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Abstract

Deep neural networks often suffer performance degradation
upon deployment due to distribution shifts. Continual Test-
Time Adaptation (CTTA) aims to address this issue in an
unsupervised manner. However, existing methods that rely
on self-supervision are prone to an inherent self-referential
feedback loop that amplifies initial prediction errors, leading
to model drift. We revisit this limitation and propose Test-
Time Distillation (TTD), which reframes adaptation as a dis-
tillation process guided by a frozen Vision-Language Model
(VLM) as an external signal. While promising, we find that
direct distillation is fraught with two pitfalls: (1) the Gener-
alist Trap, where the VLM’s broad but non-specialized knowl-
edge leads to suboptimal performance on specific tasks and
shifts; and (2) the Entropy Bias, where naive model fusion
techniques based on entropy fail due to the disparate cali-
bration of heterogeneous models. These pitfalls highlight the
need to build a robust supervisory signal and leverage it to
guide the target model toward stable adaptation. Hence, we
present CoDiRe, a Continual Distillation and Rectification
framework for TTD. CoDiRe first constructs a robust blended
teacher by dynamically fusing the predictions of the VLM
and the target model. Critically, it circumvents the Entropy
Bias by leveraging Maximum Softmax Probability (MSP) as
a more reliable confidence metric for weighting each model’s
expertise. Then applies an Optimal Transport-based rectifi-
cation to further align predictions with the blended teacher,
enabling continuous and stable adaptation. Extensive ex-
periments show that CoDiRe outperforms state-of-the-art
baselines, exceeding CoTTA by 10.55% with only 48% of its
time cost on ImageNet-C. Project page is publicly available
at https://github.com/walawalagoose/TTD.

1. Introduction

Deep neural networks (DNNs) [52] frequently encounter
deployment environments that deviate from their training
distributions, leading to degraded performance and reliabil-
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Figure 1. Comparison between TTA and TTD. (a) TTA updates
the source-pretrained target model solely based on the internal
signals with a self-supervised loss. (b) TTD introduces a VLM as a
teacher model to provide external signals during inference.

ity. Test-Time Adaptation (TTA) [23, 48, 55, 76] therefore
aims to align models to the target distribution on the fly,
without access to source data or offline fine-tuning. Among
these methods, Continual Test-Time Adaptation (CTTA) [56]
enables sequential adaptation across evolving distribution
shifts. The prevailing CTTA approach, from CoTTA [56] to
more recent continual variants [3, 37, 66], is rooted in self-
supervision. These methods rely exclusively on the model’s
own predictions as an internal signal to generate learning
targets, typically through self-distillation.

However, we argue that this reliance on a self-referential
signal constitutes a limitation. Under a significant domain
shift, the model’s initial predictions are inherently noisy and
unreliable. Employing such outputs as supervisory signals
creates a risky feedback loop: initial errors might be ampli-
fied rather than corrected, leading to gradual drift away from
the optimum. The core problem of CTTA is therefore not
merely adapting, but adapting reliably without reinforcing
its own biases. This motivates our central question: Can we
leverage external knowledge to construct a stable and robust
anchor signal that breaks this error accumulation cycle and
guides the model towards a reliable optimization direction?

To identify such an external anchor, we leverage the
vast open-world knowledge encapsulated by modern Vision-
Language Models (VLMs) [7, 21, 67], with CLIP [46] as
a representative exemplar. Pre-trained on web-scale image-
text pairs, CLIP develops a rich semantic understanding
that is orthogonal to the inductive biases of any single, task-
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specific classifier. Therefore, CLIP is independent of the
source training set and, crucially, is not influenced by the
target domain shift affecting the target model. This makes
CLIP an ideal candidate to serve as a signal source for adap-
tation. Therefore, we introduce a new paradigm, Test-Time
Distillation (TTD), which reframes adaptation as a distilla-
tion process guided by a frozen VLM teacher, shifting from
self-referential correction to external guidance.

Although CLIP provides an appealing source of exter-
nal supervision for stabilizing TTA, the central challenge
lies in transforming its broad, open-world knowledge into
a dependable and task-relevant signal for the target model.
Although direct distillation from CLIP appears promising in
principle, it often suffers from two critical pitfalls in practice:
(1) Generalist Trap: While CLIP possesses broad semantic
knowledge, its generalist nature makes it vulnerable under
domain shifts and thus not always effective. As shown in Fig-
ure 2(a), CLIP consistently underperforms supervised classi-
fiers with the same backbone on task-specific benchmarks,
and struggles when facing certain shifts like common corrup-
tions. Notably, scaling does not help much to bridge this gap.
On ImageNet-C, even CLIP ViT-L/14 (304M parameters,
more than 10× larger than RN50 with 23M) only achieves
about 10% performance gain over RN50 source-pretrained
on ImageNet, and still trails the source-pretrained ViT-B/16
(as illustrated in Section 5.2). Recent studies [72, 74] have
further revealed that scaling CLIP size is insufficient for reli-
able out-of-distribution (OOD) generalization. This suggests
that neither CLIP alone nor the target model alone offers
a sufficiently reliable supervisory signal. To escape this
pitfall, we aim to apply certain model fusion techniques to
integrate the knowledge from both models to form a more ro-
bust signal. (2) Entropy Bias: Determining a reliable fusion
technique introduces a new challenge. Recent works have
adopted entropy-based confidence [4, 25, 43, 51] as a proxy
for model expertise and thus as weights for model merg-
ing, feature fusion, or ensembling. However, as illustrated
in Figure 2(b), we find that heterogeneous models exhibit
distinct entropy landscapes due to architectural, calibration,
and training differences, making entropy inherently biased
toward models with globally lower entropy and leading to
skewed distillation targets. Hence, our core objective has
shifted to: how to build a robust supervisory signal from
an effective fusion technique, and leverage it as teacher to
guide the target model toward stable adaptation?

To this end, we propose CoDiRe, a Continual Distillation
and Rectification framework for CTTA, which combines
a frozen CLIP and the target model to construct a robust
teacher signal for TTD. CoDiRe comprises two components:
Distillation and Rectification. In Distillation, we interpolate
the logits of CLIP and the target model to ensemble a robust
blended teacher as a robust supervisory signal. It sidesteps
Entropy Bias by utilizing confidence score based on Maxi-

(a) Generalist Trap. 
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Figure 2. Two pitfalls of Test-Time Distillation. (a) Generalist
Trap. Under domain shift, CLIP underperforms a supervised clas-
sifier with the same backbone. (b) Entropy Bias. Heterogeneous
models exhibit inconsistent entropy distributions, inducing bias in
entropy-based confidence.

mum Softmax Probability (MSP), which proves to be a more
robust arbiter between heterogeneous models. This allows it
to intelligently fuse the target model and VLM predictions
into a high-quality signal. In Rectification, we further refine
the target model by deriving a rectification matrix using op-
timal transport (OT) [8, 54] to align predictive mass with
the target label geometry under constraints imposed by the
blended teacher. We validate CoDiRe across diverse CTTA
benchmarks and shift scenarios, demonstrating that it not
only surpasses various TTA baselines based on target model,
but also outperforms several variants based on CLIP. Our
contributions are summarized as follows:
• New Paradigm: We propose Test-Time Distillation, first

introducing a VLM as a distillation teacher into CTTA.
• Empirical Findings: We identify two practical pitfalls

under TTD paradigm: Generalist Trap and Entropy Bias.
• Novel Methodology: We develop a TTD method CoDiRe,

which constructs a more reliable blended teacher and miti-
gates the impacts of the aforementioned pitfalls.

• Extensive Experiments: We demonstrate substantial and
robust gains of our CoDiRe over state-of-the-art baselines
across CTTA benchmarks, surpassing CoTTA by 10.55%
while requiring only 48% of its time cost on ImageNet-C.

2. Related Works
Test-Time Adaptation. TTA mitigates performance degra-
dation on OOD data by fine-tuning a pretrained model during
inference using mini-batches in an online manner [40, 64].
Tent [55] first introduced the concept of Fully Test-Time
Adaptation, proposing entropy-based self-supervised opti-
mization, which was subsequently adopted by follow-up
work [5, 6, 11, 28, 41, 42, 68]. As the field has evolved, TTA
has been extended to diverse modalities and tasks, including
depth completion [44], action recognition [59], point cloud
understanding [22], and time-series anomaly detection [26].
Recent works [18, 24, 49, 71] further extend TTA to VLMs
for improved OOD generalization. Building on this founda-
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tion, CoTTA [56] introduced CTTA to handle continuously
shifting test distributions, mitigating catastrophic forgetting
via self-distillation with the source model as the teacher. Sub-
sequent methods [3, 66] further advanced this line of work;
however, whether employing entropy-based self-supervised
optimization or self-distillation using the source model as the
teacher, the supervisory signal is inherently internal, thereby
imposing an intrinsic performance ceiling. Instead, we pro-
pose the TTD paradigm, which employs CLIP as a teacher
to form a reliable and robust external signal.

Vision-Language Models (VLMs). VLMs learn joint
visual-textual representations that enable open-vocabulary
understanding and zero-shot transfer across diverse tasks.
Early methods, such as bottom-up top-down attention [2],
BAN [27], and MCAN [65], made notable progress on
vision-language benchmarks, while recent models includ-
ing BLIP [30], MiniGPT4 [77], and BERT-based architec-
tures [38] further advanced multimodal reasoning. Among
them, CLIP [46] popularized contrastive pretraining and
has shown strong performance across 3D [70], video [35],
and depth understanding [69]. In this work, we adopt
CLIP as the teacher model, given its broad recognition and
widespread use. However, CLIP can underperform on OOD
data [24, 49], and its performance can lag behind that of a
supervised classifier with the same backbone–a phenomenon
we term the Generalist Trap. This motivates our attempt at
constructing a more reliable teacher.

Knowledge Distillation. Knowledge distillation trains
lightweight student models under the supervision of large
pre-trained teachers, achieving notable success across tasks
such as visual recognition [19, 33, 61] and multimodal repre-
sentation learning [12, 32, 75]. To enable effective transfer,
diverse paradigms have emerged, including feature imita-
tion [58, 63], relational distillation [60, 62], and prompt
distillation [34, 57]. CLIPPING [45] introduces a hierarchi-
cal alignment strategy that promotes student-centric adap-
tation for efficient assimilation of teacher knowledge while
CLIP-KD [63] transfers knowledge by minimizing unimodal
feature discrepancies between student and teacher. However,
these works primarily focus on training a compact network
via offline distillation. In contrast, we propose TTD, wherein
the target model self-evolves within the test stream under
guidance from CLIP, integrating rich world knowledge while
preserving its own distributional sensitivity.

3. Pitfalls in Test-Time Distillation
We introduce TTD as a new paradigm, with CLIP as an

external signal to construct the distillation teacher objec-
tive. Nevertheless, we identify two pitfalls in practice: the
Generalist Trap precludes directly using CLIP as the distil-
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(a) Correlations between Entropy and Cross-Entropy.

(b) Correlations between MSP and Cross-Entropy.
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Figure 3. Correlations between different proxies and cross-
entropy. MSP-based confidence shows a substantially stronger
correlation than entropy-based confidence, indicating that MSP is a
more reliable proxy for cross-entropy.

lation target, motivating the construction of a more reliable
blended teacher; and the Entropy Bias invalidates entropy-
based confidence as a cross-model expertise measure for
fusion, thereby prompting the exploration for alternative
solutions as weights to fuse the two models.

Pitfall 1: Generalist Trap. TTD is proposed to address the
limitations of self-distillation in existing CTTA methods [3,
56, 66], where reliance on the internal signals to generate
learning targets constrains performance. A naive method is
to directly adopt the output of CLIP as the teacher signal,
but empirical evidence indicates this does not consistently
improve the target model due to the Generalist Trap:

Generalist Trap. Under domain shift, CLIP underper-
forms a supervised classifier with the same backbone.

As shown in Figure 2(a), on canonical domain general-
ization (PACS and OfficeHome) and synthetic corruption
(CIFAR-10-C and ImageNet-C) benchmarks, CLIP RN50
consistently underperforms an RN50 classifier trained on
the source domain. Moreover, CLIP particularly struggles
on certain shifts like common corruptions (e.g., noise, blur).
Even with a stronger backbone, CLIP ViT-B/16 remains
inferior to RN50 on the two corruption datasets.

To remedy this pitfall, two avenues exist: upgrading
the teacher model or constructing a more reliable distilla-
tion target. However, existing studies [72, 74] demonstrate
that: 1) Proprietary and public VLMs such as LLaVA [36],
BLIP-2 [31], and GPT-4-Turbo [1], despite often employing
CLIP [46] as the vision encoder and possessing substantially
more parameters, significantly underperform CLIP on stan-
dard image classification tasks; 2) Scaling up CLIP on OOD
datasets does not bring remarkable benefit and sometimes
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can even hurt. Therefore, we pursue the latter path of con-
structing a more reliable distillation target called blended
teacher. Inspired by Ensemble Learning [9, 14], we aim to
simply fuse the output logits of CLIP and the target model
to mitigate performance disparities.

Pitfall 2: Entropy Bias. The blended teacher is expected
to provide a stronger supervisory signal by integrating the
knowledge from the two models. Beyond merely averaging,
an intuitive idea is to assign higher weights to the model that
performs better on the current data. This requires a metric to
measure each model’s expertise. The cross-entropy (CE) be-
tween predictions and the ground truth naturally becomes an
oracle choice, since a lower CE indicates higher prediction
accuracy. However, it is impossible in the unsupervised TTA
setting as labels are unavailable. A common workaround
is to utilize some kinds of confidence measure as proxies
for CE, as is widely done with entropy in ensembling [51],
feature fusion [4, 78] and model merging [43]. However, our
experiments reveal an Entropy Bias in TTD:

Entropy Bias. Heterogeneous models exhibit incon-
sistent entropy distributions, inducing bias in entropy-
based confidence.

As illustrated in Figure 2(b), the peak of CLIP’s entropy
distribution shows a clear deviation from that of the target
model, causing entropy-based confidence to skew the fusion
results toward models with globally lower entropy. Tuning
the temperature parameter can adjust CLIP’s logit sharpness,
yet we avoid learning or hand-crafting a task-specific tem-
perature for every scenario. Instead, we seek a more reliable
metric in this setting with two properties: 1) effectiveness
(strong correlation with ground-truth model expertise); and
2) comparability (distributional consistency across heteroge-
neous models without pronounced shifts).

Through experiments, we identify Maximum Softmax
Probability (MSP) as a superior proxy for CE. In Figure 2(b),
MSP-based confidence substantially mitigates inter-model
confidence bias, providing a more faithful confidence metric
than entropy. Furthermore, in Figure 3, we demonstrate the
correlation plots between (MSP, CE) and (entropy, CE), fo-
cusing on cases where the target model and CLIP predictions
disagree. The results show that under prediction conflicts,
MSP-based confidence maintains a significantly higher cor-
relation with cross-entropy than entropy. Consequently, an
MSP-driven blended teacher better balances model predic-
tions, yielding a more robust distillation target. We further
provide a theoretical analysis motivated by an empirical
MSP-accuracy binning experiment in the Supplementary
Materials to show the effectiveness of this choice.

4. Methodology
The overview of our proposed CoDiRe is depicted in Fig-
ure 4. CoDiRe comprises two core components: Distilla-
tion (Section 4.2), which constructs a more reliable blended
teacher for distillation; and Rectification (Section 4.3), which
further refines the target model under constraints imposed
by the blended teacher. In addition, we incorporate a widely
adopted entropy loss and conduct a systematic study of reset
mechanisms in the CTTA setting (Section 4.4).

4.1. Preliminaries
Given a pretrained classifier f(·) with parameters θ0 trained
on source data (XS ,YS), we seek to enhance the perfor-
mance of this target model during inference for a continu-
ally evolving target domain in an online manner, aided by
a teacher model F(·), such as CLIP. Unlabeled data X T ,
comprising K classes from the target domain, arrive se-
quentially and asynchronously, and the model has access
only to the data available at the current time step. At time
step t, the model receives a mini-batch of unlabeled test
samples {x | x ∈ X T

t }, and the target model f(·) must
adapt its parameters for future inputs, i.e., θt → θt+1. The
distribution X T

t evolves continually over time. For a test
sample xi, the model produces logits zi, with post-softmax
probabilities pi = σ(zi), where σ(·) denotes the softmax
operator. Specifically, for xi, we denote ztar

i = f(xi) and
ztea
i = F(xi). We form the blended teacher via a linear

interpolation with weight λi:

zbt
i = λi · ztea

i + (1− λi) · ztar
i , (1)

and adopt pbt
i as the inference prediction output, where pbt

i =
σ(zbt

i ). To ensure balance and scale consistency, both logits
are independently normalized by subtracting its LogSumExp
(LSE) term and thus operate in the log-probability space.

4.2. Distillation
Section 3 shows that directly distilling from CLIP is subopti-
mal, and entropy-based interpolation of the target model and
CLIP predictions is likewise ineffective. Empirical evidence
indicates that MSP is a superior proxy for CE. To this end,
we construct the blended teacher via MSP-based confidence
and use the resulting distribution as the distillation target.
The MSP-based confidence weight λi is computed as:

λi =
exp(max(ptea

i ))

exp(max(ptea
i )) + exp(max(ptar

i ))
. (2)

We also explore other weighting schemes such as naive aver-
aging and entropy-based alternatives, detailed in Section 5.4.
The MSP-based blended teacher serves as a superior distil-
lation target compared to CLIP, effectively mitigating the
impacts of the pitfalls of the Generalist Trap and Entropy
Bias in TTD. Intuitively, higher-confidence blended teachers
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Figure 4. Overview of our proposed CoDiRe. CoDiRe introduces a VLM to provide external signals and consists of two components-
Distillation and Rectification-by constructing a reliable blended teacher to mitigate the effects of Generalist Trap and Entropy Bias.

should also exert greater influence. We therefore weight the
distillation loss by the teacher’s confidence. The distillation
loss LDistill is then computed as:

LDistill(xi) = − max(pbt
i )

K∑
c=1

pbt
ic log p

tar
ic . (3)

4.3. Rectification
To further refine the target model using the blended teacher,
we construct a rectification matrix. By imposing marginal
constraints on this matrix, we exert global control over
within-batch class assignments, thereby preventing collapse
or severe class imbalance (e.g., all samples being confidently
mapped to a single class). Concretely, we introduce an
optimal transport (OT) [8, 50, 54] step that reconciles the
target model’s predictions within each mini-batch, yielding
a rectified matrix prm

i . Using prm
i as refined supervision im-

proves the target model’s robustness at the mini-batch level.
The rectification preserves fidelity to the original similarities
ptar
i while enforcing global margin constraints, resulting in

smoothed, distribution-aligned soft scores. Formally, we
define the following OT problem:

max
P

tr(Prm⊤Ptar), (4)

where Ptar = (ptar
1 , ptar

2 , . . . , ptar
N ) ∈ RK×N with N the batch

size. The transport plan Prm ∈ RK×N is treated as the
rectified distribution, i.e., prm

i = Prm
i . The plan must satisfy

the marginal constraints:

P = {Prm | Prm1N = m, Prm⊤1K = uN}, (5)

where m denotes the mini-batch label marginal. We instan-
tiate m via pseudo-label voting over the three predictions,
namely pbt

i , ptar
i , and ptea

i , which serves as a reliable proxy for
the true label distribution. We relax the problem and solve it
efficiently with the Sinkhorn algorithm [8], which converges
to Prm within a few iterations.

Finally, we refine the target model using mutual informa-
tion between ptar

i and prm
i :

LRect(xi) = −MI(ptar
i ; prm

i ), (6)

where MI(·; ·) denotes the mutual information loss [20].

4.4. Overall Procedure of CoDiRe
In Section 4.2 and 4.3, we introduced LDistill and LRect. As
most TTA works do [5, 28, 41], we further incorporate a
widely adopted entropy loss to enable the target model to
update with the distribution of the current data stream:

LEnt(xi) =
Ei

exp(Ei − τEnt)
, (7)

where Ei = −
∑K

c=1 p
tar
ic log p

tar
ic , and τENT controls sensitiv-

ity to entropy. Therefore, the final loss function is:

Ltotal = LEnt + LDistill + LRect. (8)

Beyond the distillation mechanisms, we further address
catastrophic forgetting in CTTA by endowing the target
model with distribution-awareness. Prior work has explored
reset heuristics [37, 56]; for example, CoTTA randomly re-
sets a subset of parameters. In contrast, we neither reset all
parameters nor resort to random resets. Instead, we design
a distribution-aware layer-wise reset mechanism. Let the
target model have parameters θt at step t. Specifically, we
define an anchor θanchor, initialized as θ0 and updated every
s steps. We then introduce two displacement vectors [47]:

δt = θt − θt−1, (9)

δanchor
t = θt−1 − θanchor. (10)

A divergence between δt and δanchor
t indicates a domain

change. We quantify this via cosine similarity:

γ = cos(δt, δ
anchor
t ) =

⟨δt, δanchor
t ⟩

∥δt∥ · ∥δanchor
t ∥

. (11)

When γ < γ0, we regard this as a domain switch, with
γ0 serving as the reset threshold. We observe that deeper
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Table 1. Comparison results under corruption scenarios on CIFAR-10-C. Classification accuracy of the standard CIFAR-10 → CIFAR-
10-C online continual test-time adaptation task while continually adapting to different corruptions at the highest severity 5. The best and
second-best results are highlighted in bold and underlined, respectively.

CIFAR-10-C Venue Noise Blur Weather Digital Avg.RN50 gauss. shot impul. defoc. glass motion zoom snow frost fog brit. contr. elastic pixel jpeg
Time ——————————————————————————————————————————>

Source - 33.69 40.07 35.74 53.11 49.86 67.04 56.85 73.89 62.59 64.66 89.00 43.57 74.37 41.96 74.43 57.39
BN Adapt NIPS’20 62.43 64.33 57.30 84.48 59.46 82.02 83.25 76.87 74.30 79.29 87.24 83.33 71.72 73.41 71.10 74.03±0.05

Tent ICLR’21 64.70 70.66 66.39 86.66 66.20 85.09 86.37 82.10 81.57 83.29 90.15 85.03 78.90 81.40 79.19 79.18±0.11

MEMO NIPS’22 50.07 56.89 52.72 70.75 58.65 76.79 71.30 79.74 74.47 74.08 90.72 65.89 77.26 49.76 77.27 68.42±0.03

EATA ICML’22 62.36 64.34 57.31 84.49 59.46 82.02 83.25 76.87 74.31 79.29 87.24 83.33 71.71 73.43 71.11 74.03±0.05

SAR ICLR’23 63.73 68.82 63.33 85.65 64.34 83.20 85.35 79.91 79.09 81.42 88.75 83.93 77.00 79.40 77.75 77.44±0.07

DeYO ICLR’24 67.70 76.27 70.98 86.48 70.04 84.59 87.10 82.25 82.44 82.72 89.49 86.28 79.19 82.69 80.78 80.60±0.07

CoTTA CVPR’22 61.57 63.26 61.05 84.52 53.21 81.93 83.28 76.82 74.23 79.25 87.21 83.30 71.59 73.32 70.97 73.70±0.03

NOTE NIPS’22 55.11 68.63 55.80 34.33 56.29 69.34 78.37 72.35 78.81 64.58 86.97 73.04 63.46 50.32 70.17 65.17±0.07

RoTTA CVPR’23 54.09 53.76 50.24 76.77 53.15 76.76 80.39 71.82 61.30 73.48 84.82 43.55 64.42 72.48 73.94 66.06±0.50

SANTA TMLR’23 65.21 70.75 65.18 85.21 65.67 82.88 84.44 80.31 79.41 81.36 89.13 83.75 77.08 80.27 78.60 77.95±0.28

ViDA ICLR’24 62.53 64.71 57.95 84.67 60.57 82.42 83.85 77.79 75.77 80.17 87.89 83.50 73.56 75.39 73.38 74.94±0.08

CLIP ICML’21 65.39 66.64 76.02 75.75 48.18 78.16 79.08 81.92 84.68 76.14 90.40 80.47 64.74 76.93 71.32 74.39
Ours - 79.26 84.45 84.36 89.68 74.79 89.50 91.30 90.02 91.14 88.78 95.18 91.54 83.91 88.68 86.14 87.25±0.06

layers tend to capture domain-specific activation statistics
and are thus more susceptible to shift-induced drift, whereas
shallower layers encode domain-invariant structural cues
(e.g., shapes and edges). Accordingly, we selectively reset
only the deep, domain-specific last α% layers. Detailed
sensitivity analyses for the reset step size s, switch threshold
γ0, reset ratio α, and a more comprehensive discussion of
the reset mechanism are provided in Section 5.4.

5. Experiments
5.1. Experimental Setup
Our experiments are designed to address the following key
questions: RQ1: How does CoDiRe perform in compari-
son to existing methods across various real-world scenar-
ios? RQ2: What is the contribution of each component of
CoDiRe to its overall performance? RQ3: How do these
components and hyper-parameters work and what are their
advantages over other alternatives or baselines?

To address the above questions, we evaluate CoDiRe in
two distinct real-world scenarios: corruptions and domain
generalizations. As discussed before, all experiments are
conducted under the standard CTTA protocols. In the cor-
ruption scenarios, we conduct evaluations on CIFAR-10-C
and ImageNet-C [17], across 15 different corruption types
sequentially at the highest severity level 5. In the domain gen-
eralization scenarios, we use two widely adopted datasets:
OfficeHome [53] and PACS [29]. Here, we treat one do-
main as the source domain and concatenate the remaining
domains sequentially for continual adaptation. Across both
settings, we compare CoDiRe against a comprehensive set
of baselines, including: 1) TTA methods: BN Adapt [48],
Tent [55], MEMO [68], EATA [41], SAR [42], and DeYO
[28]; 2) CTTA methods: CoTTA [56], NOTE [15], RoTTA
[66], SANTA [3], ViDA [37], and DPCore [73].

Note that our method’s use of CLIP is similar to another
popular line of work, namely VLM-TTA, which aims to
adapt CLIP itself on OOD data during test time. Though

the objective and task differ from ours, we include these
methods for a comprehensive and fair comparison: 3) VLM-
TTA methods: TPT [49], TDA [24], BoostAdapter [71], and
ZERO [13]. Since there are no existing baselines under our
proposed TTD paradigm, we also design several 4) TTD
methods: Naive Ensemble (NE), BN Adapt w. NE, Tent w.
NE, and Distill. CLIP, as detailed in Section 5.2.

In implementation, we consistently adopt CLIP ViT-L/14
as the VLM teacher F(·). For the target model f(·), we
employ a ViT-B/16 [10] backbone architecture on ImageNet-
C, and ResNet-50 [16] on the other three datasets following
prior work [28]. For more information about experimental
details, please refer to the Supplementary Materials.

5.2. Main Results
Comparisons on Corruptions Scenarios. We first report
the comparisons on the two corruption datasets CIFAR-10-C
and ImageNet-C, as shown in Table 1 and 2, respectively.
As noted in Section 3, under domain shift, CLIP underper-
forms a supervised classifier with the same backbone. Even
CLIP ViT-L/14 lags behind a smaller ViT-B/16 trained on
ImageNet in terms of performance on ImageNet-C.

In contrast, CoDiRe, by constructing a more reliable
blended teacher as the distillation target, achieves the best
overall performance across both datasets. On CIFAR-10-
C and ImageNet-C, it not only surpasses CLIP’s zero-shot
capability but also outperforms state-of-the-art CTTA meth-
ods, achieving 87.25% and 60.69%, respectively. Notably,
CoDiRe keeps CLIP frozen, without requiring access to its
parameters, gradients, or architectural details. It can even
operate via a simple VLM API, rendering it highly practical
for real-world deployment.

Comparisons on Domain Generalization Scenarios. We
next evaluate CoDiRe in domain generalization scenarios
on OfficeHome and PACS, as shown in Table 3. Unlike
corruption scenarios where images are severely degraded,
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Table 2. Comparison results under corruption scenarios on ImageNet-C. Classification accuracy of the standard ImageNet → ImageNet-
C online continual test-time adaptation task while continually adapting to different corruptions at the highest severity 5. The best and
second-best results are highlighted in bold and underlined, respectively.

ImageNet-C Venue Noise Blur Weather Digital Avg.ViT-B/16 gauss. shot impul. defoc. glass motion zoom snow frost fog brit. contr. elastic pixel jpeg
Time ——————————————————————————————————————————>

Source - 35.06 33.68 36.92 32.46 23.04 36.78 30.56 21.40 27.54 52.84 62.60 50.26 31.68 53.58 57.28 39.05
Tent ICLR’21 42.31 48.90 52.67 42.41 36.65 50.99 44.75 48.97 54.74 65.37 74.75 61.08 45.43 64.92 66.70 53.38±0.10

MEMO NIPS’22 41.24 40.80 42.56 32.78 29.32 44.86 37.74 30.24 33.82 53.86 69.34 56.34 33.32 62.32 59.94 44.57±0.18

EATA ICML’22 47.93 55.20 57.23 49.21 49.27 55.49 53.18 59.45 62.47 65.27 76.71 57.82 57.09 67.63 67.07 58.73±0.19

SAR ICLR’23 41.81 48.97 53.16 43.69 38.15 51.29 45.08 48.23 54.93 64.56 75.48 59.76 45.85 64.37 66.54 53.46±0.08

DeYO ICLR’24 50.18 56.75 57.95 48.67 49.84 54.75 48.15 58.55 60.65 63.97 75.77 56.45 56.45 66.69 67.55 58.16±0.24

CoTTA CVPR’22 54.37 53.67 54.89 50.02 32.02 52.47 45.30 59.83 62.41 64.37 77.76 34.84 45.33 66.67 69.53 54.90±0.06

NOTE NIPS’22 54.05 53.45 54.11 50.15 33.22 52.25 45.08 60.27 62.49 65.63 77.77 36.30 44.95 67.80 68.97 55.10±0.22

RoTTA CVPR’23 53.98 54.02 55.31 49.19 35.31 54.69 48.45 62.87 65.08 64.54 77.77 38.08 50.17 68.35 70.29 56.54±0.40

SANTA TMLR’23 55.99 59.27 59.69 51.08 40.74 56.63 50.87 62.55 64.69 68.07 77.48 59.13 50.53 68.29 69.36 59.62±0.62

ViDA ICLR’24 54.55 56.05 57.65 50.18 34.78 54.69 46.92 61.55 63.25 64.61 77.70 36.79 49.81 69.26 70.49 56.55±0.61

DPCore ICML’25 51.15 53.25 53.25 40.06 41.36 53.95 47.21 58.91 55.35 53.97 75.37 51.49 51.39 67.35 63.54 54.51±1.02

CLIP ICML’21 22.94 23.20 24.06 31.50 19.80 35.84 33.58 45.00 39.34 47.26 62.88 34.54 25.74 50.68 42.02 35.89
Ours - 54.43 57.64 57.43 53.09 50.11 57.51 55.54 62.91 62.76 66.73 77.57 58.65 56.03 70.02 69.91 60.69±0.19

Table 3. Comparison results under domain generalization scenarios on OfficeHome and PACS. Classification accuracy of the standard
OfficeHome-Art/PACS-Art → the rest domains online continual test-time adaptation task while continually adapting to different domains.
The best and second-best results are highlighted in bold and underlined, respectively.

Source Target Source BN Adapt Tent MEMO EATA SAR DeYO CoTTA NOTE RoTTA SANTA ViDA CLIP Ours
— NIPS’20 ICLR’21 NIPS’22 ICML’22 ICLR’23 ICLR’24 CVPR’22 NIPS’22 CVPR’23 TMLR’23 ICLR’24 ICML’21 -

OfficeHome
Art

Clipart 47.93 46.97 47.36 48.24 47.51 47.29 48.17 40.84 49.47 48.94 48.37 48.19 67.67 70.98
Product 65.78 61.05 61.25 65.01 61.28 61.12 60.27 44.01 64.59 63.37 62.70 62.53 84.73 85.39

Real 73.24 70.13 69.76 72.76 69.83 69.80 67.95 60.76 71.10 71.99 71.18 71.29 83.70 84.77
Avg. 62.32 59.39±0.29 59.46±0.18 62.00±0.04 59.54±0.18 59.40±0.22 58.80±0.13 48.54±0.13 61.72±0.03 61.43±0.14 60.75±0.17 60.67±0.10 78.70 80.38±0.04

PACS
Art

Cartoon 66.04 74.80 74.97 69.78 74.80 74.93 75.68 75.41 68.87 73.04 74.97 74.79 99.53 99.73
Photo 97.84 96.83 96.89 98.20 96.83 96.79 97.09 97.07 97.45 93.73 96.89 96.81 99.88 99.84
Sketch 57.32 69.32 70.73 60.84 69.32 69.72 71.67 74.15 65.65 71.80 71.43 69.48 95.24 95.41
Avg. 73.73 80.32±0.18 80.86±0.11 76.27±0.08 80.32±0.18 80.48±0.15 81.48±0.25 82.21±0.16 77.32±0.11 79.52±0.10 81.10±0.15 80.36±0.18 98.22 98.33±0.01

Table 4. Comparison results with VLM-TTA and TTD base-
lines. Average classification accuracy of the standard CTTA task on
CIFAR-10-C, ImageNet-C, OfficeHome and PACS, with the same
setting as Table 1, Table 2 and Table 3. The best and second-best
results are highlighted in bold and underlined, respectively.

Method Venue CIFAR-10-C ImageNet-C OfficeHome PACS Avg.
CLIP ICML’ 21 74.39 35.89 78.70 98.22 71.80
TPT NIPS’ 22 73.52±0.02 36.24±0.05 79.07±0.01 98.32±0.01 71.79
TDA CVPR’ 24 75.61±0.15 37.55±0.32 79.75±0.21 98.13±0.07 72.76

BoostAdapter NIPS’ 24 75.80±0.17 38.14±0.17 80.25±0.12 98.18±0.06 73.09
ZERO NIPS’ 24 77.89±0.04 17.43±0.17 79.46±0.10 97.66±0.05 68.11

Naive Ensemble - 76.90±0.00 47.95±0.27 79.89±0.00 96.29±0.00 75.26
BN Adapt w. NE - 84.56±0.02 47.95±0.27 80.23±0.08 97.55±0.06 77.57

Tent w. NE - 86.29±0.03 56.58±0.24 80.25±0.08 97.57±0.08 80.17
Distil. CLIP - 77.52±0.05 48.29±0.13 61.02±0.12 78.34±0.35 66.29

Ours - 87.25±0.06 60.69±0.19 80.38±0.07 98.33±0.06 81.66

shifts here arise from stylistic or contextual variations across
domains (e.g., cartoons and sketches). Thus, CLIP exhibits
robust performance in such scenarios, which greatly bene-
fits from large-scale pre-training on diverse web imagery.
Consistent with this, only a zero-shot CLIP could signifi-
cantly outperform all the TTA/CTTA baselines. Nonetheless,
CoDiRe still establishes excellent performance across both
datasets. These results highlight CoDiRe’s ability to balance
the complementary strengths of the task-specific knowledge
from the target model and the open-world knowledge from
CLIP. It remains effective across diverse shift types, from
low-level corruptions to high-level domain variation.

Comparisons with VLM-TTA and TTD baselines. A
substantial body of work focuses on directly enhancing
CLIP’s generalization ability during inference, collectively

referred to as VLM-TTA. However, recent evidence [39]
indicates that these methods perform poorly on corruption
benchmarks such as CIFAR-10-C and ImageNet-C. In con-
trast, CoDiRe, equipped with the target model, still achieves
state-of-the-art performance on both corruption and domain
generalization datasets, as shown in Table 4. This demon-
strates that CoDiRe not only improves the target model, but
also benefits CLIP itself at test-time.

Moreover, we evaluate several naive TTD baselines. A
straightforward average interpolation yields a simple pre-
diction pens

i , where pens
i = σ(zesn

i ), zesn
i = 1

2 (z
tar
i + ztea

i ),
which we term Naive Ensemble (NE). We further compare
BN Adapt and Tent with NE, and evaluate the performance
when directly using CLIP logits as the distillation target. The
results in Table 4 show that CoDiRe surpasses these naive
approaches by constructing a more effective blended teacher,
thereby achieving the best performance. The poor results of
Distill. CLIP further validates our Generalist Trap pitfall.

5.3. Ablation Study
We conduct an ablation study to assess the contributions of
the three loss terms and the distribution-aware reset mecha-
nism. Table 5 reports the results on two corruption bench-
marks. Notably, even without any gradient backpropaga-
tion, the blended teacher already outperforms both the target
model and CLIP. Building on this, incorporating each com-
ponent yields additional gains: LEnt enhances prediction
confidence, LDistill distills the rich knowledge from blended
teacher, LRect further rectifies the target model, and our reset
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Table 5. Ablation study on two corruption datasets. Average
classification accuracy of the standard CTTA task on CIFAR-10-C
and ImageNet-C, with the same setting as Table 1 and Table 2. The
best and second-best results are highlighted in bold and underlined.

Components CIFAR-10-C ImageNet-C Avg.LDistill LRect LEnt reset

(1) BT 84.46±0.02 48.05±0.15 66.26
(2) ✓ ✓ ✓ 86.71±0.02 59.30±0.05 73.01
(3) ✓ ✓ 87.02±0.07 59.82±0.21 73.42
(4) ✓ ✓ ✓ 87.12±0.06 60.30±0.14 73.71
(5) ✓ ✓ ✓ 87.11±0.08 60.15±0.12 73.63
(6) ✓ ✓ ✓ 86.71±0.08 60.41±0.86 73.56
(7) Ours ✓ ✓ ✓ ✓ 87.25±0.06 60.69±0.19 73.97

(a) Reset Threshold. (b) Step Size for Anchor Update.
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Figure 5. Hyper-parameters of Reset Mechanisms. (a) Hy-
perparameter study of the reset threshold γ0 on CIFAR-10-C. (b)
Hyperparameter study of the step size s for updating the anchor
θanchor on CIFAR-10-C and ImageNet-C.

mechanism alleviates catastrophic forgetting during CTTA.

5.4. Discussions
Hyper-parameters. We conduct a sensitivity experiment
on the hyper-parameters γ0 and s introduced in our reset
mechanisms. As illustrated in Figure 5, CoDiRe exhibits
strong robustness to both hyper-parameters: performance
remains stable across wide intervals, with only minor fluctu-
ations at extreme values.

Reset Strategies. We also investigate various reset strate-
gies for the target model, including resetting shallow layers,
deep layers, randomly selected layers, and layers with max-
imum drift, along with no reset and full reset as baselines.
As shown in Figure 6(a), selectively resetting deep layers
consistently delivers the strongest performance across a wide
range of reset percentages α. This corroborates our prior
observation that deep layers are more prone to accumulating
detrimental domain-specific drift due to their role in model-
ing higher-level activation statistics and semantic features.
In contrast, most alternatives underperform even compared
with no reset, as they disrupt beneficial adaptation or inter-
fere with learning of domain-invariant features. Resetting
based on maximum shifts is also suboptimal, likely due to
heterogeneous learning dynamics and feature distributions
across layers. Overall, these results underscore the impor-
tance of strategic, layer-aware resetting for robust CTTA.

Fusion Weights. We explore different fusion schemes λ
in Equation 2 to combine the logits of the two models. Be-
yond simple averaging, we adopt dynamic weighting based
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Figure 6. Discussions of CoDiRe. (a) Effect of reset strategies
under varying percentages α. (b) Effect of different fusion weights.

on batch-wise and sample-wise entropy, alongside our pro-
posed MSP-based approach. Figure 6(b) reports results on
ImageNet-C. Direct averaging is a surprisingly strong and
straightforward baseline; however, our dynamic MSP-based
weighting is overall more robust than fixed averaging. In
contrast, entropy-based weights exhibit limited effectiveness
and can sometimes cause severe performance degradations,
consistent with our Entropy Bias pitfall.

Table 6. Efficiency analysis on ImageNet-C. All methods are
evaluated on a single NVIDIA Tesla V100 GPU.

Method Source Tent CoTTA CLIP Ours

Memory (GiB) ↓ 1.68 6.62 18.41 4.24 8.18
Testing Time (min) ↓ 4.23 13.43 36.62 10.14 17.86
Avg Acc. ↑ 39.05 53.38 54.90 35.89 60.69

Efficiency Analysis. Introducing CLIP as the teacher
model inevitably incurs additional overhead. To quantify this,
we report the time and memory consumption on ImageNet-
C in Table 6. Since CoDiRe keeps CLIP frozen, its extra
memory overhead is less than only 15% of Tent’s; and the
computational cost amounts to only one additional CLIP
forward pass, increasing overall latency by merely about
30%. In contrast, CoTTA retains the source, teacher and
student model simultaneously, and applies computationally
heavy augmentations to maintain robustness, which harms
both space and time efficiency. These results also suggest
that TTD is a promising, efficient research paradigm.

6. Conclusion
In this work, we proposed Test-Time Distillation (TTD), a
new paradigm for Continual Test-Time Adaptation (CTTA)
that utilizes a frozen Vision-Language Model as an external
signal to mitigate the error accumulation common in self-
supervised methods. From comprehensive empirical studies,
we identify two critical pitfalls in the practice of TTD: Gener-
alist Trap and Entropy Bias. Our proposed method, CoDiRe,
addresses these pitfalls by first constructing a robust blended
teacher using a more reliable confidence metric based on
Maximum Softmax Probability for distillation. It then fur-
ther refines the target model’s predictions with an Optimal
Transport-based rectification step guided by the blended
teacher. Extensive experiments show that CoDiRe achieves
SoTA performance on standard CTTA benchmarks.
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