A. Proof of Theorem 3.1

Lemma A.1 (Stability of Dominant Subspace; see Theorem
Lin [52]). Let X, X' € RT*P with A .= X' — X, and
O = 0, (X) — k41 (X) > 0. If |Al|2 < Ok, then:
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where Uy, U], are top-k left singular subspaces of X and
X'

Proof. Step 1: Perturbation bounds. In this step, we de-
rive an upper bound for the spectral norm of the perturbation
matrix A. We aim to confirm that the perturbation is small
enough to satisfy the conditions of the subspace stability
(Lemma A.1). Let A, = (1 — a.)(y. — x.) for ¢ € Ciow,
else 0. By the triangle inequality,

[Acllz < |1 = acl(llyell2 + [lzell2) Q)

From the condition |1 — a.| < 1, and Assumption I of The-
orem 3.1 (Jyc|l2 < B):

[Acllz < |1 = acl(lyell2 + [lzell2) < 6+ Ve < B+ 1

®)

Since the Frobenius norm of a matrix A is the square root

of the sum of the squared L2 norms of its column vectors

(A,), and the perturbation A is only non-zero for columns
in the set Ciow:

1AIE = D I1A3 ©)
c€EClow
By Equation (8) and Equation (9):
AR < D B+ vi)® (10)
c€Ciow

Thus, with Assumption 3:

IAF < V/|Cow(B + /1) < 61/2 (11)

Since | A2 < ||A||F, we have:
[All2 < d/2 (12)

Step 2: Subspace stability. In this step, we use the pertur-
bation bound from Step 1 to show that the dominant singular
subspace of the data remains stable. This confirms that our
fusion process does not corrupt the principal components of
the original data. By Equation (12) and Lemma A.1:

A2 O5/2
or = [[All2 6k — 6k/2

|| sin © (Ui, Uy,)|| < =1 13

Step 3: Bounding (X, A). In this step, we aim to show that
the inner product (X, A) is minimal when 7 is sufficiently

small and the injected signals v, are sufficiently novel to the
dominant subspace of X. First, from the definition of A:

(X,A) = Z (Te, A¢) = Z (1 — ac)(Te, Ye — x¢)

c€Ciow c€Clow

(14)

The absolute value of this expression can be bounded
using the triangle inequality and the condition o, € [0, 1]
(which implies |1 — | < 1):

(XA < D Hwesye—ae)l < Y (e, ye)l + llaell3)
cE€Clow cEClow
15)
Here, we know that ||z.||3 = I. <.
Now, we aim to bound |{x., y.)|. First, let the Singular
Value Decomposition (SVD) of X be X = 22:1 o, .
Its c-th column vector z. can be expressed as:

To= Y 0Vl (16)
i=1

Here, v; . is the c-th component of the i-th right singular
vector v;. Then, we can substitute the decomposition (16)
into the inner product:

<xcayc> = <Zaivi,cuiayc> = Zoivi,c<ui7yc> 17)
=1

i=1

We now decompose ¥, into its projections onto the dom-
inant and residual subspaces:

k r
Yo = Z<y07ui>ui+ Z (Ye, wi)u; (18)
i=1 i=k+1
ygominam yfsidual

Substituting into Equation (17):

T
<xc7 yc> = <Z 03V Ui, ygominam + yzesidual> (19)
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Taking absolute values:

T T
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1=1 1=1
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Applying the triangle inequality: ey
T T
|<IC7 yc>| < Z UirUi,c<Ui7 ygominant> + Z O'i'Ui,,c<Ui7 yzesidual
=1 =1
T1 T2

(22)



Since we define ydominant ag g dominant Z?:l (Yo, uj)u;
in Equation (18):
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Now we can bound 7} by applying the Cauchy-Schwarz
inequality:

. 2 1/2
Ty < [ D 1(Yeuy)] > ol (26)
j=1 j=1
N 1/2
< Z {Ye, 1)) \E (since I, = Zo?vjz )
Jj=1 Jj=1
27
Now let us bound 75. Since we define y™*1%%! in Equa-
tion (18) as (u;, yeidual) = 0 fori < k:
T
=1 oivi o (us, ) (28)
i=1
_ Z o c<u“ ylr2651dual> (29)
i=k+1

Applying the Cauchy-Schwarz inequality two times:
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2 remdual
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Now we combine both bounds from Equation (27) and
Equation (32). Recalling from Equation (22):

(e, ye)| < Ty + T (33)

By applying Assumption 4, where S0 |(ye, u;)|? <
VY [wes wi) 2 = y[|yi9)|3 to both Equation (27)
and Equation (32):

T+ Ty < \f”yresuiualH \/7 + \/7||yre51dual (34)

= VIey 2 (v7 + 1) (35)

Since ||yesidudl||y, < |lyella < B (by Assumption 1) and

I. < nfor ¢ € Ciow, by combining Equation (33) and Equa-
tion (35), we finally get:

[(ze,ye)| < Byn(vy +1) (36)

Now, we substitute this bound and ||z.||2 = I. < 7 into
Equation (15):

(XA < D (e yed| + llzell3) 37)
c€Ciow

<> BN+ +n) (39
Ceclow

= |Clow‘ (5(\ﬁ + 1)\/77 + 77) (39)

This final bound shows that the inner product between X

and A becomes very small when 7 is sufficiently small and
~ is bounded. The bounded alignment assumption (small
v, Assumption 4) ensures that the injected signals y. con-
tribute primarily to the residual subspace rather than inter-
fering with the dominant patterns of X.
Step 4: Spectral flattening. In this step, we combine the
previous results to analyze the change in the representa-
tion’s overall magnitude, measured by the squared Frobe-
nius norm || X’||%. The squared Frobenius norm is defined
as the inner product of a matrix with itself as below.

1X'[|7 = (X', X") (40)
Since X' = X + A:
X% = (X +A,X+A) (41)

Using the distributive property (bilinearity) of the inner
product:

(X +A,X+A)=(X,X)+(X,A) +(A, X) +(A,A)
(42)
Since (X, A) = (A, X)) for the Frobenius inner product,

the expression simplifies to:
X717 = 11X 11 + 20X, A) + | Al (43)
Rearranging the equation,

XI5 = X117 = 2(X, A) + [|All% (44)



Combining the result of Step 3 (Equation (39)) and As-
sumption 2 (||Al|% > e):

X711 = 11X 1% = 2(X, A) + | A% (45)
> =2[Cow| (B(vY + 1)V +n) + ¢

(46)

> /2> 0 (47)

for sufficiently small n and . This positive change is in-
jected primarily into the tail subspace, as ensured by the
bounded alignment assumption, leading to a flatter singular
value spectrum.

Step 5: Effective rank increase. From Step 2, the dom-
inant subspace remains stable. Also, from Step 4, the
squared Frobenius norm of the representation increases, i.e.,
| X'[2 > || X||% + €/2. The bounded alignment con-
dition (Assumption 4) ensures that the modification A is
poorly aligned with the dominant subspace of X. This,
combined with the fact that the update is restricted to low-
informativeness channels (which are inherently less aligned
with the dominant subspace), suggests that the increase in
squared Frobenius norm is primarily concentrated in the
residual singular values.

Therefore, we have:

Z 032 z Z 0‘? (dominant spectrum preserved) (48)

J<k J<k

Z o > Z 07 +¢€/2 (residual spectrum amplified)
i>k >k

(49)

Let p and p’ be the normalized singular value spectra of
X and X’. This redistribution of squared singular values,
where the total sum increases while the dominant part re-
mains roughly constant, leads to a flattening of the normal-
ized singular value distribution p’ compared to p. Specifi-
cally, the increase in total mass (|| X'[|% > || X||%) is con-
centrated in the tail, which reduces the probability mass of
the dominant components. Since the Shannon entropy H (p)
is Schur-concave, it increases when the probability mass is
transferred from larger components to smaller ones [51].
Therefore:

H(p') > H(p) = ERank(X’) > ERank(X) (50)

O

B. Analysis
B.1. Additional Analysis on Spectrum Flattening

In Figure 2, we show that the extent of improvement varies
across datasets. For instance, in UTKinect (Figure 2 (b)),
Depth shows more pronounced spectral expansion than
RGB, whereas in DARai (Figure 2 (a),(c)) and NTURGBD

Dataset X <~ Y (Fusion Direction) Angle between subspaces (°)
DARai RGB < Depth 48.74
(Coarse) Depth + RGB 47.73
. RGB < Depth 63.80
UTKinect Depth < RGB 65.57
DARai RGB < Depth 48.68
(Fine-grained) Depth < RGB 47.20
RGB < Depth 34.25
NTURGBD Depth « RGB 31.95

Table 6. This shows an complementarity (in degrees) between the
principal subspaces X and the injected channels Y¢, . Higher
values (closer to 90°) indicate stronger complementarity, which
contributes more effectively to rank increase.

(Figure 2 (d)), RGB shows more expansion than Depth.
To explain this, Table 6 quantifies the complementarity
between modalities via principal angles (Assumption 4 in
Theorem 3.1). In UTKinect, the angle from RGB to Depth
(65.57°) is larger than the reverse (63.80°), suggesting that
RGB contributes more novel information to Depth, consis-
tent with the stronger spectral expansion observed in Depth
shown in Figure 2 (b). In contrast, the smaller and more
symmetric angles in DARai and NTURGBD correspond to
more prominent gains in RGB. These findings validate our
theoretical insight that the degree of complementarity be-
tween modalities affects how much each can benefit from
fusion.

C. Architecture

C.1. Temporal Fuser Architecture

MHSA. To understand how different frames relate to each
other and provide contextual meaning to each scene, we em-
ploy a MHS A within each temporal fusion layer. Unlike tra-
ditional sequential models (e.g., RNNs), self-attention en-
ables the model to dynamically attend to the most relevant
frames, ensuring that each time step is interpreted in the

correct context. Given an input of the stacked multi-modal
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feature sequence Fcked = , Where

FDeplh
B is the batch size, T is the video sequence length, and 2C'
represents the concatenated feature dimensions from both
modalities, we define the MHSA operation as:

MHSA(F() = Concat(A1, As,...,Ap)W,, (51
where F() is the input sequence representation in [ layer,
Concat(-) denotes a concatenation function, A is the num-
ber of attention heads and W, € R(»n)*xd is the output
projection matrix.

Each attention head computes:

KT
A, = Softmax <Q1K1 ) V,, (52)
V dh



where Q; = FOW® K, = FOWE v, = FOWY , are
the query, key, and value projection matrices, respectively,
WZQ,WZK,WY € R and dj, = ¢ is the feature di-
mension per head.

To ensure stable training, we apply Layer Normalization
LN(+) and residual connections:

Zt = LN(Fstacked) + MHSA(LN(Fstacked)>- (53)

MLP. While MHSA models dependencies across time, it

does not directly enhance the expressiveness of individual
frame features. To refine the representation of each frame,
we apply an MLP(+) to introduce non-linearity and feature
transformation. The MLP module operates as:

FUD = LN(Z® + MLP(ZW)), (54)

where LN(+) and MLP(-) are applied independently at each
time step.

After L layers of temporal fusion, we obtain the final
output representation:

Fiina = LN(F(L)) ¢ REXT>d, (55)

Segmentation head. The ultimate goal of the Temporal
Fuser is to determine what each frame represents by assign-
ing an action label to every time step. To accomplish this,
we employ a segmentation head, which consists of a fully
connected layer FC(-):

Y = FC(Fna), (56)
where y; the predicted action class at time step .

C.2. Action anticipation Module Architecture

Future queries as learnable representations. Instead of
relying on a single deterministic output for action antici-
pation, we introduce learnable queries—denoted as future
queries (Qyuure) to predict multiple action possibilities [22].
These queries are randomly initialized and learned during
training. Given Ny future queries, we define: Qe €
RNa*C where C' is the hidden dimension. These queries
are independent of any specific frame and instead act as a
learnable representation that extracts relevant information
from the past observations.

Multi-head cross-attention (MHCA). To effectively an-
ticipate future actions, the model must attend to relevant
moments in the past. To achieve this, we employ MHCA,
where the future queries (Qgyuwre) interact with the Temporal
Fuser’s output (Femporal)-

Hggr)l = Attention(qu[ureng)7 Flemporalwg)a Ftemporalwg'h) )7

(57)

where h denotes the head index, and ng),W%),ng)
are learnable projection matrices for queries, keys, and val-
ues, respectively.

The outputs from all attention heads are concatenated
and projected through a learnable weight matrix Wg:

Hymca = Concat(H, HG) ... Hi YWo,  (58)

where H denotes the number of attention head and Wy
ensures that the output dimensionality remains consistent.

This formulation allows the model to refine future ac-
tion representations by selectively attending to relevant past
temporal features.

Feed-forward network (FFN). The output of MHCA(-) is
further processed through a FFN(:) to capture non-linear
dependencies in the learned future queries: FFN(X) =
O'(XWl + bl)Wg + bg, where W1 € Rdde, W2 S
R%%4 and ¢ (-) is a non-linear activation.

Action anticipation head. The refined representation from
the FFN(-) is used to anticipate the future action label using
a FC() layer:

gfuture = FC(FFN(X)), (59)

where ygyre denotes the predicted future action class.

D. Experimental Details

D.1. Datasets

We aim to evaluate R3D’s ability to anticipate human ac-
tions in diverse and realistic scenarios, particularly in set-
tings where spatial reasoning and multi-modal fusion play
a critical role. To this end, we utilize three action anticipa-
tion datasets: NTURGBD [59], UTKinect-Action3D [65],
and DARai [32]. The UTKinect-Action3D dataset was col-
lected by the University of Texas at Austin and features 10
types of human actions, each performed twice by 10 sub-
jects from multiple viewpoints. The dataset poses addi-
tional challenges due to actor-dependent variations, occlu-
sions caused by human-object interactions, and body parts
moving out of the field of view. The NTURGBD dataset
is one of the largest and most diverse action recognition
datasets, designed for 3D human action analysis. It contains
56,880 video samples covering 60 action classes performed
by 40 subjects from 80 viewpoints. The DARai dataset
offers highly realistic scenarios that closely resemble real-
world human behavior. Unlike UTKinect and NTURGBD,
the videos in DARai are untrimmed, showcasing raw, con-
tinuous human activity in real-world contexts without ar-
tificial segmentation. It comprises 150 action classes, 50
participants, two distinct exocentric views, and three levels
of hierarchical labels.



Method Time / frame (ms) FLOPs (per frame)

GTAN [72] 5.920 49 GFLOPs

Ours 0.119 0.58 GFLOPs
without RTF 0.020 0.12GFLOPs
128 — 64 channels 0.090 0.24 GFLOPs

Table 7. Comparison of computational cost and scalability on an
NVIDIA A40 GPU.

D.2. Experimental setups

We use pretrained ResNet features as input visual features
for the NTURGBD, UTKinects, and DARai. To align
with the temporal resolution of each dataset, the sampling
rates are set to 15 for DARai, and 1 for UTKinects and
NTURGBD. We use the number of Future Queries Ng
fixed at 8. Based on the density of each dataset, the hid-
den dimension size D is set to 128 for both NTURGBD,
UTKinects, and DARai. During training, the observation
rate «v is set to « € {0.2,0.3,0.5}, while the prediction
rate 3 is fixed at 0.5. Yet when training UTKinects, to fur-
ther augment the training dataset, we use the observation
rate a € {0.2,0.25,0.3,0.35,0.4,0.45,0.5,0.55}. The
model is trained for 60 epochs using the AdamW optimizer
[49] with a learning rate of le — 3 and a batch size of
8. A cosine annealing warm-up scheduler [50] is applied,
with warm-up stages spanning 10 epochs. For evaluation
setup, we follow the long-term action anticipation frame-
work protocol [1, 2, 34, 58]. We set the observation rate
a € {0.2,0.3} and prediction rate 8 € {0.1,0.2,0.3,0.5},
and measure mean over classes (MoC) accuracy for eval-
uation metrics. To ensure consistency, we report average
performance across 3 number of iteration, each with fixed
seeds 1, 10, 13452.

D.3. Computational cost and Scalabilty

Computational cost. We evaluate the computational cost
and scalability of R3D on an NVIDIA A40 GPU. For com-
parison, we chose GTAN [72], the current state-of-the-art
model reported in Table 1. As shown in Table 7, R3D
processes a single RGB-Depth frame in 0.119 ms, requir-
ing 61.77MB of memory and 0.58 GFLOPs. In contrast,
GTAN requires 5.92ms per RGB frame and approximately
49 GFLOPs. This gap arises because GTAN is a diffusion-
based model whose computational cost scales linearly with
the number of sampling steps, while R3D avoids such over-
head.

Scalability. As shown in Table 7 without RTF, inference
on a single RGB-Depth frame costs 0.02ms per frame. This
is because RTF involves SVD operations, which is the main
contributor to runtime. To mitigate this overhead, we exper-
iment with lowering the channel dimension from 128 to 64
before the RTF stage on the UTKinects dataset. This adjust-
ment reduced the per-frame cost from 0.119ms to 0.09ms

Bla =0.2) Bla =03)
Dataset Methods o1 92 03 05 01 02 03 05
) WO 3131 2302 2211 1718 1340 1731 1578 1134
UTKinects
% 3896 37.68 376 3595 3480 3251 3603 2698
2
Nturgep WO 1677 1659 1659 1662 2064 2073 2076 2085
wi 2198 2018 1972 1890 2317 2127 2051 19.89
AR WO 2092 2043 1937 1887 3788 3104 3051 2920
Wi 3344 3214 3056 2959 4629 4205 4341 4025

Table 8. Ablation Study across three datasets evaluating the impact
of Temporal Fuser. “W” denotes the use of Temporal Fuser, while
“W/O” indicates its absence.

Bla=02)
01 02 03 05 01 02 03 05

o= 0.
Dataset Methods (@ =03)

Shared 34.07 4043 3506 27.60 27.11 2682 34.62 2530
Separated 38.96 37.68 37.16 3595 34.80 3251 36.03 26.98

UTKinects

Shared 1039 1021 1023 1023 9.09 928 926 932
Separated 21.98 20.18 19.72 18.90 23.17 2127 20.51 19.89
Shared 27.83 28.16 2625 2475 3890 31.18 3216 30.66

DARai (Coarse)
Separated 33.44 32.14 30.56 29.59 4629 42.05 43.41 40.25

NTURGBD

Shared 29.60 2544 2370 16.13 2746 26.12 2217 17.65

DARai (Fine)
Separated  32.57 2592 2402 1668 2697 2843 2481 18.02

Table 9. Ablation study on the effect of projecting each modal-
ity into a shared latent space prior to the Token Fuser. “Shared”
denotes the setting where modality-specific features are projected
into a common latent space before fusion, while “Separated” refers
to the setting where modalities are fused without this projection
step.

and from 0.58 GFLOPs to 0.24 GFLOPs, while still achiev-
ing state-of-the-art performance. In fact, the results reported
in Table | for UTKinects are based on this scaled configu-
ration, showing that hyperparameter tuning enables us to
maintain accuracy while significantly improving computa-
tional efficiency.

E. More Ablation Studies

E.1. Impact of Temporal Fuser

We conduct an ablation study on the Temporal Fuser, which
models temporal dependencies across RGB and depth fea-
tures. As observed in Table 8, removing the Temporal Fuser
leads to a noticeable performance drop, highlighting its role
in leveraging temporal context for action anticipation.

E.2. Ablation on Latent Space Projection

To evaluate the impact of aligning modalities in a shared
feature space prior to fusion, we conduct an ablation study
comparing two settings: Shared, where modality-specific
features are projected into a common latent space before
entering the Rank-enhancing Token Fuser, and Separated,
where fusion is performed without this projection step. As
shown in Table 9, the Separated setting consistently out-
performs the Shared one. We hypothesize that this perfor-
mance gap arises because projecting both modalities into
the same latent space reduces the structural differences be-
tween them. This highlights the importance of maintaining
modality-specific representations before fusion in order to
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Figure 8. Qualitative comparison of action anticipation results

between the Ground Truth (GT), the RGB-based baseline model
(GTAN), and R3D.

fully leverage richer and more complementary information
from both modalities.

F. Qualitative Analysis

To assess the ability to distinguish fine-grained human ac-
tions, we compare R3D against the strongest baseline from
Table 1, using the most detailed label set—L3 (procedure)
level from the DARai dataset. Figure 8 presents a qualita-
tive comparison between the ground truth (GT), the RGB-
based GTAN model, and R3D. In the first example of Fig-
ure 8, the task requires differentiating between loading and
unloading a dish into a dishwasher. The RGB-only GTAN
model struggles with this distinction as it lacks explicit spa-
tial cues to determine whether the dish is moving toward
or away from the dishwasher. This results in misclassifi-
cation due to the absence of motion directionality cues. In
contrast, by allowing the model to infer that the dish is mov-
ing toward the dishwasher, R3D correctly predicts ‘loading’
by leveraging depth-based directionality. In the second ex-
ample of Figure 8, the person first adds flour, then quickly
transitions to adding sugar. Due to the brevity of this tran-
sition, only a small portion of the add sugar action is ob-
served before the model must anticipate the next step. R3D
successfully distinguishes between adding sugar and adding
flour, demonstrating its ability to capture subtle procedural
differences. This is achieved as R3D effectively utilizes the
strengths of RGB features for recognizing sugar and flour.

G. Discussion: why Depth?

To support our choice of depth as the complementary
modality in Section 3.2, we conduct a qualitative analysis
to better understand why depth is particularly effective for
multimodal fusion.

G.1. Depth Mitigates Modality Collapse

We investigate whether using depth indeed mitigates modal-
ity collapse, as hypothesized in our modality selection strat-
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Y: Eigenvalue

X: Principal Component Index X: Principal Component Index

Figure 9. This figure compares the eigenvalue distribution of RGB
(red), Depth (blue), existing fusion method (purple), and our pro-
posed method (pink) in DARai (Left) and NTURGBD (Right)
Dataset. Unlike the existing fusion method, where the eigenval-
ues fall below those of the RGB modality, our method exhibits
a broader and higher eigenvalue spectrum than both RGB and
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Figure 10. Analysis of the impact of background depth in RGB-
depth fusion for action anticipation. (a) Two types of inputs from
the UTKinect dataset: RGB images paired with either raw depth
(top) or foreground-only depth (bottom), where foreground re-
gions are segmented using joint annotations. (b) Average action
anticipation performance (across 3 seeds) when fusing RGB with
raw depth (blue) versus foreground-only depth (red). (c) Change
in the effective rank of RGB representations as a function of obser-
vation rate, highlighting that raw depth significantly enhances the
expressive capacity of RGB features compared to foreground-only
depth.
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Figure 11. Analysis of the impact of background depth in RGB-
depth fusion for action anticipation. (a) shows two types of inputs
from the UTKinect dataset: RGB images paired with either raw
depth (top) or foreground-only depth (bottom), where foreground
regions are segmented using joint annotations. (b) Average action
anticipation performance (across 3 seeds) when fusing RGB with
raw depth (blue) versus foreground-only depth (red).

egy. In Table I, the largest performance gap between our
model and the SOTA baseline occurs on the DARai dataset,
whereas the smallest gap is observed on the NTURGB+D
dataset. We analyze both cases by plotting the eigenvalue
spectra of the fused features. As shown in Figure 9, We
observe that the existing method (AFFT) exhibits modality



collapse: in the DARai dataset (left), its fusion spectrum
lies below that of RGB, indicating a collapse of RGB fea-
tures; in contrast, on the NTURGB+D dataset (right), the
fusion spectrum falls below that of depth. In both cases,
our method maintains a broader and higher-magnitude spec-
trum. Notably, this trend holds on the both datasets, even
when the performance gap between models is relatively
small, reinforcing the effectiveness of our fusion strategy
in preserving modality diversity.

G.2. Depth Delivers Contextual Information

To demonstrate the importance of depth information, as
shown in Figure 10, we conduct experiments on the
UTKinect dataset, where most actions occur primarily in
the foreground. Using the provided joint annotations, we
segment the depth maps into foreground-only depth and
raw depth as shown in Figure 10 (a). We then fuse each
version with RGB and compare their performance on the
action anticipation task. Figure 10 (b) shows that even
in a foreground-centric dataset where foreground-only in-
formation might appear sufficient, raw depth consistently
yields better performance. To better understand this phe-
nomenon, we measure the change in Effective Rank of the
RGB stream. As shown in Figure 10 (c), when raw depth
which includes background is used, RGB representations
exhibit a more substantial increase in expressive capac-
ity. In contrast, with foreground-only depth, the increase
in RGB representation is notably smaller. In conclusion,
depth provides more than just motion cues from the fore-
ground—it also delivers critical spatial and contextual in-
formation from the background. Thus, even background
depth plays a vital role in structuring scene understanding,
reinforcing depth as a key modality.

G.3. Directionality in Depth Features Matters

As shown in Figure 11, to test the importance of direction-
ality in depth features, we negate the depth features (i.e.,
multiply by —1) before fusion as shown in Figure 11 (a).
This operation preserves the magnitude of feature variation
but flips their geometric interpretation. The performance
drop in Figure 11 (b) suggests that directionality of depth
information matters in multi-modal fusion. This observa-
tion motivates the need for modality-aware and direction-
sensitive fusion.



