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Abstract. The softmax activation in multihead attention (MHA) is the
de facto standard for attention-based models in visual perception tasks.
However, standard softmax can produce noisy attention patterns that
dilute relevant features and degrade its performance. In this paper, we
propose Denoising Attention or DnA, in which, first, a positive query
identifies which image features belong to the correct class, and a neg-
ative query identifies closely associated but irrelevant image features.
DnA then projects these interactions into two distinct subspaces with
larger principal angles, promoting subspace separation and improved dis-
criminability. Using a ViT-B backbone, our proposed DnA achieves an
absolute gain of 0.8% on ImageNet-1K compared to the baseline. We
further show improvements across multiple visual understanding tasks,
including video understanding with video transformers (1.8%) and video
LLMs (0.5%). Our extensive empirical analyses justify the design choices
involving two interacting subspaces and the denoising effect of DnA. The
code is publicly available at https://github.com/rjccv/DnA.

1 Introduction

The softmax function is a fundamental component in machine learning and
statistics that transforms arbitrary real-valued scores into a probability dis-
tribution. It plays an essential role in the Transformer architecture, particu-
larly in the self-attention mechanism that forms the core of modern large lan-
guage models [4,6,41,42,55] and other sequence-to-sequence models [12,34,46].
While efficiency-driven alternatives exist for specific use cases [21, 22, 39, 43, 47,
52, 63, 64, 68], softmax remains the gold standard for attention normalization
due to its unique combination of theoretical properties and empirical perfor-
mance [18,47,54,58,59]. The attention in Transformers computes contextualized
representations by allowing each position in a sequence to attend to all positions,
with the attention weights determined by the softmax function; see details in
§2.1.

Although the softmax amplifies the dominant scores, it treats positive and
negative values asymmetrically; the numerator amplifies the gaps between posi-
tive scores and compresses the gaps between negative scores. Indeed, we have the
following observation: For δ > 0, we have ea+δ − ea = ea(eδ − 1) = eaδ+O(δ2).
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Fig. 1: The original image from ImageNet-1K [16] shows the primary object, breast-
plate, along with secondary adversarial objects, person, helmet, etc. The traditional
attention [18, 56] and differential attention [62] project the interactions onto a single
V subspace, resulting in misallocation of attention to secondary objects. Our proposed
DnA explicitly models positive and negative interactions using two sets of queries, Q+

and Q−, and projects them onto two separate subspaces, V + and V −, respectively, to
effectively segregate closely associated adversarial features from the relevant ones. We
define traditional attention as A, and DnA branches as A+ and A−.

As a result, because softmax is used in transformers, larger key-query inter-
actions receive much higher scores, while smaller interactions lose expressivity.
This asymmetry may limit the representational capacity of standard attention.

Beyond score magnitudes, the geometry of feature subspaces also affects
discriminability; larger principal angles between class subspaces reduce classi-
fication error [25]. This perspective motivates modeling positive and negative
token interactions as a two-class problem, suggesting that subspace separation
combined with both positive and negative score interactions can improve clas-
sifier performance. We present this in the context of the database query lan-
guage [8,50], where the primary object might be associated with other secondary
object classes. The key (token of interest), query (token-associated request), and
value (token retrieval) interactions in traditional softmax attention; see Figure
1. In contrast to differential attention [62] for NLP tasks, which models the
attention matrix using a single subspace V , we introduce two separate queries
over the same keys. First, (i) Positive query: Which features belong to the cor-
rect class? and (ii) Negative query: Which features do not belong to the correct
class, but are closely associated? Their interactions are projected into distinct
subspaces, V + and V −, with larger principal angles between them, promoting
subspace separation and improved discriminability; see Figure 1.

Taken together, in this paper, we propose Denoising Attention or DnA,
which replaces traditional attention in transformers; see §3. Since ViTs are inte-
gral to modern foundational models [28,44,45], we explore the efficacy of DnA in
traditional transformers and Video LLMs. By replacing the traditional attention,
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our proposed DnA outperforms ViT-B on ImageNet-1K [16] and achieves 0.8%
higher test accuracy. DnA also excels on video understanding tasks, achieving up
to an absolute 4.0% gain on Toyota Smarthome [15], 1.2% gain on NTU RGB+D
60 [51] with TimeSformer [3], and 0.5% gain on Ego-in-Exo PerceptionsMCQ [48]
with the video LLM, VideoLLaMA3 [66]; see §4.

2 Background and Related Works

For completeness, we start with a brief description of multihead attention.

2.1 Multi-Head Attention (MHA) in Vision

Let X ∈ RC×R×W be a C channel image with resolution R ×W . The image is
flattened into N tokens in RD by p×p patches such that, N = RW

p2 and D = p2C.

The input, Xp ∈ RN×D, is a sequence of N tokens of dimension D. Transformers
process the input through a series of L encoder layers. For simplicity, we assume
the input Xp is encoder-agnostic. We note that the following applies equally to
decoder blocks; for brevity, we only refer to encoders.

In each encoder, attention projects an input sequence on the row-space of
three learnable matrices WQ,WK ,WV ∈ RD×D to produce query, Q = XQWQ,
key, K = XKV WK , and value, V = XKV WV . In self-attention, the queries,
keys, and values are derived from the same input, such that XQ = XKV =
Xp ∈ RN×D. In cross-attention, the queries are derived from one input sequence
XQ ∈ RN×D, while the keys and values come from a different input sequence
XKV ∈ RM×D, M is the number of tokens. Next, the query, key, and values
are partitioned among H heads; for each head, h, we have Qh ∈ RN×d and
Kh, Vh ∈ RM×d, where d = D

H . The notion of multi-head attention facilitates
parallel attention calculation in all H heads. For any head, the scaled dot-product,
QhK

⊤
h√

d
∈ RN×M , is further processed through nonlinear softmax activation func-

tion acting row-wise, followed by projection on the row space of the value matrix
V , such that Ah = σ

(
QhK

⊤
h√

d

)
Vh ∈ RN×d. Self-attention is a special case where

M = N . Once attention is calculated for all the heads, they are concatenated
back to RN×D.

The matrix, QhK
⊤
h√

d
, for a head inside an encoder, refers to how different image

tokens attend to each other. Self-attention models interactions among tokens
of the same sequence, while cross-attention models how tokens from the query
sequence relate to tokens in the source sequence. The softmax activation, σ, acts
on each row, normalizes the key-query interactions by projecting them onto a
probability simplex, and models the token-to-token relationships; see Figure 3(i).
Studies That Improve Upon Attention. Numerous works improve atten-
tion mechanisms in NLP and vision to enhance feature representation. DeiT [56]
uses token-based distillation, CaiT [57] separates class-attention in deeper lay-
ers, DaViT [17] adds channel-wise attention, and Swin Transformer [37] employs
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Fig. 2: Original images (center) from ImageNet-1K, their attention activation maps
for traditional softmax only showing positive interactions (left), and our denoising
attention, DnA (AQ±V ±

h ) (right) showing both positive and negative interactions.
(a) The softmax attention is dispersed and does not focus on the concerned object
(hare), while our DnA focuses on the concerned object. (b) The softmax attention
interacts heavily with a secondary adversarial class (cat), while our DnA focuses on
the concerned object (clog) and considers the adversarial object as misleading. (c) The
softmax attention does not attend to the primary object (potter’s wheel); only a few
sporadic interactions are picked up from the background. In contrast, DnA focuses on
the primary object.

hierarchical shifted-window attention for scalability. ConViT [19] introduces con-
volutional inductive bias through gated positional self-attention, while SimA [29]
replaces softmax with ℓ1 normalization while maintaining competitive ViT per-
formance. See broader discussion in Supplementary §A.

2.2 Attention Mechanisms in Video Understanding

Attention mechanisms are crucial to current video understanding. We group
the related work into two categories: traditional video transformers and vision-
language adapters for video LLMs.

Transformers for video understanding. ViViT [1] adapts a ViT to video by
extracting the spatiotemporal tokens from videos and proposes several different
transformer architectures that decouple the spatial and temporal dimensions.
Video Swin Transformer [38] implements a 3D shifted window-based multi-head
self-attention to the spatiotemporal space, reducing the computation by applying
attention within local 3D windows. TimeSformer [3] proposes a divided space-
time attention mechanism that decouples the attention operations.

Attention-based adapters in video LLMs. Q-Former [35] and Perceiver
Resampler [26] use learnable queries that cross-attend to frozen visual encoder
features, distilling visual context into a fixed number of tokens. Q-Former is
used in Video-LLaMA [66], and Perceiver Resampler [26] has been successfully
integrated as a bridge between visual and text contexts for LLMs [33, 60, 69].
mPLUG-Owl3 [61] introduces hyper-attention, which parallelizes cross- and self-
attention by reusing language queries to attend to visual features and adaptively
fuse them into the text stream. VisCoP [49] enables domain adaptation without
fine-tuning the frozen vision encoder by using visual probes that cross-attend to
intermediate features and extract domain-specific information.
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3 Model Architecture

This section introduces Denoising Attention or DnA. We first analyze the soft-
max function, the core normalization mechanism in self-attention, and examine
its properties from an information-theoretic perspective, highlighting potential
limitations in representing negative token interactions that may be informative
for visual understanding. Our focus is restricted to self-attention; other com-
ponents of the ViT architecture, including positional embedding, class token
representation, pre- and post-normalization, MLP, etc., remain untouched.

3.1 Why Softmax for Attention?

For a vector, z ∈ Rn with components (z1, · · · , zn), the softmax function is de-
fined component-wise, for i ∈ [n], as σ(z)i = ezi∑n

j=1 ezj
, which is a unique solution

to several constrained optimization problems. One of the most fundamental char-
acterizations of the softmax function is the maximum entropy property given in
the Theorem below [27].

Theorem 1 (Maximum Entropy). Let z = (z1, · · · , zn) be a given vector
of scores and let Z be a random variable taking values z1, ..., zn. The probability
distribution p∗ = (p∗1, . . . , p

∗
n) that maximizes the Shannon entropy, H(p) =

−
∑n

i=1 pi log pi, subject to the constraints that p is on the probability simplex,
P = {p ∈ Rn

+ :
∑n

i=1 pi = 1}, and gives a fixed expected value Ep[Z] = µ, for
some µ ∈ R, is given by p∗i = eλzi∑n

j=1 eλzj
, where the parameter λ ∈ R is chosen

such that
∑n

i=1 p
∗
i zi = µ.

The standard softmax is recovered when µ is the empirical average of the
features, that is, µ =

∑n
i=1 zie

zi/
∑n

j=1 e
zj .

The softmax distribution maximizes entropy subject to expected-value con-
straints, yielding the most noncommittal probability distribution consistent with
the available information. This principle underlies its central role in information
theory and statistical inference [14, 27]. In attention mechanisms, softmax is
therefore naturally justified as a principled method for transforming raw atten-
tion scores into a valid probability distribution [2,58]; see Theorem 4 in §B. This
mechanism computes a weighted average, where weights encode the relative im-
portance of each position. The exponential form of softmax induces nonlinear
amplification of dominant scores, producing two effects: (i) Selective focus,
where large scores receive near-unit weight while small or negative scores are
suppressed, emphasizing the most relevant information; and (ii) Competitive
normalization, where increasing attention to one position necessarily decreases
attention to others, enforcing a fixed attention budget.
Why do we need a softmin function? Because softmax pushes dominant
scores toward 1 while compressing smaller scores toward 0, potentially infor-
mative low interactions may be suppressed. To capture such signals, we con-
sider the softmin function, defined component-wise for z ∈ Rn as σ̂(z)i :=
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(i) (ii)

Fig. 3: A schematic comparison between traditional attention and the proposed de-
noising attention. (i) The multi-head attention uses a softmax activation on the rows

of the scaled dot-product QhK⊤
h√

d
and combines it with Vh. (ii) The proposed denoising

attention AQ±V ±
h , uses two sets of values, V +

h and V −
h , and two sets of queries Q+

h and

Q−
h . We use softmax and softmin two scaled dot-products, Q+

h
K⊤

h√
d

and Q−
h
K⊤

h√
d

, and are
projected on the row-spaces of V +

h and V −
h , respectively.

σ(−z)i = e−zi∑n
j=1 e−zj

. By Theorem 1, σ̂ is the unique distribution that maxi-

mizes Shannon entropy subject to the constraint
∑n

j=1 p̂j(−zj) = µ, equivalently∑n
j=1 p̂jzj = −µ. Thus, softmin maximizes entropy under a mean constraint with

the opposite sign, providing a principled counterpart to softmax that emphasizes
strongly lower interactions. Thus, it makes sense to promote both the largest and
the smallest components, since using only one provides incomplete information.

To conclude, we obtain a new principle: When we do not have any information
about which extreme value (largest or smallest) of the scores, we should use both
softmax and softmin.

3.2 Designing Denoising Attention (DnA)

In ViTs [18,56], self-attention models token interactions by aggregating features
via normalized weights derived from the attention matrix Ah (see Figure 2).
High interaction scores reflect strong mutual relevance and typically correspond
to object-related features; see Figure 2(a)-(b). However, as illustrated in Fig-
ure 2(c), softmax attention may assign weight to irrelevant context, introducing
noise or distraction, which we interpret as negative token interactions. Formally,
softmax projects each row of the scaled dot-product QhK

⊤
h√

d
onto the probability

simplex, exponentially amplifying large positive scores while mapping low, neg-
ative, and highly negative scores near zero. Although weak interactions may be
uninformative, strongly negative interactions can encode informative contrastive
structure. Standard softmax suppresses such signals; we instead aim to explicitly
model and leverage negative token interactions to enhance visual understanding.

Recently, differential attention [62] for language modeling is motivated by dif-
ferential amplifiers, where subtracting two signals suppresses shared noise. The
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model projects the input X, to two sets of queries, Q1, Q2 ∈ RN×d/2 and keys,
K1,K2 ∈ RN×d/2 and one value matrix V ∈ RN×d, and the attention with a
learnable parameter λ, is computed as AD(X) = (σ(

Q1K
T
1√

d
)− λσ(

Q2K
T
2√

d
))V . By

construction, AD(X) lies in the row space, C(V ⊤) of V , meaning both interac-
tions are projected onto the same subspace. This raises the question of whether
improved modeling can be achieved by separating these projections.

To motivate this, we connect the performance of a subspace classifier and the
principal angles between subspaces. Consider a two-class problem with labels,
C1 and C2, concentrated near two subspaces with orthonormal bases, U1, U2 ∈
Rn×d. Let the class-conditional densities be modeled as:

p(x|C1) =

∫
p(x|α,C1)p(α)dα, and p(x|C2) =

∫
p(x|α,C2)q(α)dα,

where the vector α does not essentially follow a multivariate normal distribu-
tion. Let P (C2|C1) be the probability of mistaking C2 for C1, and P (C1|C2)
be the opposite. Then the classification error, Pe = 1

2 (P (C2|C1) + P (C1|C2)) .
Following Bayes rule, one can rewrite P (C2|C1) as

P (C2|C1) =

∫
P (C2|C1, α)p(α)dα,

where P (C2|C1, α) can be bounded by writing x = U1α + n, and considering
n ∈ N (0, σ2I). Similarly, P (C1|C2) can be bounded. With the formalization
above, the theorem below bounds the classification error:

Theorem 2 (Classification error bound). [25] As σ2 → 0 the classification
error, Pe is upper bounded as Pe ≤

∫
1
2 exp

(
− (

∑d
i=1 sin2 θiα

2
i )

2

8σ2
∑d

i=1 sin2 θi(α2
i+σ2)

)
p(α)+q(α)

2 dα,

where {cos(θi)}di=1 are the singular values of U⊤
1 U2 in ascending order, and

{θi}di=1 are the principal angles between U1 and U2.

Theorem 2 indicates that when the principal angles (or signal energy) are big-
ger, the classification error upper bound is smaller. When σ2 → 0, we have
exp

(
− (

∑d
i=1 sin2 θiα

2
i )

2

8σ2
∑d

i=1 sin2 θi(α2
i+σ2)

)
≈ exp

(
−

∑d
i=1 sin2 θiα

2
i

8σ2

)
, by ignoring the higher-

order term of σ2. This indicates that classification performance is a function of
principal angles and larger principal angles lead to a smaller classification error.

Consequently, we can formulate the positive and negative interactions be-
tween the tokens as a two-class classification problem. We introduce two queries
over the same keys: (i) a positive query capturing features belonging to the cor-
rect class, and (ii) a negative query capturing closely associated but irrelevant
features. Their outputs are projected into distinct subspaces with large princi-
pal angles between them. Combining these projections suppresses non-essential
patches (denoising) while maintaining small classification error through subspace
separation.

Formally, the solution to the constrained minimization problem with a bal-
ancing parameter β > 0:

min
θ∈Θ

L(θ) + β

L∑
i=1

H∑
j=1,j ̸=l

⟨Vij(θ), Vil(θ)⟩F , (1)
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promotes orthogonality between value subspaces and yields a solution set con-
tained in that of the unconstrained problem:

min
θ∈Θ

L(θ), (2)

where L(θ) is the training loss. Nevertheless, to obtain solutions to (1) one needs
to guarantee

∑L
i=1

∑H
j=1⟨Vij , Vik⟩F is small at every iterate. Enforcing orthogo-

nality at every iterate is difficult. If we can argue that
∑L

i=1

∑H
j=1,j ̸=l⟨V

(k)
ij , V

(k)
il ⟩F

is quasi-orthogonal for all k then it suffices to only solve (2).
In practice, (WVij )pq ∼ N (0, σ2), chosen from a zero mean Gaussian distri-

bution with standard deviation σ = 0.02. Since Support(N (0, σ2)) = R, for all
σ ∈ R+, we consider a compact support. Additionally, we follow [67], which views
convergence in neural network training from an invariant measure perspective.
Especially, Theorem 4.3 in [67] shows that as the training loss L(θ) stabilizes,
the iterates (or the weights) lie in a compact region almost surely. We modify
the result of Theorem 4.3 below.

Proposition 1. Let WVij(0) be initialized within a compact set CV := {WVij(0) :
∥WVij(0)∥ ≤ γ}. Then for every k, the iterate WVij(k) ∈ CV with high probability.

Proposition 1 implies that all iterates lie in a compact region almost surely. Based
on this, we proposed the following Theorem, which states that, under certain
standard assumptions, the solutions to (2) are orthogonal with high probability.

Theorem 3 (Quasi-orthogonality of the subspaces). Let the entries of
WV + and WV − be initialized as i.i.d. N (0, σ2) over a finite support [−γ, γ]. Let
the input Xp ∈ RN×d be such that ∥Xp∥∞ ≤ M . Assume for every k, the entries
of the iterates {WV +(k),WV −(k)} are i.i.d. sub Gaussian with parameter σ > 0.
( i) Then |(WV +(k))pq| ≤ γ and |(WV −(k))pq| ≤ γ, with high probability. ( ii) If
γ = O(M−1ϵ−

1
2 (N log(δ−1))−

1
4 ), then |⟨V +, V −⟩F | ≤ dϵ with probability 1− δ.

DnA: Modeling Discriminative Patches. While differential attention may
remove common-mode noise, it could also cancel useful signals if Q1K

⊤
1 and

Q2K
⊤
2 both assign high attention weights to the same tokens. Since both branches

share a single V , subtracting them directly removes overlapping contributions.
To avoid this, we introduce two distinct value projections, V + = XpWV + ∈
RN×D and V − = XpWV − ∈ RN×D, where WV + ,WV − ∈ RD×D are learnable
weight matrices. Consequently, we partition V + and V − into H heads such that,
for any head h, we head-specific value subspaces, V +

h , V −
h ∈ RN×d. With this

formalization, our denoising attention takes the form:

AQ±V ±

h = σ

(
Q+

hK
⊤
h√

d

)
V +
h + αhσ̂

(
Q−

hK
⊤
h√

d

)
V −
h ,

where αh ∈ R is a learnable balancing parameter; see Figure 3(ii). It contains all
previously discussed designing choices: (i) Two quasi-orthogonal value spaces;
(ii) that are scaled by using softmax for positive query and softmin for negative
query, to capture complementary signal components, analogous to denoising or
band-pass filtering [13, 32]; see Algorithm 1 in §C.1. For ablations on different
design choices of DnA and their performances on ImageNet-1K [16], see §C.5.
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3.3 Adapting DnA for Video Understanding

In this section, we explore how DnA can be integrated into video understand-
ing frameworks, including conventional transformer-based architectures (e.g.,
TimeSformer [3]) and video foundation models [65]. This adaptation enables
us to evaluate DnA on fine-grained video analysis tasks, where such an atten-
tion mechanism can be particularly beneficial by suppressing detrimental token
interactions and improving representation quality.
Video Transformer [3] uses a dissociated space-time attention within each
transformer block to capture discriminative action patterns. We integrate DnA
into this framework by replacing both the spatial and temporal self-attention
mechanisms with our DnA variant. This allows the mechanism to operate in-
dependently along both dimensions, filtering irrelevant spatial cues within each
frame and temporal noise across frames.
Video LLMs involve a vision-language adapter, often consisting of simple MLPs
or linear layers. Recently, visual probing [49] emerged as an additional visual
reinforcement for the LLM. The role of visual probes in VisCoP [49] is to provide
a compact set of learnable tokens P that extract domain-specific spatio-temporal
cues X from the hidden states of the vision encoder. These probes augment
the frozen vision encoder embeddings before they are passed to the LLM. At
each layer l, the visual probes are updated through a cross-attention operation
between learnable queries and the visual embeddings. We adapt DnA to video
LLMs by replacing the cross-attention modules in VisCoP with our proposed
attention mechanism. To the best of our knowledge, this is the first integration of
explicit negative token interaction modeling within a foundation model through
an adapter-based design, allowing the model to retain the benefits of large-scale
pretraining while leveraging the denoising capability of our attention mechanism.
Specifically, the denoising interaction module at layer ℓ introduces projection
matrices WQ+ ,WQ− ,WK ,WV + ,WV − , such that the probe update becomes:

Pℓ+1 = σ

(
PℓW ℓ

Q+(X
ℓW ℓ

K)⊤
√
dv

)
(XℓW ℓ

V +) + α σ̂

(
PℓW ℓ

Q−(XℓW ℓ
K)⊤

√
dv

)
(XℓW ℓ

V −).

This cross-DnA formulation explicitly models interactions between positive and
negative tokens, enabling the probes to capture fine-grained visual cues within
the LLM embedding space.

4 Benchmarking and Evaluation

In this section, we benchmark DnA in traditional transformers and a foundation
model for diverse visual understanding tasks, and analyze the effectiveness of
DnA quantitatively and qualitatively.

4.1 Denoising Attention for Image Classification

Setup. For Image Classification, we train our models and baselines from scratch
on ImageNet-1K [16] with images resized to 224 × 224. We implement DnA on
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Model Validation Set Test Set ParamsGFLOPsThroughput
Acc.@1 Acc.@5 Acc.@1 Acc.@5

ViT-B 81.1 95.6 81.1 95.6 86.6M 17.6 909.1 img/s

+Diff. Attn. 81.4(↑0.3) 95.7(↑0.1) 81.5(↑0.4) 95.6 86.6M 17.6 909.1 img/s
+Cog Attn. 81.4(↑0.3) 95.7(↑0.1) 81.5(↑0.4) 95.7(↑0.1) 86.6M 17.6 909.1 img/s

+DnA 81.9(↑0.8)95.9(↑0.3)81.9(↑0.8)95.8(↑0.2) 100.7M 21.1 909.1 img/s

Table 1: Accuracy on the ImageNet-1K [16] valida-
tion and test set; the ↑ arrows indicate the absolute
gain compared to the baseline ViT-B. In the supplemen-
tary material, we present: variance across multiple runs
(Table 6); implementation details and hyperparameters
(§C.1), with computational requirements (Table 7); and
training loss and test accuracy curves (§C.2).

Model ImageNet-A [24]

Acc.↑RMSE↓AURRA↑

ViT-B 24.1 26.6 33.5

+Diff. Attn. 28.1 25.8 39.7
+Cog Attn. 27.5 25.3 38.8

+DnA 27.7 24.2 40.7

Table 2: Robustness eval-
uation on ImageNet-A [24].
Improvements in ranking and
calibration metrics reflect de-
cision quality on adversarial
samples.

the ViT-B backbone, using hyperparameters from DeiT [56]. Our models contain
12 encoder layers, with 12 heads in each layer, a patch size of p = 16, and a head
dimension of 64. We train them on an NVIDIA H100 GPU for 300 epochs; see
implementation details and training hyperparameters in Table 4 in §C.1.

Baselines. Our primary baseline is ViT-B, trained with a DeiT recipe [56]. For
the image classification on ImageNet-1K, we employ cog attention [40] and dif-
ferential attention [62] in ViT-B by replacing traditional MHSA. The rest of the
ViT architecture remains unchanged. Cog attention [40] employs negative atten-
tion weights, thereby providing a direct point of comparison with our approach.
Differential attention [62] employs a signal denoising mechanism for language
modeling tasks by splitting keys and queries. See implementation details in §C.1.

Evaluation. Table 1 shows the evaluation results of our models on the ImageNet-
1K [16] validation and test set compared to the baselines. The proposed DnA
surpasses the baseline ViT-B by 0.8% and outperforms models using cog atten-
tion and differential attention by 0.5%, while maintaining the same throughput
during inference.

Robustness Evaluation on ImageNet-A. ImageNet-A [24] consists of images
that are full of adversarial examples and that confuse the image classifiers. We use
this dataset to evaluate the robustness of our model to such adversarial examples.
For evaluation, we use the calibration error metric RMSCE, the reliability metric
AURRA, and standard accuracy. We show these results in Table 2. In terms
of reliability and calibration, our proposed DnA substantially outperforms the
baselines and competitors.

Additional Benchmarking. We use the weights of our ImageNet-1K trained
models for downstream visual understanding tasks: (i) image classification on
CIFAR-10, CIFAR-100 [31], and Stanford Cars [30], (ii) object detection and
instance segmentation on MS COCO [36]. We further conduct (iii) robustness
evaluations on ImageNet-O, -R [23,24]; see §C.3 and Tables 8–10. We incorporate
DnA for a few additional backbones and show their performances in Table 11.
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Toyota Smarthome [15] NTU60 [51]
Model CS CV2 CS CV

TimeSformer 67.5 59.5 81.2 88.6
+Diff. Attn. 66.6 59.4 81.5 89.1
+DnA 68.8 63.5 82.4 89.2

Model Act. Task HOI Hand Avg.

VideoLLaMA3 74.9 75.8 75.2 65.3 72.8
VisCoP 81.8 86.1 79.3 65.1 78.1
+Diff. Attn. 78.8 83.0 77.5 64.9 76.1
+DnA 83.1 87.1 79.2 65.1 78.6

Table 3: (a)Left: Baseline comparison on Toyota Smarthome and NTU60. We report
mean-class accuracy (mCA) for Toyota Smarthome and Top-1 accuracy for NTU60.
Cross-subject (CS) and cross-view (CV) denote the data split protocols. (b) Right:
Quantitative results on Ego-in-Exo PerceptionMCQ [48]. We evaluate across four ego-
centric video understanding tasks: action understanding (Act.), task-relevant region un-
derstanding (Task), human-object interactions (HOI), and hand identification (Hand).

4.2 Denoising Attention for Video Understanding

We evaluate DnA on fine-grained video understanding tasks to demonstrate
the importance of specialized attention mechanisms for detailed video analysis.
Specifically, we integrate DnA in two settings. First, we incorporate DnA into a
conventional Video Transformer [3] for action classification on exocentric videos.
Second, we integrate DnA into a video LLM [65] to address egocentric video
understanding tasks.
Video Transformer [3]. We initialize the weights from the trained models in
§4.1, and pretrain the models on Kinetics400 [7], then finetune and evaluate
them on Toyota Smarthome [15] and NTU RGB+D 60 [51]. Toyota Smarthome
consists of 16K videos spanning 31 action categories. NTU RGB+D 60 contains
57K video samples across 60 action classes. Models are trained for 15 epochs
using divided space-time attention, with an input of 8 frames at a resolution of
224×224. For Toyota Smarthome, we evaluate using the cross-subject (CS) and
cross-view (CV2) protocols, reporting mean class accuracy (mCA). For NTU60,
we report Top-1 accuracy.
Results. Table 3(a) shows that replacing both the space and temporal atten-
tion in TimeSformer with our denoising mechanism consistently improves per-
formance across both datasets. On Toyota Smarthome [15], we observe gains of
↑1.3% on CS and ↑4.0% on CV2. On NTU60 [51], denoising attention achieves
improvements of ↑1.2% on CS and ↑0.6% on CV.

Overall, these consistent gains across two datasets show the effectiveness of
incorporating denoising attention in video transformers.
Video LLM. Following the training strategy of VisCoP [49] and by using a
subset of ego videos from EgoExo4D [20] (∼46K QA pairs), we train VideoL-
LaMA3 with DnA as the attention mechanism and evaluate on the Ego-in-Exo
PerceptionMCQ [48] benchmark. This benchmark comprises four evaluation cat-
egories: Action Understanding, which measures recognition of performed activ-
ities; Task Regions, which assesses identification of spatially salient areas in a
scene; Human–Object Interaction (HOI), which evaluates reasoning about inter-
actions between individuals and objects; and Hand Identification, which tests
first-person perspective understanding through hand tracking and recognition.
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DnAOriginal Image Attention Diff. Attn. DnAOriginal Image Attention Diff. Attn.

Fig. 4: (a) Top: Attention visualization for ViT-B [18] with softmax, differential at-
tention [62], and our DnA. The objects are dumbbells and a volleyball. (b) Bottom:
Example of DnA outperforming baseline methods on egocentric video QA. Four frames
are uniformly sampled; the object of interest is highlighted by a cyan box. The correct
answer is in green, the incorrect in red.

We initialize the positive projection weights from the pretrained vision en-
coder’s cross-attention weights, and initialize W ℓ

Q− and W ℓ
V − as scaled-down

copies of their positive counterparts (by 10−4). The scaling factor avoids branch
symmetry, which would arise from two equivalent initialization points [10, 11];
see §C.5 and Table 13. During finetuning, we train the interaction modules, vi-
sual probe projector, vision embedding projector, and apply LoRA to the LLM.
We train for 3 epochs with an initial learning rate of 10−5, using a cosine schedule
for the projectors and the LLM. Evaluation uses a temperature of 0.
Results. Table 3(b) displays our results on Ego-in-Exo PerceptionMCQ [48].
Our denoising variant improves over the baseline VisCoP on average, achieving
gains of ↑0.5%, showing that the denoising mechanism helps the visual probes
extract more semantically meaningful domain-specific cues.

4.3 Qualitative Analysis: Attention Visualization

We use the gradient-based attention interpretability method from [9] for vi-
sualization on ViT-B. For DnA and differential attention [62], we extend this
method to propagate and visualize signed relevance independently. Figure 4(a)
demonstrates that softmax attention is densely spread around the image, but
with limited focus on the classes of interest. Differential attention, on the other
hand, shows improvement but retains substantial background noise. Finally, the
positive activations (red) in DnA are focused on the classes of interest (dumb-
bell and volleyball). Crucially, the AQ−V −

h branch of DnA suppresses irrelevant
background areas, creating a contrast between class features and noisy distrac-
tors. Figure 4(b) displays how DnA thrives despite the presence of many visually
prominent objects, by suppressing query-irrelevant tokens before passing them
to the LLM, whereas VisCoP and the Base VLM are mislead by irrelevant visual
cues. We provide additional visualizations in §C.5; see Figures 12 and 13.
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Fig. 5: Comparison of intruder dimension
counts between DnA and differential atten-
tion ϵ = cos π

3
, k=10.

Fig. 6: Distribution of C(V +, V −) for each
sample, head, and layer in the ImageNet-
1K validation set (7.2M trace values).

4.4 Quantitative Analyses: Understanding the Attention Subspaces

This section empirically justifies our postulates in §3.2 that lead to the design
choices of DnA. First, by calculating the intruder dimensions between two at-
tention branches of the differential transformer and DnA, we show the necessity
of considering two value subspaces. Next, by empirically measuring the similari-
ties between the contrasting value subspaces, V + and V − of DnA, we verify the
claim of our main theoretical result in Theorem 3.

(a) Intruder Dimension Analysis. To observe how two branches in DnA
relate to one another, we perform a subspace analysis that measures the diver-
gence between AQ+V +

h and AQ−V −

h in DnA and A1V and A2V of the differential
transformer. We compute the SVD of each branch and count how many of the
Top-k left singular vectors are near-orthogonal. The near orthogonality of these
vectors indicates the separability of the subspaces and hence the efficacy of de-
noising attention in reducing the classification error; see Theorem 2. Out of the
Top-k singular vectors, we called the vectors with larger angles between them
intruders, following [5, 53]; the higher the intruders, the better.

We calculated the intruders independently per sample, head, and layer across
5 images per class from the ImageNet-1K validation set (5K images total), result-
ing in 720K values for ViT-B. Out of the Top-k left singular vectors, a singular
vector is considered an intruder if its cosine similarity with the rest of the singular
vectors falls below a user-defined threshold, ϵ.

Figure 5 shows DnA consistently displays higher intruder dimensions, with
its distribution peaking around 8− 9, compared to differential attention, which
peaks around 6 − 7 (we set ϵ = cos π

3 , k = 10). This shows that in differential
attention, two attention branches operate within the same subspace, performing
a local refinement that may cancel common-mode noise, where DnA’s branches
interact more orthogonally. Since the subspaces are near-orthogonal, DnA can
suppress noise without canceling any useful signal and has lower classification
error, as seen in the visual understanding tasks. On the other hand, branches
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A1 and A2 in differential attention may both assign high attention weights to
the same tokens, losing a useful signal in the subtraction.

(b) Similarity between V + and V −. We consider the normalized Frobe-
nius inner product, C(V +, V −) to calculate the similarities between two value

subspaces, given by C(V +, V −) := ⟨ V +

∥V +∥F
, V −

∥V +∥F
⟩F = Trace

(
V +⊤

V −

∥V +∥F ∥V −∥F

)
.

We normalize the matrices so that the range is [−1, 1], where 1 indicates that
the two matrices are aligned, and 0 indicates orthogonality. We plot C(V +, V −)
for each sample, head, and layer using the ImageNet-1K validation set, result-
ing in 7.2M trace values; see Figure 6. The mean of the distribution is 0.22,
while the median is 0.18. Figure 6 shows that the subspaces V + and V − are
quasi-orthogonal for most heads, with most of the mass near 0. However, the
distribution shows a heavy right tail, suggesting that some attention heads in
V + and V − may not contribute equally to the denoising mechanism. This empir-
ical observation justifies our theoretical result in Theorem 3. It also supports the
claim that, instead of enforcing orthogonality at every iteration (as in the case
of (1)), it is sufficient to solve the unconstrained problem (2), as the resulting
subspaces are quasi-orthogonal during training.

Additionally, we compute the average cosine similarity between AQ+V +

h and
AQ−V −

h for DnA and A1V and A2V for differential attention, over the entire
ImageNet-1K validation set. Differential attention achieves a high average cosine
similarity of 0.96, while DnA measures at only 0.32, further solidifying our claim.

4.5 Additional Quantitative Analyses & Ablations

We further examine DnA from multiple perspectives through extensive ablations.
Representational Robustness. We measure representational robustness by
computing ∆ij := 1− cos(∠pi, pj) between two tokens, pi, pj ∈ A, at each layer.
Before calculating ∆ij , token embeddings (excluding the CLS token) are mean-
centered across feature space, then averaged per image and across the dataset.
The higher this measurement, the better, as it indicates greater inter-token sepa-
ration. To further substantiate our claim that our attention mechanism denoises,
we infuse the input with Gaussian noise. Figure 7 shows how DnA stabilizes noisy
inputs through layer-wise features. Overall, DnA improves robustness by sup-
pressing perturbations and transforming them into features that downstream
layers can process effectively. In contrast, softmax attention propagates pertur-
bations, amplifying distortions in feature space and degrading accuracy. This
denoising behavior lets DnA recover from early noise more reliably.
Additional Analysis. In §C.5, we trained two parameter-matched ViT-B base-
lines, and their performance confirms that DnA’s gains stem from the architec-
tural choices rather than extra parameters. Additionally, we discuss different
design components of DnA and their behavior in §C.5. We further analyze at-
tention head diversity, the evolution of the learnable parameter (αh), and the
entropy of attention distributions across encoder layers in Figure 14, §C.5.
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Fig. 7: Average pairwise cosine distances under varying noise levels; see noise variance
(σ) and PSNR in titles. Solid lines represent models evaluated under clean data (DnA
and softmax), while dashed lines reflect artifacts of noisy data (DnAσ and softmaxσ)
for different noise, σ. DnAσ exhibits smaller accuracy drops than softmaxσ across all
noise levels, indicating more diverse feature representations and robustness to noise.

5 Limitation & Future Work

DnA introduces additional parameters, ranging from approximately 3% in video
LLMs to 23% in video transformers. While the performance improvements stem
from the discriminative capability of the proposed attention mechanism rather
than simply increased parameter capacity (see Table 12), we acknowledge the
added parameters and associated training cost. In practice, all the additional
parameters reside in parallelizable attention heads, which mitigate the compu-
tational overhead. Consequently, we observe throughput comparable to a base-
line ViT when compared with ViT augmented with DnA (see Table 7). Future
work will focus on developing more parameter-efficient implementations while
preserving the performance gains of the proposed mechanism.

6 Conclusion

We propose DnA, denoising attention that uses softmin and softmax and explic-
itly models negative token interactions. Our design principle for DnA is moti-
vated by theoretical observations that indicate that subspace separation for the
positive and negative token interactions can alleviate both attention misalloca-
tion and noise. By replacing traditional attention, the proposed DnA outper-
forms standard ViT-B on ImageNet-1K classification, improves on several video
understanding tasks with both video transformers and video LLMs, and gener-
alizes to multiple downstream tasks. To justify the design choices, we verify that
the two branches in DnA, operating over distinct interacting subspaces, learn
different token interactions that jointly enable the denoising effect.
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