E.21)

The de-confounded score used for prediction is therefore s}, (¢) = s7(t) + Ez[sz(z)], as presented in main text
Eq. 3. The term Ez[sz(z)] is practically estimated by averaging the confounder embeddings fz(z;) weighted
by their empirical probabilities P(z;) from the training set, leading to the de-biased text representation f-(¢) in
main text Eq. 4.

E.3 Proof of Consistency of the Memory-Bank Estimator

In this appendix we provide a rigorous justification of the Memory—bank estimator defined in Eq. 9 of the main
text. Recall that, for a fixed time index ¢ € N, the estimator is

exp(sim(x¢, X¢—r))

Z(‘;V:l exp(sim(xt, xt_g)) '

w
Xi = Y WerXemr,  Wir= (E22)
T=1

Here x; € R? is the frame-level embedding for x:, W is the memory horizon, and sim(-,-) a bounded
dot-product similarity.

Our goal is to show X, is a consistent estimator of the front—door expectation Ex/[X']. The proof proceeds in
two steps:

1. Show the unweighted empirical mean

w
Xt = % th_T
T=1

is unbiased and converges a.s. to Ex[X'] under short-range stationarity.

2. Bound the bias introduced by the importance weights {w;, - } and prove it vanishes as W — oo.

E.3.1 Preliminaries and Assumptions

(A1) Short-range stationarity. Over the window of size T, the sequence {X;_, }1_, is wide—sense
stationary, i.e. for any lag ¢, the joint law of (X;_,, X¢—,_¢) does not depend on .

(A2) Finite second moment. E[[|X,|/5] < occ.
(A3) Bounded similarity. There is x > 0 such that |sim(x,y)| < x almost surely.

E.3.2 Unweighted Empirical Mean

Under (A1), the past embeddings X;_1, ..., X;—w form an i.i.d. sample from the marginal Px/. Hence
E[X.] = Ex/[X'],
and by Kolmogorov’s strong law of large numbers [16]
X ﬁ Ex/[X']. (E.23)
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E.3.3 Effect of Importance Weights

Write the weighted estimator as

w
Xt - Xt = Z(wt,‘r - %) Xi—r.
T=1
Then ) B
HXt —Xtllz < m;’_a,x ||thrH2 HWt - %IHV (E.24)
where w; = (we,1,. .., wy,w ). From (A3) the softmax weights satisfy
e " e”
< T ) V )
Wer = 07 = Wer i
SO
[we — 1], < 2(e*—1)Ww L (E.25)
Combining Eq. (E.24) with Eq. (E.25) and taking expectation gives
E[|X: — Xef2] < 2(**—1) W E [max || X:—||2], (E.26)

where Doob’s maximal inequality and (A2) ensure the last expectation is finite. Thus the weight-induced bias
decays at rate O(W ™).
E.3.4 Consistency
By the triangle inequality,
X = Exxr[Xl2 < [[Xe = Xelz2 + Ko = Exr [X][|2.
The first term converges to 0 in L' by Eq. (E.26), the second converges a.s. by Eq. (E.23). Hence

X, 2 Byl [X),
W — oo

establishing consistency. O

Remark. In practice W is fixed (e.g. W = 8). Eq. (E.26) shows the residual bias is proportional to
(e2® — 1)/W, and the model can trade off sharpness vs. bias via the learned scale .

E.3.5 Necessity of Softmax Weights

In Eq. 9 of main paper the memory—bank feature is a convex combination X, = ZZVZI wr X¢—ry, W E
AW =1 Why choose the weights with a Softmax?

Entropy-regularized MMSE derivation. Let z* = E[X’ | x;] be the ideal feature we would predict if the
full distribution were known. Inside the attention—linear family we minimize the mean-square error while
discouraging a single frame from monopolizing the weight:

min
weAW -1

2
S w Xy, — z*H2 — AH(w), H(w)=-Y, w,logw,, (E.27)

where H (w) is the Shannon entropy and A > 0 is a temperature balancing accuracy and diversity. Introducing
a Lagrange multiplier for ) w, = 1 and taking derivatives gives

exp((xt, Xe—7) /)
Yo exp((xe, xi-0) /)
which is exactly the Softmax weight with scale A = v/d/x used in multi-head attention. Thus Softmax is the

unique optimum of the entropy-regularized MMSE problem: it gives higher importance to frames more similar
to the current one, yet avoids collapsing onto a single frame.

T — )

F More Qualitative Analysis

This section provides further qualitative evidence to support the claims made in the main paper. We first delve
into an analysis of the inherent biases present in the training dataset and then showcase additional comparative
segmentation results that highlight the superior performance of our CERES framework.
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Figure F.1: Co-occurrence frequency of object categories and actions in the VISOR training set. Darker cells
indicate more frequent pairings. This visualization clearly shows strong correlations between certain objects and
actions, demonstrating the statistical bias our LBD module aims to mitigate.

F.1 Analysis of Dataset Bias

As discussed in the main paper (Section 1), one of the primary challenges in Ego-RVOS is the presence of
dataset biases, where certain object categories frequently co-occur with specific actions. This can lead models to
learn spurious correlations rather than truly grounding the language query in the visual scene. To empirically
demonstrate this, we conducted a statistical analysis of the action-object pairings within the VISOR training set.

Figure F.2 illustrates the distribution of the most frequent actions (verbs) in the training queries. It is evident that
actions such as "cut", "take", and "put" are predominant.

Furthermore, Figure F.1 presents a heatmap (or a co-occurrence matrix analysis) showing the frequency of
specific object categories (nouns) appearing with particular actions. This statistical imbalance naturally biases
models trained on such data to favor common pairings, potentially failing on queries involving rarer but equally
valid combinations.

These distributional statistics underscore the necessity for de-biasing mechanisms like the Linguistic Back-door
Deconfounder (LBD) in CERES. By explicitly modeling and adjusting for these confounders (as defined by
object-action pairs and their frequencies, see Section 4.1), CERES can achieve more robust language grounding
and generalize better to less frequent or novel combinations.

F.2 More Comparison of Segmentation Results

To further illustrate the robustness and accuracy of CERES, we present additional qualitative comparisons against
the strong baseline, ActionVOS [36], on challenging sequences from the VISOR validation set. These examples
complement those shown in Figure 4 in the main paper.
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Figure F.2: Distribution of frequent actions and objects in the VISOR training set queries. This highlights a
skewed distribution, where a few actions (objects) are significantly more common.

Table G.1: Performance (%) of CERES (ResNet101 backbone) on VISOR with different depth encoders for
DAttn. Results are for the full CERES model. DAv2 refers to Depth Anything V2. The chosen configuration for
our main experiments (DAv2 ViT-B) is highlighted. (Bold indicates the best performance; underlined indicates
the second-best.)

Depth Encoder mlIoU®1 mloU®| gloUt Acct

MiDaS (BEIiT-L) 60.8 15.0 70.6 737
DAv2 (ViT-S) 61.1 14.9 71.1 74.5
DAv2 (ViT-B) 64.0 15.3 724 763
DAv2 (ViT-L) 64.7 16.2 72.5 76.2

Figure F.3 showcases scenarios involving (1) significant hand-object occlusion, (2) rapid camera motion leading
to motion blur, and (3) objects with subtle state changes.

These additional qualitative results, in conjunction with the quantitative improvements reported in the main paper,
reinforce the conclusion that CERES’s dual-modal causal intervention strategy effectively addresses key biases
and confounding factors, leading to a more robust and reliable Ego-RVOS model. The VFD module enhances
resilience to visual distortions common in egocentric video, while the LBD module improves generalization by
mitigating reliance on spurious statistical correlations learned from biased training data.

G More Quantitative Analysis

This section provides additional quantitative analyses to further investigate the components and robustness of
our CERES framework. All experiments are conducted on the VISOR dataset using the ResNet101 backbone,
unless otherwise specified.

G.1 Impact of Depth Encoder Choice in DAttn

The Visual Front-door Deconfounder (VFD) utilizes depth features to guide the aggregation of visual semantic
features via Depth-guided Attention (DAttn). The quality and nature of these depth features can influence
the effectiveness of the mediator construction. To assess this, we evaluated CERES with different pre-trained
monocular depth estimation models as the source of depth features. We compared MiDaS (v3.1, BEiT-L
backbone) [42] with various sizes of Depth Anything V2 (DAv2) [59] models, specifically those based on
ViT-Small (vit-s), ViT-Base (vit-b), and ViT-Large (vit-1). The results are presented in Table G.1.

As shown in Table G.1, the choice of depth encoder impacts performance. Models from the Depth Anything V2
family generally outperform MiDasS in this application. Within the DAv2 family, there is a trend of improved
performance with larger model sizes (ViT-S < ViT-B < ViT-L), with DAv2 (ViT-L) achieving the highest mIoU®
(64.7%) and gloU (72.5%). However, DAv2 (ViT-B) provides a strong balance between performance (64.0%
mloU®P, 72.4% gloU) and computational cost/model size. Given this trade-off, we selected DAv2 (ViT-B) as
the default depth encoder for CERES in our main experiments, as its results are highly competitive while being

more resource-efficient than the ViT-L variant. The slightly higher mloU® for larger models might indicate a
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Figure F.3: Additional qualitative comparisons between ActionVOS (Baseline) and CERES on challenging
Ego-RVOS scenarios. CERES consistently demonstrates more robust and accurate segmentation in the presence
of occlusions, motion blur, and subtle interactions.

more complex feature space that could require further fine-tuning or regularization if negative object suppression
is a primary concern. Overall, these results confirm that higher-quality depth information, as provided by more
recent and powerful depth estimation models, contributes positively to the VFD module’s ability to de-bias
visual features.

G.2 Robustness to Depth Feature Degradation

To further assess the robustness of our DAttn mechanism to imperfections in depth information, we simulated
scenarios where depth map quality might be compromised (e.g., due to challenging scenes, sensor noise, or
limitations of the depth estimator). We conducted an experiment by adding varying levels of Gaussian noise
to the normalized depth features extracted by the DAv2 (ViT-B) encoder before they are fed into the DAttn
module. Specifically, for each depth feature vector f4, we added noise € ~ N (0, o2l ), where o, is the standard
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Figure G.1: Performance of CERES (ResNet101, DAv2 ViT-B depth) on VISOR under varying levels of

Gaussian noise added to depth features. mloU (blue), gloU (orange), and Accuracy (green) are plotted against
the noise standard deviation (o). (o, = 0.0 means no noise.)

Table G.2: Computational overhead at 448 x 448 on RTX 3090. (Bold indicates the best; underlined indicates
the second-best. Params include the frozen depth encoder (DAv2-B); FPS uses a memory window W =5.)

Method Backbone Params (M), FPST mlIoU®%
ActionVOS ResNet101 195 23.8 58.4
ActionVOS VSwin-B 237 15.4 62.9
CERES (Ours) ResNetl101 + DAv2-B 306 18.2 64.0

deviation of the noise. The performance of CERES on VISOR was evaluated across a range of noise levels
on €10.0,0.1,0.2,0.5,0.8,1.0,2.0,5.0].

The results, depicted in Figure G.1, show a clear trend. For low to moderate noise levels, CERES exhibits
notable resilience. Specifically, when the noise standard deviation o, is less than 1.0 (i.e., for o, < 0.8 in
our tested discrete levels), the impact on performance is minimal. At o, = 0.8, mIoU® drops from 64.0% to
63.5% (a relative decrease of 0.78%), gloU drops from 72.4% to 72.3% (a relative decrease of 0.14%), and
Accuracy drops from 76.3% to 76.1% (a relative decrease of 0.26%). In all these cases, the relative performance
degradation is less than 1% compared to the no-noise baseline. Even at o,, = 1.0, gloU remains remarkably
stable (72.4%) and Accuracy only slightly decreases to 76.1%, while mloU® sees a modest drop to 63.2% (a
1.25% relative decrease).

As the noise intensity increases further (e.g., 0, = 2.0 and o,, = 5.0), the performance degradation becomes
more pronounced, particularly for mIoU®, which drops to 61.8% and 51.2% respectively. This indicates that
while DAttn can effectively handle minor inaccuracies in depth features, highly corrupted geometric information
will naturally lead to a more significant decline in segmentation quality.

This graceful degradation under low to moderate noise levels (with performance loss under 1% for o,, < 1.0)
demonstrates the robustness of our causally-inspired vision-depth fusion approach. The DAttn mechanism
appears capable of leveraging the general structure provided by depth cues even when they are not perfectly
accurate, while still underscoring the overall benefit of reasonably high-quality depth information for optimal
performance.

G.3 Overhead Comparison

To quantify the computational overhead introduced by our causal framework relative to established baselines,
we report end-to-end throughput and parameter counts at 448 x 448 input resolution measured on an NVIDIA
RTX 3090. The table below reproduces the setup described in the rebuttal and serves as the basis for overhead
comparison.
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According to Table G.2, relative to the ResNet101 ActionVOS baseline, our method increases the parameter
count by approximately +56.9% (from 195M to 306M) and reduces throughput by —23.5% (from 23.8 to 18.2
FPS), reflecting the added depth pathway. In contrast, when compared to the stronger VSwin-B ActionVOS
baseline, our method carries a smaller parameter overhead of +29.1% (from 237M to 306M) yet delivers higher
throughput by +18.2% (from 15.4 to 18.2 FPS), indicating that the observed efficiency gains stem from the
causal design rather than scaling the RGB backbone alone.

Opverall, these measurements isolate the overhead attributable to the depth encoder and the lightweight attention
modules. While the separate depth pathway increases parameters and reduces FPS versus a ResNet101-only
baseline, the framework remains more efficient than upgrading the RGB backbone to Video Swin-B, achieving
higher throughput at comparable or better accuracy.
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