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Abstract

Online test-time adaptation (OTTA) of vision-language
models (VLMs) has recently garnered increased attention to
take advantage of data observed along a stream to improve
future predictions. Unfortunately, existing methods rely on
dataset-specific hyper-parameters and incomplete evalua-
tion protocols, limiting their generalization to new tasks.
Thus, we propose Online Gaussian Adaptation (OGA), a
novel method that models the likelihoods of visual fea-
tures using Gaussian distributions and incorporates zero-
shot priors into a concise Maximum A Posteriori (MAP)
estimation framework with fixed hyper-parameters across
all datasets. To further extend OTTA methods deployment
capabilities, we show that combining OTTA with popular
few-shot techniques—a practical yet overlooked setting in
prior research—is highly beneficial. Besides, our experi-
mental study reveals that common OTTA evaluation proto-
cols, which average performance over at most three runs
per dataset, are inadequate due to the substantial variabil-
ity observed across runs. Hence, we advocate for more rig-
orous evaluation practices, including increasing the num-
ber of runs and considering additional quantitative met-
rics, such as our proposed Expected Tail Accuracy (ETA),
calculated as the average accuracy in the worst 10% of
runs. We hope these contributions will encourage more rig-
orous evaluation practices in the OTTA community, which
we believe to be an essential step for real-world deploy-
ment in multimodal applications. Code is available at
https://github.com/cfuchs2023/OGA.

1. Introduction
Vision-Language alignment has emerged as a powerful
paradigm for pretraining models capable of handling a wide
variety of downstream tasks with little or no labeled data.
Contrastive methods such as CLIP [23] learn transferable
visual representations by jointly optimizing a visual en-
coder and a textual encoder to align the representations of
paired images and captions. This enables the creation of
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Figure 1. The presented results are averaged over 100 runs. We
propose the Expected Tail Accuracy (ETA), i.e., the average over
the 10% worst runs, in solid red line. Our method named OGA
not only significantly outperforms competitors on average but also
has an ETA exceeding their average accuracy on several datasets
(e.g., ImageNet and Pets). See Table 1 for more detailed results.

an image classifier without retraining the model, using tex-
tual descriptions of the classes. The classification proce-
dure then relies simply on measuring the similarities be-
tween the textual features and those of the images, enabling
zero-shot predictions. This has resulted in impressive zero-
shot performance, as demonstrated on widely recognized
supervised learning benchmarks such as ImageNet [3]. This
success has motivated the investigation of methods to adapt
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vision-language models (VLMs) to unseen tasks, circum-
venting the need for training a model anew, either through
prompt optimization [12, 13, 36, 37], low-rank adaptation
[30], or adapters in the embedding space [29, 34]. These lat-
ter methods are of particular interest as they do not require
access to the model weights—so-called black-box meth-
ods [21]—making them suitable for API-based applications
when few labeled shots are available.

Subsequently, the test-time adaptation (TTA) paradigm,
where no labels are available, has attracted significant atten-
tion in the Vision-Language community, aiming at exploit-
ing unlabeled data to further improve these performances.
Notably, TTA has been deployed through methods which
require encoding a large number of augmented views for
each image [24, 31] or rely on transductive settings that
demand relatively large data batches to discover patterns
among instances [10, 19, 32]. These limitations can be over-
come when TTA is cast in an online setting, where data ar-
rives in batches as small as one with the possibility of retain-
ing information from one batch to the next ones. Very recent
works, such as TDA [11] and DMN [35], utilize cache mod-
els that are iteratively updated with incoming data. How-
ever, their performance depends on some dataset-specific
hyper-parameters in their intricate prediction rule that are
adjusted specifically for their experiments. This observa-
tion is not new and was recently highlighted in a study [25]
on related cache-based methods [34] in the few-shot setting.
To mitigate this important practical deployment issue, we
propose Online Gaussian Adaptation (OGA) which models
the likelihoods of observed visual features with multivariate
Gaussian distributions and combines them with the zero-
shot priors, yielding a principled Maximum A Posteriori
(MAP) prediction rule (with no need for hyper-parameter
tuning). Our approach achieves superior performances, as
depicted in Figure 1 and Table 1.

Additionally, our study reveals that, despite their grow-
ing popularity, online test-time adaptation (OTTA) meth-
ods for VLMs lack rigorous evaluation frameworks. For
instance, TDA [11] and DMN [35] evaluate performance
using at most three random seeds, even though Figure 1
and Table 1 demonstrate significant variance in measured
accuracy across random runs. We propose increasing the
number of runs to mitigate variability in comparisons aris-
ing from the stochastic nature of data stream generation.
Furthermore, we argue that the average accuracy metric is
insufficient to accurately compare methods, as it fails to ac-
count for tail risk, where methods may exhibit much worse
accuracies for a small proportion of runs. This behavior
could render a method undesirable in practice. Thus, we
recommend reporting an additional metric, which we term
Expected Tail Accuracy (ETA). ETA represents the average
accuracy below the lower 10th-percentile, capturing perfor-
mance in worst-case scenarios.

Contributions. We summarize our contributions as fol-
lows:
• We propose Online Gaussian Adaptation (OGA), an

OTTA method that models the likelihoods of observed
visual features with multivariate Gaussian distributions
and combines them with zero-shot priors into an elegant
Maximum A Posteriori (MAP) prediction rule with fixed
hyper-parameters across all datasets. Our method deliv-
ers strong performance, fits in the blackbox framework
and is computationally efficient, as it does not require
backpropagation.

• Similar to previous works, we report performances of
OTTA methods when applied to zero-shot VLMs. OGA
outperforms state-of-the-art methods on most datasets
and runs. Additionally, we compare methods atop pop-
ular few-shot methods, a very convenient way to combine
offline few-shot learning with efficient online adaptation
which has been overlooked so far in OTTA.

• Finally, we advocate for more rigorous evaluation proce-
dures in this domain, emphasizing the need for multiple
runs to account for variability and introducing Expected
Tail Accuracy (ETA) as a metric to assess performance in
worst-case scenarios.

2. Related work
Fine-tuning of VLMs. One main design choice that dif-
ferentiates fine-tuning methods is the set of parameters
they tune, from input textual tokens [9, 17, 24, 36], hid-
den layers [30], additional parameters at the output of
the text or vision encoder [5, 29], to adapters as mem-
ory banks [11, 34, 35]. Others operate directly in the
embedding space, for example with a mode-seeking algo-
rithm [31]. One notable group of such methods, sometimes
called black-box methods in the literature [21, 31], is un-
doubtedly cache-based methods. These methods stem from
the initial work of Tip-Adapter [34], which explicitly com-
bines logits from zero-shot prediction with similarity scores
derived from a memory bank. Other notable advances in
black-box methods include the recent successes of Gaus-
sian modeling in few-shot learning [27], transductive set-
tings [14, 32, 33] or human-in-the-loop frameworks [7]. In-
spired by these recent developments in related fields, we
propose to refine class representations by modeling the like-
lihoods of observed visual features with multivariate Gaus-
sian distributions. We then use the resulting posterior prob-
abilities obtained from these likelihoods and the zero-shot
priors to yield a principled Maximum A Posteriori (MAP)
prediction rule that is mathematically sound.

Test-Time Adaptation of VLMs. The major distinction
between current TTA methods lies in how they process the
incoming data. One group of methods operates on a sin-
gle image with data augmentations at test time, such as
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TPT [24] which relies on prompt optimization for each in-
dividual image. MTA [31] avoids prompt tuning and op-
timizes a mean-shift-inspired objective function. However,
these methods substantially increase computational require-
ments. In transductive learning, another branch of unsu-
pervised learning, VLMs are directly adapted to the testing
data. For example, EM-Dirichlet [19] optimizes a maxi-
mum likelihood estimator of a Dirichlet distribution directly
in the prediction space. ZLaP [10] proposes propagating
zero-shot labels based on a similarity graph of the represen-
tation of each instance. TransCLIP [14, 32, 33] suggests
adding a text-based regularization derived from a Kullback-
Leibler divergence term in an expectation-maximization-
like objective function. One major drawback of these meth-
ods is that they rely on relatively large batch sizes, and re-
quire multiple samples of the same class within a batch to
effectively leverage relationships between instances.

Online Test-Time Adaptation of VLMs. OTTA ap-
proaches treat incoming data as a stream, retaining infor-
mation from one batch to the next ones. A nascent work
is [17], although it does not fit in the blackbox framework
and uses a computationally expensive strategy combining
prompt tuning and augmentations. More recent works pro-
vide a highly efficient solution to these issues by maintain-
ing a small cache of selected samples to iteratively improve
a prediction rule. TDA [11] and DMN [35] both use a simi-
lar minimal-entropy filtering strategy to fill their cache and
a prediction rule directly inspired by Tip-Adapter. However,
these methods rely on hyper-parameters that are difficult to
tune for each new benchmark. In contrast, our approach
is practical, using just one hyper-parameter fixed accross
backbones and datasets to weight the learned likelihoods
obtained from the Gaussian models.

3. Preliminaries
To understand recent adaptation methods for vision-
language models (VLMs), we start by defining the core
components of the classification pipeline. At its founda-
tion, a VLM encodes both images and textual descriptions
into a shared embedding space, enabling comparison and
alignment. These descriptions are tokenized into textual in-
puts ck, where 1 < k ≤ K (K the number of classes),
which are then transformed by the textual encoder into nor-
malized embeddings tk on the unit-hypersphere. The image
xi, where i = 1, . . . , N , is processed by the visual encoder
to produce embeddings fi ∈ Rd, where d is the dimension
of the embedding space. These embeddings are also nor-
malized to lie on the unit-hypersphere, facilitating direct
comparison between images and class descriptions. With
this shared embedding space, the cosine similarity between
textual and visual representations f⊤i tk forms the basis for
classification tasks.

Zero-shot prediction. Deploying VLMs in a zero-shot
setting is one of the simplest and most direct ways to per-
form downstream tasks, leveraging the pre-training process
described in [23]. To classify an image, the similarity be-
tween the image embedding and each class embedding is
measured using cosine similarity, producing logit scores

li,k = f⊤i tk. (1)

These logits can be transformed into probabilistic predic-
tions through a softmax function, which computes the pos-
terior probability of class k given the test image xi

yi,k =
exp(li,k/τ)∑K
j exp(li,j/τ)

(2)

where τ is the softmax temperature parameter that controls
the sharpness of the probability distribution. The image xi

can then be classified by selecting the class with the highest
posterior probability: k̂ = argmaxk yi,k.

Few-shot adaptation. When few shots are available, they
can be used to learn richer representations of the classes
in the textual embedding space. This is done either (i) by
fine-tuning the input prompts (so as to minimize the cross-
entropy loss computed on the few available shots), as in
prompt-tuning methods like CoOp [36]; or (ii) by updating
a set of additional parameters called adapters [34] typically
directly at the output of the model such as TaskRes [29].
Respectively, we have:

cCoOp
k = (v1

k, . . . ,v
M
k , [classk]); tTaskRes

k = tk + αbk

(3)
where (vl

k)1≤l≤M are trainable text tokens, [classk] is the
fixed class tokens, bk class-wise learnable parameters, and
α a scaling hyper-parameter. Observe that prompt tuning
incur heavy computational load for fine-tuning and might
be hard to optimize, since every gradient update of the text
input requires back-propagating through the entire model1.
Note that our method is orthogonal to those advances in
the few-shot learning community, in fact we show that our
proposed OGA and other OTTA methods can be applied
atop of them (see Table 4 with CoOp and TaskRes), offer-
ing a very convenient approach where few-shot supervised
learning is done offline (potentially with heavy computa-
tion) with further adaptation done online using an efficient
OTTA method.

Cache model. One of the first works to use a cache for
VLMs adaptation is Tip-Adapter [34], which stores few-
shot samples. In its training-free version, it directly utilizes

1We refer to the runtime studies of [11, 31].
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the cache for final predictions by combining zero-shot sim-
ilarities with cache similarities to compute adapted logits,

li,k = fTi tk + α
∑
m

exp(−β(1− fTi f (k)m )) (4)

with f
(k)
m ∈ Rd the mth sample held in the cache for the kth

class , α and β being hyper-parameters. This formula was
later used in an online setting by TDA [11]. Note that, un-
like Tip-Adapter, TDA relies on pseudo-labels rather than
ground truth labels, as it focuses on zero-shot adaptation.
A major drawback of these Tip-Adapter-based methods is
their dependence on dataset-specific hyper-parameters (α
and β) that are carefully tuned for each downstream task
[25]. This is is done via intensive searches over validation
sets, requiring additional labeled samples which reduces
their portability to new tasks. Our approach tackles this lim-
itation by relying on a single hyper-parameter, fixed across
backbones and datasets, as explained in the next section.

4. Online Gaussian Adaptation
This section introduces our proposal to improve the zero-
shot capabilities of a pre-trained VLM, based on a set of
samples whose classes are predicted with high confidence.
In an online setting, those samples are continuously col-
lected along the stream, to fill in and then update a cache
memory. In practice, we select the samples with the small-
est zero-shot prediction entropy, i.e. those reliably la-
beled by the zero-shot classifier. The selected samples are
then used to estimate a model of the image features class-
conditional likelihoods as multivariate Gaussian distribu-
tions. The likelihoods are subsequently combined with the
zero-shot prediction, considered as a prior, to estimate the
class posterior for a new sample, using a prediction rule de-
rived from Bayes formula. The main steps involved in this
process—namely class posterior estimation, Gaussian pa-
rameters estimation, and online selection of reliable sam-
ples—are detailed below.

Gaussian modeling. Modeling the normalized visual fea-
tures with a single multivariate Gaussian for each class has
been proven effective both for zero-shot and few-shot adap-
tation of VLMs [7, 14, 27, 32, 33]. We adopt this framework
to model the image feature likelihoods conditioned on the
class, while presenting additional motivation in Supplemen-
tary Material Section E. Hence, for the feature fi associated
to image i, we have pi,k = p(fi|ci = k) = p(fi|µk,Σ, k),
following a multivariate normal distributions with shared
covariance Σ. Formally,

pi,k ∝ exp

(
−1

2
(fi − µk)

TP (Σ)(fi − µk)

)
(5)

where P (Σ) is an estimator of the precision matrix Σ−1.

Pseudo-Bayesian adaptation rule. Our proposed adap-
tation rule is derived from the class posterior probabilities
given by the Bayes rule. This posterior reads as

p(ci = k|fi) =
pi,k · p(ci = k)

p(fi)
=

pi,k · p(ci = k)∑K
l=1 pi,l · p(ci = l)

.

(6)
In absence of prior knowledge about class probability, the
prior p(ci = k) is generally chosen as 1/K to model the
features distribution as a balanced mixture of multivariate
normals. However, in the case of VLMs, we propose to
leverage the knowledge obtained from the zero-shot predic-
tions by using the soft labels yi,k as priors, which yields

p(ci = k|fi) =
pi,k · yi,k∑K
l=1 pi,l · yi,l

. (7)

Interestingly, one could remark that Eq. (7) yields a Maxi-
mum A Posteriori (MAP) estimator for each of the sample.
To better control the degree to which the initial zero-shot
prediction is modified by the Gaussian likelihoods, we in-
troduce an hyper-parameter ν

p(ci = k|fi) =
pνi,k · yi,k∑K
l=1 p

ν
i,l · yi,l

. (8)

We use the same fixed value of ν = 0.05 across all datasets
and backbones, and investigate its impact in our ablation
study (see Figure 3).

Gaussian parameters update. Whenever the cache
memory is updated, we also update the Gaussian parame-
ters. First, the centroids µk are updated as the mean of the
cached samples for the kth class. Then, the shared covari-
ance matrix is updated using the cached samples as

Σ =
1

n− 1

K∑
k=1

∑
m

(f (k)m − µk)(f
(k)
m − µk)

T (9)

where n is the total number of samples in the cache and f
(k)
m

the mth cached sample for class k. Note that since we store
a relatively low (typically at most 8) number of samples per
class, the total number of samples used for estimating Σ can
be lower or on the same order of magnitude as the embed-
ding space dimension d. Therefore, in the case where we
have less than 4d samples in our cache, we use the Bayes-
Ridge estimator of [16] which reads as

P = d(ntΣ+ tr(Σ)Id)
−1. (10)

When more than 4d samples are in the cache, we revert to
using the inverse of Σ as P (Σ). More details are provided
in the ablation study in Table 7.
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Online selection of samples. Similarly to [11], the sam-
ples are selected to fill in the cache according to their zero-
shot entropy. More specifically, we compute the zero-shot
Shannon entropy for a single sample from its zero-shot soft
labels as ei = −

∑K
k=1 log(yi,k)yi,k. If the sample’s en-

tropy is lower than that of at least one cached sample for the
class matching its pseudo-label, we replace the cached sam-
ple with the highest entropy with this new one. This process
builds a low-entropy cache for each class as the model en-
counters new data.

5. Experimental setting

Datasets. We follow the settings of previous works [36]
and use ImageNet [3] as well as 10 other datasets: SUN397
[28] for classification of scenes, Aircraft [18] for aircraft
types, EuroSAT [8] for satellite imagery, StanfordCars [15]
for cars models, Food101[1] for food items, Pets [22] for
pet types, Flower102 [20] for flowers species, Caltech101
[4] for a variety of general objects, DTD [2] for textures
types and UCF101 [26] for actions recognition.

Backbones. We use CLIP with a ViT-B/16 visual archi-
tecture for most results presented in the main paper, and
provide results with 4 other backbones in Table 2 and Ta-
bles 10, 11, 12, 13 (Supplementary Material).

Data stream generation. We generate i.i.d. data streams
from the test set of each dataset, and then run the methods
on the full stream with batch size 32. For each dataset, the
methods are compared on the same 100 runs. In our ablation
study, we provide further results for our approach for batch
sizes 1, 64 and 128 in Table 8.

Competitors. We compare our approach to two recent
state-of-the-art works in OTTA, namely TDA (CVPR
’24) [11] and DMN (CVPR ’24) [35]. For the sake of fair-
ness, we use the same total cache size of 8K samples for ev-
ery methods, where K is the number of classes. For TDA,
the positive cache has size 5 while the negative cache is set
to size 3 for each class.

Data augmentations. We note that our competitors use
many computationally expensive augmentations in some
settings. Since we do not propose to include such costly
computations, we also do not use augmentations when run-
ning our competitors methods, so that we can compare per-
formance at similar computational cost. Note that we also
report the results of a non-online TTA method, MTA [31],
which relies on several augmentations of each image for in-
formational purpose.

Prompts. First, we show results when applied on top of
the zero-shot model with (i) handcrafted prompts (provided
in Table 9a (Supplementary Material)) and (ii) an ensem-
ble of prompts (provided in Table 9b (Supplementary Ma-
terial)). Then, we compare the methods when run on top
of few-shot adapted models with (i) prompt-tuning method
CoOp [36] and (ii) adapter method TaskRes [29]. This com-
prehensive benchmarking highlights the broad applicability
of OTTA methods and more specifically OGA across di-
verse scenarios. We aim to inspire other works to adopt
a similar broad benchmarking methodology in future re-
search.

Hyper-parameters. Our approach is dependent on a
hyper-parameter ν (see Eq. (8)). We use the same fixed
value ν = 0.05 across all datasets, backbones and batch
sizes and investigate its impact in Section 7.

Evaluation metrics. We report the average accuracy
across 100 runs to mitigate variability in comparison due to
the stochastic effects of data streams generation, which was
not done in previous studies [11, 35] despite variability in
results as demonstrated in Figure 1 and Table 1a. Moreover,
we argue that the latter metric is not sufficient to accurately
compare methods and is not robust to tail risk, where meth-
ods could show much worse accuracies for a small propor-
tion of runs. The latter could make a method undesirable
in practice. Therefore, we introduce a metric which we call
Expected Tail Accuracy (ETA) and is the average of accura-
cies in the 10% worst cases, i.e.,

ETA =
10

Nruns

Nruns∑
r=1

acc(r) × 1(acc(r) ≤ acc0.1) (11)

where acc(r) is the accuracy of run r and acc0.1 the accuracy
such that 10% of the runs fall below, and report this addi-
tional metric. Note that our approach does not contain any
design choice for specifically mitigating these worst case
accuracies and we just advocate for better performance re-
porting practices.

6. Results and discussion
Atop zero-shot. Table 1a shows that OGA performs bet-
ter than OTTA competitors on 9 out of 11 datasets on av-
erage over 100 runs. For the two remaining datasets, our
method still places second best. Note that each method is
tested using the same 100 runs for each dataset, and that
we use the same fixed hyper-parameters for all datasets.
Overall, this proves the effectiveness of our approach. Now
we analyse the results to the light of our proposed metric
ETA. Notice in Tables 1a and 1b that on several datasets
(ImageNet, SUN397, StanfordCars, Pets), the ETA of our
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Table 1. All methods are tested on the same 100 runs for each datasets with the same handcrafted prompts of Table 9a (Supplementary
Material). The best metric is marked in bold while the second best is underlined. For our method named OGA, we show the difference
∆Competitor with the best competitor.

(a) We report the average accuracy as well as the standard deviation over the 100 runs for each method and each dataset. As a reference, we provide the
results of a non-online TTA method which relies on augmentations, namely MTA [31].
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Zero-Shot 66.74 62.55 24.87 48.25 65.53 85.88 89.10 70.81 93.35 43.32 67.54 65.3

MTA (CVPR ’24) 69.3 64.8 27.4 46.9 68.0 87.2 89.4 71.7 94.0 44.4 69.0 66.6

TDA (CVPR ’24) 67.9±0.07 64.9 ±0.13 24.7±0.38 63.4 ±1.19 66.5 ±0.22 85.8±0.07 89.8 ±0.28 72.7 ±0.32 93.4±0.36 45.0±0.41 70.5 ±0.35 67.7
DMN (CVPR ’24) 67.0 ±0.10 64.9±0.17 24.0 ±0.39 64.0±0.82 67.0±0.30 83.9 ±0.10 89.9±0.30 73.3±0.34 92.6 ±0.42 44.7 ±0.62 71.2±0.41 67.5
OGA (ours) 68.5±0.11 66.0±0.20 25.3±0.38 64.5±0.76 67.8±0.21 86.1±0.07 91.7±0.30 72.7±0.38 93.2±0.42 45.8±0.54 71.6±0.37 68.5
∆ Competitor +0.6 +1.2 +0.5 +0.5 +0.9 +0.3 +1.8 −0.6 −0.2 +0.7 +0.4 +0.8

(b) We report the average accuracy over the 10 worst runs for each method and each dataset, i.e., the ETA (Equation 11).
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AVERAGE

Zero-Shot 66.74 62.55 24.87 48.25 65.53 85.88 89.10 70.81 93.35 43.32 67.54 65.3

TDA (CVPR ’24) 67.8 64.6 24.0 61.0 66.1 85.7 89.3 72.1 92.5 44.3 69.9 67.0
DMN (CVPR ’24) 66.8 64.6 23.3 62.6 66.4 83.7 89.3 72.7 91.6 43.6 70.5 66.8
OGA (ours) 68.3 65.7 24.6 63.2 67.4 85.9 91.2 71.9 92.2 44.9 71.0 67.9

Table 2. We show results averaged over the 11 datasets for 4 dif-
ferent backbones, using 100 runs per method per dataset and the
handcrafted prompts of Table 9a (Supplementary Material).

ViT-B/32 ViT-L/14 ResNet50 ResNet101

Zero-Shot 61.9 72.6 58.7 59.5

TDA (CVPR ’24) 62.3 73.5 59.3 60.6
DMN (CVPR ’24) 61.8 73.7 58.6 61.0
OGA (ours) 62.9 74.3 59.8 61.6

method is higher than the average accuracy of our com-
petitors, i.e. the worst 10% runs for our method still ranks
higher than the average of our competitors.

Moreover, Table 1a shows the ETA of all methods are
lower than the zero-shot performance of CLIP on the Air-
craft dataset, indicating that they quite often deliver perfor-
mance below zero-shot. This breakdown demonstrates the
value of ETA in providing deeper insights into the results.
We also report the accuracy of a non-online state-of-the-art
TTA method, MTA [32], which relies on multiple augmen-
tations of the input images and does not retain information
from samples. This shows how casting the problem of TTA
in an online setting can be highly beneficial, with a striking
example being the large gain of more than 15 points of accu-
racy on EuroSAT. Meanwhile, Figure 2 shows the percent-
age of runs for which OGA achieves a higher accuracy than
TDA and DMN for each dataset. Observe that for 5 datasets
(ImageNet, SUN397, StanfordCars, Pets and UCF101), our
approach achieves a higher accuracy than TDA for all of
the 100 runs used for testing. In comparison with DMN,
our method yields a higher accuracy for all of the runs
for 6 datasets (ImageNet, SUN397, Aircraft, StanfordCars,
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Figure 2. For each dataset, we show the percentage of runs for
which our method OGA achieves a higher accuracy than competi-
tors. The experimental setting is the same as the one in Table 1.

Food101, Pets). Finally, we compare the three methods in
the same setting but with the ensemble of prompts of Table
9b (Supplementary Material) in the Table 3. In this exper-
iment, our method ranks first for 8 datasets out of 11, and
second on the remaining three. Therefore, our approach is
robust to changes in the prompts used for zero-shot predic-
tions, a finding further confirmed in the next paragraph.
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Table 3. We report the averaged accuracy over the same 100 runs for each method and each dataset. We use the ensemble of prompts of
Table 9b (Supplementary Material).
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Zero-Shot 68.73 66.17 23.10 50.54 66.05 85.59 87.90 67.07 93.87 45.15 67.59 65.6

TDA (CVPR ’24) 69.3±0.06 67.5±0.11 23.1±0.30 57.3±0.68 66.8 ±0.23 85.3±0.06 87.9±0.22 68.7 ±0.39 94.0±0.33 46.4 ±0.39 69.7 ±0.33 66.9
DMN (CVPR ’24) 68.2 ±0.10 66.9 ±0.16 22.7 ±0.34 51.7 ±1.25 67.5±0.28 83.5 ±0.09 87.8 ±0.33 71.0±0.43 93.2 ±0.46 47.0±0.61 70.6±0.43 66.4
OGA (ours) 69.4±0.11 67.9±0.16 23.2±0.39 54.2±1.38 68.1±0.20 85.6±0.07 89.4±0.26 69.2±0.40 93.6±0.40 47.9±0.44 71.4±0.41 67.3

Table 4. Results atop popular few-shot methods. For each few-shot method, we train three adapted models with different seeds and run
OTTA methods on the same 100 runs per seed. We report the averaged accuracy and standard deviation over the resulting 300 runs. The
best metric is marked in bold while the second best is underlined.

(a) CoOp [36] is a popular prompt-tuning method for few-shots adaptation, which adds learnable tokens to to the texts defining the classes (see Equation 3).
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CoOp 65.7 66.9 20.8 56.4 67.5 84.3 90.2 78.3 92.5 50.1 71.2
+ TDA (CVPR ’24) 66.8±0.04 68.2±0.07 21.9±0.24 61.7±0.38 68.1 ±0.15 84.6±0.05 90.4±0.14 80.7 ±0.23 92.9±0.29 51.5 ±0.21 73.1 ±0.17
+ DMN (CVPR ’24) 66.5 ±0.07 68.2 ±0.11 21.6 ±0.24 62.0±0.55 69.0±0.21 83.7 ±0.07 89.9 ±0.20 82.7±0.24 92.6 ±0.34 52.0±0.39 73.8±0.34
+ OGA (ours) 67.6±0.07 69.1±0.12 22.1±0.20 61.6 ±0.59 69.6±0.13 85.2±0.05 91.3±0.17 81.0±0.30 92.8±0.33 52.5±0.34 74.3±0.25

4
sh

ot
s

CoOp 68.8 69.7 30.8 69.7 74.4 84.3 92.5 92.2 94.5 59.4 77.5
+ TDA (CVPR ’24) 69.4±0.04 70.6±0.06 31.2±0.20 73.7 ±0.34 74.8±0.13 84.9±0.03 92.4 ±0.12 92.9 ±0.14 94.5±0.30 60.9 ±0.19 78.9 ±0.17
+ DMN (CVPR ’24) 68.6 ±0.06 70.5 ±0.09 31.0 ±0.25 73.8±0.40 74.6 ±0.18 84.0 ±0.07 91.7 ±0.17 93.4±0.14 94.4 ±0.31 61.3±0.28 79.1±0.28
+ OGA (ours) 69.7±0.06 71.5±0.11 31.7±0.24 75.3±0.38 76.1±0.12 84.9±0.07 93.0±0.14 92.9±0.23 94.5±0.31 61.6±0.27 79.8±0.21

(b) TaskRes [29] is a popular adapter method which adds a bias to the text embedding of each class (see Equation 3).
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TaskRes 69.6 68.1 31.2 65.7 69.1 84.5 90.1 81.6 93.6 53.4 71.8
+ TDA (CVPR ’24) 70.1±0.06 69.3±0.08 30.7 ±0.22 69.5±0.44 68.9 ±0.15 84.9±0.04 90.1 ±0.15 83.6 ±0.30 93.9±0.27 55.3±0.27 73.1±0.20
+ DMN (CVPR ’24) 68.7 ±0.09 68.2 ±0.12 30.2 ±0.26 69.5 ±0.54 68.9 ±0.18 83.4 ±0.09 89.4 ±0.19 85.9±0.29 92.8 ±0.38 54.4 ±0.44 72.8 ±0.30
+ OGA (ours) 69.9±0.09 69.4±0.14 31.5±0.24 70.6±0.53 70.9±0.12 85.5±0.09 91.3±0.18 84.1±0.33 93.4 ±0.35 55.8±0.40 73.9±0.26

4
sh
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TaskRes 71.0 72.8 33.2 73.9 76.1 86.1 91.9 85.0 94.8 59.6 75.5
+ TDA (CVPR ’24) 71.3±0.05 73.2±0.06 32.9 ±0.24 76.1±0.31 75.3 ±0.15 85.9 ±0.04 91.6 ±0.14 87.3 ±0.29 94.9±0.31 61.3±0.30 76.6±0.20
+ DMN (CVPR ’24) 69.6 ±0.08 71.5 ±0.11 32.1 ±0.26 73.5 ±0.43 74.5 ±0.19 83.9 ±0.09 90.6 ±0.18 88.7±0.28 94.2 ±0.36 59.5 ±0.41 75.9 ±0.30
+ OGA (ours) 70.7 ±0.09 72.6 ±0.13 33.5±0.26 74.4±0.49 77.4±0.12 86.2±0.07 92.3±0.18 87.3±0.36 94.7 ±0.30 61.8±0.37 77.2±0.26

Atop few-shot. In Table 4, we report the results atop
two popular few-shot adaptation methods. For CoOp (Ta-
ble 4a), a prompt-learning method, our approach yields the
strongest improvement, performing better on average for 8
datasets out of 11 in the 1-shot setting and for 10 out of
11 datasets in the 4-shot setting. For TaskRes (Table 4b),
an adapter method, our approach also achieves the highest
overall accuracy gain, ranking first for 8 datasets out of 11 in
the 1-shot setting. In the 4-shot setting, our method achieves
highest accuracy for 6 datasets out of 11. Interestingly, we
observe that the few-shot adaptation reduces the variability
of OTTA method on nearly every dataset. Finally, we see
that in the vast majority of the cases, the OTTA methods
improve over the few-shot adapted model, which proves the
benefits of using OTTA atop adapted models.

With other backbones. A summary of results obtained
with two other ViT based (ViT-L/14 and ViT-B/32) and
CNN based (ResNet101 and ResNet50) backbones is shown
in Table 2, while the detailed results are available in the

Supplementary Material in Tables 10, 11, 12, 13, and 14.
All backbones show similar trends.

7. Ablation studies

Likelihood weighting hyper-parameter ν. Our method
uses the same fixed hyper-parameter ν = 0.05 (see Equa-
tion 8) for all experiments and datasets. It controls the de-
gree to which the Gaussian likelihood is pushed away from
the uniform distribution. Therefore, when ν = 0, our MAP
degenerates to the zero-shot prior. Following, it is expected
that higher values of ν are detrimental when the Gaussian
modeling is poor (e.g., at the beginning of a run). Figure 3
illustrates that our choice of hyper-parameter is essentially a
trade-off between mitigating early transitory effects, when
the cache is either empty or filled with poor quality sam-
ples, and end point accuracy. This interesting observation
could pave the way for improving our method by designing
an adaptive rule to adapt ν as a function of the state of the
cache.
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Figure 3. We show the dynamic of the accuracy of our OGA
method as it starts from an empty cache, averaged on 100 runs. At
regular intervals, we evaluate the accuracy of OGA on the com-
plete test set.

Zero-shot prior. We show results obtained without the
zero-shot prior (i.e., ν → ∞) in Table 5, highlighting its
relevance across all backbones.

Table 5. Ablation study on the zero-shot prior. We report the aver-
aged accuracy over the 11 datasets for each backbone.

ViT-B/32 ViT-B/16 ViT-L/14 ResNet50 ResNet101

OGA w/o prior 60.35 65.5 73.0 57.3 59.2
OGA (ours) 62.8 68.5 74.7 59.8 61.6

Size of the cache. We show results with different cache
sizes in Table 6, i.e., the maximum number of cached sam-
ples per class. This illustrates how the cache size is a trade-
off between diversity and contamination with incorrectly la-
beled samples.

Table 6. Ablation study on the size of the cache for our method.
We report the averaged accuracy over the 11 datasets.

OGA w/ cache size 4 8 16 32

AVERAGE 67.8 68.5 68.0 67.0

Precision matrix estimation. We show that it is benefi-
cial to use different estimators depending on the number of
samples in the cache. To do so, we run our method either

with only the Ridge estimator or only the (pseudo-)inverse,
and present results in Table 7.

Table 7. Ablation study on the use of two different estimators in-
stead of one. We report the averaged accuracy over the 11 datasets.

OGA w/ Ridge and inverse only inverse only Ridge

AVERAGE 68.5 66.6 68.3

Batch size. In all experiments, we process the data
streams in batches of 32 samples. In Table 8, we show that
our method is able to process the streams sample by sample
and that it benefits from increased batch sizes. The latter
is due to the fact that cache-based methods are quicker to
fill their cache with quality samples when the batch size in-
creases, as the cache is updated before predicting. Note our
approach still achieves a higher average accuracy in batch
size 1 (detailed results in Table 15 (Supplementary Mate-
rial)) compared to our competitors in batch size 32.

Table 8. Ablation study on the batch size used to process the data
streams. We report the averaged accuracy over the 11 datasets.

OGA w/ batch size 1 32 64 128

AVERAGE 68.4 68.5 68.5 68.6

8. Conclusion
In this study, we proposed Online Gaussian Adaptation
(OGA), a method for the online test-time-adaptation of
VLMs. Our method uses a modeling of the class-
conditional likelihoods of visual features with multivari-
ate Gaussians, which are estimated from low-entropy sam-
ples collected along the data stream. We compared our ap-
proach to state-of-the-art methods with a rigorous evalua-
tion protocol, inspired by the significant variability in the
measured accuracy observed between runs. Using 100 runs
per dataset and our proposed Expected Tail Accuracy (ETA)
metric which captures the performance in worst-case sce-
narios, we showed that our method delivers strong perfor-
mance with fixed hyper-parameter across datasets and back-
bones. Lastly, we showed that applying OTTA methods on
top of few-shot learning methods, either prompt-tuning or
adapter, is highly beneficial. We hope our work will en-
courage more rigorous and diverse evaluation practices in
the OTTA community, and facilitate deployment of OTTA
methods in real-world multimodal applications.

Future works. As highlighted in our ablation study, an
interesting avenue to explore is the design of an adaptive
rule for our hyper-parameter ν (Equation 8) depending on
the state of the cache and the strength of the zero-shot prior.
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