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Abstract

Multi-modal fusion methods often suffer from two types of
representation collapse: feature collapse where individual
dimensions lose their discriminative power (as measured by
eigenspectra), and modality collapse where one dominant
modality overwhelms the other. Applications like human
action anticipation that require fusing multifarious sensor
data are hindered by both feature and modality collapse.
However, existing methods attempt to counter feature col-
lapse and modality collapse separately. This is because
there is no unifying framework that efficiently addresses
feature and modality collapse in conjunction. In this pa-
per, we posit the utility of effective rank as an informative
measure that can be utilized to quantify and counter both
the representation collapses. We propose Rank-enhancing
Token Fuser, a theoretically grounded fusion framework
that selectively blends less informative features from one
modality with complementary features from another modal-
ity. We show that our method increases the effective rank of
the fused representation. To address modality collapse, we
evaluate modality combinations that mutually increase each
others’ effective rank. We show that depth maintains repre-
sentational balance when fused with RGB, avoiding modal-
ity collapse. We validate our method on action anticipa-
tion, where we present R3D, a depth-informed fusion frame-
work. Extensive experiments on NTURGBD, UTKinect, and
DARai demonstrate that our approach significantly outper-
forms prior state-of-the-art methods by up to 3.74%. Our
code is available at: https://github.com/olivesgatech/R3D.

1. Introduction
Modern data collection paradigms [33] utilize multifari-
ous sensor modalities to represent an environment, as each
modality captures unique aspects of a scene. For exam-
ple, RGB excels at conveying visual cues in objects such as
color or texture, while depth captures geometric structures
and directional relationships between objects (Figure 1 (a-
b)). Hence, multi-modal learning [70] is indispensable for
human-centric tasks such as action anticipation [7, 11, 25,

Figure 1. This is a toy figure describing feature and modality col-
lapse using spectral decomposition. (e): The ideal fused repre-
sentation preserves complementary eigenvectors from both data
modalities. (f): In contrast, feature collapse occurs when the fused
representation varies along a subset of eigenvectors. (g): Modality
collapse occurs when one modality dominates and suppresses the
contribution of the eigenvectors of the other modality.

36, 41, 76], video understanding [28, 32], and action recog-
nition [67], where single modalities fall short in express-
ing subtle semantic variations within or across scenes. Re-
cent multi-modal fusion methods have achieved empirical
success through contrastive losses [21, 54], attention blocks
[69], or various specialized objectives [18]. However, they
often rely on learning representations via indirect pre-text
tasks or alignment losses [48], rather than directly targeting
the informative content in each modality. This lack of tar-
geted information fusion makes multi-modal fusion models
susceptible to the common pitfalls: feature collapse [44]
and modality collapse [12]. A central technical challenge
we tackle in this paper is the lack of a unifying information
framework that targets both feature and modality collapse.

We illustrate targeted information fusion in Figure 1. In
(c) and (d), RGB and Depth are projected into their re-
spective representation spaces using their corresponding en-
coders. Each space is visualized with a bar plot of eigen-
values associated with eigenvectors [u1, ..., u6] and a toy
3D spherical projection of the data points. Intuitively, the
eigenvectors of each space represent the principal direc-
tions of variation in modality-specific representations. For
the purposes of discussion, we define each eigenvector as a
combination of projections from individual features (chan-
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nels). Under this view, a channel is considered informative
if it contributes significantly to key eigenvector directions,
indicating strong alignment with the principal variations in
the space. Thus, we interpret eigenvectors in Figure 1 as
information components, that is, the feature directions en-
coding useful content from each modality.

An ideal representation space after fusion should re-
flect Figure 1(e), where each information component is
equally represented, resulting in a space that integrates fea-
ture directions encoding useful content from both modal-
ities. However, in reality, different types of collapse can
occur in the fused representation space. In Figure 1(f), we
visualize feature collapse where certain information com-
ponents become limited in their contribution to the over-
all space after fusion. This limits the overall feature di-
versity and the generalizability of the model [10, 40]. In
Figure 1(g), we observe modality collapse [12] where in-
formation components are expressed for one modality over
the other, limiting the sharing of complementary features
between the modalities.

To address these challenges, we propose an ideal fusion
strategy for action anticipation that addresses both repre-
sentation collapse. First, to counter feature collapse, we
aim to increase the effective rank [57] of the fused repre-
sentation matrix, as it serves as a proxy for the diversity
of information. This is motivated by prior work defining
the effective rank as matrix entropy [55, 62, 74]. Based
on this, we develop Rank-enhancing Token fuser, a theo-
retically grounded fusion framework that selectively blends
less informative channels (i.e., channels that contribute little
to the principal eigenvector directions) with complementary
features from another modality. Second, we posit that com-
patible modalities mutually increase each other’s effective
rank. Hence, to address modality collapse, we perform an
analysis of different modalities to pair with RGB for action
anticipation. We demonstrate through a relative rank anal-
ysis that the depth modality results in the most balanced
feature space between both modalities. We use this intu-
ition to develop R3D (Rank-enhancing fusion in 3D), the
first depth-informed action anticipation architecture. We
demonstrate performance improvements across a wide vari-
ety of benchmarks. Our main contributions are summarized
as follows:

1. Rank-enhancing Token Fuser: We are the first to for-
mulate multi-modal fusion as a problem of rank-targeted
fusion to simultaneously address feature collapse and
modality collapse. We provide theoretical conditions un-
der which selective channel blending provably increases
effective rank and correspondingly prevents representa-
tion collapse.

2. Depth-aware 3D Action Anticipation: We present
R3D, the first depth-informed framework for 3D action
anticipation and show that depth is the most complemen-

tary modality to pair with RGB for preserving modality-
specific features.

3. State-of-the-art performance: R3D achieves up
to 3.74% performance improvement on NTURGBD,
UTKinect, and DARai, setting a new benchmark for
multimodal action anticipation.

2. Related Works

2.1. Action Anticipation

The availability of large-scale video datasets [14, 24, 38, 42,
46] has spurred significant progress in addressing the chal-
lenge of action anticipation. These methods can be broadly
categorized into two types. First, short-term action anticipa-
tion focuses on predicting a single future action that will oc-
cur within a few seconds [17, 19, 58]. In contrast, long-term
action anticipation seeks to forecast an extended sequence
of future actions from a long-range video, aiming to predict
events far into the future [1, 2, 23, 28, 36, 58]. To pre-
dict long-term action, recent advances in action anticipation
leverage multi-modal inputs to capture complementary con-
textual cues [43]. For instance, [71, 75] explicitly integrated
object features alongside RGB data. [76] leveraged audio
to capture off-camera events and to disambiguate visually
similar actions. [8, 36] integrates text to provide rich and
fine-grained semantic context. As humans perform actions
in a 3D world, prior studies have explored the use of hu-
man pose as a complementary modality [7, 11, 15, 25, 41],
often relying on motion capture systems or pose estima-
tion pipelines. In contrast, we are the first to introduce raw
depth data as a multi-modal input without requiring addi-
tional motion capture hardware, making it practical and de-
ployable in real-world settings where commodity RGB-D
cameras are readily available.

2.2. Multi-modal Fusion Method

A core challenge in multi-modal learning is the effective
fusion of heterogeneous data streams [4, 13, 27, 29, 37].
Fusion strategies are broadly categorized based on their
methodology of fusion. Aggregation-based fusion strate-
gies combine features through concatenations, summation,
or attention pooling [26, 53, 56, 61, 73]. Alignment-based
fusion methods temporally or semantically align modality
representations [8, 29, 36, 37, 63, 71, 76]. Finally, hybrid
approaches integrate both aggregation and alignment tech-
niques [5]. Despite their architectural advances, these fu-
sion strategies often suffer from feature redundancy where
redundant or weakly informative features from one modal-
ity can overwhelm the shared representation space, result-
ing in suboptimal fusion [48]. Our method addresses this
limitation by encouraging diverse representations, as evi-
denced by an increased effective rank in the joint embed-
ding space.
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2.3. Approximating Information through Rank
The technical novelty in this paper is targeted multi-modal
feature fusion. We utilize the effective rank of the feature
matrix as a measure of information content. [55, 62] iden-
tify that some measure of the uniformity of the singular
value spectrum, such as effective rank [57], is representative
of the entropy of a matrix [74], and its information content.
Intuitively, a more uniform singular value distribution im-
plies that the representation of the data varies along a greater
number of feature directions, thus exhibiting greater diver-
sity and countering potential representational collapse [31].
To capture this eigenvalue uniformity as a metric, the effec-
tive rank computes the entropy of the normalized eigenspec-
trum of a matrix Z with associated eigenvalues [σ1, ..., σr]
as follows:

ERank(Z) := exp

− rank(Z)∑
j=1

pj log pj

 , pj =
σj(Z)

∥Z∥∗
.

(1)
Due to these useful properties, measuring the rank of a rep-
resentation space has gained traction in various research ar-
eas. Within self-supervised learning, [3, 20, 60] use some
measure of the eigenvalue spectra as a way to identify bet-
ter performing models without the need for task specific
fine-tuning. [40] show that adapting a loss during train-
ing based on rank measurements can improve downstream
performance. Other works devise loss functions with the
explicit goal of increasing rank [6, 39] and manipulating
eigenvalues directly [35]. Despite the potential of integrat-
ing rank into training paradigms, there is limited work on
applying rank as a mechanism to improve modality fusion.
[12] analyze representational collapse in multi-modal ar-
chitectures through effective rank measurements. However,
their method does not involve directly integrating the rank
and instead relies on discriminator networks. In contrast,
our work is the first to demonstrate that rank information
can directly inform targeted feature fusion.

3. Analysis
3.1. Theory: Rank-enhancing Multi-modal Fusion
We introduce a novel Rank-enhancing Token Fuser (RTF)
that selectively blends less informative channels with fea-
tures from another modality in a way that provably increases
the effective rank of the resulting representation. We show
the proof in Section A.

Notation. Let X ∈ RT×D denote the representation ma-
trix of a modality, where T is the number of timesteps
and D is the channel (feature) dimension. Let the singular
value decomposition (SVD) of X be X = UΣV ⊤, where
Σ = diag(σ1, . . . , σr) contains singular values in decreas-
ing order, V = [v1, . . . , vr]

⊤ ∈ Rr×D contains the cor-
responding right singular vectors. We refer to these right

singular vectors as the principal directions of the represen-
tation. Let xc ∈ RT denote the c-th column of X . Similarly,
let Y ∈ RT×D denote features from another modality with
columns yc ∈ RT . These serve as candidates for enhancing
less informative channels in X through selective blending.

Definition 1. Channel Informativeness. We define the in-
formativeness of channel c as its contribution to the top-k
singular vectors of the representation: Ic :=

∑k
i=1 σ

2
i v

2
i,c,

where vi,c is the c-th component of the i-th right singular
vector vi. Channels with low Ic are considered less infor-
mative and are potential candidates for fusion with comple-
mentary channels from other modalities. Let Clow := {c ∈
{1, . . . , D} | Ic ≤ η} denote the set of low informativeness
channels, where η > 0 is a predefined threshold.

Definition 2. Fusion. We define a fused representation
X ′ ∈ RT×D by selectively blending channels in Clow with
signals from modality Y :

x′
c =

{
αcxc + (1− αc)yc if c ∈ Clow,

xc otherwise,

where αc ∈ [0, 1] is a learnable channel-wise blending co-
efficient. The goal is to enhance underutilized directions
while preserving already informative ones.

Theorem 3.1 (Channel Fusion Increases Effective Rank).
Let u1, . . . , uk ∈ RT denote the top-k left singular vectors
of X , and define δk := σk − σk+1 as the singular value
gap, which quantifies the separation between the dominant
subspace (top-k) and the residual space.
Assume:
1. (Bounding condition) For all c ∈ Clow, yc is zero-mean

and satisfies ∥yc∥2 ≤ β for some constant β > 0.
2. (Non-trivial modification in the representation) There

exists ∃ϵ > 0 such that
∑

c∈Clow
∥x′

c − xc∥22 ≥ ϵ
3. (Dominant subspace preservation) The updated rep-

resentation should not distort the dominant subspace
of X . This is ensured by requiring the update to
only target low-informativeness channels. Specifically,
the threshold η is small enough to satisfy

√
η ≤

min

(
δk

3
√

|Clow|
, ϵ
4|Clow|β

)
4. (Bounded Dominant Subspace Alignment) The injected

channels yc are not perfectly aligned with the domi-
nant subspace of X . Formally, the projection of each
injected channel yc to the dominant subspace of X
Uk = span{u1, . . . , uk} is bounded by its projection
onto the remaining subspace. i.e.,

∑k
i=1 |⟨yc, ui⟩|2 ≤

γ
∑r

i=k+1 |⟨yc, ui⟩|2, where 0 ≤ γ < 1.

Then yc introduces novel directions in the feature space
of X , hence the effective rank satisfies ERank(X ′) >
ERank(X), where the equation of ERank(X) follows (1).
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Figure 2. This figure compares the eigenvalue spectra of each
modality before (Depth - blue, RGB - red) and after fusion (green)
using the formulation in Theorem 3.1. The left column shows the
spectrum for the Depth modality, and the right column for RGB.
Across all datasets and label granularities, the fused modality con-
sistently exhibits a flatter spectrum in mid-to-lower components as
well as the dominant ones.

In short, Theorem 3.1 provides mathematical conditions
under which selectively blending less informative channels
in a modality X with channels from another modality Y
that have bounded alignment with the dominant subspace
of X leads to increased feature diversity, as quantified by
effective rank.

Figure 2 shows that across all datasets, the eigenvalue
spectra of both RGB and Depth representations become flat-
ter after fusion. This flattening reflects a more uniform dis-
tribution of eigenvalues, which implies that the spectrum
exhibits greater entropy. As in Equation 1, since effective
rank is defined as the entropy over the spectrum, a flatter
spectrum corresponds to higher effective rank, indicating a
richer and more balanced representation. We provide de-
tailed analysis of Figure 2 in Section B.1.

Notably, this increase in effective rank occurs in both
modalities, as shown in Figure 2 (a-d). In other words, fu-
sion not only enhances the effective rank of RGB through
Depth modality, but also enhances Depth through RGB,
confirming that the representational benefit is mutual. This
mutual increase is desirable because it ensures that the fused
representation integrates complementary information from
both modalities, rather than favoring one. According to
Theorem 3.1, such mutual improvement requires the in-
jected features to be sufficiently complementary to the tar-
get modality, formalized by having a bounded projection
onto its dominant subspace. This principle motivates the
search for optimal modality combinations that maximize

Figure 3. This figure compares the Harmonic Mean of effective
rank gain across four modalities: Multi-view RGB, Text, IMU, and
Depth. Depth consistently achieves the highest harmonic mean
across all observation rates, indicating a more balanced interaction
with RGB compared to other modalities.

balanced and mutual rank enhancement.

3.2. Modality Selection
In this section, we show that not all modality pairs are
equally effective for preserving modality-specific features.
To quantify this, we analyze how the effective rank of each
modality changes after fusion with RGB across 4 differ-
ent modalities: Depth, Multi-view RGB, IMU, and Text,
each denoted as ∆Depth, ∆MVRGB, ∆IMU, ∆Text, respec-
tively. In this case, all modalities are used within a fu-
sion framework for an action anticipation task. For anal-
ysis, we extract the fused representation of each modal-
ity at an intermediate point in the network. Then, we in-
troduce the harmonic mean of effective rank gains as our
evaluation metric. This is because this score captures both
the magnitude and the symmetry of increases in effec-
tive rank across both modalities. A high harmonic mean
implies that both modalities gain substantially from fu-
sion and do so in a balanced manner. Figure 3 visual-
izes this harmonic mean score for four modality combina-
tions: 2·∆RGB·∆Depth

∆RGB+∆Depth
, 2·∆RGB·∆MVRGB
∆RGB+∆MVRGB

, 2·∆RGB·∆IMU
∆RGB+∆IMU

, 2·∆RGB·∆Text
∆RGB+∆Text

.
As shown, Depth consistently achieves the highest har-
monic mean across all observation rates. This suggests that
fusion with Depth yields substantial improvements in over-
all representational capacity (magnitude) and distributes
those improvements symmetrically across both RGB and
Depth modalities. In contrast, other modalities tend to en-
hance one modality while degrading or leaving the other un-
changed. Based on this analysis, we identify Depth as the
most complementary modality to RGB, as it supports mu-
tual enhancement without collapsing the expressive struc-
ture of either representation.

4. Methodology
This section details the components of R3D. Figure 4 pro-
vides a detailed illustration of the overall architecture of
R3D. We begin with the RGB Encoder and Depth En-
coder, which extracts meaningful features from the input
data (RGB video and Depth video, respectively). The Rank-
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Figure 4. The detailed architecture of R3D. It comprises three components: the Rank-Enhancing Token Fuser (RTF), the Temporal Fuser,
and the Action Anticipation Module. The RTF compensates for less informative channels in each modality by blending complementary
information, while the Temporal Fuser captures continuous temporal dependencies and segments each timestamp. Finally, the Action
Anticipation Module predicts future actions based on the integrated multi-modal information.

enhancing Token Fuser (RTF) adaptively blends less in-
formative channels of both RGB and Depth modalities.
Temporal Fuser integrates this multi-modal information and
captures how multi-modal dependencies evolve over time
for improved anticipation. Lastly, we describe the Action
Anticipation Module.

4.1. RGB and Depth Encoders

We have a dataset consisting of N paired videos consisting
of RGB and Depth modalities. The RGB videos are de-
noted as {XRGB

n }Nn=1, and the corresponding Depth videos
as {XDepth

n }Nn=1. Each RGB video XRGB
n ∈ RB×T×H×W×3

and Depth video XDepth
n ∈ RB×T×H×W×1 is encoded into

visual features FRGB ∈ RB×T×C and FDepth ∈ RB×T×C ,
respectively, where B is the batch size, T the number of
frames, H height, W width, and C the feature embedding
dimension. To obtain this feature embeddings, we use a
pretrained ResNet50 as the video encoder. To reduce com-
putational cost while maintaining temporal structure, we
sample frames at regular intervals using a temporal stride
τ . This results in a sampled sequences FRGB

τ ∈ RB×Tτ×C

and FDepth
τ ∈ RB×Tτ×C , where Tτ =

⌊
T
τ

⌋
is the number

of sampled frames. The features of the sampled frames are
then passed through a linear transformation layer WRGB ∈
RC×D and WDepth ∈ RC×D, followed by a ReLU(·) acti-
vation function:

F̃RGB = ReLU(FRGB
τ WRGB); F̃Depth = ReLU(FDepth

τ WDepth),
(2)

where F̃RGB ∈ RB×Tτ×D and F̃Depth ∈ RB×Tτ×D repre-
sent RGB input tokens and Depth input tokens, respectively,
and D is a new feature dimension. The resulting features
F̃RGB and F̃Depth, as shown in Figure 4, are then fed into
RTF for cross-modal integration.

4.2. Rank-enhancing Token Fuser (RTF)
In Section 3, we show that blending channels that are
weakly aligned with the singular vectors of one modality
with complementary channels from another can increase
feature diversity. In this section, we translate this insight
into a differentiable fusion module, RTF, as described in
Figure 4.
Channel importance estimation. As illustrated in Def-
inition 1 of Theorem 3.1, we quantify the importance
of each channel based on how much each channel con-
tributes to the singular vector of the representation ma-
trix. Given the SVD of the reshaped RGB feature matrix
F̃RGB ∈ RB×Tτ×D as X̃RGB ∈ R(B·Tτ )×D, we compute
X̃RGB = URGBΣRGB(V RGB)⊤, where the singular values
are σRGB

1 , . . . , σRGB
r and right singular vectors are vRGB

i ∈
RD. The channel-wise importance score IRGB

c is then de-
fined as IRGB

c =
∑r

i=1(σ
RGB
i )2(vRGB

i,c )2. Similarly, we ap-
ply SVD to the reshaped Depth feature matrix F̃Depth ∈
RB×Tτ×D, resulting in the importance score denoted as
IDepth
c =

∑r
i=1(σ

Depth
i )2(vDepth

i,c )2, where IRGB
c , IDepth

c re-
flects how much channel c contributes to the singular vector
of F̃RGB, F̃Depth, respectively. As illustrated in Theorem 3.1,
channels with low Ic are considered less informative, thus
are blended with complementary features from the other
modality. This targeted fusion ensures that less informa-
tive channels in one modality are enhanced by incorporat-
ing complementary cues from the other. Thus, to identify
less informative channels, we select the bottom k′ channels
with the lowest importance scores:

IRGB
low = argmink′

c
IRGB
c ; IDepth

low = argmink′
c

IDepth
c . (3)

Adaptive channel blending. Once the least important
channels are identified, we perform cross-modal feature
blending only on the bottom k′ least importance channels
as determined by the channel importance estimation. Here,
we introduce a learnable scaling parameter αIRGB

low
and αIDepth

low
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that are randomly initialized from a uniform distribution, to
enable adaptive channel blending:

F̄RGB
:,:,IRGB

low
= αIRGB

low
· yDepth

:,:,IRGB + (1− αIRGB
low

) · yRGB
:,:,IRGB , (4)

F̄Depth
:,:,IDepth

low
= αIDepth · yRGB

:,:,IDepth
low

+ (1− αIDepth) · yDepth
:,:,IDepth

low
, (5)

where the updated features, F̄RGB
:,:,IRGB

low
and F̄Depth

:,:,IDepth
low

denote

the refined representations after adaptive channel blending
for the least informative channels IRGB

low , IDepth
low . These pa-

rameters αIRGB
low

and αIDepth
low

allow the model to adaptively
control the degree of feature blending between RGB and
Depth channels, rather than enforcing a hard swap.

These partially updated features are then combined with
the remaining channels to form the final aggregated fea-
tures: F̄RGB and F̄Depth ∈ RB×Tτ×D. Finally, the fused fea-
tures F̄RGB and F̄Depth are stacked together along the chan-
nel dimension (Fstacked in Figure 4) and passed as an input
to the Temporal Fuser for sequential modeling.

4.3. Temporal Fuser and Action Anticipation
As illustrated in Figure 4, Temporal Fuser takes the output
from RTF and captures sequential dependencies over time,
to accurately interpret the meaning of each frame. Its pri-
mary goal is to integrate temporal information so that the
model can determine the meaning of a scene at every time
step. Section C.1 details the three components of Temporal
Fuser: MHSA, MLP, and Segmentation Head.

Building on these temporal representations, Action An-
ticipation Module predicts future human actions. Sec-
tion C.2 describes its main components: MHCA, FFN, Ac-
tion Anticipation Head.

5. Experiments
This section presents experimental analyses and discussion
of the proposed method. The detailed dataset configura-
tion is described in Section D.1, the experimental setup is
detailed in Section D.2, and the computational cost and
scalability are detailed in Section D.3. For all analyses,
we set the observation rate α ∈ {0.2, 0.3} and prediction
rate β ∈ {0.1, 0.2, 0.3, 0.5}, and report mean over classes
(MoC) accuracy as the evaluation metric. Qualitative anal-
yses are provided in Section F.

5.1. Quantitative Analysis
State-of-the-art comparison. As we observe in Table 1,
R3D consistently outperforms the state-of-the-art across all
datasets and evaluation settings, achieving an average ac-
curacy gain of up to 3.74%. We compare the performance
of multiple architectures for action anticipation and observe
that our approach achieves the best performance among all
models, with AFFT [76], m&m-Ant [36], FUTR [22], and

Dataset Input Methods
β(α = 0.2) β(α = 0.3)

0.1 0.2 0.3 0.5 0.1 0.2 0.3 0.5

DARai [32]
(Coarse)

Uni RNN [1] 22.40 22.59 20.71 18.38 30.75 25.34 25.99 23.17
CNN [1] 13.28 13.70 12.99 13.90 19.85 16.68 18.69 17.48
FUTR [22] 25.05 25.11 24.48 23.18 40.71 33.57 33.43 30.79
GTAN [72] 27.70 29.13 27.35 26.11 42.47 42.45 42.27 34.37
R3D (Uni) 31.52 30.52 28.48 26.66 44.01 37.10 37.58 34.44

Multi AFFT [76] 23.14 24.78 23.62 21.02 33.82 29.25 28.33 25.45
m&m-Ant [36] 25.75 25.70 24.24 23.12 42.00 34.71 34.49 31.34
R3D (Ours) 33.44 32.14 30.56 29.59 46.29 42.05 43.41 40.25

DARai [32]
(Fine-grained)

Uni RNN [1] 7.45 5.69 4.66 3.58 9.07 7.35 6.40 5.04
CNN [1] 7.70 6.28 5.38 3.98 6.69 5.48 5.10 3.86
FUTR [22] 17.09 12.34 10.39 8.18 18.59 15.83 13.26 10.81
GTAN [72] 25.66 24.06 22.60 22.05 26.30 25.43 22.40 18.88
R3D (Uni) 20.12 18.49 16.11 13.28 24.62 22.93 22.78 18.68

Multi AFFT [76] 14.13 13.38 13.49 9.53 17.01 17.26 15.18 10.91
R3D (Ours) 32.57 25.92 24.02 16.68 26.97 28.43 24.81 18.02

UTKinects [65]

Uni RNN [1] 24.42 15.37 15.92 11.10 15.22 15.19 13.12 9.89
CNN [1] 25.00 16.60 14.79 11.07 15.10 16.67 14.29 8.08
FUTR [22] 29.63 20.75 20.53 16.48 16.46 16.90 14.31 9.95
GTAN [72] 34.38 35.71 39.54 34.17 28.27 32.36 27.22 21.16
R3D (Uni) 29.63 20.75 20.53 16.48 16.46 16.90 14.31 9.95

Multi AFFT [76] 25.00 16.67 16.67 12.50 16.67 16.67 14.29 10.00
R3D (Ours) 38.96 37.68 37.16 35.95 34.80 32.51 36.03 26.98

NTURGBD [59]

Uni RNN [1] 10.98 10.49 10.53 10.94 8.60 9.55 10.11 11.69
CNN [1] 15.11 14.91 14.33 15.12 15.09 15.49 15.52 16.74
FUTR [22] 18.59 18.56 18.61 18.61 20.04 20.13 20.07 20.11
GTAN [72] 18.93 18.51 18.55 18.70 21.63 21.72 21.95 20.93
R3D (Uni) 10.24 10.14 10.18 10.15 10.91 10.97 10.92 10.96

Multi AFFT [76] 20.55 20.76 20.66 20.79 20.72 20.72 20.74 21.27
R3D (Ours) 21.98 20.18 19.72 18.90 23.17 21.27 20.51 19.89

Table 1. State-of-the-art comparisons of action anticipation perfor-
mance across three widely used datasets under varying conditions
of α (observation rate) and β (prediction rate). “Uni” denotes Uni-
modal input and “Multi” indicates a Multi-modal setting. “R3D
(Uni)” refers to the R3D model trained solely with RGB input,
without depth modality.

GTAN [72], serving as the state-of-the-art baselines. This
gain is particularly notable in scenarios with lower obser-
vation rates (α = 0.2), where depth information allows
the model to leverage subtle cues even when visual input
is limited. The performance boost is more pronounced on
the DARai dataset than on the UTKinects dataset. This
is because DARai contains more dense action sequences
and more frequent transitions. In this case, depth infor-
mation enhances the model’s ability to capture nuanced
temporal variations, leading to greater improvements com-
pared to other datasets. In contrast, on NTURGBD, the
strength of R3D is less pronounced. This can be attributed to
the fact that NTURGBD provides high-quality RGB-Depth
pairs with well-trimmed and well-curated action segments.
While R3D is designed to be robust in less curated, noisy
real-world settings (See 5.4), its relative advantage dimin-
ishes when both modalities are already strong, which is less
common in real-world settings.

5.2. Ablation study

We perform ablation studies to assess the impact of depth
modality (Table 1), impact of Rank-enhacing Token Fuser
(Table 2), Rank-enhacing Token Fuser modeling (Figure
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Dataset Methods
β(α = 0.2) β(α = 0.3)

0.1 0.2 0.3 0.5 0.1 0.2 0.3 0.5

UTKinects
W/O RTF 29.63 20.75 20.53 16.48 16.46 16.90 14.31 9.95
W/ RTF 38.96 37.68 37.16 35.95 34.80 32.51 36.03 26.98

NTURGBD
W/O RTF 16.86 16.74 16.74 16.74 19.53 19.89 19.74 19.89
W/ RTF 21.98 20.18 19.72 18.90 23.17 21.27 20.51 19.89

DARai
W/O RTF 31.84 31.40 28.88 27.06 35.32 31.98 32.83 31.91
W/ RTF 33.44 32.14 30.56 29.59 46.29 42.05 43.41 40.25

Table 2. Ablation Study evaluating the impact of RTF.

Dataset Methods
β(α = 0.2) β(α = 0.3)

0.1 0.2 0.3 0.5 0.1 0.2 0.3 0.5

UTKinects
Static 40.30 25.62 26.42 19.27 13.55 19.10 16.46 12.17
Adaptive 38.96 37.68 37.16 35.95 34.80 32.51 36.03 26.98

NTURGBD
Static 18.93 17.93 16.90 16.77 18.48 17.83 16.65 16.30
Adaptive 21.98 20.18 19.72 18.90 23.17 21.27 20.51 19.89

DARai
Static 27.86 26.50 24.62 23.39 41.10 35.35 37.00 35.01
Adaptive 33.44 32.14 30.56 29.59 46.29 42.05 43.41 40.25

Table 3. Ablation Study on channel exchange method across three
datasets. “Static” indicates Static Channel Exchange and “Adap-
tive” indicates Adaptive Channel Exchange with learnable scaling
factor αI.

Figure 5. Ablation study on UTKinects and DARai dataset exam-
ining the impact of the proportion of exchanged channels (10%,
20%, 30%) in Token Fuser.

5, Table 3), and impact of Temporal Fuser (Table 8). We
show the ablation study of Temporal Fuser and additional
Rank-enhacing Token Fuser modeling in Section E.1 and
Section E.2, respectively.
RGB only. First, we evaluate the effect of incorporat-
ing depth information by comparing models trained with
and without depth features. As shown in Table 1, inte-
grating depth consistently improves performance across all
datasets, demonstrating its importance for capturing fine-
grained spatial relationships and motion directionality.
RGB-Depth aggregation without Rank-enhancement.
Next, we analyze the impact of the Token Fuser by remov-
ing it from R3D. The results in Table 2 show that mod-
els without Rank-enhancing Token Fuser exhibit lower per-
formance, confirming its effectiveness in facilitating cross-
modal information exchange and improving representation
quality.
Role of adaptive α during fusion. To further investigate
Rank-enhancing Token Fuser modeling, we compare static
channel exchange with adaptive channel exchange method
as shown in Table 3. Across all datasets, adaptive blend-
ing yields better performance, as action anticipation task
exhibits high variability in object interactions and spatial

Modality pair Methods
β(α = 0.2) β(α = 0.3)

0.1 0.2 0.3 0.5 0.1 0.2 0.3 0.5

RGB - Depth
AFFT [76] 14.13 13.38 13.49 9.53 17.01 17.26 15.18 10.91
R3D (Ours) 32.57 25.92 24.02 16.68 26.97 28.43 24.81 18.02

Different-view RGBs
AFFT [76] 11.53 8.46 7.47 5.84 10.61 8.51 8.22 6.88
R3D (Ours) 26.99 23.80 20.73 21.50 35.02 27.37 27.19 22.62

RGB - IMU
AFFT [76] 11.89 10.04 8.81 7.01 11.31 9.72 9.64 7.59
R3D (Ours) 12.08 9.76 7.87 5.80 10.61 8.46 7.54 5.75

RGB - Text
AFFT [76] 20.21 21.83 21.93 17.07 25.79 25.62 24.90 19.62
R3D (Ours) 30.24 28.25 22.80 18.01 28.17 27.69 25.69 22.93

Table 4. State-of-the-art comparisons of action anticipation perfor-
mance on DARai dataset across four different modalities: Depth,
Multi-view RGB, IMU, and Text.

configurations, requiring a flexible fusion mechanism.
Impact of varying channel exchange ratio. Additionally,
we conduct an ablation study on the optimal channel ex-
change ratio for Token Fuser as shown in Figure 5. Our find-
ings reveal that the optimal exchange ratio varies by dataset:
UTKinect achieves the highest performance at 10% chan-
nel exchange, while DARai performs best at 20% exchange.
This suggests that datasets with more structured, repetitive
actions (e.g., UTKinect) benefit from lower exchange rates,
whereas datasets with more complex, unstructured activities
(e.g., DARai) require a higher degree of adaptive feature re-
placement.

5.3. More SOTA comparisons
More modality pairs. To further validate the general ef-
fectiveness of R3D with different modalities, as shown in
Table 4, we additionally present the State-of-the-art com-
parisons of action anticipation performance across four dif-
ferent modality pairs: Depth, Multi-view RGB, IMU, and
Text at varying observation rates (α) and prediction rates
(β). For comparison, we use AFFT [76], the current state-
of-the-art method in multi-modal action anticipation. To
ensure fairness and reproducibility, we conduct three runs
with fixed random seeds (1, 10, 13452) and simply replace
the input from the Figure 4. Overall, R3D achieves supe-
rior performance to AFFT for modality pairs with higher
harmonic means as illustrated in Figure 3. For RGB - IMU
pair, R3D underperforms compared to AFFT. We attribute
this to the lack of sufficiently balanced interaction between
RGB and IMU features, as also reflected in Figure 3. We
expect that tailoring the fusion parameters for RGB - IMU
would enhance the interaction and further improve perfor-
mance.
More downstream tasks. To further validate the general
effectiveness of RTF, we additionally apply our method to
Action Segmentation task. Unlike Action Anticipation, Ac-
tion Segmentation task segments an input video into tempo-
rally contiguous segments, assigning a categorical action la-
bel to each segment independently [9, 16, 23, 30, 45, 47, 64,
66, 68]. To comprehensively evaluate the task, first, we as-
sess the correctness of predictions at every individual frame
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Dataset Methods
Frame-wise metrics Segment-wise metrics

Accuracy Edit score

DARai [32]
(Coarse)

ActFusion [23] 31.38 26.62
R3D (Ours) 33.32 31.21

DARai [32]
(Fine-grained)

ActFusion [23] 17.83 18.16
R3D (Ours) 20.79 28.98

NTURGBD [59]
ActFusion [23] 13.26 6.00
R3D (Ours) 13.26 8.93

Table 5. State-of-the-art comparisons of action segmentation per-
formance across multiple datasets.

Figure 6. Effective rank gain under various noise perturbations
(Depth: (b) small σ=0.03, (c) large σ=0.15, (b) RGB: small
σ=0.10, (c) large σ=0.30). When more noise is added to one
modality, the noisy modality’s effective rank gain remains sta-
ble, whereas the other (clean) modality’s gain diminishes. For
example, increasing noise in Depth keeps its gain stable but re-
duces RGB’s. This shows that fusion adaptively relies more on
the cleaner modality.

by reporting frame-wise accuracy [9, 23, 30, 45, 64, 66].
Additionally, we also measure how well the predicted seg-
ments align with the true temporal boundaries and labels
of actions by measuring an edit score, a segment-wise met-
rics [16, 23, 47, 68]. To obtain results from the action seg-
mentation task, we use the output of the Segmentation Head
of the Temporal Fuser of R3D, illustrated in Figure 4 and ex-
plained in detail in Section C.1. To ensure consistency, we
report the average performance over three runs with fixed
random seeds (1, 10, 13452).

As shown in Table 5, R3D consistently outperforms the
state-of-the-art across different levels of granularity. The
performance gap is more pronounced on the fine-grained
setting, since the finer temporal boundaries and larger num-
ber of action segments make boundary alignment substan-
tially more challenging, amplifying the advantage of R3D in
capturing temporal structure and maintaining segment con-
sistency. It is worth noting that R3D is not originally de-
signed for action segmentation task, yet it still demonstrates
strong performance on this task.

5.4. Robustness
In this section, we simulate the real world scenario where
one modality can be unreliable or noisy. Figure 6 illustrates
two cases: noise added to the Depth modality (top) and to
the RGB (bottom). We assess how much each modality
contributes to fusion by measuring the effective rank gain
across three conditions: clean (Figure 6 (a)), small noise

Figure 7. This shows an action anticipation performance under
varying noise levels (clean, small noise, large noise) in two set-
tings: with Rank-Enhancing Token Fuser (RTF) and without RTF.
Notably, (a) when noise is added to Depth, performance without
RTF degrades substantially, while with RTF maintains stability,
compared to (b) when noise is added to RGB.

(Figure 6 (b)), and large noise (Figure 6 (c)). To ensure fair-
ness, we calibrate the noise level σ separately for Depth and
RGB so that perturbations induce the comparable change in
each modality’s representation space.

Figure 7 (a) shows that without RTF, the performance
drops sharply when Depth is noisy, whereas with RTF, the
performance remains stable under both noisy Depth and
noisy RGB. Figure 6 shows the mechanism of how RTF
works. As noise increases (Figure 6 (b) → (c)) in one
modality, RTF adaptively shifts reliance toward the cleaner
modality. For example, when Depth is corrupted, Depth’s
effective rank gain remains stable whereas RGB’s gain di-
minishes (Figure 6 (b) → (c), Top part), indicating that
the fusion compensates by down-weighting the unreliable
Depth contribution and leveraging the complementary in-
formation from RGB, so that the overall representation re-
mains robust despite the corruption.

6. Conclusion

We present R3D, a depth-informed framework for action
anticipation that addresses two representation collapse in
multi-modal fusion. The utility of effective rank as a com-
putational means to counter both feature and modality col-
lapse jointly is emphasized. We introduce RTF, a theoret-
ically grounded mechanism that selectively blends less in-
formative channels with complementary signals from an-
other modality, provably increasing representational diver-
sity. The principle of mutual effective rank gain, whereby
the effective rank of both modalities increases simultane-
ously is highlighted. For the application of action antici-
pation, depth adds background context and directionality to
the object-centric visual cues from RGB. R3D is validated
extensively across NTURGBD, UTKinect, and DARai. Our
method not only outperforms state-of-the-art approaches
but also provides new insights into what constitutes effec-
tive and balanced multi-modal fusion.

4751



References
[1] Yazan Abu Farha, Alexander Richard, and Juergen Gall.

When will you do what?-anticipating temporal occurrences
of activities. In CVPR, pages 5343–5352, 2018. 2, 6, 16

[2] Yazan Abu Farha, Qiuhong Ke, Bernt Schiele, and Juergen
Gall. Long-term anticipation of activities with cycle consis-
tency. In PR, pages 159–173. Springer, 2021. 2, 16

[3] Kumar K Agrawal, Arnab Kumar Mondal, Arna Ghosh, and
Blake Richards. alpha-req: Assessing representation qual-
ity in self-supervised learning by measuring eigenspectrum
decay. Advances in Neural Information Processing Systems,
35:17626–17638, 2022. 3

[4] Cem Akkus, Luyang Chu, Vladana Djakovic, Steffen Jauch-
Walser, Philipp Koch, Giacomo Loss, Christopher Mar-
quardt, Marco Moldovan, Nadja Sauter, Maximilian Schnei-
der, et al. Multimodal deep learning. arXiv preprint
arXiv:2301.04856, 2023. 2
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