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Abstract. Test-Time Adaptation (TTA) has emerged as an effective
solution for adapting Vision Transformers (ViT) to distribution shifts
without additional training data. However, existing TTA methods often
incur substantial computational overhead, limiting their applicability in
resource-constrained real-world scenarios. To reduce inference cost, plug-
and-play token aggregation methods merge redundant tokens in ViTs
to lower computation demands. Albeit efficient, it suffers from signif-
icant performance degradation when directly integrated with existing
TTA methods. We formalize this problem as Efficient Test-Time Adap-
tation (ETTA), seeking to preserve the adaptation capability of TTA
while reducing inference latency. In this paper, we start by providing
an analysis showing that token aggregation inherently leads to informa-
tion loss, which cannot be fully mitigated by conventional norm-tuning-
based TTA methods. Guided by this insight, we propose to Neutralize
Token Aggregation via Information Augmentation (NAVIA). Specif-
ically, we propose an information augmentation mechanism that em-
ploys an input-level [CLS] embedding augmentation to compensate for
domain-level information loss, and a feature-level [CLS] bias augmen-
tation for fine-grained layerwise information compensation. Theoretical
analysis provides a principled motivation that augmenting a global infor-
mation carrier before aggregation can improve the learnable-information
upper bound, with entropy minimization serving as a practical surro-
gate objective. Extensive experiments across various out-of-distribution
benchmarks and model backbones demonstrate that NAVIA outperforms
all competing methods. Notably, NAVIA improves performance by up
to 3.1% while achieving 14% to 26% wall-clock speedup over the TTA
state-of-the-art, effectively addressing the ETTA challenge. We provide
our official implementation at https://github.com/Bostoncake/NAVIA.
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1 Introduction

Vision transformers (ViT) [10,|47] have significantly advanced the field of com-
puter vision, bringing substantial advancements across various tasks [522]. Typ-
ically, ViTs are evaluated on data drawn from the same distribution as the
training dataset. However, real-world applications [63}|65,/66] often present data
exhibiting a distribution shift [46], which can differ markedly from the orig-
inal training distribution. To address those practical challenges, Unsupervised
Domain Adaptation (UDA) [32,34,44,58./61] has been proposed to learn domain-
invariant image representations from unlabeled data drawn from the target dis-
tribution. Nonetheless, UDA methods typically require extra training, leading
to inefficiency and limited deployment flexibility. Recently, Test-Time Adap-
tation (TTA) [37139}43,52] has emerged as an alternative, adapting models on
out-of-distribution (OOD) test data during inference via parameter-efficient fine-
tuning [25,39,43,/52] or gradient-free update strategies [3}/11,20,[26}/37./64,(70].
Compared to traditional UDA, TTA eliminates the entire training stage, ren-
dering it particularly suitable for real-world scenarios.

Although TTA achieves promising OOD performance, its practicality is often
constrained by the inference cost of the underlying backbone, where the forward
pass dominates the latency [3]. In modern TTA pipelines, strong backbones such
as ViTs are widely adopted for their robustness under distribution shifts, which
already incur substantial per-batch compute. Worse still, many methods further
even amplify this cost by performing extra forward cycles [37}/39] or evaluating
multiple augmentations on the same test batch [11,23l43]. For example, SAR [39]
computes second-order gradients across multiple inference cycles and DeYO [23|
forwards the same sample using varying patch sequences. Consequently, TTA ef-
fectiveness is increasingly bounded by inference efficiency, motivating approaches
that directly reduce backbone forward cost while preserving adaptation quality.

To address those limitations, we focus on the challenge of Efficient Test-
Time Adaptation (ETTA), aiming to improve the inference efficiency of
TTA methods during inference. We focus on Vision Transformers (ViT) |10] as
ViTs demonstrate better generalization under distribution shifts, and are widely
adopted in TTA [11}37]. Prior studies have extensively explored model com-
pression methods, including structural compression |14,/35.|50}/59,/67] and token
aggregation [2}/211/27], to enhance inference efficiency in ViTs. While model com-
pression methods typically require extensive retraining with substantial data and
computational resources to recover the performance lost during compression, to-
ken aggregation methods can be adopted for TTA in a plug-and-play manner
as they do not alter ViT parameters and do not interfere with the optimization
process within TTA. Naturally, a straightforward solution for ETTA would be
a combination of representative TTA approaches, namely Tent [52|, FOA [37],
SAR [39], DeYO |[23]|, and CoTTA [54] with a widely-adopted parameter-free
token aggregation method, ToMe IQEI As shown in Fig. |1} even at a modest

4 In Section 4, we demonstrate that ToMe serves as a neat and strong choice for token
aggregation methods.
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compression rate (12.5% sparsity, reducing r=2 tokens in each layer), existing

TTA methods suffer significant performance loss of over 3% on average. Further

increasing the compression rate (i.e., r=4) exacerbates this issue, highlighting

that a direct combination of existing methods cannot effectively address the

efficiency-performance trade-offs central to ETTA.
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. Fig.1: ViT-L/16 performance of our proposed
we  propose t(.) Ntstutrahze NAVIA and other ETTA methods in terms of
Token Aggregation Via Informaﬁ%}lcy-accuracy trade-offs. We apply ToMe with
Augmentation (NAVIA). SpeCiﬁarying token reduction counts (r) to existing TTA
ically, at the input-level, adap- methods to obtain their ETTA variants.
tation jointly refines [CLS]
representations together with
norm parameters to inject domain-level information and increase the upper
bound for learnable information under token aggregation. Additionally, at the
feature-level, a set of learnable bias vectors is fine-tuned to enable a more gran-
ular compensation of feature distortions with negligible overhead in forward
computation. Extensive experiments (see Sec. [4and Fig.|l)) across 4 OOD bench-
marks with both ViT-B/16 and ViT-L/16 show that NAVIA consistently out-
performs all competing baselines. Notably, NAVIA improves performance by up
to 3.1% while achieving a 14% to 26% wall-clock speedup over the TTA state-
of-the-art, further highlighting its effectiveness and efficiency.

Overall, our contributions are summarized as follows:

— We introduce a novel challenge termed Efficient Test-Time Adaptation (ETTA),
emphasizing the simultaneous optimization of inference efficiency and pre-
diction performance for test-time adaptation.

— Through analyzing existing methods from a novel mutual information per-
spective, we show that simply applying token aggregation methods to TTA
for efficiency introduces information loss which cannot be compensated by
norm-tuning adopted in existing TTA methods.

— We propose NAVTA | featuring an input-level [CLS] embedding augmentation
and a feature-level [CLS| bias augmentation to compensate for information
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loss. Theoretical analysis motivates augmenting a global information carrier
before token aggregation.

— Extensive experiments show that NAVIA significantly outperforms existing
methods, improving both inference efficiency and prediction performance.
Notably, NAVIA yields a better accuracy-efficiency balance.

2 Related Works

2.1 Test-Time Adaptation

Test-Time Adaptation (TTA) enables models to adapt to evolving environments
exhibiting distribution shifts during deployment [57]. TTA methods generally
fall into two categories |24]: instance-level and batch-level. Instance-level adap-
tation leverages zero-shot priors from vision-language models via prompt tuning
or memory retrieval [20,/43|, but requires repeated updates or substantial stor-
age, limiting their practicality in resource-constrained environments. Batch-level
methods primarily rely on normalization-based approaches, updating normaliza-
tion statistics with the current test data [23}/37}/39,/52]. For instance, Tent [52]
minimizes entropy over batches, EATA |[38] selects diverse and reliable sam-
ples, and SAR [39] employs sharpness-aware minimization to reduce noisy gra-
dients. However, batch-level approaches often demand significant computational
resources, restricting their use in real-time or edge-device scenarios. To address
these limitations, we pioneer the application of token aggregation in batch-level
TTA, significantly enhancing computational efficiency while preserving model
adaptability.

2.2 Model Compression

Model compression has been widely explored to enhance inference efficiency,
particularly for deployment in resource-limited environments. Two prominent
approaches are structural compression and token aggregation. Structural com-
pression reduces model complexity by directly compressing redundant structures
of the model backbone, including model compression [7}|33}135,51}55}62}(67],
knowledge distillation [1,[13}/17,/49], and model quantization [4}8.|28}29}31,/59].
However, these methods typically require extensive retraining, which is infeasible
in TTA due to the limited availability of test-time data. Token aggregation [2,/6],
in contrast, enhances inference efficiency by merging redundant tokens during
inference without retraining. Notable methods include ToMe [2], which progres-
sively merges similar tokens using lightweight bipartite matching, EViT [27],
which utilizes attention scores to select critical tokens, and ToFu |21], which com-
bines pruning and aggregation across layers. Despite their effectiveness, token
aggregation methods still suffer from significant information loss when directly
integrated into TTA. We propose to augment mutual information, leading to a
new state-of-the-art ETTA approach.
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3 Methodology

3.1 Preliminaries

ViT Model. In this paper, we mainly focus on conducting ETTA with Vision
Transformers (ViT). ViTs are encoder-based transformers, where each encoder
consists of a Multi-Head Self-Attention (MHSA) module and a Feed-Forward
Network (FFN). In the forward pass, an input image x is reshaped and projected

to N tokens ThHy = [tF™, 5™, - - ,t?vm]ﬂ each with a hidden dimension d. A
classification ([CLS]) token tE¥ is prepended to the token sequence, resulting
in the ViT model input: TE™ = [tEm ¢Pm ¢Bm .. 4Bm] Tnside each encoder

block, this token sequence is sequentially processed by the MHSA and the FFN.
Specifically, the MHSA module employs fully-connected (FC) layers to transform
input tokens into @, K, and V matrices. The self-attention is then carried out
via Softmax(Q—\/KﬁT)V, and the resulting output is further projected by another
FC layer. Subsequently, the FFN processes the sequence through two FC layers.
Token Aggregation. Token aggregation methods [2}21,27,|60] are training-
free, plug-and-play approaches that improve the inference efficiency of ViTs by
reducing the number of image tokens. Those methods are orthogonal to the ViT
structure and are capable of flexibly changing the compression rate. Let N; and
N1 denote the sequence lengths of input image tokens for layer I and [ + 1,
respectively, and let x}n and xlout represent the corresponding input and output
token sequences for the token aggregation module at layer [. Specifically, token
aggregation methods separate the token sequence into the [CLS] token tcrs and
the image token sequence T}“ = [t} th, - ,tév]. During the aggregation step,
existing methods utilize different metrics g(-) to evaluate tokens within Tj".
For instance, ToMe |2] applies similarity-based merging, while EViT [27] applies
attentive-token preservation. Based on those evaluation metrics, an aggregation
matrix P, = g(T", tcrs) € RN+1%M i computed and applied to obtain the
aggregated output token sequence TlOut = PZT}“. Finally, the [CLS] token thLS
is prepended to T?“t, forming the input for subsequent modules in ViT.

3.2 Analysis on Existing Approaches

Experimental evidence in Fig. [l indicates that straightforwardly combining to-
ken aggregation with existing TTA approaches leads to significant performance
degradation. Although notable TTA methods use norm-tuning to facilitate adap-
tation [23)/38,/391/52], they still fail to compensate for the performance loss caused
by token aggregation despite its efficiency. To delve deeper into this issue and
ground our analysis in established theory, we draw on prior work in domain
adaptation [12,/69] and investigate how information propagates during adapta-
tion. Prior studies [61,/68] have revealed that information loss can be quantified
by the mutual information (I(-;-)) between input image embeddings and the
ground-truth label Y, demonstrating that maximizing mutual information [42]

5 “BEm” denotes “Embedding?”.
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significantly improves prediction performance under unsupervised conditions.
Under our notations, this established conclusion can be expressed as:

Proposition 1. For an image embedding x and its corresponding ground-truth
Y, a higher value of I1(x;Y) indicates better encoding quality of x, which is more
desirable.

First, we analyze why naively combining token aggregation with TTA can
hurt adaptation. Our analysis is intended to provide a principled design direction
rather than a uniqueness proof for every design choice. Let fp.q.x(-) represent the
forwarding process with the pre-trained ViT model 6, token aggregation with
metric g(-) and input image x. We use fp.;.x(-) as the forwarding process without
token aggregation, as the metric g(-) always returns the identity matrix.

Corollary 1. With token aggregation, the output [CLS] token contains less in-
formation about the label Y : I(fo,gx(ters):Y) < I(fo.1:x(tE0S);Y).

Since token aggregation induces a many-to-one mapping on tokens: T?‘” =
PZT}“7 and can be viewed as a Markov chain, following the data processing in-
equality, I(TP";Y) < I(T™;Y), where the inequality is strict when aggregation
is non-injective. Corollary 1] indicates that simply applying token aggregation
leads to a strict degradation in model predictions. To address this, it is essential
to compensate for the resulting information loss. While prominent TTA meth-
ods [231|39,/52] fine-tune the normalization layers for adaptation, we show that
norm-tuning alone does not compensate for the information loss due to token
aggregation in ViT models, as LN is deterministic and cannot increase mutual
information: I[(LN(TPu);Y) < (TP, Y).

Corollary 2. In Pre-Norm ViT models, LayerNorm (LN(-)) tuning cannot com-
pensate for the mutual information loss caused by token aggregation.

Corollary [2] holds as long as LayerNorm is deterministic and cannot recon-
struct discarded information. Please refer to the appendix for detailed proofs to
Corollary [I] and Corollary [2}

3.3 NAVIA

Corollary [2] implies that simply applying token aggregation to existing TTA
methods introduces an information loss that cannot be compensated by subse-
quent deterministic operations. To retain useful information and neutralize the
negative effects of token aggregation, optimization should occur prior to applying
token aggregation matriz and within input tokens. Motivated by recent advances
in prompt tuning [19}|43,48], we address this issue at the input stage, espe-
cially during the construction of input token embeddings within each encoder
block. However, in resource-constrained deployment environments, prepending
randomly initialized learnable prompts requires intensive tuning to locate op-
timal embeddings [37], or even requires training an additional processing mod-
ule to generate effective prompts [30]. As the complexity of self-attention is
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Fig. 2: Pipeline comparison between standard TTA methods, ETTA via token ag-
gregation, and our proposed NAVIA. “Agg.” refers to token aggregation, and “Norm”
refers to LayerNorms in ViTs that are tunable during TTA. We employ input-level
[CLS] embedding augmentation and feature-level [CLS] bias augmentation to neutral-
ize negative effects caused by token aggregation.

quadratically proportional to sequence length, such an approach also introduces
significant computational overhead during inference due to inserting extra to-
kens. Consequently, the constraints of ETTA make it preferable to directly tune
existing prompts, and the [CLS]| token offers a promising alternative.
Input-Level [CLS] Embedding Augmentation. Prior studies [45}/71] have
shown that the [CLS] token can effectively encode domain-specific information
beneficial for cross-domain learning. Inspired by those findings, we propose to
leverage the [CLS| token to encode domain-specific compensation information
specifically targeted at addressing the information loss induced by token aggrega-
tion. We refer it as information augmentation, serving as a complementary
mechanism to norm-tuning. We theoretically demonstrate that optimizing the
[CLS]| token via entropy minimization increases the upper bound of learnable
information:

Theorem 1. Let § represent a learned bias vector for the [CLS] embedding op-
timized through entropy minimization. Optimizing § yields increased mutual in-
formation between network input and ground-truth label, formally:

I([t&Ts + 0, RTi ) Y) > I([ters, PoTingl; Y) (1)

img img

Please refer to the supplementary material for detailed proof to Theorem

Theorem [1| motivates placing a lightweight learnable information carrier be-
fore aggregation, where the carrier can still influence the compressed token se-
quence, therefore potentially leading 0 to close the information gap caused by
introducing the token aggregation operation Py. Here we leverage [CLS| embed-
ding optimization to augment its information. Specifically, for each image batch
x during the TTA process, we directly update the augmentation vector § using
gradients derived from the optimization objective £(6;x):

§=0-nsVsL(0;%), (2)
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where 75 denotes the learning rate for d, and Vs the gradient operation with
respect to §. Through optimization, input-level [CLS] embedding augmentation
compensates for the mutual information, increasing the upper bound of learnable
information for ETTA.

Feature-Level [CLS] Bias Augmentation. Simply learning an augmentation
vector § for the [CLS] embedding has shown effectiveness in compensating for
information loss (see Sec. [4] for details). However, since the augmentation vector
only operates on input-level, it has limited flexibility to handle the information
loss on image features in deeper layers. As token aggregation progressively re-
duces the total number of tokens, information loss also accumulates gradually
throughout the forward pass. Consequently, despite the input-level augmenta-
tion, it is still necessary to develop a feature-level augmentation approach to
progressively compensate for such information loss.

Building upon the former input-level [CLS] embedding augmentation, a straight-
forward approach is to learn an augmentation vector §; for the [CLS| token at
every layer [, further enabling each §; to compensate for the information loss at
its corresponding layer. However, this approach significantly increases the num-
ber of trainable parameters to Ld, where L is the total number of layers in the
ViT model. Prior TTA research [54] indicates that increasing trainable param-
eters complicates the optimization process and adds computational overhead.
In the ETTA scenario where computation budget is strictly limited, training a
large number of parameters can be unstable and inefficient.

To achieve an optimal balance between efficiency and performance, we adopt
the design of only augmenting [CLS] biases in shallow layers of the backbone.
This design follows the following observations.

Observations. (1) From the token feature perspective, the aggregation ma-
trix at layer | P, = g(T™, tcLs) depends on the [CLS] token. Augmenting [CLS]
token before aggregation influences the aggregation choice in following layers.
(2) From the information perspective, layerwise token aggregation is a lossy
information compression process. Applying biases in shallow layers acts as a
pre-emphasis on the useful information that is about to be compressed, helping
to preserve discriminative signals for deeper layers. (3) From the model structure
perspective, ViT adopts the residual structure, in which an update applied to
[CLS] in a shallow block is directly reused by more subsequent blocks through
the residual connections, whereas a late update has fewer chances to take effect.

Based on the observations above, formally, we select a layer subset Lz C
{0,1,...,L — 1} under a fixed parameter budget constraint |Laug| = Lpgt. We
choose the first Lyg; blocks as the selected subset:

Laug = {0717'-'7ngt_1}) (3)

Adopting this solution, we specifically update the augmentation vector ¢; for each
l € Layg using the gradient derived from the optimization objective £(6;x):

8 = 0, — 15, V5, L£(0; %), (4)

where 75, is the learning rate applied across selected layers. Empirically, with
our feature-level [CLS] bias augmentation, we could encourage the [CLS] feature
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to follow a similar separation trend as that in conducting adaptation without
token aggregation. Through visualization in Sec. [£:3] we could observe that while
plain token aggregation yields noticeably more overlap in intermediate layers, our
approach progressively separates different visual concepts. Overall, feature-level
[CLS] bias augmentation leverages shallow layer learnable biases to progressively
compensate for information layerwise, further boosting performance.

Overall TTA Framework. The proposed information augmentation strate-
gies are implemented with the TTA framework, constituting our ETTA method,
NAVIA. For the overall learning objective, we follow recent established ap-
proaches [937,41], employing entropy minimization and feature statistics dis-
crepancy loss to reduce prediction uncertainty and feature shifting. Specifically,
to calculate the above discrepancy loss, following [37,41], we first sample a small
set (e.g., 64) of unlabeled images from the source domain to compute the mean
feature {u}-, and mean variance {07 }£ | of each layer I. Note that such
source-statistics term is a one-time pre-deployment caching step rather than a
deployment-time requirement for source data. During TTA, we calculate the cor-
responding mean {y;(T;)}£ | and variance {o(T;)}X, of target domain samples
and align these with the source statistics. Formally, the loss is defined as:

L

Lrra =Y —felogde+ A (I m(T0) — i P + | oo(T) — o7 |*),  (5)
ceC =1

where C denotes the set of categories, g, is the probability prediction for category
¢, and )\ is a trade-off parameter. During the TTA process, each incoming test
batch is processed by a single forward pass before performing back-propagation.
Importantly, the predictions for each batch are obtained before back-propagation
to ensure computational efficiency, with only one forward pass per batch during
TTA. For ETTA, NAVIA applies ToMe [2] during the forward pass, and leverages
information augmentation of the [CLS] embedding and shallow-layer [CLS]| biases
during back-propagation. Following previous TTA methods, NAVIA also adopts
standard norm-tuning for basic distribution alignment.

4 Experiments

4.1 Experimental Setting

Datasets&Models. Following |37], we evaluate our approach on four commonly
used OOD benchmarks: ImageNet-C |16], ImageNet-R |15], ImageNet-V2 [40],
and ImageNet-S [53| with ViT-B/16 and ViT-L/16.

Baselines. We compare NAVIA against: (1) Online TTA methods, including
Tent [52], LAME [3], CoTTA [54], SAR [39], FOA (including the BP-free FOAcpma
variant and the FOAgp variant) [37] , and DeYO [23]. All tested TTA methods
with BP employ LayerNorm tuning. (2) Token aggregation methods, including
ToMe [2], EVIT [27], Tofu |21], and TCA [56], perform training-free token reduc-
tion within the ViTs, reducing r tokens in each layer. For fair comparison, they
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Table 1: Performance (%) comparison with state-of-the-art methods on ImageNet-
C (severity level 5). Subscripts represent the number of tokens reduced in each layer
through aggregation. “Time (s)” denotes wall-clock time for processing a single image
batch. Bold represents the best token aggregation result. T: BP-free methods.

Noise Blur Weather Digital
Method |Gauss. Shot Imp.‘ Def. Glass Mot. Zoom‘Snow Frost Fog Brit.‘Cont. Elas. Pix. JPEG‘AVg. GFLOPs Time (s)

Backbone: ViT-L/16
NoAdapt | 62.5 62.0 63.3]52.9 45.3 60.7 55.2 |66.0 62.3 62.6 79.9|40.1 56.2 74.3 72.8 [61.1| 55.60  0.50

Tent 62.9 67.4 68.5/64.8 62.1 67.9 64.7 |71.2 68.5 67.8 79.0| 61.1 68.5 78.1 74.7 |68.5| 55.60 0.51
LAME' 62.3 61.8 63.1(52.7 45.1 60.5 55.0 |65.8 61.9 62.0 79.8| 39.9 55.8 74.2 72.6 {60.9| 55.60 0.50
CoTTA 59.0 60.8 60.2|48.5 53.7 49.7 54.2 |56.0 62.5 60.2 69.9| 45.6 63.5 66.6 65.2 |58.4| 111.20 5.01
SAR 67.2 68.3 68.2|63.4 60.4 67.7 64.2 |70.4 69.3 22.3 13.5|57.4 67.0 77.5 74.7 [60.8| 111.20 1.08
DeYO 4.5 65.3 53.8|55.7 48.7 32,9 56.0 |47.3 64.5 40.3 4.3 | 7.0 714 459 76.3 |44.9| 111.20 0.76
FOAcwma'| 65.3 64.4 65.2|62.4 56.7 63.8 59.3 | 71.5 72.3 73.7 82.0| 63.7 67.1 76.9 76.5 |68.2| 1588.64 7.73
FOAgp 68.5 70.1 67.0/62.3 64.4 66.0 66.5|72.1 70.8 65.1 82.6|65.6 71.9 78.7 77.2 |69.9| 55.60 0.59

ToMez 68.6 68.8 68.5/60.7 64.1 60.1 66.7 | 73.0 70.4 59.9 82.1|/64.0 72.6 78.3 76.2 |68.9| 50.15 0.51
ToMey 62.8 68.7 67.3|61.5 61.6 59.5 58.2 [61.7 69.0 57.1 81.9| 57.1 68.2 76.4 75.8 |65.8| 42.98 0.44
EViT, 64.7 65.3 67.0/61.2 64.3 64.8 65.2 |67.2 63.2 63.4 81.4|53.2 69.4 77.9 69.3 |66.5| 53.75 0.56
EViTy 59.4 38.2 61.7|30.5 60.4 62.6 50.8 |60.7 16.9 54.2 79.0| 41.2 60.6 72.1 67.3 |54.4| 46.55 0.49

Tofuy 65.0 69.1 67.0|62.6 64.4 66.0 64.4|71.2 70.2 62.5 81.3|56.6 723 77.9 711 [68.1| 50.15  0.52
Tofuy 63.7 63.2 65.1/60.8 62.7 58.1 55.2|64.4 51.0 52.1 79.6|56.4 64.8 74.6 70.4 |62.8| 42.98  0.44
TCA:» 58.1 70.1 69.8/60.2 53.9 62.9 63.2|74.4 689 70.5 82.3| 454 745 60.7 76.1 |66.1| 52.76  1.89
TCA4 64.6 68.6 66.943.1 53.0 62.6 62.0 639 67.3 71.6 81.9|50.5 72.0 76.9 753 |65.3| 44.93  0.92
NAVIA, | 70.0 71.470.1/64.4 67.1 69.7 67.7|74.9 72.4 73.8 82.6| 62.2 74.7 79.5 78.3 [71.9| 50.15  0.51
NAVIA; | 674 69.5 69.0/63.2 65.6 68.7 67.3 |74.6 70.6 71.7 82.1|59.5 74.3 78.9 77.5 |70.7| 42.98  0.44
Backbone: ViT-B/16
NoAdapt | 56.8 56.8 57.5]46.9 35.6 53.1 44.8 |62.2 62.5 65.7 77.7] 32.6 46.0 67.0 67.6 [55.5| 15.71  0.32

Tent 60.3 61.6 61.8(59.2 56.5 63.5 59.2 |54.3 64.5 2.3 79.1|67.4 61.5 72.5 70.6 |59.6| 15.71 0.32
LAME' 56.5 56.5 57.2|46.4 34.7 52.7 44.2 |58.4 61.5 63.1 77.4|24.7 44.6 66.6 67.2 |54.1| 15.71 0.32
CoTTA 63.6 63.8 64.1/55.5 51.1 63.6 55.5|70.0 69.4 71.5 78.5| 9.7 64.5 73.4 71.2 |61.7| 31.42 1.30
SAR 59.2 60.5 60.7|57.5 55.6 61.8 57.6 |65.9 63.5 69.1 78.7|45.7 62.4 71.9 70.3 |62.7| 31.42 0.63
DeYO 62.4 64.0 63.9/61.0 60.7 66.4 62.9 |70.9 69.6 73.7 80.5| 67.2 69.9 75.7 73.7 |68.2| 31.42 0.45
FOAcua®| 61.5 63.2 63.359.3 56.7 61.4 57.7|69.4 69.6 73.4 81.1| 67.7 62.7 73.9 73.0 |66.3| 446.49 4.19
FOAgp 64.4 66.3 66.3|63.0 63.7 68.6 67.5|73.7 714 76.3 81.6|70.2 73.2 77.4 75.0 |70.6| 15.71 0.39

ToMey 63.3 65.3 65.1/62.3 63.1 68.0 67.0 |73.2 70.8 75.6 81.3|68.4 73.0 77.0 74.9 |69.9| 14.29 0.32
ToMesg 62.0 63.5 63.4(61.0 62.2 67.1 66.0 |72.5 69.8 74.8 81.0| 67.0 72.0 76.3 74.3 |68.9| 12.22 0.30
EViTy 62.7 64.4 64.1/61.8 62.5 67.4 65.6 |72.2 70.4 73.8 80.9|68.5 71.8 76.2 73.6 |69.1| 14.80 0.37
EViTg 59.9 61.8 61.6/60.2 60.8 65.6 63.8 |70.4 68.2 72.3 79.8| 66.2 70.5 74.6 71.6 |67.2| 12.73 0.34
Tofuy 63.5 64.9 65.1|/61.9 62.7 67.7 66.6 | 73.0 70.6 75.7 81.1| 68.6 72.6 76.8 74.6 |69.7| 14.29 0.32

Tofug 62.2 63.9 63.7/60.9 61.8 66.8 65.4 [72.1 69.6 74.4 80.7| 67.3 71.8 76.2 74.0 |68.7| 12.22 0.30
TCA4 64.3 66.0 66.0/62.1 63.3 68.1 67.2 |73.5 71.2 71.8 81.4|65.3 73.1 77.1 74.9 |69.7| 14.81 1.42
TCAsg 63.4 65.1 65.1/60.9 62.4 67.0 659|728 70.4 69.9 81.1| 64.6 72.1 76.5 74.3 |68.8| 12.68 1.23
NAVIA; | 64.2 65.9 65.7/63.5 64.4 69.0 67.4|74.0 72.0 76.9 81.4/69.8 73.8 77.4 75.5 |70.7| 14.29 0.32
NAVIAg | 62.7 64.4 64.2|62.1 63.5 67.9 66.5|73.4 71.1 76.4 81.0| 68.8 73.1 76.7 74.9 |69.8| 12.22 0.30

are implemented on the best-performing FOAgp. Following [60], experiments are
conducted at two compression levels: moderate (r=2 for ViT-L/16 and r=4 for
ViT-B/16) and high (r=4 for ViT-L/16 and r=8 for ViT-B/16).

Implementation Details. Following |37], we set the learning rate to 5e-3, and
the trade-off parameter A as 30. We set the batch size as 32 for ViT-L/16 and
64 for ViT-B/16. We use SGD for both LayerNorm tuning and information
augmentation. For token aggregation, we adopt ToMe |[2]| for NAVIA, given its
superior performance.
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Table 2: Performance (%) comparison with state-of-the-art methods on ImageNet-
R/V2/Sketch. Subscripts represent the number of tokens reduced in each layer through
aggregation. Bold represents the best token aggregation result. T: BP-free methods.

Method ‘ R V2 S ‘Avg.‘Method ‘ R V2 S ‘Avg.‘Method‘ R V2 S ‘Avg.
Backbone: ViT-L/16

NoAdapt|63.1 76.0 51.8]63.6|FOAcma f[66.2 76.2 52.2|64.9 | Tofu, 69.4 75.0 52.6|65.7
TENT |63.8 76.2 55.5|65.2|FOApp  |71.3 75.4 54.6|67.1 | Tofuy 51.5 70.5 49.4|57.1
CoTTA |(70.4 66.6 51.1|62.7 | ToMe2 70.8 73.3 53.3|65.8 TCA2 |70.9 73.8 54.2|66.3
SAR 68.1 76.2 55.3|66.5| ToMey 66.7 71.5 51.1/63.1|TCAy |69.7 74.0 53.1|65.6
DEYO [71.467.9 51.8/63.7|EViT2 52.6 74.2 53.7/60.2 [NAVIA,|72.0 76.4 57.7|68.7
LAME' |64.1 76.0 51.6/63.9|EViT,4 42.4 73.4 46.8|54.2|NAVIA4|71.8 75.9 57.0|68.2

Backbone: ViT-B/16

NoAdapt|59.5 75.4 44.959.9|FOAcmat[63.8 75.4 49.963.0 | Tofua 67.3 75.3 52.1|64.9
Tent 63.9 75.4 49.9/163.0 [ FOAgp  |67.7 75.4 52.2|65.1 | Tofug 66.8 74.9 51.6|64.4
CoTTA |63.5 75.4 50.0|62.9| ToMey 67.6 75.3 52.2|65.0 TCAs |67.7 73.5 51.9|64.4
SAR 63.3 75.1 48.7|62.4 | ToMesg 66.8 74.6 52.0/64.5|TCAg |67.0 73.0 51.7|63.9
DeYO |66.1 74.8 52.2|64.4|EViTy 66.0 74.8 51.3/64.0 ] NAVIA,|68.8 75.5 53.6/66.0
LAME" |59.0 75.2 44.4/59.6|EViTs 64.4 73.8 49.9/62.7|NAVIAg|68.4 75.2 53.4|65.6

Memory (GB)
Memory (GB)

F
L

< o O G e ot < ¢ o

(a) ViT-L/16 (b) ViT-B/16

Fig. 3: Peak memory usage comparison for back propagation methods.

4.2 Main Results

As shown in Tab. [I] and Tab. [2) NAVIA consistently outperforms all token ag-
gregation baselines across different settings, backbones, and compression rates,
achieving the best token aggregation performance in 35 of 36 domains. Notably,
on the ViT-L/16 backbone, NAVIA even significantly outperforms the TTA
state-of-the-art, FOA, by a maximum of 3.1% (on ImageNet-Sketch). Existing
token aggregation baselines, however, yield significant accuracy drops when ap-
plied to a large ViT-L/16 backbone. For example, under high compression rates,
EVIiT incurs a 15.5% drop on ImageNet-C. This validates Corollary [2 that Lay-
erNorm tuning cannot compensate for the performance drop brought by token
aggregation. When paired with our [CLS| augmentation methods, NAVIA suc-
cessfully regains the performance, well demonstrating its effectiveness and supe-
riority, and empirically supporting the MI motivation (Theorem [1)) as well.

Computational Efficiency. NAVIA improves the ETTA trade-off by being
faster, lighter, and more accurate than prior TTA methods that incur heavy
multi-pass overhead. As shown in Tab. 1} on the larger ViT-L/16 backbone, even
the highly compressed NAVIA, outperforms the TTA state-of-the-art, FOAgp,
with 23% less GFLOPs and 25% wall-clock speedup. When compared with its
compute-intensive variant FOAcya, NAVIA, is over 17 times faster while de-
livering 2.5% accuracy improvement. As illustrated in Fig. [Ij, NAVIA yields the
best Pareto frontier over all compared baselines, with the best accuracy among
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Table 3: Ablation study results. [CLS]-
E: Input-level [CLS] embedding augmen-
tation. [CLS]-S: Feature-level [CLS| bias
augmentation. Bold represents the best
result.

Table 4: Analysis of augmenting [CLS]
bias on different layers and different to-
ken tuning approaches for [CLS] embed-
ding augmentation. Wea.: Weather. Dig.:
Digital. Bold represents the best result.

r|[CLS|-E [CLS]-S| € R V2 Sketch|Avg.

Method ‘Noise Blur Wea. Dig. ‘Avg.

Layer Selection

X x  169.9 67.6 75.3 52.2 |66.3

4 Vv X |70.3 68.2 75.2 52.6 |66.6 Shallow:{0,1,2,3,4,5} | 63.7 65.0 75.5 73.4/69.8
X v/ |70.4 68.0 75.5 53.4 |66.8 Deep:{6,7,8,9,10,11} | 63.5 64.6 74.4 72.869.2
v v |70.7 68.875.5 53.6 |67.2  Uniform:{0,2,4,6,3,10}| 63.4 64.5 74.6 72.8(69.2
X X 68.9 66.8 74.6 52.0 |65.6 Token Tuning Approach

g Vv X 169.3 67.5 75.0 529 166.2 Init. [CLS] Embed. |60.2 60.8 72.0 69.3]65.9
x Vv |69.5 67.3 74.7 53.0 |66.1 Add New Tokens | 63.6 64.7 74.7 73.0|69.4
v v ]69.868.475.2 53.4 |66.7 Tune Trained [CLS] | 63.7 65.0 75.5 73.4/69.8

the most efficient methods. Furthermore, as shown in Fig. [3] the memory foot-
print of NAVIA remains comparable to the most efficient baselines, indicating
that the augmentation approaches do not come with extra memory burden.

4.3 Experimental Analysis

We present experimental analysis results on the ViT-B/16. Please refer to the
appendix for further analysis results.

Ablation Studies for Components. We do controlled experiments to ana-
lyze the contribution of each component in NAVIA: input-level [CLS| embedding
augmentation and feature-level [CLS] bias augmentation. As shown in Tab.
both the two components independently improve the model’s adaptation per-
formance. Notably, employing both strategies yields the best results across all
experimental settings, underscoring their individual effectiveness and mutual
complementarity.

Visualizations. We conduct a qualitative analysis to illustrate how NAVIA
affects feature representations. Specifically, we select 8 representative classes
from ImageNet-R, categorized into two “super-classes” aquatic animals (gold-
fish, great white shark, hammerhead, stingray) and birds (hen, ostrich, goldfinch,
junco). We apply t-SNE [36] to the [CLS] features extracted from layers 3, 6, and
11 of ViT. As shown in Fig. ] NAVIA progressively separates features between
the two super-classes from shallow to deep layers, while effectively preserving the
intra~class distributions. Conversely, with ToMe, the [CLS] features from differ-
ent super-classes in layers 3 and 6 exhibit significant overlap, indicating limited
discriminability. Even in layer 11, ToMe seems to misclassify a class to the other
super-classes. When compared to adaptation without token aggregation (“Base-
line”), NAVIA encourages the [CLS]| feature to follow a similar separation trend
as that in conducting adaptation without token aggregation, progressively sepa-
rating different visual concepts as [CLS] is being processed through the forward
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pass. These results underscore that our information augmentation guides the
ViT to better capture class-specific semantics under distribution shifts, showing
that information is compensated layerwise inside ViT.

Design Choices for NAVIA.

We study the two design fac-

tors of [CLS|] bias augmen- Layer 3 Qurs) !

tation: the selection of lay- :

ers for tuning and the choice |

for token augmentation. (1) E

Layer Selection. We inves- Layer 3 (ToMe) !

tigate layer subsets where !

[CLS] biases are augmented. !
|
1
1
1
1
1
1
1
1
1

Layer 6 (Ours) Layer 11 (Ours)

Layer 6 (ToMe)

First, as shown in Tab. [
(top), compared to other two Loyer 3 (Baseline)
selections (i.e., deep layers,
and uniformly selected lay-
ers), augmenting [CLS]| biases
exclusively in shallow layers

consistently yields the best re- Fig.4: t-SNE analysis. Colors represent different
sults. Second, considering the super-classes (aquatic animals in red, birds in blue).
number of shallow layers, as

shown in Fig. tuning 4 to

6 shallow layers is optimal. Extending augmentation to more than 6 layers leads
to performance saturation or slight degradation, likely due to suboptimal opti-
mization. This can be attributed to the limited number of iterations available
during the TTA process. Introducing an excessive number of tunable parameters
hinders the convergence of all bias parameters. As a result, the optimization pro-
cess becomes less effective, which ultimately impairs performance. Consequently,
we select the optimal number of layers from the set {4,5,6} based on minimiz-
ing the error computed using Eq. on a small set of gathered target images.
(2) Token Selection. We then compare our proposed pre-trained [CLS| tuning
strategy against alternative token augmentation methods. As shown in Tab. [4]
(bottom), tuning newly added tokens leads to lower performance, likely due to
the difficulty of tuning from scratch with limited TTA steps. Tuning re-initialized
[CLS]| notably decreases performance, highlighting the importance of preserving
pre-trained embeddings that inherently encode class-relevant information.

1
1
1
1
1
1
1
1
1
1
1
1
! \
1 (s,
1
1
1
1
Layer 6 (Baseline) |
1
1
1
1
1
1
1
1

Convergence Speed Analysis. To analyze the convergence efficiency of NAVIA,
we compare it against existing token aggregation baselines following the evalua-
tion protocol established by [9]. Specifically, we perform TTA optimization over
a fixed number of iterations and subsequently evaluate the optimized model’s av-
erage accuracy on a set of 10,000 images reserved from the original ImageNet-R,
dataset. As illustrated in Fig. NAVTIA consistently achieves the fastest con-
vergence rate and highest final accuracy among all compared methods. Notably,
NAVIA demonstrates a rapid accuracy improvement in the initial adaptation
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Fig. 5: (a) Relative acc. (%) improvement results for different number of shallow layers
with augmented [CLS] biases. (b) Convergence speed comparison on ImageNet-R.

Table 5: Ablation results for total trainable parameters on ImageNet-C using ViT-
B/16. Bold denotes the best result. Note that for ViT-B/16, standard LayerNorm
tuning updates a total of 38.4K parameters.

Method Configuration Params Noise Blur Weather Digital ImageNet-C
Prompt Tuning -+1 token / layer 43.0K 62.9 64.0 74.4 72.2 68.7
Prompt Tuning +2 tokens / layer 47.6K 63.1 64.0 74.7 72.5 68.9
Prompt Tuning +3 tokens / layer 52.2K 63.1 64.0 74.9 72.4 69.0
LoRA r=1 66.0K 63.0 64.0 71.1 72.2 67.9
LoRA r=2 93.7TK 62.9 63.8 74.2 72.4 68.7
LoRA r=3 121.3K 62.9 63.9 744 72.3 68.8
NAVIA (ours) - 43.7K 63.7 65.0 75.5 73.4 69.8

iterations, indicating that our proposed information augmentation strategies ef-
fectively mitigate the early-stage information loss incurred by token aggregation.

Further Ablation on Trainable Parameters. NAVIA introduces additional
trainable parameters compared to plainly attaching token aggregation during
TTA. To investigate whether performance gains are primarily driven by the
number of additional trainable parameters, we scale up parameter capacity with
standard adaptation strategies: prompt tuning [19] and LoRA [18]. For prompt
tuning, we insert different number of learnable tokens in the layers where we
conduct [CLS] bias augmentation. For LoRA, we attach trainable LoRA mod-
ules with different bottleneck rank to QKV-projection in the same subset of
layers. As shown in Tab. 5} while increased prompt tokens or higher-rank LoRA
moderately affect performance, their performance quickly saturates and neither
surpasses our NAVIA, despite requiring substantially larger parameter budgets.
These results indicate that performance improvements are not merely a con-
sequence of parameter scaling, but instead arise from the effectiveness of the
adaptation mechanism.
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5 Conclusion

In this work, we introduced a novel challenge termed Efficient Test-Time Adap-
tation (ETTA) to directly reduce the backbone forward cost in existing TTA
frameworks. While token aggregation methods reduce computational overhead,
our analysis reveals that they inherently induce information loss, which cannot be
adequately compensated by the commonly used norm-tuning approach in TTA,
leading to significant performance degradation. To address this, we proposed to
Neutralize Token Aggregation via Information Augmentation (NAVIA), compen-
sating for information loss on both the input-level and the feature-level. Theo-
retical analysis shows that NAVIA increases the upper bound for learnable infor-
mation under token aggregation. Extensive experiments validated that NAVIA
achieves superior predictive accuracy while reducing computational costs, mak-
ing test-time adaptation methods more practical for resource-constrained envi-
ronments.
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