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ABSTRACT

Contrastive Language-Image Pretraining (CLIP) stands out as a prominent method
for image representation learning. Various architectures, from vision transform-
ers (ViTs) to convolutional networks (ResNets) have been trained with CLIP to
serve as general solutions to diverse vision tasks. This paper explores the dif-
ferences across various CLIP-trained vision backbones. Despite using the same
data and training objective, we find that these architectures have notably different
representations, different classification performances across datasets, and different
robustness properties to certain types of image perturbations. Our findings indicate
a remarkable possible synergy across backbones by leveraging their respective
strengths. In principle, classification accuracy could be improved by over 40 per-
cent with an informed selection of the optimal backbone per test example. Using
this insight, we develop a straightforward yet powerful approach to adaptively
ensemble multiple backbones. The approach uses as few as one labeled example
per class to tune the adaptive combination of backbones. On a large collection of
datasets, the method achieves a remarkable increase in accuracy of up to 39.1%
over the best single backbone, well beyond traditional ensembles.

1 INTRODUCTION

Large pre-trained models are transforming machine learning, computer vision (Radford et al., 2021
He et al., 2022} Kirillov et al) 2023} [Liu et al, 2023)), and natural language processing (Devlin
et al., [2018; Brown et al., |2020; [Touvron et al., [2023). These models are typically trained with
self-supervised objectives, eschewing the need for manual annotations and enabling the use of very
large datasets (Jia et al., |2021; |Schuhmann et al., 2022).

Contrastive Language—Image Pre-training (CLIP) (Radford et al.,|2021) is one such approach that
enables various downstream applications involving vision and language. CLIP learns to align text
and image representations when training a pair of vision and language encoders, which can be
implemented with various architectures. These encoders are then used in downstream applications
to obtain representations of images and text, whose similarity can be simply evaluated with a dot
product. This enables e.g. zero-shot classification (Zhai et al 2022} [Li et al.| 2022a; |Jia et al.| [2021)
and cross-modal retrieval (Li et al.,[2020atb; [Yu et al., 2022).

Despite extensive prior work on CLIP, there is still a gap in comparing the representations from
different vision backbones trained with this paradigm. Existing work has compared backbones for
their generalization capabilities (Goldblum et al.| 2023} L1 et al., 2022a}; Zhang et al., [2021}; |Gao
et al.| 2021), finding that larger architectures generally perform better. This paper contributes to this
area with an empirical study that compares CLIP-trained backbones. We present new observations
on how performance and robustness (e.g. invariance to image transformations) vary substantially
across architectures. Within the same backbone family (e.g. different ViTs), different models present
different patterns of performance across datasets (Figure ). The relation with model scale is also
more complicated than suggested in prior work (Figure [5).
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Figure 1: We propose a method to improve CLIP’s effectiveness for image classification by combining
the strengths of different backbones. (Left) For a given test image, the logits from different backbones
are combined with a temperature scaling that weights their contribution to the final prediction. The
scaling is implemented in the Neural Logit Controller (NLC, a small MLP) that is learned from as
little as one labeled example per class. (Right) To reduce the computational load, our method can be
combined with the Cascade framework (Wang et al.,2022a).

Our empirical findings suggest that CLIP’s ef-
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fectiveness for image classification could be im-
proved by combining the strengths of different
backbones. We thus present an ensemble method
that combines backbones adaptively to each test
example, using a temperature scaling that weights
each backbone’s contribution to the final predic-
tion condition on the input image (see Figure|[T).

30% —
A naive combination of backbones with traditional 20% |
ensembling techniques (Lakshminarayanan et al.}
2017 |Dietterich, 2000) (i.e. averaging the outputs)
does not consistently enhance generalization per-
formance. These approaches focus on prediction
agreements rather than leveraging diversity. In
contrast, our method uses a temperature scaling
based on the idea of calibrating each backbone’s
confidence. This intuition is further supported by
the “modality gap” and variation in performance
observed in prior work when adjusting CLIP’s log-
its (Shi et al., 2023)). We compare our approach to
more advanced ensembles, such as SuperLearner
Cheng Ju and van der Laan| (2018)), which also
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temperature scaling. However, unlike our method, AP BN
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peratures based on the input features, implying
that SuperLearner cannot exploit the diversity of
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Figure 2: (Y axis) Relative improvement of
NLC over best backbone vs. (X axis) predic-
tions diversity !. NLC always improves over the
best backbone. Moreover, the clear correlation
shows that higher diversity in predictions tends
to result in greater improvements with NLC.
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nation of backbones. Hence, we benchmark it
against the state-of-the-art methods in a few-shot
setting (Zhang et al., [2021; Radford et al., 2021}
Zhou et al., 2022;|Gao et al.,[2021). NLC shows
remarkable performance and consistently outper-
forms other approaches. Furthermore, we show
that NLC complements existing methods like Tip-
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Figure 3: Average accuracy across 21 datasets
for zero-shot ResNets and ViTs backbones, NLC
Ensemble, and Cascade using 2 to 9 backbones,
plotted against the Average GFLOPs. Demon-
strates that ensembles can surpass the best zero-
shot backbone with fewer GFLOPs.
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Adapter (Zhang et al.,[2021)). Combining it with NLC in its original experimental framework yields
improvements in accuracy of over 15%.

Finally, in-depth experiments reveal a clear correlation between NLC’s improvement over the best
backbone and the diversity of correct predictions in each dataset (see Figure [2). It achieves over
120% of relative improvement when the diversity of predictions is close to one, and never degrades
the performance of the best backbone. In terms of efficiency, NLC outperforms the best backbone by
combining only the top-four most efficient backbones, while using approximately 300 fewer GFLOPs
(see Figure[3). We also show how to use the Cascade framework (Wang et al.| 20224} [Varshney
and Barall, 2022)) with NLC to enhance performance while maintaining computational requirements
within the bounds of the original backbones.

Our contributions are summarized as follows.

* We perform extensive experiments across 21 datasets that reveal diverse predictions across CLIP
backbones and distinct robustness properties to image transformations.

e We evaluate the complementarity of backbones by measuring the potential improvement in
classification accuracy (up to 43.5%) of an optimal oracle selection of backbone per test example.

* To leverage this complementarity, we propose an adaptive ensembling method (NLC) that uses
temperature scaling and requires a single labeled example per class. It improves accuracy over the
best backbone by 9.1% on average, surpassing previous ensembling frameworks.

¢ We demonstrate significant advantages in computational efficiency. Combining the top four most
efficient backbones enables NLC to outperform the best backbone with ~300 fewer GFLOPs.
Integrating NLC with the Cascade approach (Wang et al.| |2022a) maintains computational
efficiency.

* We demonstrate that NLC consistently outperforms state-of-the-art few-shot methods. Moreover,
integrating NLC with Tip-Adapter (Zhang et al.| 2021) gives the latter a performance boost of
over 15%.

2 INVESTIGATING DIFFERENCES ACROSS VISION BACKBONES

CLIP for zero-shot image classification. CLIP cop  CounTRY211
(Radford et al., 2021) is a general technique to pTD
train a pair of vision and text encoders ¢; and ¢,
on paired image/text data. The method uses a self- \ ; curario
supervised objective to align the encoded represen- “ 74 ¢
tations of matching images and text descriptions.
Any image and text can then be mapped to a unified
semantic space. This enables zero-shot image clas-
sification by computing a compatibility score be- 3 3
tween an image and a class description (“prompt”) % SuN9T
as score(z,1) = ¢, () " ¢;(1). We follow previous L :
work (Menon and Vondrickl 2023) for the generat-
ing of prompts e.g. an image of {label},
which is a {concept}. Subsequently, we
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¢1(y), where y represents a label within the class ~ m e
set. The prompt with the highest similarity is then

chosen as the label for the given image. Figure 4: Zero-shot classification accuracy of
various CLIP models on 21 datasets, and of

21 COMPLEMENTARITY OF DIFFERENT the upper-bound “ORACLE” combination of

BACKBONES ResNets (RN), ViTs, and all backbones.

The vision encoder or “backbone” trained with CLIP can be implemented using various architectures.
We want to identify whether different backbones have distinctive behaviours. We analyze the output
of 9 of them in a zero-shot classification setting on 21 standard benchmark datasets (see Section ] for
details). We propose two approaches to assess the differences in their zero-shot predictions and their
possible complementary behaviour. First, we define an ORACLE prediction that combines the output



Published as a conference paper at ICLR 2025

IMAGENET-1K

5 48 N A A S pie S pde e ndenandandnedaedy 2 2 2 2 2 2 2 2 2 2 1 1 1 1 1

RN50 29912
RN101 31144
z RN50x4 33121
n RN50x16 35353
RN50x64 36963
22358 613 742 921 1732 2857 288 1625 698 312328319226 601 201305497 335171375239436 234204190 1553 1745 455 518 566 782 42426

4 3 3 3 3 2 2 2 2 2 2 1 1 1 1
ViT-B-32 81675
., ViT-B-16 34168
}: ViT-L-14 37771
ViT-1-14-336 38285
26678 365 448 1994 4352 256 162 245 307 869 3432 543 818 903 904 42276

2 1 1

” ViT 42276
3 ResNet 42426

40196 2080 2230 14506

Figure 5: Linear Venn diagrams showing the overlap of test images from ImageNet-1k correctly
classified by different backbones (rows). Each column represents a subset of images correctly
classified by a specific group of backbones (group size in column header). Row/column sums indicate
the number of correct predictions per backbone/subset. We observe that (1) different backbones agree
on a large part of the data. (2) They also make additional correct predictions on different subsets.
(3) Accuracy usually grows with architectures size, but even within a same family (ViTs, ResNets),
different models show different patterns of (in)correct predictions.

of the 9 models on a per-image basis, using a correct prediction if any of the models is correct, any
other otherwise. This simulates a scenario where an informed choice of the optimal backbone could
be made for each test image to obtain the highest classification accuracy. Second, we use overlap
diagrams to visualize the patterns of (in)correct predictions across backbones and their different
strengths on different subsets of images.

Figure ] and Table [B.T| summarize the performance of the different backbones. Note that they are
pre-trained using the exact same dataset and objectives, as provided in the OpenClip project (Ilharco
et al.l 2021). Our results show that backbones from different families (ViTs vs. ResNets) show
significant differences while controlling for model size (number of parameters). For example, ViT-B-
32 outperforms ResNet-50x4 in the CIFAR10 and CIFAR100 benchmarks. However, this trend is not
consistent across all datasets, e.g. on IMGNET-1K. Additionally, the results indicate that backbones
with more parameters do not always outperform smaller ones.

We then assess the ORACLE predictions using backbones from the same family (ORACLE RN for
ResNets, ORACLE ViT for ViTs, and ORACLE All for a combination of all backbones). The ORACLE
All obviously outperforms the best individual backbone in every case. For instance, on EUROSAT,
CLEVR, CUB, DTD, CIFAR100, and CARrs, the ORACLE All shows improvements of 43.5%, 36.0%,
25.1%, 21.8%, 16.6% and 16.0%, respectively. The large magnitude of these improvements
highlights the complementarity of backbones. In other words, the correctly-classified data is
not simply growing as one considers larger and better models. Instead, different backbones
perform well on different subsets of the data. This insight is the key motivation for the ensemble
method we propose in Section [3] We also found that similar findings have been made in domains
other than ours |Roth et al.|(2024); [Zhong et al.|(2021); Ramé et al.| (2022)).

We visualize in Figure [5 the overlap between different subsets of IMGNET-1k correctly predicted
by different backbones. We observe comparable accuracy between the largest ViT (ViT-L-14-336,
correct predictions) and ResNet (RN50x64) with 38, 285 vs. 36,963 correct predictions. However,
there are significant differences within each family: for example, among ResNets, only 22, 358
images are correctly classified by all ResNets models, out of the 42, 426 ones correctly classified by
any ResNet.!

We further observe that every model has unique strengths by examining the performance of the
oracle models. Specifically, ORACLE RN, ORACLE ViT, and ORACLE All increase the number of
correct predictions to 42,426, 42, 276, and 44, 506 out of 50, 000. Each backbone exhibits correct
predictions unique to itself. In the ORACLE RN, RN50, RN101, RN50x4, RN50x16, and RN50x64
contribute 566, 455, 518, 782, and 1, 745 exclusive predictions, respectively. In the ORACLE ViT,
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B-32, B-16, L-14, and L-14-336 present 903, 904, 543, and 818 unique predictions, respectively.
Finally, when all backbones are used, ResNet contributes 2,230 exclusive predictions, and ViT
contributes 2, 080. It is important to note that correct predictions of any given model are not simply a
subset of those by the best model in its family.

2.2  OTHER SOURCES OF DIVERSITY

To better understand the effects of backbone complemen-

tarity, and contrast these effects against the role of vari- o ! '
ables that are known to drive performance in ensembles
such random parameter initialization and learning via
stochastic gradient descent, we propose to evaluate the
diversity of correct predictions when combining multi-
ple backbones, which as seen in our experiments above
(Figure [2) strongly correlates with ensemble performance 02

gains. $
0.0 ‘
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=

Concretely, we isolate the effects of three variables on
prediction diversity: (1) backbone architecture, (2) pre-
training dataset, and (3) number of training steps. For (1),
we evaluate the complementarity of ViT-L-14, ViT-B-32, Figure 6: Diversity of predictions of
and ViT-B-16 backbones using the same dataset. For (2), (1) different Backbones with same pre-
we analyze each ViT’s performance using different pre- trained dataset, (2) same backbone with
training datasets (LAION-400M vs. OpenCLIP). For (3), different pre-trained Datasets, and (3)
we consider ViTs pretrained on LAION-400M using the same backbone and same pre-trained
checkpoints at two different epochs (31 and 32). dataset in two different Epochs. Results

. ) show complementarity is higher when
Since, to the best of our knowledge, there are no publicly o ombine different backbones.

released CLIP models that differ only on their initializa- P
tion, studies on this variable would, in principle, require us
to train CLIP backbones from scratch, which is extremely
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amples correctly classified and it is the ratio between the
instances correctly classified by all backbones versus the
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union" of n sets of correctly predicted samples, where n Coron
is the number of methods considered. If every sample in

this aggregate is correctly classified by all backbones (i.e. GAUSSIAN

they all agree while being correct), diversity=0. Other-

wise, if every sample can only be correctly classified by Figure 7: Impact on test classifica-
a single backbone, diversity=1. This allows us to evaluate tion accuracy of image transformations.
the complementarity of models. Smaller values (closer to center) mean
higher robustness, suggesting models are
particularly robust to specific transforma-
tions.
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Figure [6] (Tab. [[.2) demonstrates that combining multiple
backbones achieves higher average diversity than using
the same backbone across different datasets or nearby
solutions in the loss landscape. This indicates that training stochasticity and pretraining dataset
are not the primary factors. Instead, the most meaningful complementarity comes from diverse
backbones, as they excel on different data subsets, as confirmed by the ORACLE results in Table

2.3 ROBUSTNESS TO IMAGE TRANSFORMATIONS

To explore qualitative differences in behaviour of different backbones, we selected a subset of each
benchmark’s test set and applied specific image transformations (resize, fl1ip, grayscale,
color jitter, and Gaussian blur). We then evaluate the zero-shot classification perfor-
mance of each backbone on these corrupted images. Figure[7|shows that ResNet 50 and ViT-B-16
are the most resilient to £11p, RN50x64 to resize, and RN50x16 to grayscale. ViT-L-14 and
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L-14-336 are the most robust to color Jjitter and Gaussian blur. These findings suggest
that the backbones’ ability to deal with out-of-distribution images varies widely. Certain models
prove particularly robust to specific transformations.

3 PROPOSED ENSEMBLING METHOD

The previous section showed that different backbones have different strengths and perform well on
different types of data. We now use this insight to improve classification performance by combining
multiple CLIP backbones.

Combining models by temperature scaling. Our approach is technically inspired by prior work
on network calibration, which we apply to an ensemble of models. Specifically, our technique can
be seen as a variation of Platt scaling (Platt et al., |1999). This classical method uses the logits of a
model as features for a logistic regression, which is trained on the validation set to produce calibrated
probabilities. More precisely, given logit scores z; for an example ¢, Platt scaling learns two scalars
a and b and produces calibrated probabilities as §; = o(az; + b). The parameters a and b can be
optimized using the negative log likelihood (NLL) loss over the validation set, with the model weights
being frozen during this process.

A common use of Platt scaling is known as temperature scaling (Guo et al., 2017). In this approach,
a single scalar parameter £ > 0 is used for all classes of a given model. The new, calibrated confidence
prediction is given by §; = maxy, softmax(z;/ t)(k), where t is called the temperature, z; are the
logits for example ¢ returned by the uncalibrated model. Usually, ¢ is optimized with respect to the
NLL on the validation set aiming to reduce the overconfidence of the model on its predictions and
to produce more reliable predictions, but because the parameter ¢ does not change the maximum of
the softmax function, the class prediction g; remains unchanged, meaning that the performance of a
given model remains the same.

Learning temperature coefficients. In our method, we aim to jointly optimize a set of temperature
parameters t, with b € [1, ..., B] for a set of B backbones. The aim is to combine their predictions
by adjusting each backbone’s confidence depending on the confidence of the others, and the input
example. We learn the temperatures #, that weigh the logit z? for a backbone b and example x using
the cross-entropy loss, and then we combine the logits via a weighted sum.

Concretely, we train a one-layer MLP (our Neural Logit Controller) to predict the set of temperatures
that best calibrate the backbone mixture. The MLP takes as input the concatenated representations
obtained by passing the images through the encoder ¢, of each backbone b € B. As depicted in
Figure|1|, The MLP directly produces a vector of temperatures ¢ € R” and is trained on a holdout set
for the training set of each target dataset using the cross-entropy loss between final predictions and
ground truth labels.

4 EXPERIMENTS

Backbones. We consider the original selection of backbones described by |[Radford et al.| (2021)).
This includes the ResNets (He et al., 2016) RN50, RN50x4, RN50x16, RN50x64 and RN101, and
the ViTs (Dosovitskiy et al.,2021) B-16, B-32, L-14 and L-14-336. All models are obtained through
the open-source project OpenCLIP (Ilharco et al.l 2021)).

Datasets. We use a selection of 21 popular image classification datasets: CALTECH101 (Li et al.,
2022b)), CArs (Krause et al.,|2013), CIFAR10 (Krizhevsky et al.,|2009), CIFAR100 (Krizhevsky et al.,
2009), CLEVR (Johnson et al.,|2017), CUB (Wah et al.,[2011)), DTD (Cimpoi et al.,|2014)), EUROSAT
(Helber et al., [2018), FGVC (Maji et al., 2013), FLowERs (Nilsback and Zisserman, 2008), FOoD
(Bossard et al.,|2014), GTSRB (Houben et al.,2013), IMGNET-1K (Deng et al., 2009) MNIST (Deng,
2012), PCam (Veeling et al., 2018)), PETs (Parkhi et al.,|2012), RenderedSST2 (Socher et al., 2013)),
REsisc45 (Cheng et al.,|2017), STL10 (Coates et al.,[2011) and SUN397 (Xiao et al., 2010). They
include diverse images of nature, animals, places, medical scans, satellite images, and man-made
objects. The evaluation metric is simply the accuracy of each dataset’s test split. The aggregated
performance is the average accuracy across all datasets weighted equally.
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Figure 8: Comparison of the top-performing single backbone (SINGLE-BEST) with NLC and other
ensemble strategies on top of zero-shot CLIP backbones. In the table, Mean, Max and Min A
summarize the difference in performance across datasets with respect to the SINGLE-BEST backbone.

Baselines. Our experiments consider several ensembling baselines. Non-parametric approaches:
* Logit averaging (LOG-AVG) simply takes the average of the logits (scores) of the models.

¢ Voting (VOTE T-1) uses a majority vote. Each model casts a vote for its max-scored class. The
final prediction is the class with the highest number of votes. Compared to LOG-AVG, this does
not use the soft score values and the uncertainty reflected therein.

Parametric approaches:

» Calibrated logit averaging (C-LOG-AVG) first calibrates each model independently using tem-
perature scaling. They are then combined by simply averaging their logits.

¢ Super Learner (SL) (Cheng Ju and van der Laan| 2018) a flexible ensemble learning framework
that optimally combines predictions from multiple base learners. In contrast to our method,
SuperLearner learns temperature scaling factors without considering the input. Thus, finding the
best scaling for the total validation set.

* Mixture of experts (MOE) is a popular method to improve performance by combining specialized
submodels of experts (Chen et al., [2022; [Lepikhin et al., 2020; Rau, [2019; Zoph et al.} 2022), each
one of which focuses on a specific input region. A gating network determines which expert is
relevant for a given input. We use the Sparse MoE implementation (Zoph et al., [2022)) by Rau
(2019), where the MoE layer’s input is the concatenation of vision features z; from ¢;. We use
standard hyperparameters: 9 experts trained for classification with cross-entropy loss with Adam
(Kingma and Bal,2014) and a learning rate of 2e—>5 for 300 epochs.

See Appendix[C]a discussion of additional baselines. The appendix also contains additional results
on the combination of backbones and how they perform under distribution shifts on the IMGNET-1k
dataset (Section[E). Finally, Section[H]presents dataset-specific results including overlap diagrams, an
analysis of possible model combinations using NLC and our ORACLE, as well as the dataset-specific
learned temperature values.

4.1 COMPARISON OF BACKBONE-ENSEMBLING METHODS

In this section, we evaluate the proposed NLC approach along with various non-parametric and
parametric ensembling techniques. The non-parametric ones are “static” while the parametric ones
use the training split of each target dataset to adjust the ensemble adaptively. The following results
will show the importance of this adaptive setting to leverage the backbones’ respective strengths, and
the superiority of our method over baseline parametric techniques.

Figure [§]and Table[C.1|show the performance of each technique. Among non-parametric baselines,
LOG-AVG fails to enhance overall performance beyond the best backbone. One notable exception
is the COUNTRY dataset where LOG-AVG shows a substantial improvement over the best backbone.
Overall, though, simple score averaging does not seem to exploit the complementarity of the back-
bones, with an improvement in accuracy of only +1.3%. When the backbones are calibrated with
C-L0OG-AVG, performance improves compared to the non-calibrated version, across all datasets
except GTSRB, MNIST, Resisc45, and SUN397. Vote T-1 is mostly ineffective and does not signif-
icantly improve over the best backbone. Among parametric methods, the proposed NLC shows
the most substantial improvement, up to +39.1% on the EUROSAT dataset. On average, we obtain a
commendable improvement of +9.1% over the SINGLE-BEST backbone across all datasets.



Published as a conference paper at ICLR 2025

I SINGLE-BEST VOTE T-1 LoG-AvVG s sL MoOE I NLC
17 <
o 100% 5 <=] j
Q & =
g 5% | | s 5 =
] -
8 50% | | VOTET-1 03 -20 5.1
< 25% LOG-AVG 13 -15 50
0% | | C-LoG-AvG 0.8  -1.7 44
- %) =} =3 o = m [a) = @] %] a =) M = » o~ ) = o~ GAC -14 452 48
S % = S S 3 S5 B < 3 ﬁ S % ¢ @ E S ; g 3 2 MOE 02 -209 208
z 0§ =z B % © a3 o 5 g g £z J~ 3% 2 E z SL 16 00 54
@ 5 E O % & Q o - = & g 2 3 NLC 16 00 81
= &)} =) =) = = ~
< o o =
9] O

Figure 9: Comparison of the top-performing single backbone (SINGLE-BEST) with NLC and
ensemble strategies on top of CLIP backbones linear classifier, where Mean, Max and Min A
summarize the difference in performance across datasets with respect to the SINGLE-BEST.

4.2 INVESTIGATING BENEFITS BEYOND DATASET-SPECIFIC LINEAR CLASSIFIERS

We now design an additional experiment to investigate the benefits of the proposed NLC. A standard
approach to adapt CLIP is to train a dataset-specific linear classifier on frozen visual features. In this
section, we first train such linear classifiers, using each backbone’s frozen features and each dataset’s
training split. Whereas NLC normally acts on raw CLIP scores, we now train it to act on the logits
from these classifiers instead. Since the linear classifiers already are strong dataset-specific models,
one might expect that only small additional improvements are possible. Yet, the following results
will show that the NLC obtains further performance gains thanks to the instance-level adaptation. In
contrast to alternative approaches, it also never reduces the performance compared to the best single
linear classifier.

Setup. We follow the setup of |Li et al.| (2022a). We initialize the weights of the linear classifiers
using language weights, which was shown to be more stable than a random initialization. The output
of each backbone ¢ is L2-normalized before being passed to each linear classifier, which is trained
using 90% of the target dataset’s training split. The remaining 10% are used to train NLC.

Results. Figure O] and Table [D.2] Table 1: Accuracy (%) in a few-shot setting
present the results combining linear
classifiers with both non-parametric  Few-shot 1 2 4 8 16
and parametric approaches. Similar t0  "[jncar-probe CLIP[Radford et al|(2021) 222 319 412 495 56.1
Section {1} the proposed NLC con-  CoOP[Zhou et al.|(2022] 476 509 562 599 63.0
: : CLIP-Adapter[Gao et al.|(2021) 612 615 618 627 636
sistently improves performance across T 05 S HTT 607 610 610 615 620
all datasets, with an average improve-  Tip-Adapter-F[Zhang et al.[(2021) 613 617 625 640 655
ment Of +16% over the SINGLE- NLC 782 781 782 1783 78.4

BEST linear classifier. As expected,
the improvement is reduced compared to the original NLC since some of the gains are now realised
by the dataset-specific linear classifier. Yet Table[D.I|clearly shows that additional gains can be made
over the linear classifiers, i.e. that there remains an exploitable complementarity across backbones.
By examining the ORACLE performance in this setting, we can see that the potential benefits of com-
bining multiple backbones remain. Interestingly, the MOE approach does not reach the performance
level of the best backbone on several datasets. It shows a degradation sometimes down to —20.9%.
This suggests that MoEs may struggle to partition the input space effectively into distinct clusters,
specific to certain experts, potentially limiting its functionality.

4.3 COMPARISON WITH FEW-SHOT ADAPTER METHODS

We now examine the performance of the proposed NLC in a few-shot setting. We also show that it
complements existing few-shot adapter methods and improves their accuracy across various datasets.

We compare our method against Tip-Adapter, Tip-Adapter-F (Zhang et al., [2021)), few-shot Linear-
probe CLIP (Radford et al.,[2021)), CoOP (Zhou et al., 2022), and CLIP-Adapter (Gao et al., 2021}
Linear-probe CLIP fine-tunes a linear classifier on a few-shot training set on the frozen CLIP
backbones. CoOP (Zhou et al., [2022) generates different prompt designs to make prompts learnable.
CLIP-Adapter (Gao et al.,|2021)) enhances few-shot classification by introducing a feature adapter
on CLIP’s visual and textual encoders. Tip-Adapter (Zhang et al., |2021) achieves comparable
performance to CLIP-Adapter without requiring training, using a key-value cache model from the
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Figure 10: Peformance of TiP-Adapter applied to different zero-shot CLIP backbones, and the
combination of these with NLC, showing how our method provides complementary benefits.

few-shot training set. Tip-Adapter-F can further enhance performance by fine-tuning the cache.
As shown in Table [T} our NLC shows an outstanding performance over compared methods and
consistently surpasses other few-shot methods by learning how to combine multiple backbones,
which is a complementary approach to any of these adapters. In the appendix, Table [F.2]shows that
current few-shot adapter methods also have performance differences with various backbones, and
still, our NLC surpasses the best backbone reported by these existing methods.

Finally, we integrate Tip-Adapter (Zhang et al.||2021) with our 1.0
NLC and conduct experiments on EUROSAT, FGVC, DTD, and
PETS. Initially, we apply Tip-Adapter and Tip-Adapter-F inde-
pendently on each backbone, following the protocol from|Zhang| os
et al.| (2021) with 1, 2, 4, 8, and 16 shots. Subsequently, we
employ our ensembling mechanism to fuse the adapted back-
bones. To train NLC, we follow their setting and use the same 0.2
validation split as used by Tip-Adapter to linearly combine their
logits with CLIP.

See Figure[I0]and Tables[F:23HF.6|for a comparison of the perfor-
mance of Tip-Adapter over different zero-shot CLIP backbones,
and the combination of all these Tip-Adapter versions with o
NLC. Across the four evaluated datasets, NLC improves over Figure .11: Distribution of max-
each version of Tip-Adapter in the few-shot setting. Notably, normalized —temperature values
NLC improves the performance of the best Tip-Adapter back- learned by our NLC method on the
bone (L-14-336) of up to 10% for EUROSAT using 16 shots. CLEVR dataset.

Moreover, when we compare NLC and SL in the Tip-Adapter settting, NLC shows better perfor-

mance, Table [F3HE.6l
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4.4 EXAMINING THE LEARNED TEMPERATURE VALUES

We visualise the learned temperature values to understand how the NLC method assigns weights
to different backbones, revealing its strategy for leveraging the strengths of diverse architectures.
Figure[11|{shows the learned temperature values for NLC on the CLEVR dataset (see Section [H|for
other datasets). By examining the learned temperatures, we can gain insight into the contribution
of each backbone. We note that the backbone with the largest overall weight is not consistently the
deepest one, such as ResNet-101. The uniform distribution of learned temperatures across backbones
indicates that NLC effectively utilizes the strengths of multiple backbones, resulting in a more
balanced and accurate labeling process, complementing our analysis in Figure 2] These findings
highlight that NLC benefits from the diversity in model predictions, reinforcing the advantage of
combining various backbones.

5 RELATED WORK

Foundation models in computer vision. The trend in computer vision over the past decade has been
to train larger and larger models on increasingly diverse tasks and increasingly larger datasets (Gadre
et al., 2023 |Schuhmann et al., 2022). Scale and generality have proved to be key enablers to the
performance and robustness of these models (Fang et al.,[2022} Gan et al.| [2022; Mayilvahanan et al.}
2023; Santurkar et al., 2022} [Tu et al., 2024). Various methods have been proposed to pre-train such
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models (He et al., 2022; Radford et al., 2021} |Yu et al.| 2022). CLIP (Radford et al., [2021) is a
notable one, specifically designed to exploit noisy image-text pairs scraped from the internet. CLIP’s
significance lies in its scalability and its ability to generate meaningful alignments with prompts,
facilitating zero-shot classification gao2021clip,zhang2021tip,li2022elevater. CLIP’s popularity is
due to its scalability and ability to handle diverse text prompts that enable a variety of downstream
applications (Gao et al., 2021} [Zhang et al., 2021} L1 et al., 2022a)). Various versions of CLIP
have been trained on different datasets and vision backbones such as ResNets (He et al.l [2016)) and
ViTs (Dosovitskiy et al., [2021]).

Comparing vision backbones. |(Goldblum et al.| (2023) recently conducted a comprehensive compar-
ison of pretrained backbones across various tasks including image classification, object detection,
segmentation, and image retrieval. In comparison, this paper presents complementary observations of
the strengths of different backbones on different datasets and types of data. Moreover, we leverage
these findings with a novel ensembling approach this complementarity of different backbones. Other
works investigating differences across vision architectures include (Angarano et al., | 2022; |Pinto et al.|
2022;2021; Wang et al., [2022b) and others specific to CNNs (Abello et al., 2021; [Hermann et al.|
2020) and ViTs (Naseer et al.,|2021). Finally, we find that there are works analysing the diversity
of models for knowledge distillation |Roth et al.| (2024), complementarity on models trained don
different subset of dataRamé et al.|(2022) and |Zhong et al.| (2021) exploring the diversity on LLMs.

Model ensembling. Combining multiple machine learning models is a classical approach for
improving predictive performance. Simply averaging the outputs of several models is a simple,
effective technique (Bauer and Kohavi, 1999; Breiman, 1996} Dietterichl, |2000; Lakshminarayanan
et al.l [2017)) with studies dating back more than three decades ago. The approach has also been
applied to deep neural networks (deep ensembles (Lakshminarayanan et al.,[2017)), which has shown
benefits in various domains including higher accuracy under distribution shift (Ovadia et al.| 2019
Teney et al.l 2018). The diversity of the combined models (in terms of uncorrelated errors) has also
been shown to be critical to these improvements (Hao et al.,|2024; |Wortsman et al., | 2022). The closest
to our work is the SuperLearner framework (Cheng Ju and van der Laan, [2018)), which similarly
investigates multiple classical ensembles and introduces a new ensemble that learns temperature
scaling. However, our study not only evaluates the performance of various classical ensembles
but also explores the complementarity of CLIP backbones across 21 datasets. Furthermore, unlike
SuperLearner, our method adapts its temperature scaling factors based on the input, which plays a
crucial role in ensembling CLIP backbones.

6 CONCLUSIONS

This paper presents an analysis of vision backbones in the CLIP framework, focusing on the task of
image classification. Unlike prior studies that span various downstream tasks (e.g. |Goldblum et al.
(2023))) our emphasis lies in identifying the unique strengths of various backbones. Our experiments
revealed a distinctive complementarity across architectures and an avenue for enhancing CLIP’s
performance by synergistic combination. We proposed an ensemble approach that reweights the
logits from each backbone condition on the input data to yield more accurate predictions in image
classification across a variety of datasets.

Limitations. First, our evaluation focused mostly on image classification, even though CLIP can
be used for a variety of downstream tasks. Although we test our method on out-of-distribution Sec.
[Eand also obtain the upper bound performance on Image-Text retrieval Sec. [K| more work needs
to be done on how to combine the representations. Second, our approach relies on a late fusion
of backbones by adaptively adjusting their logits. Alternative approaches that leverage the same
initial motivation use knowledge distillation, which requires training the student backbone again Roth
et al.[(2024). Third, although we employed the Cascade method (Wang et al., 2022a)) to reduce the
computations, our method still needs to pass a test image multiple times through vision encoders.
This adds complexity and computational overhead, which can be important if a large number of
backbones are considered. A possible solution would involve fusing backbones at the training stage
to require only a single forward pass at test time.

Future work. We could emulate the behavior of a given backbone by learning their representations
using the main branch’s early layers. Other efficient methods could also be developed to combine
predictions from multiple backbones to enhance the scalability of the idea.
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A REPRODUCIBILITY

The one-layer MLP is trained with ADAM optimizer with a learning rate of 2e-4. We use a weight
decay of 0.01. It receives as input the concatenation of the features, the hidden layer has a width of 128
and its outcome is the temperature values for the used backbones. All the backbones used in the paper
are pre-trained using the same dataset called openai and objectives from the OpenAl Fundation
https://github.com/mlfoundations/open_clip. Inthe Cascade|Wang et al.|(2022a),
we use the probability as the confident measurement with a threshold of 0.9. When the method is
confident with a probability bigger than 0.9 we produce a final prediction, otherwise, we add the next
backbone. All our experiments are done in one NViDIA GeForce RTX 4090 GPU, in a small server
with 64 GB of RAM and 32 CPU cores.

B ORACLE PERFORMANCE

Table [B.1] presents the results depicted in Figure ] from the main paper. It includes the number of
parameters and GFLOPs/Image for each backbone, the performance of zero-shot CLIP (OpenAl) on
the selected datasets, and the performance of the proposed ORACLE method.

We observe that backbones with a similar number of parameters from different families can show
significant differences in performance. For instance, ViT-B-32 outperforms ResNet-50x4 in the
CIFAR10 and CIFAR100 benchmarks. However, this trend is not consistent across all datasets, as
illustrated by the results on IMGNET-1K. Additionally, a higher number of parameters does not always
correlate with better performance across different backbone families.

Notably, the ORACLE method, which leverages all possible backbones, shows substantial improve-
ments on several datasets: 43.5% on EUROSAT, 36.0% on CLEVR, 25.1% on CUB, 21.8% on DTD,
16.6% on CIFAR100, and 16.0% on CARs. This clearly demonstrates the complementarity of each
zero-shot CLIP backbone. In Table[B.2] we present the results of the artificial image variations shown
in Figure[7] In this experiment, we selected a subset of each test set from the benchmarks and applied
specific artificial image variations -i.e., Resize, Flip, Grayscale, Color Jitter, and Gaussian Blur- to
evaluate the zero-shot classification performance on these “corrupted” images for each backbone.

The results indicate that ResNet-50 and ViT-B-16 are the most resilient to the Flip transformation,
RN50x64 shows the highest resilience to Resize, and RN50x16 performs best for Grayscale. ViT-L-14
and L-14-336 exhibit the most robustness against Color Jitter and Gaussian Blur transformations.
These findings suggest that each backbone has a unique ability to handle specific types of image
variations.

C ADDITIONAL BASELINES

To complete the experiments and establish a comprehensive baseline compared to other approaches,
we introduce two non-parametric and one parametric more ensemble methods to our benchmarks:

Table B.1: Zero-shot accuracy performance comparison of CLIP backbones on 21 datasets, showcas-
ing the number of parameters and GFLOPs per image for each backbone. Additionally, explore the
performance of our empirical upper-bound prediction, denoted as ‘ORACLE’, representing the ideal
combination of ResNet (RN), ViT, and All backbones.
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Table B.2: Impact of artificial alterations of the input image on each backbone in terms of delta
accuracy concerning the original performance

RN ViT
50  50x4 50x16 50x64 101 B-32 B-16 L-14 L-14-336
Resize -3.81 -347 -190 -1.25 -4.05 -441 -243 -2.82 -2.41
Flip 012 -036 -036 -055 -0.67 -022 -0.12 -0.80 -1.01
Grayscale -6.36 -7.37 -598 -7.01 -7.52 -894 -870 -7.73 -6.99
Color Jitter ~ -2.71 -3.00 -2.19 -293 -2.64 -352 -253 -1.67 -1.73
Gaussian Blur  -5.12  -3.72  -196 -2.06 -449 -3.17 -3.83 -321 -1.80

Confidence (CONF): This method utilizes the Shannon entropy to assess the confidence of each
backbone in making a prediction. The backbone with the highest confidence for a given prediction is
selected as the source of the final prediction.

Voting (VOTE T-1 and VOTE T-3) : Voting combines different classifiers to predict the class
label. In the VOTE T-1 approach, we consider the top-1 prediction from each backbone, and the final
prediction is determined by the label with the highest number of votes. In cases where multiple labels
receive the same number of votes, we select the one with the highest probability. Additionally, we
explore the VOTE T-3 method, which seeks consensus among the backbones by considering the three
most likely predictions from each backbone. These predictions are weighted based on their position
within the top-3 list.

Genetic Algorithm (GAC). To showcase the importance of adaptively adjusting the logits, we use a
genetic algorithm to find the optimal temperatures for combining the backbones. These temperatures
are fixed after training, ensuring they remain constant regardless of the input.

Calibrated confidence (C-CONF) For this approach, we first calibrate the probabilities of each
backbone independently using temperature scaling. Then follow the procedure above and utilize the
Shannon entropy of each backbone to select the one with the highest confidence

Table presents the baselines’ results in the combination of zero-shot CLIP backbones. In non-
parametric baselines, consistently with the presented in the main paper, leveraging the confidence of
each backbone in its predictions consistently fails to enhance the overall performance beyond that of
the best backbone. The lack of calibrated probabilities in the CONF contributes to overconfidence in
some backbones, resulting in performance degradation when combined. Calibrating the confidence
(C-CONF) leads to improvements, although the performance still falls short of matching the best
backbone, except for DTD, CALTECH101, EUROSAT and CARs. This trend persists in the LOG-
AVG approach, where averaging performance across backbones does not effectively exploit their
complementarity between prediction, yielding an average delta accuracy of 0.1%. Notably, the
L0OG-AvG approach shows substantial improvement for the CUB dataset compared to the best
backbone. When the backbones are calibrated C-LOG-AVG, the LOG-AVG approach enhances its
performances across all datasets except GTSRB, MNIST, Resisc45, and SUN397 when compared
to the non-calibrated version. Intriguingly, conventional ensemble techniques such as Vote T-1 and
Vote T-3 prove ineffective in providing a significant boost to prediction accuracy beyond that of the
best backbone.

Table C.1: Our results on ensembling the zero-shot predictions of CLIP backbones, which we group
intro non-parametric and parametric techniques, and also compare to the best-performing single
backbone (SINGLE-BEST). Mean, Max and Min A summarize the difference in performance when
we compare it against the SINGLE-BEST backbone across datasets.
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E ¢ £ £ &4 £ 85 o £ % z 8 % % 2 : ¢ 828 2 3 2§ = %
5 & T S g S8 © a & 2 & & 5 = § £ & % & & 7 = = =
SINGLE-BEST 86.6 794 956 758 244 345 630 564 480 332 79.1 931 524 766 789 639 938 71.0 646 994 67.7
CONF 832 676 825 544 216 244 571 502 357 234 707 854 408 652 665 588 885 592 542 983 63. 8.9 -214 1.1
VOTE T-1 86.3 79.7 943 746 227 307 68.1 580 482 341 784 925 539 76.1 700 627 939 717 673 988 70.0 -0.3 9.0 5.1
VotE T-3 86.4 812 949 77.0 225 327 693 594 507 350 789 930 559 768 740 - 94.1 - 68.1 988 704 09 -49 6.3
LoG-AvVG 869 809 949 750 236 313 69.8 577 494 353 779 929 548 766 748 623 942 726 683 988 709 05 -4.1 6.7
C-LoG-AvVG  86.6 81.2 949 773 238 331 699 588 516 363 789 929 481 768 609 633 943 733 681 989 704 0.1 -180 69
C-ConF 889 79.7 889 741 145 332 657 588 534 327 789 925 443 759 572 512 933 567 645 980 677 -32 -21.7 54
GAC 874 819 954 782 243 348 700 585 519 367 79.0 938 542 780 847 613 948 726 688 988 71.6 19 2.6 6.9
SL 87.6 823 96.1 782 29.0 360 708 59.6 535 36.8 804 942 547 783 841 71.0 952 733 734 995 719 33 0.1 8.8
Ours 91.1 841 967 796 544 361 73.6 632 871 382 821 943 705 788 939 849 954 773 783 995 742 93 0.1 39.1
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Table D.1: Linear classifier accuracy across multiple datasets and employing different backbones,
showcasing the performance improvement achieved by the linear classifier compared to the zero-shot
version. Also, the combination of ORACLE of linear classifiers. The final three columns present the
delta statistics with respect to the zero-shot version of each backbone. In the case of ORACLE, the
delta with respect to the best linear probing.

E = 8 g . g E “

: S % = £ 2 £ g £ g i e g 1
S ¢ £ F oz isog £ % s itz o:fOfogog
5 & S © 8 S8 © a & 2 &2 & s E 5§ £ & 4 x & 7 = 3
50 938 775 885 688 613 179 656 69.0 950 399 909 81.7 845 703 974 783 855 713 89.0 97.1 749 235 -03
3 50x4 963 852 903 717 538 220 760 739 949 49.6 959 89.7 86.1 762 97.7 822 91.6 736 91.0 981 784 226 15
z 50x16 97.1 880 915 739 61.0 264 815 767 955 557 962 91.8 886 804 983 748 932 781 927 989 80.6 205 12
& 50x64 972 904 938 770 315 332 849 79.1 956 612 979 931 91.1 831 985 764 941 803 937 993 821 175 05
101 955 809 909 726 618 20.1 707 69.7 945 419 927 845 835 724 974 755 89.1 66.1 90.7 981 77.1 221 13
B-32 958 768 948 776 59.1 188 709 71.8 951 413 926 832 856 730 980 776 877 699 90.I 985 746 208 02
= B-16 96.9 832 957 794 61.7 234 765 749 955 492 946 881 876 766 982 824 91.7 714 919 992 778 20.1 02
= L-14 97.6 89.1 98.0 855 689 322 833 783 971 609 984 924 926 822 988 755 946 794 946 99.8 814 182 0.1
L-14-336  97.7 90.6 97.7 854 67.1 359 863 788 969 639 985 947 924 840 988 787 946 805 951 997 825 182 03
o} RN 99.1 96.1 982 914 919 482 930 895 990 761 99.1 97.6 963 889 99.8 926 97.6 949 985 998 924 8.1 0.5
g ViT 99.0 957 995 941 914 494 928 88.6 992 781 993 976 969 89.1 99.7 927 97.7 926 985 999 915 65 0.1
S All 994 976 99.7 967 972 595 956 927 996 84.6 996 988 982 918 999 960 987 969 99.5 1000 950 9.1 0.2

Table D.2: Our results on combining the LinearProbe CLIP predictions with different backbones,
which we group into non-parametric and parametric techniques. Mean, Max and Min A summarize
the difference in performance across datasets.
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SINGLE-BEST 977 90.6 980 855 689 359 863 79.1 97.1 639 985 947 926 840 988 824 946 805 951 998 825 - - -
VOTE T-1 98.2 913 972 87.1 71.0 374 867 813 976 63.8 981 950 933 826 992 804 948 805 958 99.6 850 05 2.0 2.5
VOTET-3 982 914 972 870 720 374 865 809 977 640 981 950 934 834 992 804 947 805 959 996 850 05 20 32
CONF 965 860 915 737 573 241 807 735 965 529 948 879 879 800 97.8 796 9l4 736 912 987 794 -53 -118 -05
LOG-AVG 980 915 984 890 738 40.5 873 820 980 647 986 953 943 846 993 808 951 813 963 998 855 13 -15 50
C-CONF 975 913 964 850 627 352 873 80.1 964 629 982 950 919 846 989 719 943 619 947 993 830 -1.8 186 1.0
C-LoG-AvG 983 919 972 872 732 383 875 813 977 652 982 952 934 833 992 80.6 949 805 960 99.6 850 08 1.7 44
GAC 981 923 982 886 733 407 883 820 519 653 986 952 943 848 992 826 951 81 963 998 716 -14 452 43
MOoE 96.5 905 97.6 87.1 89.6 412 848 727 969 430 961 949 934 934 988 823 934 791 045 988 850 02 -209 208
SL 983 919 984 888 743 408 877 810 981 655 987 953 943 848 993 836 950 819 964 998 853 16 00 54
NLC 983 91.8 983 888 77.0 40.8 872 794 978 664 986 954 944 847 993 834 950 809 963 998 859 1.6 0.0 8.1

In employing parametric methods, we utilize the entire training set of the target datasets. Our
proposed approach NLC demonstrates a noteworthy capability to enhance the performance of the
best backbone, achieving a substantial improvement of up to 39.1% in the case of the EUROSAT dataset.
On average, our method exhibits a commendable improvement of 9.3% over the SINGLE-BEST
backbone’s performance across the evaluated datasets.

D NLC USING LINEAR CLASSIFIERS OF CLIP BACKBONES

The results of adapting CLIP using a linear classifier are shown in Table[D.1] RN50 demonstrates the
most significant improvement, averaging an impressive 23.5% increase across all datasets, surpassing
even ViT-B-32. However, RN50 still falls short of outperforming other backbones overall. ViT-L-14
and ViT-L-14-336 continue to be the top performers across all datasets, even after linear probing.

A notable observation is the superior performance of the ORACLE of linear probes compared
to any individual backbone, highlighting the potential benefits of combining multiple backbones.
Although the performance gap between the ORACLE and the best linear probe is consistently observed
across datasets, it is less pronounced than in the zero-shot scenario, indicating a smaller margin for
improvement.

Table E.1: Detailed ImageNet robustness performance. IN is used to abbreviate for ImageNet

IN IN-V2 IN-A IN-R IN-Sketch

Best Backbone 76.6  70.3 77.6  89.0 60.9
NNC (TrainonIN) 78.8 724 756 89.3 61.8
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Table F.1: Classification accuracy of models un- Table F.2: Classification accuracy of models

der few-shot settings. on various vision backbones using 16-shots.

ResNet ViT
Few-shot ! 2 4 8§ 16 Models 50 101 50x16 B-32 B-16
Linear-probe CLIP|Radford et al.|(2021}) 22.2 319 41.2 495 56.1 Zero-shot CLIP[Radford ot aLN2021] 603 625 709 638 687
CoOFZhou et al. (2022] 476 509 562 599 63.0 CoORZhou et al. {2022 476 509 562 599 63.0
CLIP-AdapteiGao et al.|(2021} 612 615 618 627 63.6 CoOF 63.0 66.6 - 66.9 719
Tip-AdapteiZhang et al. |(2021] 60.7 61.0 61.0 615 62.0 gLH/’\?dﬂP‘gf«’m et dll ‘7233,1' 5’;3 23: 0 222 ;(l]-;‘
P = =4 ip-AdaptefZhang et al-§ 202 620 648 73 X X
Tip-Adapter-tiZhang et al. (20211 613 617 625 640 655 Tip-Adapter-FZhang et al {2021 655 686 758 687 737
NLC 782 781 782 783 784 ~e 754

E ROBUSTNESS UNDER DISTRIBUTION SHIFT OF IMGNET-1K

To assess how well the combination of backbones performs under varying conditions, we test its
robustness using natural distribution shifts in the ImageNet dataset. We evaluate its performance on
four datasets representing different distribution shifts: ImageNet-V2 Recht et al.[(2019), ImageNet
Adversarial [Hendrycks et al.|(2021b)), ImageNet Rendition Hendrycks et al.|(2021a)) and ImageNet
Sketch|Wang et al.| (2009). Specifically, we employ a NLC trained on the ZeroShot CLIP backbones
using the original IMGNET-1K data Deng et al.| (2009)). This allows us to determine whether the
learned combination of backbones can maintain its performance across these distribution shift datasets.
In Table we observe that the learned combination of backbones, denoted as NLC, enhances
performance in 3 out of 4 selected benchmarks, with improvements ranging from 0.3% to 2.1%.
However, in the case of ImageNet Adversarial, the performance of the combination of backbones
appears to suffer, possibly due to a more complex decision boundary.

F THE COMBINATION OF NLC WITH TIP-ADAPTER

We integrate the Tip-Adapter|Zhang et al.|(2021)) with our NLC ensembling mechanism and conduct
experiments on EUROSAT, FGVC, DTD, and PETs datasets. Initially, we apply Tip-Adapter and
Tip-Adapter-F independently on each backbone, following their protocol with 1, 2, 4, 8, and 16 shots.
Subsequently, we employ our ensembling mechanism to fuse the adapted backbones. For training
NLC, we utilize the validation set used by Tip-Adapter to combine their logits with CLIP linearly.

In Table [F.T]and [F2] we compare the performance of different few-shot adapters of CLIP on the
ImageNet dataset. It shows that current few-shot adapter methods also have performance differences
with various backbones; still, our NLC surpassed the best backbone reported by their method.

Table [F.3] [F4] [F:3] and [F.6]show the zero-shot performance of the CLIP used by Tip-Adapter. It also
shows the Tip-Adapter and Tip-Adapter-F performance on each backbone and when we combine all
the Tip-Adapter versions and backbones with NLC. Across the four datasets used for this experiment,
NLC improve the performance of each version of Tip-Adapter. Notably, NLC for EUROSAT obtained
an improvement of up to 15% with respect to the best Tip-Adapter backbone (L-14-336) using 1 shot.
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Table F.3: Tip-Adapter and Tip-Adapter-F fused Table F.4: Tip-Adapter and Tip-Adapter-F fused
with our NLC and applied to EUROSAT dataset ~with our NLC and applied to FGVC dataset

ZeroShot ZeroShot
ResNet ViT ResNet ViT
50 50x4 50x16 50x64 101 B-32 B-16 L-14 L-14-336 50 50x4 50x16 50x64 101 B-32 B-16 L-14 L-14-336
37.5 320 40.3 494 325 452 476 58.1 63.5 172 214 27.0 30.2 18.1 193 248 326 334
TiP-Adapter TiP-Adapter
Shots Shots
Model 1 2 4 8 16 Model 1 2 4 8 16
. 50 55,5 60.8 68.1 663 70.3 _ 50 19.0 214 225 259 296
2 50x4 53.0 56.8 67.0 68.0 71.7 2 50x4 241 27.8 293 315 378
2 50x16 545 61.0 6277 651 714 2 50x16 29.0 324 357 385 426
M 50x64 65.1 665 705 735 739 A 50x64 350 385 41.0 448 499
101 479 497 60.6 647 67.6 101 204 229 248 283 321
B-32 541 61.7 682 706 69.8 B-32 21.6 239 237 272 31.6
= B-16 669 68.8 751 729 78.1 = B-16 28.0 31.1 323 36.7 39.6
~ L-14 73.0 71.1 784 79.2 824 ~ L-14 35.6 4177 449 489 523
L-14-336 735 729 757 1792 804 L-14-336 377 43.6 465 50.0 538
With SL 77.8 815 856 864 854 With SL 39.1 442 477 512 548

With NLC 884 86.8 89.7 90.1 90.7 With NLC 409 445 479 515 55.0

TiP-Adapter-F TiP-Adapter-F
Shots Shots
Model 1 2 4 8 16 Model 1 2 4 8 16
. 50 60.7 644 733 777 849 _ 50 205 229 265 304 355
2 50x4 59.5 619 762 819 849 2 50x4 263 29.1 328 36.8 422
g 50x16 614 687 759 80.8 83.7 4 50x16 312 369 383 436 494
o 50x64 712 69.7 787 814 86.6 & 50x64 370 408 450 49.8 548
101 627 5777 754 8.8 83.6 101 217 240 269 320 380
B-32 594 70.1 765 799 849 B-32 227 253 275 329 369
£ B-16 66.6 71.0 79.1 83.8 889 £ B-16 302 341 36.1 409 446
~ L-14 749 750 86.1 864 90.6 ~ L-14 38.6 44.1 485 519 574
L-14-336 725 764 86.1 853 91.0 L-14-336 409 452 496 527 590
With SL 845 867 899 89.0 93.1 With SL 46.7 49.1 534 574 624

With NLC 89.7 883 914 911 938 With NLC 46.8 49.2 53.6 57.5 62.6
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Table E.5: Tip-Adapter and Tip-Adapter-F fused Table F.6: Tip-Adapter and Tip-Adapter-F fused

with our NLC and applied to DTD dataset with our NLC and applied to PETS dataset
ZeroShot ZeroShot
ResNet ViT ResNet ViT
50 50x4 50x16 50x64 101 B32 B-16 L-14 L-14-336 50 50x4 50xI6 50x64 101 B-32 B-16 L-14 L-14-336
42.1 508 50.3 484 384 437 446 531 54.0 858 88.9 90.1 937 869 874 89.1 936 93.8
TiP-Adapter TiP-Adapter
Shots Shots

Model 1 2 4 8 16 Model 1 2 4 8 16
. 50 463 499 543 585 613 _ 50 862 872 86.0 86.7 88.8
2 50x4 525 563 598 624 658 2 50x4 88.7 89.2 89.1 839 90.8
2 50x16 569 595 615 653 67.6 2 50x16 90.5 90.8 914 91.7 909
& 50x64 55.6 615 632 673 70.0 & 50x64 93.7 933 938 938 94.1
101 482 515 566 602 63.6 101 86.8 86.6 869 873 88.1
B-32 493 519 553 594 632 B-32 87.1 88.0 87.6 879 881
£ B-16 51,5 526 586 628 67.0 £ B-16 89.3 906 90.7 90.7 91.7
~ L-14 59.6 616 648 697 713 ” L-14 93.8 935 941 942 945
L-14-336 593 61.8 645 695 72.6 L-14-336 93.8 938 94.0 93.7 94.0
With SL 587 641 655 703 715 With SL 93.8 93.6 943 944 945

With NLC 63.7 66.1 684 71.6 73.0 With NLC 945 942 949 950 953

TiP-Adapter-F TiP-Adapter-F
Shots Shots
Model 1 2 4 8 16 Model 1 2 4 8 16
. 50 48.8 535 56.6 619 665 _ 50 86.6 868 872 875 895
2 50x4 53.7 572 616 657 70.6 2 50x4 89.7 895 90.7 90.7 91.8
g 50x16 58.8 592 63.1 674 735 4 50x16 928 920 929 929 929
o 50x64 59.0 61.8 66.6 699 76.0 & 50x64 942 941 942 941 943
101 475 50.7 583 64.8 688 101 87.6 884 887 88.7 905
B-32 509 553 604 638 689 B-32 88.2 89.0 889 89.6 90.7
£ B-16 527 560 610 67.6 71.0 £ B-16 909 913 920 923 928
~ L-14 604 60.7 67.1 71.6 758 ~ L-14 942 941 946 943 95.1
L-14-336 589 609 67.1 724 757 L-14-336 943 943 948 941 950
With SL 622 673 714 748 788 With SL 945 946 952 952 95.1

With NLC 67.2 68.7 733 754 79.1 With NLC 952 950 953 952 955
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Table G.1: Ablation of NLC performance when changing the number of samples used to train.
We use NLC(n) to denote NLC with n samples per class. and showcase the improvement in
performance compared with SINGLE-BEST backbone in a zero-shot setting.

<)
I~
)
[ )

NNC(16) 87.1 828 958 713 604 535 37.0 804
NNC(32) 873 829 960 782 272 361 712 604 51.6 372 804

833 69.6 942 736 69.6 994 8.3
551 781 853 755 944 741 70.1 994 724 33 00 116

E s g g . ¥ -

3 = = = £ z g = 5 o5 T s & 4

t ¢ £ F z fs 2 £ Y% Oz s £ Z 2z .0z 2 2 % 5373

S & © T o o © a & 2 & g o = S B & 2 & 5 g £ & =

SINGLE-BEST 86.6 794 956 758 244 345 630 564 480 332 79.1 93.1 524 766 789 639 938 71.0 646 994 67.7
NNC(1) 87.3 823 936 780 251 360 71.0 593 550 37.1 794 936 548 77.6 833 625 943 738 700 989 71.1 22 -20 80
NNC(2) 873 814 930 782 251 332 700 599 523 372 795 935 553 774 844 625 945 73.1 702 989 711 19 26 70
NNC(4) 87.1 813 953 759 269 354 702 599 540 359 782 931 552 781 81.6 627 945 727 688 99.1 712 19 -13 72
NNC(8) 87.1 816 956 762 269 36.1 703 581 540 370 803 931 549 783 825 67.0 942 724 689 995 71.2 300 73
77.2 36.2 935 552 784 . 8
94.2

G TRAINING NLC UNDER LIMITED SAMPLES

In our exploration of the effectiveness of the NLC approach, we extend our analysis to a scenario
where we limit the samples to combine the zero-shot CLIPs. This experiment allows us to assess
the adaptability and performance of our proposed method under limited training data conditions.
Table [G.T|presents the performance of NLC by means of a limited number of samples. Although the
performance of NLC overall improves when it has more data available to combine the backbones, in
most cases, just using one sample NLC(1) per class is enough to improve its performance. Notably,
there is a stop in performance degradation when we use more than 8 samples NLC(8) in all the
benchmarks.

Moreover, we run five different seeds to train NLC on the different few-shots settings. Results show
that the standard deviation of our obtained performance is stable and low across all of our studied
datasets, suggesting that our approach is not sensitive to the effects of different samples. It varies
with the number of samples used with a mean standard deviation of 0.62 when we used 1 shot and
0.48 when we used 32 shots.

H LEARNED TEMPERATURE VALUES

Figure and[H.2] present the distribution of the temperature values using a box plot for the NLC
method, normalized by their maximum value. Notably, there is a dominance in the temperature values
for the best backbones in each family, i.e., RN50x64 and ViT-L-14 or ViT-L-14-336. Particularly
prominent in STL10, PETs, DTD, FGVCand FLOWERS, making these backbones especially relevant
for NLC. Interestingly, it is observed that the most weighted backbone within the ResNet family is
not consistently ResNet-101, despite its deeper architecture. This observation is evident in datasets
such as PETs, CUB, FGVC and SUN397, where the mean value of the temperature corresponding to
ResNet-50 surpasses that of ResNet-101.

Furthermore, the distribution of the temperature values across backbones for datasets such as CLEVR,
EUROSAT, and GTSRB is more uniform compared to other datasets. This suggests that the NLC
method is effectively leveraging the strengths of each backbone to arrive at accurate labels for each
sample, resulting in a more balanced distribution of weights across different backbones, complement-
ing our analysis on Fig.

I DIVERSITY AND ORACLE PERFORMANCE OF DIFFERENT COMBINATIONS

Table [[.T] shows the Oracle performance by combinaning different options of diversity. Table
present the diversity of different source of complementarity.

J CASCADING AND ENSEMBLE

Figure shows the performance of multiple ensemble and cascading methods of 2 to 9 back-
bones, notice that NLC obtains the best performance, and when we add cascade it maintains the
computational requirements
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Figure H.1: Alpha values for each dataset using NLC
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Figure H.2: Alpha values for each dataset using NLC
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Table I.1: ORACLE performance by combining: 1) ViT backbones pretrained with same datasets. 2)
Same ViT backbone trained on different datasets 3) Same ViT backbone trained on same dataset but
two different epochs.

§ = é 4
o S @ - vy

= =z g & i 0, E = 5 5 i =2 8

5 ¢ £ £ B 2 = p 2 2 & & 2 % Z = 2 & & 2 £

z & 5 T T B S8 B a & B & & 5 = 5§ B & § & & =
2  OpenAl 782 916 874 982 859 336 39.1 766 653 70.0 466 850 958 649 829 830 938 97.0 906 765 99.6 79.1
é LAION-400M_e31 769 91.7 949 974 859 399 300 833 703 680 362 816 933 597 799 77.1 798 96.1 90.6 775 988 82.1
< LAION-400M_e32 76.8 91.6 949 974 859 396 30.1 833 705 675 368 815 934 598 800 766 802 96.1 903 773 989 82.1
?} ViT-B-16 737 90.8 889 959 80.0 457 288 751 604 572 333 792 928 558 776 767 80.8 947 843 729 989 782
% ViT-B-32 69.1 88.1 829 947 774 269 224 686 623 60.7 274 761 879 519 729 605 749 934 833 655 98.0 747
A  ViT-L-14 774 907 936 98.1 866 314 381 818 69.7 621 440 851 955 62.8 828 838 794 968 843 774 99.6 80.8
5 ViT-B-16 629 857 842 920 721 292 187 658 51.8 454 183 700 851 444 678 580 59.8 89.7 556 604 97.1 702
g VIiT-B-32 578 835 753 888 686 156 139 575 531 451 155 668 764 414 609 453 562 859 527 523 950 650
A VITL-14 67.2 881 90.0 949 781 246 236 740 60.5 509 259 76.0 896 505 733 714 50.7 922 575 67.6 98.1 73.1

Table 1.2: Diversity of combining: 1) ViT backbones pretrained with same datasets. 2) Same ViT
backbone trained on different datasets 3) Same ViT backbone trained on same dataset but two
different epochs.

s s 3 : .
= =) S = @ n

o 5] = = o & g o ~ & = 3 S

£ £z % % & E = oo 5 Y : g % 2 2 2 . @ 2 3 2

Zz & & 5 5 8 8§ © & & £ &2 & 5 = § g & g7 & § 32
2  OpenAl 472 133 475 143 408 704 718 513 508 76.7 812 324 193 68.1 348 66.7 80.1 159 658 465 32 397
é LAION400M_e31 437 13.6 296 137 336 690 727 460 453 627 830 29.6 245 508 349 536 683 167 825 477 49 346
g LAION400M e32 43.6 13.6 293 13.6 335 686 729 457 457 62.1 831 299 244 509 350 536 679 17.1 818 475 49 345
E 6
3 VIiT-B-16 377 106 332 97 273 900 57.5 397 40.6 453 734 225 145 437 258 479 640 118 641 385 27 296
g ViT-B-32 39.8 103 378 12.0 294 565 624 403 451 663 737 260 203 580 30.8 660 440 151 672 387 4.1 319
A VIiT-L-14 320 82 213 62 233 608 56.1 345 348 434 717 186 102 399 212 289 724 88 525 30.1 18 277
< VIiT-B-16 2.7 0.8 14 0.6 24 32 6.2 2.9 25 54 7.7 1.9 1.4 4.1 2.1 29 1.3 0.9 4.1 35 03 19
2  VIT-B-32 33 0.7 19 1.0 24 2.1 57 38 33 60 112 23 1.7 3.0 23 6.9 4.7 1.2 32 26 02 21
= VIT-L-14 2.6 0.7 1.0 0.6 1.7 34 5.8 2.3 2.1 34 8.8 1.3 0.9 3.1 1.7 29 5.7 0.9 4.5 24 02 18

K IMAGE-TEXT RETRIEVAL

We present additional image and text retrieval experiments in Table [K.3] that hint at the potential
benefits of combining multiple backbones of CLIP. We evaluated the complementarity of CLIP
backbones on Flickr30k and MSCOCO. We measured the upper-bound improvement of an "oracle
selection" of backbones as described in Section 2] Table [K.3]shows patterns of complementarity
across backbones comparable to those in the classification setting. On Flick30k, the upper bound
shows possible improvements of 20 percentage points on both text and image retrieval. On MSCOCO,
>25pp.

Tabﬂ:pK.?): Zero-shot retrieval performance of CLIP backbones on the Flickr30k and MSCOCO
benchmark and the performance of our empirical upper-bound, denoted as ORACLE, representing the
ideal combination of ResNet (RN), ViT, and All backbones

Text Retrieval Image Retrieval
Flickr30k MScoCO Flickr30k MSCOCO
R@l R@5 R@10 R@l R@5 R@I0 R@l R@5 R@l10 R@] R@5 R@10
50 80.4  96.1 98.1 48.1 739 830 592 859 916 283 530 64.1
50x4 84.8  96.6 989 521 766 845 646 873 927 325 567 @ 67.1

ResNet  50x16 862 978 99.5 553 782 863 67.4 889 936 352 595 69.6
50x64 88.3 984 99.6 57.8 806 877 714 916 955 347 60.0 70.0

101 83.8 965 98.3 49.8 744 82.7 625 857 91.3 302 542 65.3

B-32 822 951 97.5 500 750 832 614 860 917 304 548 66.1

ViT B-16 851 973 98.9 51.8 768 84.3 652 878 92.8 327 578 68.3
! L-14 87.0 984 99.8 56.1  79.6 86.9 67.8 89.8 94.3 353 596 70.1

L-14-336  88.1 98.2 99.6 575 804 876 715 91.8 955 36.1  60.7 70.8

ORACLE ResNet 979 999 1000 77.7 930 963 866 968 984 547 769 849
ORACLE ViT 96.3 995 1000 73.0 904 946 843 961 979 509 741 825
ORACLE All 98.8 1000 1000 833 953 975 903 978 988 619 821 889
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Combined Backbones

—— ViT{B32} + RN{50}  —-©- ViT{B32,B16} + RN{50,101}
—A— ViT{B32,B16,L14} + RN{50,101,50x4,50x16}
—A— ViT{B32,B16,L14,1,14-336 } + RN{50,101,50x4,50x16,50x64 }
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ViT-B-32 NLC
n Cascade of diverse backbones
RN50 = Ensemble of diverse backbones
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Figure J.3: Average accuracy across 21 datasets for zero-shot ResNets and ViTs backbones, LOG-
AvVG Ensemble, VOTE T-1 Ensemble, C-LOG-AVG Ensemble, NLC Ensemble, and NLC Cascade
using 2 to 9 backbones, plotted against the Average GFLOPs. Demonstrates that our NLC ensembles
can surpass the best zero-shot backbone, and the NLC cascade can also surpass the best zero-shot
backbone with fewer GFLOPs. Moreover, our method surpasses the standard ensembling techniques.
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L  OVERLAP DIAGRAMS FOR OTHER DATASETS.

In this section, we present the linear Venn Diagrams for each of the other datasets used in the
experiment section CALTECH (Figure[L:4), Cars (Figure[L.3), CUB (Figure , CIFAR10 (Figure
[C:6), CIFAR100 (Figure[L.7), CLEVR (Figure [L:8), CountrY211 (Figure[L.9), CUB (Figurem
DTD (Figure [L.1T), Eurosat(Figure [L.12), FGVC (Figure [L.13), FLOWERS (F1gure , Foop

(Figure[L.T5), GTSRB (Figure[L.16), MNIST (Flgw PCAM (F1gu|r<ﬁﬁ PETS (Flgurem,

RenderedSST2 (Figure [C:20), Resisc45 (Figure STL10 (Figure and SUN397 (Figure
[C:23). We can see that in each dataset, the CLIP backbones present possible complementarities that
could be exploited.

M POSSIBLE COMBINATIONS

Tables [M.4] [M.3] [M.6] [M. 7} [M.8] [M.9] [M.10] and [M.TT]present the results of possible combinations

of backbones using the non-parametric and parametric approaches proposed in the paper. Notably,
the performance of NLC consistently emerges as the best across various backbone combinations and
datasets when compared to other methods.

Notably, instances exist where the combination of specific backbones yields a more substantial
performance boost than utilizing all backbones together. For instance, in the PETS dataset, combining
ResNet 50, 101, and ViT-B-32 results in a delta improvement of 2.37%, surpassing the 0.99%
improvement achieved by using the five backbones selected for this experiment. This phenomenon
is consistent across datasets with different backbone combinations. In CARS, there is a boost of
5.71% when combining ResNet-101 and ViT-B-32, compared to the 2.55% boost when using all
five different backbones. While the best delta improvement among backbones may not necessarily
come from combining all backbones, the best overall accuracy is consistently obtained when using
the combination of all backbones.
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Figure L.4: CALTECH101 Overlap diagrams with the correct prediction of each backbone. The Top
part of the Overlap diagram shows the number of backbones that are predicting correctly a set of
images. Each column represents a set of image instances that are predicted correctly by some group
of backbones. Each row in the diagram shows in colour the backbone that correctly predicts a certain
set of image instances, in grey when the backbone is not correctly predicting those instances. The
bottom part of the Overlap diagram shows the number of images in a certain set. The right part is the
total amount of correctly predicted images per backbone.
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Figure L.5: Overlap diagrams for the Cars dataset with the correct prediction of each backbone. The
Top part of the Overlap diagram shows the number of backbones that are predicting correctly a set of
images. Each column represents a set of image instances that are predicted correctly by some group
of backbones. Each row in the diagram shows in colour the backbone that correctly predicts a certain
set of image instances, in grey when the backbone is not correctly predicting those instances. The
bottom part of the Overlap diagram shows the number of images in a certain set. The right part is the
total amount of correctly predicted images per backbone.
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Figure L.6: CIFAR10 Overlap diagrams with the correct prediction of each backbone. The Top
part of the Overlap diagram shows the number of backbones that are predicting correctly a set of
images. Each column represents a set of image instances that are predicted correctly by some group
of backbones. Each row in the diagram shows in colour the backbone that correctly predicts a certain
set of image instances, in grey when the backbone is not correctly predicting those instances. The
bottom part of the Overlap diagram shows the number of images in a certain set. The right part is the
total amount of correctly predicted images per backbone.
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Figure L.7: CIFAR100 Venn diagrams with the correct prediction of each backbone. The Top part of
the Venn diagram shows the number of backbones that are predicting correctly a set of images. Each
column represents a set of image instances that are predicted correctly by some group of backbones.
Each row in the diagram shows in colour the backbone that correctly predicts a certain set of image
instances, in grey when the backbone is not correctly predicting those instances. The bottom part of
the Venn diagram shows the number of images in a certain set. The right part is the total amount of
correctly predicted images per backbone.
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Figure L.8: CLEVER Overlap diagrams with the correct prediction of each backbone. The Top
part of the Overlap diagram shows the number of backbones that are predicting correctly a set of
images. Each column represents a set of image instances that are predicted correctly by some group
of backbones. Each row in the diagram shows in colour the backbone that correctly predicts a certain
set of image instances, in grey when the backbone is not correctly predicting those instances. The
bottom part of the Overlap diagram shows the number of images in a certain set. The right part is the
total amount of correctly predicted images per backbone.
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Figure L.9: COUNTRY211 Overlap diagrams with the correct prediction of each backbone. The Top
part of the Overlap diagram shows the number of backbones that are predicting correctly a set of
images. Each column represents a set of image instances that are predicted correctly by some group
of backbones. Each row in the diagram shows in colour the backbone that correctly predicts a certain
set of image instances, in grey when the backbone is not correctly predicting those instances. The
bottom part of the Overlap diagram shows the number of images in a certain set. The right part is the
total amount of correctly predicted images per backbone.
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Figure L.10: CUB Overlap diagrams with the correct prediction of each backbone. The Top part of the
Overlap diagram shows the number of backbones that are predicting correctly a set of images. Each
column represents a set of image instances that are predicted correctly by some group of backbones.
Each row in the diagram shows in colour the backbone that correctly predicts a certain set of image
instances, in grey when the backbone is not correctly predicting those instances. The bottom part of
the Overlap diagram shows the number of images in a certain set. The right part is the total amount
of correctly predicted images per backbone.
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Figure L.11: DTD Overlap diagrams with the correct prediction of each backbone. The Top part of the
Overlap diagram shows the number of backbones that are predicting correctly a set of images. Each
column represents a set of image instances that are predicted correctly by some group of backbones.
Each row in the diagram shows in colour the backbone that correctly predicts a certain set of image
instances, in grey when the backbone is not correctly predicting those instances. The bottom part of
the Overlap diagram shows the number of images in a certain set. The right part is the total amount
of correctly predicted images per backbone.
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Figure L.12: EUROSAT Overlap diagrams with the correct prediction of each backbone. The Top
part of the Overlap diagram shows the number of backbones that are predicting correctly a set of
images. Each column represents a set of image instances that are predicted correctly by some group
of backbones. Each row in the diagram shows in colour the backbone that correctly predicts a certain
set of image instances, in grey when the backbone is not correctly predicting those instances. The
bottom part of the Overlap diagram shows the number of images in a certain set. The right part is the
total amount of correctly predicted images per backbone.
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Figure L.13: FGVC Overlap diagrams with the correct prediction of each backbone. The Top part of
the Overlap diagram shows the number of backbones that are predicting correctly a set of images.
Each column represents a set of image instances that are predicted correctly by some group of
backbones. Each row in the diagram shows in colour the backbone that correctly predicts a certain
set of image instances, in grey when the backbone is not correctly predicting those instances. The
bottom part of the Overlap diagram shows the number of images in a certain set. The right part is the
total amount of correctly predicted images per backbone.
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Figure L.14: FLowERs Overlap diagrams with the correct prediction of each backbone. The Top
part of the Overlap diagram shows the number of backbones that are predicting correctly a set of
images. Each column represents a set of image instances that are predicted correctly by some group
of backbones. Each row in the diagram shows in colour the backbone that correctly predicts a certain
set of image instances, in grey when the backbone is not correctly predicting those instances. The
bottom part of the Overlap diagram shows the number of images in a certain set. The right part is the
total amount of correctly predicted images per backbone.
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Figure L.15: Foop Overlap diagrams with the correct prediction of each backbone. The Top part of
the Overlap diagram shows the number of backbones that are predicting correctly a set of images.
Each column represents a set of image instances that are predicted correctly by some group of
backbones. Each row in the diagram shows in colour the backbone that correctly predicts a certain
set of image instances, in grey when the backbone is not correctly predicting those instances. The
bottom part of the Overlap diagram shows the number of images in a certain set. The right part is the
total amount of correctly predicted images per backbone.
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Figure L.16: GTSRB Overlap diagrams with the correct prediction of each backbone. The Top
part of the Overlap diagram shows the number of backbones that are predicting correctly a set of
images. Each column represents a set of image instances that are predicted correctly by some group
of backbones. Each row in the diagram shows in colour the backbone that correctly predicts a certain
set of image instances, in grey when the backbone is not correctly predicting those instances. The
bottom part of the Overlap diagram shows the number of images in a certain set. The right part is the
total amount of correctly predicted images per backbone.
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Figure L.17: MNIST Overlap diagrams with the correct prediction of each backbone. The Top
part of the Overlap diagram shows the number of backbones that are predicting correctly a set of
images. Each column represents a set of image instances that are predicted correctly by some group
of backbones. Each row in the diagram shows in colour the backbone that correctly predicts a certain
set of image instances, in grey when the backbone is not correctly predicting those instances. The
bottom part of the Overlap diagram shows the number of images in a certain set. The right part is the
total amount of correctly predicted images per backbone.
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Figure L.18: PCaM Overlap diagrams with the correct prediction of each backbone. The Top part of
the Overlap diagram shows the number of backbones that are predicting correctly a set of images.
Each column represents a set of image instances that are predicted correctly by some group of
backbones. Each row in the diagram shows in colour the backbone that correctly predicts a certain
set of image instances, in grey when the backbone is not correctly predicting those instances. The
bottom part of the Overlap diagram shows the number of images in a certain set. The right part is the
total amount of correctly predicted images per backbone.

Figure L.19: PETs Overlap diagrams with the correct prediction of each backbone. The Top part of the
Overlap diagram shows the number of backbones that are predicting correctly a set of images. Each
column represents a set of image instances that are predicted correctly by some group of backbones.
Each row in the diagram shows in colour the backbone that correctly predicts a certain set of image
instances, in grey when the backbone is not correctly predicting those instances. The bottom part of
the Overlap diagram shows the number of images in a certain set. The right part is the total amount
of correctly predicted images per backbone.
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Figure L.20: RENDERSST?2 Overlap diagrams with the correct prediction of each backbone. The
Top part of the Overlap diagram shows the number of backbones that are predicting correctly a set of
images. Each column represents a set of image instances that are predicted correctly by some group
of backbones. Each row in the diagram shows in colour the backbone that correctly predicts a certain
set of image instances, in grey when the backbone is not correctly predicting those instances. The
bottom part of the Overlap diagram shows the number of images in a certain set. The right part is the
total amount of correctly predicted images per backbone.
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Figure L.21: REsisc45 Overlap diagrams with the correct prediction of each backbone. The Top
part of the Overlap diagram shows the number of backbones that are predicting correctly a set of
images. Each column represents a set of image instances that are predicted correctly by some group
of backbones. Each row in the diagram shows in colour the backbone that correctly predicts a certain
set of image instances, in grey when the backbone is not correctly predicting those instances. The
bottom part of the Overlap diagram shows the number of images in a certain set. The right part is the
total amount of correctly predicted images per backbone.
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Figure L..22: STL10 Overlap diagrams with the correct prediction of each backbone. The Top part of
the Overlap diagram shows the number of backbones that are predicting correctly a set of images.
Each column represents a set of image instances that are predicted correctly by some group of
backbones. Each row in the diagram shows in colour the backbone that correctly predicts a certain
set of image instances, in grey when the backbone is not correctly predicting those instances. The
bottom part of the Overlap diagram shows the number of images in a certain set. The right part is the
total amount of correctly predicted images per backbone.
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Figure L.23: SUN397 Overlap diagrams with the correct prediction of each backbone. The Top
part of the Overlap diagram shows the number of backbones that are predicting correctly a set of
images. Each column represents a set of image instances that are predicted correctly by some group
of backbones. Each row in the diagram shows in colour the backbone that correctly predicts a certain
set of image instances, in grey when the backbone is not correctly predicting those instances. The
bottom part of the Overlap diagram shows the number of images in a certain set. The right part is the
total amount of correctly predicted images per backbone.
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Table M.4: Our results on PETs dataset for all the possible combinations of combining the zero-shot
predictions of CLIP backbones, which we group intro non-parametric and parametric techniques.
Also, the best-performing single backbone (SINGLE-BEST) and the ORACLE performance. We
present, for each combination of backbones, the improvement , constancy — and deterioration of
accuracy performance for each method when we compare it against the SINGLE-BEST backbone.
Mean, Max, and Min A summarize the difference in performance across methods and backbone
combinations.

PETS
ResNet ViT SINGLE-BEST Non-Parametric Parametric ORACLE
50 101 B-32 B-16 L-14 VoOTE T-1 VotE T-3 CoNF LOG-AvVG C-ConF  C-LOG-AVG GAC NLC
v 85.80
v 86.86
v 87.46
v 89.07
v 93.59
v 7 86.86 87.840.98 87.901.04 8820134 88.031.17 8793106 87.84098 8714027 88.09123 91.88501
v v 87.46 88.50 1.04 89.021.55 8525221 89.40194 8798052 8921174  89.482.02 8945199 92.645.18
v v 89.07 89.830.76  89.920.84  89.670.6 89.830.76 89.480.41  89.720.65  89.860.79 902712 92.893.82
v v 93.59 9403044 9400041 9400041 9381022 93730.04 9398038  93730.14 941906 96.182.59
v o/ 87.46 8872125 8899 1.53 8591-1.55 89.071.61 88551.09  89.071.61  89.101.64 89.04 1.58 93.005.53
v v 89.07 90.000.93  90.11 1.04  89.750.68 89.890.82  89.810.74  90.11 1.04 8945038 90.30 1.23 93.134.06
v v 93.59 9332-027 9332-027 93.13-046 93.24-035 9327-0.33 9343-0.16  93700.11 93.700.11 96.512.92
v o/ 89.07 89.860.79  90.16 .09 87.35-1.72 9041 1.34 8945038 9038 1.31 902712  90.30 1.23 9335428
v v 93.59 9379019  93760.16  93.00-0.6 9338-0.22 93.00-0.6  93.730.14 938903 9387027 959924
v o/ 93.59 9398038 9395035 9392033 9406046 9384025 9398038  93.730.14 9392033 96.182.59
v v/ 87.46 88.851.39  89.291.83 8493-2.53 8972226 88420095 8945199 8948202 89.832.37 94.697.22
v 7 v 89.07 8920022  89.810.74 90.020.95 90.11 1.04 89.860.79  90.08 1.01  90.11 1.04 9038 1.31 94.745.67
v 7 v 93.59 91.58-2.02 92.97-0.63 9343-0.16 93.19-041 9330-03  92.86-0.74 93.700.11 9406046 97.363.76
v v o/ 89.07 90.16 1.09  90.46 1.39 86.73-2.34 90.621.55 89.150.08 9046139 9035128 9079 1.72 94795,
v v v 93.59 9250-1.09 93.08-0.52 92.86-0.74 93.02-0.57 92.86-0.74  93.19-0.41  9332-0.27 9425065 97.033.43
v v o/ 93.59 9297-0.63  93.700.11 9398038 9387027 93.84025 9384025 941906 9447087 96.973.38
v v v 89.07 89.830.76  90.16 .09 86.54-2.53 90.651.58 89.830.76 9041134 9035128 90.711.64 95.126.05
v o/ v 93.59 9220-139  93.02-0.57 92.56-1.04 92.75-0.84 9270-0.9  92.94-0.65 9400041 9398038 97.273.68
v v o/ 93.59 9291-0.68 9346-0.14 9346-0.14 9343-0.16 93.57-0.03 9349-0.11 9384025 9392033 97.303.71
v v 7 93.59 9297-0.63 93.27-033 92.89-071 93.51-0.08 93.13-046 9340-0.19 9403044 9417057 97.033.43
v v v/ 89.07 902712 9041134 8621-2.86 90.571.5 89.480.41  90.541.47 9035128 90.90 1.83 95.886.81
v /7 v 93.59 9220-139 92.80-0.79  92.10-1.5 92.91-0.68 92.64-0.95 92.80-0.79 93.16-0.44 9417057 97.774.17
v v v o/ 93.59 92.56-1.04 92.94-0.65 93.59 93.19-0.41 93.54-005 9294-0.65 93.810.22 9452093 97.774.17
v v v v 93.59 9291-0.68 93.27-033 9278-0.82 93.19-041 93.05-0.55 93.27-033  93790.19 9433074 97.523.92
v v v/ 93.59 92.61-0.98  93.00-0.6 92.12-147 92.94-0.65 92.91-0.68 93.05-0.55 93.680.08 9403044 97.794.2
v v v v/ 93.59 91.63-1.96 93.00-0.59 92.26-134 92.86-0.74 92.89-0.71  92.94-0.65 9330-0.29 9458099 98.064.47
Mean A 0.05 035 0.77 0.42 0.06 0.40 058 0.98 431
Max A 139 1.83 134 226 1.09 1.99 202 237 722
Min A 202 -0.79 -2.86 0.84 0.95 0.79 0.44 0.1 2.40
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Table M.5: Our results on CARs dataset for all the possible combinations of combining the zero-shot
predictions of CLIP backbones, which we group intro non-parametric and parametric techniques.
Also, the best-performing single backbone (SINGLE-BEST) and the ORACLE performance. We
present, for each combination of backbones, the improvement , constancy — and deterioration of
accuracy performance for each method when we compare it against the SINGLE-BEST backbone.
Mean, Max, and Min A summarize the difference in performance across methods and backbone
combinations.

CARS
ResNet ViT SINGLE-BEST Non-Parametric Parametric ORACLE
50 101 B-32 B-16 L-14 VoOTE T-1 VoTE T-3 CoNF LOG-AVG C-CoNF  C-LOG-AVG GAC NLC
4 5423
v 61.12
4 59.73
v 64.61
v 7175
v o/ 61.12 6241128 6267154 5341771 63.031.9 6181068 628317 635224 6359246 7158 10.46
v v 59.73 6130 1.57 6226252  60.841.11 6339366 6L14141 6252279 6341368 63.403.67 71.5011.76
v v 64.61 65.270.66 6555095 53.94-10.67 6601 141 6497036 6589128 6655194 66.802.19 7395934
v v 77.75 77.58-0.17 7776001  77.69-0.06 77.24-051 7747-029 77.64-0.11 7851076 7857082 83.96621
v o/ 61.12 644233 6499387 6341229 6689577 6371259  65664.54 6686573 66.835.71 73.6012.47
v v 64.61 67.162.55 67.743.13  5928-532 6799338 6666205  68.11351 6803342 6820359 76.2711.67
v v 71.75 7747029 7778002 7742034 77.73-002 77.44-031 7810035 78921.17 79.11136 8432657
v o/ 64.61 6634173 6684224 6541081 6795335 6587127  67.262.65 680034 67.773.16 7548 10.87
v v 77.75 77.55-02  77.860.11 775502 7742-034 77.52-024  77.800.05 7868093 7886111 83.886.13
v v 7175 77.54-021  7745-03 7732044 7779004 77.18-0.57 77.63-0.12 7888 1.13 7891 1.16 842665
v v/ 61.12 6463351 652341  5736-3.77 6656543 63.692.56 6601480 6676563 66.765.63 78.8617.73
v o/ 4 64.61 6634173 6735275  59.66-495  67.6030 6665204 67.773.16 6795335 68.203.50 80.66 16.06
4 v 77.75 7380395 7623-1.52  76.10-1.65 76.59-1.16 77.25-05  7686-09  79.06 131 7888 1.13 87.499.74
v v v 64.61 6624163 67.06245 5624837 6794333 6607147 6762301 68.463.86 6829368 80.24 1563
v v v 71.75 7504271 77.07-0.58 7750025 7671-1.04 7734-041 7724-0.51 7873098 7871096 871594
v v o/ 71.75 7453322 7628-147 75.90-1.85 76.76-0.99 76.97-078 76.94-0.81 78.400.65 79.01126 87.439.68
v v v 64.61 67.863.26 6895434  6040-42 6936475 67.04244  69.12451 6916455 6934474 81371676
v o/ v 77.75 7504271 7696-08  77.17-0.58 76.88-087 7T7.18-0.57 T7.14-0.61 7924149 792615 8732956
v v v 7775 7560215 7655-121 7570205 772505 77.15-06  7737-039  79.02127 79.06 131  87.639.87
v v/ 71.75 7523252 7671-1.04 7728047 773504  77.19-0.56  77.15-06 7842067 79.04129  87.399.64
v v/ 64.61 67.723.11 6854393  60.59-4.02 6877417 6698238 6856395 69.064.45 69.164.55 84.1819.57
v v/ v 77.75 73.81-3.94 75.87-1.88 7597-178 76.04-172 77.08-0.67 7643-1.32 7856081 79.121.37 89.3711.62
v 7/ v v 7175 74.69-3.06  76.06-1.69 75.66-2.00 7641-134 7693-0.82 7647-128 79.07 132 7922147 89.60 11.85
v v v/ 71.75 74.51-325  7595-18  7590-185 76.57-1.18 77.01-0.75  7605-1.7  78.831.08 79.19 1.44 89.30 1155
v v v 7775 7528247 7648-127 7554-221 76.61-1.14 7699-0.76 7691-0.85 79.071.32 79.331.58 89.4911.74
v v v Y 77.75 7367408 7570-2.05 7556-2.19 757520 7678-0.97 7596-1.79 7896121 8030255 90.8513.1
Mean A 041 0.63 242 1.04 0.40 0.98 225 243 11.36
Max A 351 434 229 577 259 4.89 573 571 19.57
Min A -4.08 2,05 -10.67 2,00 0.97 -1.79 065 0.82 6.13
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Table M.6: Our results on CUB dataset for all the possible combinations of combining the zero-shot
predictions of CLIP backbones, which we group intro non-parametric and parametric techniques.
Also, the best-performing single backbone (SINGLE-BEST) and the ORACLE performance. We
present, for each combination of backbones, the improvement , constancy — and deterioration of
accuracy performance for each method when we compare it against the SINGLE-BEST backbone.
Mean, Max, and Min A summarize the difference in performance across methods and backbone
combinations.

B
ResNet ViT SINGLE-BEST Non-ParEr:nEljric Parametric ORACLE
50 101 B-32 B-16 L-14 VOTreT-1  VOTE T-3 CoNF LoG-AvG C-ConNF  C-LOG-AvVG GAC NLC
v 46.57
v 49.64
v 52.99
4 55.28
4 62.06
v v 49.64 5128 1.64 5233269 4541-423 5506542 50.721.09 5356392 5506542 55.13549 61.13 1149
v v 52.99 5492193 5570271 5394095 5777478 5390091 5651352  57.684.69 57.754.76 64.03 11.05
4 v 55.28 56.61 133 5751223 5582054 5939411 5549021 5844316 5973445 59.6844 65521023
v v 62.06 61.65-041 6232026 61.72-0.35 639619 61.01-1.05 6277071  64122.05 64.262.19 70.49 8.42
v o/ 52,99 5494195 554925 4872-426 57.614.63 5404105 5651352 5742444 57.584.59 63.8210.84
v v 55.28 56.56 128 57.16 1.88 5625097 587835 5627098 580828 5880352 5925397 65341006
v v 62.06 6201-0.05 62700.64 6203-0.03 6358152 61.67-0.4 6324 1.17  63.691.62 63931.86 70.318.25
v o/ 55.28 5787259 585833 51.05-423 60.87559 5740212  59.634.35 6072544 60.74545 67.1011.82
4 v 62.06 62.580.52 6329123 6262055 6434228 6232026 640720  64.582.52 6450243 71.339.27
v o/ 62.06 6263057 6336129 5487-7.2 6498292 6229022 6391185 650730 6500293 71.189.11
v v/ 52,99 5625326 5721423 47.93-506 59.32633 5450152 581852  59.60661 59.25627 69.7116.72
v v/ v 55.28 57.342.05 58423.14 5331-197 6020492 5608079  59.424.14 605853  60.6854 70.90 15.62
v o/ v 62.06 61.25-0.81 6281074 59.89-2.17 6401195 60.80-126 6341135 65.083.02 6503297 74.7512.69
v v o/ 55.28 58943.66 60.114.83 51.86-342 614862 5746217 6099571 6122594 6201673 72.64 1736
v v v 62.06 61.96-0.1 63881.81 6239033 653633 61.60-047 643623 6567361 65643.57 75.8513.79
v v o/ 62.06 626706 64.192.12 5544-6.63 6567361 61.72-035 649629 6602395 6634428 76.0413.98
v v/ 55.28 5897369 59.924.64 49.83-545 61.24595 5773245 606854 611859 61.65637 71.9916.71
v o/ v 62.06 6215000 6344138 60.25-1.81 6500293 61.82-024 6398192 653633 6531324 75421336
v v o/ 62.06 6243036 6403197 5547-659 6533326 6212005 6491285 6624418 6605399 75541348
v /v v 62.06 63.121.05 644624 5445-761 6593387 6277071 6479273  66.053.99 6605399 76.60 1453
v v v 55.28 59.444.16  60.61533 49.57-571 61.816.52 5749221  61.396.11 61.966.68 62.507.21 75.6020.31
v v/ v 62.06 62.00-0.07 63.621.55 35937-2.69 649629 6122-085 6410204 6538331 6591385 783216.26
v v/ v o/ 62.06 6298091 6441235 5445-761 6522316 61.49-0.57 66.664.59 6659452 78.58 1652
v v v v 62.06 63.631.57 6515300 5473-734 659639  62.200.14 66.214.14  66.904.83  79.6717.6
v v v v 62.06 6319112 6438231 5418-7.89 6569362 6229022 6521314 6628421 665745 79.011695
v v v v/ 62.06 6332126 6438231 5371-835 6553347 61.79-028 6501295 6629423 6840634 81.2019.14
Mean A 131 242 374 3.94 045 315 424 447 13.68
Max A 4.16 533 097 652 245 6.11 6.68 721 2031
Min A 0.81 0.26 -8.35 1.52 -1.26 0.71 1.62 1.86 825
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Table M.7: Our results on DTD dataset for all the possible combinations of combining the zero-shot
predictions of CLIP backbones, which we group intro non-parametric and parametric techniques.
Also, the best-performing single backbone (SINGLE-BEST) and the ORACLE performance. We
present, for each combination of backbones, the improvement , constancy — and deterioration of
accuracy performance for each method when we compare it against the SINGLE-BEST backbone.
Mean, Max, and Min A summarize the difference in performance across methods and backbone
combinations.

DTD
ResNet ViT SINGLE-BEST Non-Parametric Parametric ORACLE
50 101 B-32 B-16 L-14 VOTE T-1 VoTE T-3 CONF LOG-AVG C-CoNF  C-LOG-AVG GAC NLC
4 41.22
v 43.67
4 43.99
4 45.11
v 55.32
v /7 43.67 4713346 4729362 4644277 4771404 4596229 4734367 4761394 4771404 5436 10.69
v v 43.99 4463064  45001.01 4122277 4601202 4378021 4543144 4574176 4590191 51.707.71
v v 45.11 4686176 47.132.02 4037473 4739229 4585074  47.232.13 4787277 4739229 5324814
v v 55.32 5564032 561208 41.33-13.99 5564032 5505-027 562209  55430.11 5644 1.12 6223691
v o/ 43.99 4702303 4734335 4160239 4846447 47.033.04 4793394  47.873.88 47.983.99 551111.12
v v 45.11 4846335 48943.83 4830319 4915404 4835324  48.673.56 48.783.67 48.783.67 55741064
v v 55.32 5521-0.11 5559027 4335-11.97 5569037 5511021 5633101 5676144 5670138 61.606.28
v v 45.11 4665154 4686176 43.24-186 4771261 4548037 4723213 4707197 476125  53.568.46
v v 55.32 5574043 5633101 4356-1176 562209 5532 562209 5649117 5670138  62.026.7
v o/ 5532 570217 5739207 4388-11.44 5628096 5660128 5676 1.44 5681149 56.86 154 620267
v v/ 43.99 4750351 4771372 4037-3.62 489950 4697298  47.823.83 4926527 49.105.11 59.26 1527
v /7 v 45.11 4835324 4941431  44.68-043 4995484 48303.19 4995484 5032521 5021511 60.59 1548
v /7 v 55.32 5426-1.06 562209 41.70-13.62 5532 5489043 5676144 570217 5718186 65801048
v v o/ 45.11 4686176 4697 1.86  44.95-0.16  48.193.09 4553043 4734223 4777266 48243.14 57.8712.77
v v v 55.32 5319213 55430.11 41.86-1346 5473-0.59 55.11-021 5473-0.59  56.060.74 5649 1.17 6559 10.27
v v o/ 55.32 53.99-133 5633 1.01 42.87-1245 56.010.69 5580048  56.601.28  57.342.02 57.181.86 65.69 10.37
v v/ 484033 49.684.57 41.76-335 49264.15 4862351  49.684.57 4995484 492041 60321521
v o/ v 54.47-085 5569037 44.57-10.74 5527-0.05 5532 56.010.69  56.86 1.54 57.181.86 6532 10.0
4 v o/ 54.89-043 5676 1.44 43.56-11.76 5574043 562209 5681149 5670138 57.77245 653710.05
v v/ 54.63-0.69 5644 1.12 4447-1085 5574043 5574043 5649 1.17 5723191 57.071.76 6532100
v v 4867356 49.524.41  4330-1.81 49.63452 4846335 4979468  50275.16 4941431 63.19 18.09
v v/ v 5436-096 55.16-0.16 42.50-12.82 54.73-059 5500-0.32 5495-0.37 562209 57.342.02 68.03 1271
v /7 v o/ 5489043 5638 1.06 42.93-1239 55.00-0.32 5553021 5681149 57.872.55 57.71239 68.14 12.82
v v v v 53.72-16  55960.64 4250-12.82 5457-0.74 55480.16  55480.16  56.381.06 5697 1.65 67.7112.39
v v v/ 54.68-0.64 561208 4447-1085 5537005 55960.64 5606074 5681149 57.502.18 67.66 12.34
v v v v 5372-1.6  55.690.37 4255-1277 5436-096 5559027 5521-0.11  56.120.8 5894362 69.63 1431
Mean A 0.76 178 7,65 1.61 1.00 1.87 236 263 11.00
Max A 3.56 457 3.19 5.00 351 4.84 527 511 18.09
Min A 2.13 -0.16 -13.99 -0.96 043 -0.59 0.1 112 6.28
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Table M.8: Our results on FGVC dataset for all the possible combinations of combining the zero-shot
predictions of CLIP backbones, which we group intro non-parametric and parametric techniques.
Also, the best-performing single backbone (SINGLE-BEST) and the ORACLE performance. We
present, for each combination of backbones, the improvement , constancy — and deterioration of
accuracy performance for each method when we compare it against the SINGLE-BEST backbone.
Mean, Max, and Min A summarize the difference in performance across methods and backbone
combinations.

FGVC
ResNet ViT SINGLE-BEST Non-Parametric Parametric ORACLE
50 101 B-32 B-16 L-14 VOt T-1 ~ VOTE T-3 CONF LoG-AVG C-ConF C-LoG-AvG GAC NLC
4 17.07
v 18.63
v 19.65
v
v
v 7/ 18.63 1887024 1902039 1860-0.03 19230.6 1848-0.15 1905042 1959096 1989126 26.197.5
v v 19.65 20.520.87 2046081 16.62-3.03 2136171  19.800.15 2118153 2100135 22.172.52  27.69 8.04
v v 24.39 2424-0.15 2433-006 17.19-72 2478039 23.97-042 2523084 2565126 258915  31.026.63
v 4 3171 3147-024 3147-024 3147024 3168-003 31.59-0.12 3255084 3249078 3357186 37.59588
v o/ 19.65 2000135 2151186 2070105 2169204 20731.08 2202237 2121156 2241276 2820855
v v 24.39 2367-0.72 2397-042 23.52-087 2382-057 2379-0.6  2436-0.03 2481042 2538099 31.927.53
v v 3171 30.81-0.9 3129-042 30.93-078 3054-1.17 31.20-051 31.50-021 31.35-0.36 3303132 383166
v o/ 2439 24.18-021 24.30-0.09 2022-4.17 2508060 23.76-0.63 2484045  25020.63 25951.56 3273834
v v 3171 31.860.15 31.68-0.03 31.59-0.12 3204033 3171 3279108 326109 3333162 39.577.86
o/ 3171 3162-0.00 3219048 3195024 3276105 3192021 3288117 3330159 33.691.98 41.259.54
v v/ 19.65 2079 114 2151186 18.12-1.53 217520 2052087  21.692.04  21.722.07 2349384 33601395
v /7 v 24.39 2289-15 2328-1.11 17.55-684 23.67-0.72 2340-099 2403036 246903 2661222 36571218
v /7 v 3171 2880-291 30.00-1.71 30.87-0.84 30.21-15 3L14-0.57 31.53-0.18 32.580.87 34.08237 423610.65
v v o/ 24.39 23.94-045 24570.18 22.53-1.86 2481042 23.61-078 249906 2571132 2676237 37.6813.29
v v 4 3171 3036-135 31.29-0.42 3093-078 3207036 31.59-0.12  32731.02 3225054 3474303 43531182
v v o/ 3171 30.63-1.08 3177006 3027-144 3240069 31.800.09 3297126  33.061.35 34.803.00 45061335
o v/ 24.39 2379-0.6 2415-024 20.55-384 2502063 2340-099 2472033 2550 111 2631192 38101371
o/ 4 3171 3024-147 30.90-0.81 3090-0.81 31.62-0.09 3120-051 3207036 3195024 3372201 4401123
v v o/ 3171 30.75-096  31.62-0.09 31.23-048 3177006 3144-027 3240069 332115 3423252 4569 13.98
v vV 3171 31.14-057 3159-0.12 31.02-0.69 329112 3177006  33.391.68  33.181.47 3450279 46.56 14.85
v v /7 24.39 23.97-042 2391-048 22.11-228 2472033 2331-1.08 2460021 2550 1.11 27.453.06 41.79 17.4
v v/ 4 3171 28.65-3.06 30.63-1.08 3045-126 3120-051 31.14-057 3204033  32370.66 34803.09 47041533
v /7 v o/ 3171 2946-225 30.72-0.99 29.85-1.86 31.02-0.69 31.38-0.33 323106 3255084 3492321 4854 16.83
v v vV 3171 30.06-1.65 31.44-027 31.02-0.69 3228057 31.65-0.06 332115  33.631.92 3537366 49.3817.67
v v v v 3171 29.82-1.89 31.20-051 3051-1.2  32580.87 3225054 3333162 3423252 49.83 18.12
v v v v Y 3171 2895276 3096-0.75 30.63-1.08 31.53-0.18 3129-042  31.890.18  33.181.47 35884.17 52.0920.37
Mean A -0.83 0.16 164 033 0.27 0.74 1.06 243 12,01
Max A 5 1.86 1.05 210 1.08 237 207 417 20.37
Min A 171 -7.20 -1.50 -1.08 0.36 036 0.99 5.88
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Table M.9: Our results on Foob dataset for all the possible combinations of combining the zero-shot
predictions of CLIP backbones, which we group intro non-parametric and parametric techniques.
Also, the best-performing single backbone (SINGLE-BEST) and the ORACLE performance. We
present, for each combination of backbones, the improvement , constancy — and deterioration of
accuracy performance for each method when we compare it against the SINGLE-BEST backbone.
Mean, Max, and Min A summarize the difference in performance across methods and backbone
combinations.

Foob
ResNet VIT SINGLE-BEST Non-Parametric Parametric ORACLE
50 101 B-32 B-16 L-14 VOTE T-1 VoTE T-3 CONF LOG-AVG C-COoNF  C-LOG-AVG GAC NLC
4 7791
v 81.86
v 82.58
v 87.91
v 92.32
o/ 81.86 8263078 8290104 822604 8308122 8247061  83.014129 8328143 8327141 87.1653
v v 82.58 8383125 8426168 7696-5.62 8455197 83.601.02 8440182 8441183 846821 8842584
v v 87.91 87.56-036 87.62-03 8749-043 87.58-0.33 87.52-04  87.80-0.11  88.13022 8855064 91.313.39
v 4 92.32 91.94-0.38 92.04-0.29 91.88-0.44 91.75-0.57 91.75-0.57 91.93-0.39 9282049 9279047 94522.19
v o/ 82.58 8497239 8531273 844819  85703.11 8462204 8554296 8555297 85693.11 89.286.69
v v 87.91 8817026 8830038 87.92001 8840049 87.87-0.05 8834043 8872081 88.680.76 91.813.9
v v 9232 9225-0.07 9234002 92.04-029 92.08-0.24 91.85-048 92.22-0.11 9278045 9280048 94.812.49
v o/ 8791 88.080.16 88.18027 8255-536 8825033 88.100.19 883104  88.790.88 8874083 91.543.63
v v 9232 92.13-02  9221-0.12 9200-0.33 92.04-028 91.92-0.4  92.14-0.19 9270037 9273041 94.762.44
o/ 9232 9258025 9267034  92450.12 9257024 9231-0.01 9259027 9270038 92.880.55 94.962.64
v v/ 82.58 8454196 852827 79.64-295 85359301 8462204 853828 8582324 8584326 91.168.58
o/ v 8791 86.54-1.37 8734-0.57 87.57-034 87.72-0.19 87.51-04  87.63-028 8862071 8873082 9299507
v /7 v 9232 88.86-3.47 90.41-191 91.66-0.67 90.99-1.34 91.45-0.87 90.59-1.74 9279047 92.840.52 95473.15
v v o/ 87.91 87.45-047 8798007 80.07-7.85 87.970.06 87.77-0.15 88.090.17 8884093 8885094 93.015.09
v v v 92.32 89.70-2.63  90.90-143 90.01-232 9118-1.15 91.54-0.79 90.93-139 9271038 92.830.5 95.563.23
v o/ 92.32 91.38-0.94 92.00-0.33 92.11-021 91.98-034 91.93-04  9200-033 9277044 93.020.69 95.773.45
v v/ 87.91 87.78-0.13 8818027 8345-446 8840048 8796005 883204  89.021.1 8895104 93.36545
v o/ v 9232 90.17-2.15  9120-1.13  91.75-0.57 91.50-0.82 91.54-0.78  91.28-1.05  92.900.57 9293061 9571339
v v o/ 232 91.54-0.78 91.98-0.34 92.06-0.26 92.07-0.25 91.87-0.45 92.02-03 929306 92.970.65 95.893.56
v v v 9232 91.24-1.08 91.85-0.48 90.73-1.59 92.02-031 92.04-028  91.92-04  92.930.61 92980.66 95.793.47
v v v/ 87.91 87.65-026 87.980.07 81.00-691 881102 87.66-0.25 88.100.19 89.07 1.16 89.03 1.12 94.016.1
v v/ v 9232 89.57-275 90.21-2.12 90.17-2.15 90.61-1.71 91.24-1.09  90.24-2.09 92490.17 9290058 96.103.77
v /7 v o/ 92.32 91.10-1.22 91.29-1.03 91.83-0.5 91.38-0.95 91.60-0.73  91.26-1.07 92930.61 93.030.7 96.263.94
v v v v 9232 90.99-133 91.49-0.84 89.53-279 91.53-08 91.73-0.59 91.49-0.84 929306 93.060.74 96.253.93
v v v v 9232 91.26-1.06 91.56-0.76  90.61-1.72  91.62-07 91.67-0.65 91.45-0.88 92.860.54 93.030.71 96.354.02
A A 92.32 90.08-2.25 90.88-1.45 89.62-2.7 91.09-1.24 9143-0.9  90.91-141 92910.59 9307075 96.604.27
Mean A 0.61 0.14 -1.85 0.00 0.17 0.07 0.87 0.96 4.19
Max A 239 273 1.90 311 204 296 324 326 8.58
Min A 347 2.12 -7.85 171 -1.09 2.09 0.17 0.41 2.19
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Table M.10: Our results on FLOWERS dataset for all the possible combinations of combining the zero-
shot predictions of CLIP backbones, which we group intro non-parametric and parametric techniques.
Also, the best-performing single backbone (SINGLE-BEST) and the ORACLE performance. We
and deterioration of

present, for each combination of backbones, the improvement , constancy

accuracy performance for each method when we compare it against the SINGLE-BEST backbone.
Mean, Max, and Min A summarize the difference in performance across methods and backbone

combinations.
FLOWERS
ResNet ViT SINGLE-BEST Non-Parametric Parametric ORACLE
50 101 B-32 B-16 L-14 VoOTE T-1 VoTE T-3 CoNF LOG-AVG C-CoNF  C-LOG-AVG GAC NLC
4 66.12
v 65.20
v 66.48
v 7143
4 79.05
v /v 66.12 6801 1.89  67.951.82 6736124 686325 6725112 6843231 6840228 6884272 7383771
v v 66.48 6921273 6977329 686822  69.172.68 6876228 6977329 692828  70.003.51 75499.01
v v 7143 7245102 7268125 720306  72481.06 7187044  72.69 127 7312169 76.635.2
v v 79.05 7829-0.76  7822-0.83 79.02-0.03 77.33-172 7878028 78.19-0.86 7891-0.15 7941036 8327421
v o/ 66.48 68.562.08 6874226 6835187 6887239 6832184 6871223 6874226 69.212.73 743979
v v 7143 71980.55 7232089 7170028 7235093 7141-002 7237094 7310168 7302159 77.35592
v v 79.05 77.87-1.19  77.74-132 7834-0.72 77.23-182 77.87-1.19 77.52-1.53 77.83-1.22 79.230.18 8262356
o/ 7143 7291148 7269127 65.15-628 7216073 7252109 7269127 7188046 7299 1.56 78.296.86
v v 79.05 7850-0.55 7831-0.75 7845-06 77.43-163 7835-0.7  77.88-1.17 78.94-0.11 79.070.02 82863381
v v 79.05 7801-1.04 7801-1.04 7845-06 77.90-1.15 7837-0.68 7829-0.76 78.14-0.91 79.660.6 8336431
v v/ 66.48 69.382.80  69.9835  69.122.63 69.573.09 69.122.63 7009361  69.643.15 70.924.44 7857 12.08
v /7 v 7143 7174031 7227085 7178036 7248106 7149007 7252109  73.101.68 73.82239  79.468.03
v /7 v 79.05 7470436 76.03-3.02 7834-0.72 7559-346 77.77-1.28 7595-3.11 78.00-1.06 79.900.85 84.65559
v o/ 7143 7269127 7320177 6629-5.14 7274132 7255112 729215 7297154 7390247 80.34891
v v v 79.05 7587-3.19  76.89-2.16 7848-057 7634272 7832-073 76.74-231 78.83-0.23 80.081.02 84.91585
v v v 79.05 76.84-221 7741-1.64 7848-0.57 77.33-172 7835-07  7744-1.61 78.09-0.96 8027122 8483577
v v 7143 7169026 7255112 66.34-5.09 7209067 7243101 728214 7174031 73.83241 80.949.51
v o/ v 79.05 751539 7639267 77.92-1.14 7619286 77.67-138  7645-2.6  78.53-052 79.44039 84.165.11
v v o/ 79.05 7634272 77.13-1.92 7805-1.01 77.20-1.85 77.67-138 77.36-1.60 78.16-0.89 80.161.11  84.885.82
o vV 79.05 7704202 77.65-14  76.11-2.94 7674-231 78.11-0.94 77.80-125 78.57-049 79.690.63 8501595
v v 7/ 7143 7252109 7295153 67.02-441 7260117 722208 7300158 7261 1.19 7445302 82.1410.72
v v/ v 79.05 75.22-3.84  75.69-337 77.92-1.14 75.18-387 77.59-146 7552-3.53 78.63-042 79.800.75 8562657
v /7 v v 79.05 76.01-3.04 76.52-2.54 78.00-1.06 762628 77.57-148 7655 7824081 8027122  85.676.62
v o/ 79.05 76.71-234  77.22-1.84 7621-2.85 7631-275 78.14-091  77.05-2.0  78.18-0.88 80.18 1.12 8577672
v v 79.05 7681224 77.09-1.97 75.80-325 76.22-283 77.69-1.37 77.10-195 78.19-0.86 7993088 857567
v v v v/ 79.05 75.70-335 7628277 75.85-320 75.54-351 77.60-145 7625280 78.16-0.89 81.102.05 8632727
Mean A 0.81 0.37 124 075 -0.14 -0.35 030 157 6.76
Max A 2.89 3.50 2.63 3.09 263 3.61 315 444 12.08
Min A -4.36 -3.37 -6.28 3.87 -1.48 353 122 0.02 356
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Table M.11: Our results on IMGNET-1K dataset for all the possible combinations of combining the zero-
shot predictions of CLIP backbones, which we group intro non-parametric and parametric techniques.
Also, the best-performing single backbone (SINGLE-BEST) and the ORACLE performance. We
present, for each combination of backbones, the improvement , constancy — and deterioration of
accuracy performance for each method when we compare it against the SINGLE-BEST backbone.
Mean, Max, and Min A summarize the difference in performance across methods and backbone
combinations.

IMGNET-1K
ResNet ViT SINGLE-BEST Non-Parametric Parametric ORACLE
50 101 B-32 B-16 L-14 VOTE T-1 VoTE T-3 CONF LOG-AVG C-CoNF  C-LOG-AVG GAC NLC
4 59.84
v 62.28
4 6
v 68.34
4 75.54
v /7 62.30 63.76 1.46 6416 1.86  59.05-325  64.612.31 6322091  64472.17 6471241 65.142.84 7075845
v v 63.36 65.001.65 6537201 6440 1.04 6578242 6439103  65542.19 6586251 6607271 7176841
v v 68.34 68470.12 6872037 68.15-0.19 68.890.55 68.09-026 6885051  69.60 126 69.861.52 74.516.17
v v 75.53 75.13-04  7527-027 60.23-153  75.09-0.45 74.51-1.02 7497-056 7597044 7617064  80.134.6
v o/ 63.36 66.032.67 6641305 6029-3.07 6699363 6545209 6670335 67.003.65 6735399 7296961
v v 68.34 69.090.75 6929095 685402  69.581.24 68450.11 6940105 6990156 7029195 751568
v v 75.53 75.18-035 7535-0.18 62.53-13.0 75.16-038 7456-0.97 75.10-044 7601048 7639086 80.284.75
v o/ 68.34 68900.56 69.17082  63.17-5.18  69.41 1.07 68480.13 6923089  69.76 142 70.04 1.7 7497663
v v 75.53 7537-0.16  7540-0.13 63.53-1201 75.19-035 7479-0.74 7520-0.33 7598045 7631078 80.494.96
v o/ 75.53 7547-006 7561008 6842-7.12  75630.1  75.04-0.5  7550-0.03 7598044 76.260.73 80.605.06
v v 7 63.36 66.152.79 667634  6027-3.08  67.333.97 6551216 6708372 6747411 6787451 7639 13.03
v /7 v 68.34 68.22-0.12 689406  6682-153 6923089 68.17-0.18  69.180.83  70.111.77 70.712.37  77.959.61
v /7 v 75.53 7215-338  7409-145 6270-12.83 74.22-131  7403-15  7408-145 7607054 7642088 8241 6.87
v v o/ 68.34 68.580.24 6920085 63.72-4.62 6945111 6835 69.45 111 7018 1.84  70.602.26  78.069.72
v v v 75.53 7280273 7435-118 6326-1228 7436-1.17 7424-13  7432-121 7614061 7635082  82.617.08
v v o/ 75.53 7395-158 7493-0.61 67.33-821 74.98-055 7458-0.95 7490-0.63 76.160.63 76.541.01 82.767.3
v v/ 68.34 69.150.81 6973139  6246-588  70.021.68 6866032 6995161 7043200 7087253 78.5810.24
v o/ v 75.53 7332221 7461092 63.05-1249 74.63-09 7427-127 7458-0.95 76.100.57 76.601.07 82.827.29
v v o/ 75.53 7413-14  75.04-049  67.39-8.14  75.11-042 74.59-094 75.14-039  76090.56 767312  82.897.35
v v 75.53 74.01-152 7490-0.63 68.56-697 75.02-051 7464-0.9  7498-0.55 7607054 76.551.01 8291738
v v 7 v 68.34 69.100.75 6951 1.17  6251-583  69.661.32 6843008 697414 7052218 7109275 8031 11.97
v v/ v 75.53 7237316 7371-1.82 63.11-1242 73.67-186 7394-1.6  73.62-192  76.120.58 76.691.16 84.088.55
v /7 v o/ 75.53 7347206 7446-1.07 6747806 7446-107 7421-132  7441-112 7610057 76.631.09 8417 8.64
v v vV 75.53 73.54-199  7440-1.13  67.54-7.99 7439-1.14 7432-121 7439-1.14 76.140.61 76.651.11 8426873
v v v/ 7378175 T464-0.89 67.46-807 74.58-095 7432-121 7459-094 76.190.66 7677123 8442889
v v v v 75.53 72.67-286 73.95-1.58 67.46-8.07 73.89-164 7406-147 73.88-1.65 7622069 76.591.06 85299.76
Mean A 0.16 7.09 0.29 -0.40 021 1.28 1.68 7.99
Max A 3.40 1.04 397 216 372 4.11 451 13.03
Min A -3.38 -1.82 -15.30 -1.86 -1.60 192 044 0.64 460
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