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Abstract

Foundational models, trained on vast and diverse
datasets, have demonstrated remarkable capabilities in
generalizing across different domains and distributions for
various zero-shot tasks. Our work addresses the challenge
of retaining these powerful generalization capabilities when
adapting foundational models to specific downstream tasks
through fine-tuning. To this end, we introduce a novel ap-
proach we call ”similarity loss”, which can be incorpo-
rated into the fine-tuning process of any task. By min-
imizing the distortion of fine-tuned embeddings from the
pre-trained embeddings, our method strikes a balance be-
tween task-specific adaptation and preserving broad gen-
eralization abilities. We evaluate our approach on two di-
verse tasks: image classification on satellite imagery and
face recognition, focusing on open-class and domain shift
scenarios to assess out-of-distribution (OOD) performance.
We demonstrate that this approach significantly improves
OOD performance while maintaining strong in-distribution
(ID) performance.

1. Introduction
One of the primary challenge in machine learning is achiev-
ing strong generalization capabilities [10, 30], particularly
in real-world applications where models must handle un-
predictable scenarios. This is crucial in diverse fields such
as autonomous driving [1, 29], robotics [13], and aerial im-
agery analysis [17, 22], where systems must adapt to var-
ied conditions. The need to handle this long-tail of possi-
ble scenarios [25] demands vast, comprehensive datasets.
However, creating such datasets is often infeasible, as many
scenarios are too rare or unpredictable to be adequately rep-
resented in training data, posing a significant challenge for
model development and deployment.

Foundational models [12, 23], trained on massive and di-
verse datasets [3], have shown promise in addressing these
generalization challenges with remarkable zero-shot and

*Equal contribution.
1Accepted to ECCV 2024 Workshop.

Figure 1. Images sampled from the ID and OOD datasets for face
recognition (top - domain shift) and image classification (bottom -
unseen classes, for example the rightmost image is labeled ”solar
panel”, not present in train set).

few-shot learning capabilities. However, adapting them to
specific downstream tasks through fine-tuning [14, 21] of-
ten leads to a trade-off between task-specific performance
and preservation of broad generalization capabilities, po-
tentially compromising the model’s ability to handle OOD
scenarios.

In this paper, we take a step towards ”enjoying both
worlds” - tuning the embedding space for our specific
task while leveraging the powerful generalized embeddings
from pretrained models. We propose a novel ”similarity
loss” approach that can be incorporated into the fine-tuning
process of any task. Our method aims to minimize the
distortion of fine-tuned embeddings from their pre-trained
counterparts, striking a balance between task-specific adap-
tation and the preservation of broad generalization abili-
ties. This approach allows us to train on downstream tasks
without discarding the strong generalizability capabilities of
foundation models.

We evaluate our approach on two challenging tasks: im-
age classification on satellite imagery and face recognition.
These domains are well suited for assessing OOD perfor-
mance due to their inherent variability and the potential
for significant distribution shifts (fig. 1). Our experiments
focus on open-class and domain shift scenarios, providing
a comprehensive assessment of our method’s effectiveness
in improving OOD performance. We demonstrate that our
method significantly improves OOD performance while in-
curring only a small reduction in ID performance across dif-
ferent tasks. We provide extensive experiments and analy-
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sis, showcasing the effectiveness of our approach in real-
world scenarios with potential distribution shifts.

2. Related Work
Adapting pre-trained foundation models to downstream
tasks while maintaining robustness is an ongoing challenge.
[14] showed that fine-tuning can distort pretrained features
and underperform linear probing on OOD data, propos-
ing LP-FT as a solution. Several approaches followed:
WiSE-FT [27] used weight-space ensembling, CLIPood
[24] employed margin metric softmax and Beta moving av-
erage, and FLYP [4] continued using the contrastive loss
from pretraining. These methods have shown varying suc-
cess in improving OOD performance while maintaining in-
distribution accuracy.

Other works have explored lightweight fine-tuning ap-
proaches to preserve pretrained features, such as prompt-
based methods [26]. Concurrent work by [28] showed that
ensembling the weights of zero-shot and fine-tuned models
can help balance ID and OOD performance. These studies
highlight the importance of carefully considering the fine-
tuning process to maintain the generalization capabilities of
foundation models like CLIP [23].

3. Approach
3.1. Similarity Loss

One of the key advantages of leveraging pre-trained founda-
tion models for downstream tasks is the fact that these mod-
els are usually trained on massive amounts of data, covering
a diverse set of domains and achieving impressive general-
ization on them. This broad generalization is achieved in
terms of both the coverage of open-world vocabulary, and a
wide range of data domains. Our goal is to perform fine-
tuning of such foundation models on a downstream task
while preserving these generalization capabilities.

Our key finding is that while these models achieve im-
pressive zero-shot generalization across many domains and
tasks, fine-tuning on a specific downstream task distorts the
embedding space, fitting it to the dataset’s domain and hurt-
ing generalization to other domains. We therefore argue that
additional constraints during fine-tuning are necessary to
prevent this distortion and preserve the pre-trained model’s
generalization capabilities. At the heart of our approach lies
the similarity loss. It is a simple constraint which can also
be viewed as a form of regularization, that can be clipped
onto any loss function and it is task independent. It is for-
malized as follows:

Lsim(x) = ∥fθ(x)− fθ0(x)∥22 (1)

where x is the input, fθ0 is the original pre-trained model,
kept frozen through the entire fine-tuning phase, and fθ is

the model we train, initialized with the pre-trained weights
from fθ0(x).

The similarity constraint can be weighted in the total
loss by a coefficient α, which balances task-specific spe-
cialization with the preservation of the pre-trained model’s
semantic properties. Notice that when α = 0, standard un-
constrained fine-tuning occurs, while α → ∞ essentially
maintains the original pre-trained model. We can then con-
trol the value of α in training according to how we want to
balance between ID and OOD performance.

In this paper, we focus on the CLIP model [9, 23] to
demonstrate our approach, but this can be applied to differ-
ent foundation models, depending on the task at hand.

3.2. Similarity Loss for Image Classification

Framework. We utilize CLIP in a manner similar to that
described in [4] and [24]. Specifically, we fine-tune the
model on the downstream task in a contrastive manner,
without introducing an additional linear classification layer.
During training and inference, we convert class labels into
a caption format, following the template ”a photo of a
{class}”.

Loss Function. We imply the following loss:

L = Lclip (I1:B , T1:B) + α · 1
B

B∑
i=1

Lsim (Ii) , (2)

where B is the batch size, and I, T are the image-text pairs.
This loss is composed of the standard CLIP loss [23] re-

ferred as Lclip and our similarity loss from 1.
For this task, we imply the similarity loss over the vi-

sion encoder embeddings. In our experiments, we found
that extending this similarity constraint to the text encoder
as well did not yield additional improvements. We hypoth-
esize that this is because CLIP loss aligns the vision and
text embeddings, hence the similarity loss over the vision
encoder indirectly constrains the text encoder as well.

3.3. Similarity Loss for Face Recognition

Framework. For the face recognition task, we leverage
CLIP as the pretrained model to fine-tune. While CLIP’s ar-
chitecture and pre-training data are not specifically tailored
for face recognition, as opposed to common approaches in
this field [2, 8, 11, 16] that tailor the architecture for this
task, we see value in examining our method in this context.
Although there is currently no foundation model specifi-
cally designed for facial data, and we acknowledge that our
in-distribution performance will not match recent state-of-
the-art models, we believe there is room to show the ben-
efits of this approach for this task, and that the results we
will show in sec. 4 on extreme domain shifts will serve as
an additional validation source of our claim.
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Figure 2. Image embeddings of the OOD EuroSAT dataset, color-
coded by class. (A) Model trained with similarity loss (Avg. clus-
ter variance: 1.87e-04) (B) Model trained without similarity loss
(Avg. cluster variance: 4.00e-04)

Lacking paired text or semantic class labels, we use only
the vision encoder, tuning it to capture discriminative fa-
cial features. Unlike standard CLIP training, which uses
image-text pairs for contrastive loss, we train on image-
image pairs. For each example in the batch we sample a
pair of images Ui, Vi that match the same identity, and will
serve as the positive pair.

Loss function. Following the suggested framework, our
loss function takes the following form:

L = Lclip (U1:B , V1:B) + α · 1
B

B∑
i=1

(Lsim (Ui) + Lsim (Vi))

(3)
We imply the similarity loss over both facial images in each
pair, Ui and Vi.

Training procedure is outlined in algorithm 1. The con-
trastive nature of the training process necessitates careful
batch construction. We build each batch by sampling face
images such that all identities within the batch are distinct.
The overall algorithm for face recognition training.

Algorithm 1 Face Recognition Training Procedure

Require: Pre-trained CLIP model fθ0
Require: Facial images datasetD with N unique identities

1: Initialize the fine-tuned model θ ← θ0
2: for k = 1 to K do
3: Create batch of size B by sampling (U, V ) image

pairs from B unique identities
4: Calculate L as in equation 3
5: Update model parameters θ ← θ − η∇θL
6: end for

4. Experiments
To evaluate the effectiveness of our similarity loss approach,
we conduct experiments across two distinct OOD scenarios,
as mentioned in sec. 1 and detailed in [24]: unseen-classes
in the test set and extreme domain shift.

All of our models were initialized with weights of ViT-
B/32-laion2b pre-trained model from OpenCLIP [9]. Fur-
ther implementation details are provided in the supplement.

4.1. Image Classification

For the task of image classification we focus on the satellite
imagery domain. We examine OOD performance by testing
on a distribution shift with a possible open-class scenario,
where the test set might contain classes not seen in the fine-
tuning train set.

4.1.1 Datasets

RSICD [19] is comprised of 10,921 remote sensing images
collected from Google Earth, Baidu Map, MapABC, and
Tianditu. The dataset is split into 8,734 training images and
1,093 test images. Each image is paired with 5 text cap-
tions, together they comprise 54,605 image-text pairs. This
dataset will serve as our ID dataset.

EuroSAT [7] contains 27,000 geo-referenced samples of
Sentinel-2 satellite imagery, labeled into 10 land use and
land cover classes. RS-ICB128 [15] consists of 36,707
128x128 pixel images of 45 scene categories, sourced glob-
ally to represent China’s land use classification standards.
It’s valuable for land cover and land use analysis. Pattern-
Net [32] includes 30,400 high-resolution (256x256 pixel)
images across 38 classes, with 800 images per class. These
images are sourced from Google Earth and Map API. These
datasets will serve as our OOD datasets, showcasing a
distribution shift as they are gathered from different data
sources than RSICD, and present an open-class case study
as well, where some classes and content differ significantly
from our ID dataset (fig. 1).

4.1.2 Evaluation protocol

For the ID test set (RSICD), we utilize the Retrieval@K
(RET@K) metric, where K = 1, 5, and 10. This met-
ric is the common metric for image-caption paired data
[17]. RET@1 effectively measures the model’s accuracy
in exact caption retrieval, while RET@5 and RET@10 pro-
vide insights into broader retrieval performance. For OOD
datasets, we employ the standard classification accuracy
metric, which is more suitable for the multi-class classifi-
cation nature of these datasets.

4.1.3 Results

We used RemoteCLIP [17] as our primary comparison base-
line, as it has shown strong performance on this task and
trained in a similar manner. We began by evaluating the
pretrained CLIP model without fine-tuning, followed by our
fine-tuned model with and without the custom similarity
component.
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RSICD (ID) EuroSAT (OOD) RS-ICB128 (OOD) PatternNet (OOD)

Method RET@1 RET@5 RET@10 Mean RET Accuracy Accuracy Accuracy

RemoteCLIP [17] 17.02 37.97 51.51 35.26 35.9 24.18 57.81
CLIP pre-trained [9] 4.75 18.3 28.6 17.2 43.26 26.62 64.3
Ours baseline (no similarity loss) 12.5 31.9 51.0 32.3 26.81 19.3 38.49
Ours + similarity loss 11.4 35.1 51.3 32.6 51.2 34.83 63.41

Table 1. Evaluation results on ID and OOD datasets for the satellite image task.

IJBC (ID) iCartoonFace (OOD)

Method TAR @ 1e-6 TAR @ 1e-5 TAR @ 1e-4 TAR @ 0.01 TAR @ 0.05

ArcFace [2] 89.97 94.34 96.18 4.85 13.04
CLIP pre-trained [9] 5.11 13.58 27.44 32.97 56.55
Ours - CLIP, contrastive, no similarity loss 18.49 34.55 55.21 20.07 37.85
Ours - CLIP, contrastive, with similarity loss 13.12 23.64 40.96 39.67 62.29
Ours - CLIP, ArcLoss, no similarity loss 39.01 47.14 60.14 10.09 25.13
Ours - CLIP, ArcLoss, with similarity loss 7.35 18.94 34.7 36.14 58.69

Table 2. Evaluation results on ID and OOD datasets for the face recognition task.

As shown in Table 1, our custom similarity component
significantly improved performance on the OOD datasets,
as reflected in accuracy metrics, while introducing only a
minor decline in ID performance. Figure 4 illustrates the
embeddings from the OOD dataset EuroSAT, where the
model that trained with our similarity loss exhibits substan-
tially lower average cluster variance compared to the model
trained without it.

While we observed a slight reduction in ID performance
compared to the results reported by RemoteCLIP, our model
consistently outperformed on all OOD datasets. Notably,
for EuroSAT and RS-ICB128, our model not only exceeded
RemoteCLIP’s OOD performance but also outperformed
the pretrained CLIP baseline. This indicates that our fine-
tuned model achieved superior generalizability, which we
attribute to the integration of our custom similarity compo-
nent. In contrast, RemoteCLIP showed a performance drop
below the pretrained CLIP baseline on these datasets, fur-
ther highlighting the advantages of our proposed approach.

4.2. Face Recognition

In our face recognition experiments, we evaluate our
model’s OOD performance by testing its ability to gener-
alize across different domains. We train on natural face im-
ages and test on cartoon and animated faces, presenting an
extreme domain shift.

4.2.1 Datasets

Following recent work in face recognition [6, 8, 16], we
fine-tune our model on the MS1MV2 dataset [5], com-
prising approximately 5.8 million natural facial images of
85,000 real identities. For ID evaluation, we test our tuned
model on the common and standard evaluation dataset IJB-
C [20], composed of 3,531 real subjects with 31,334 natural

images and 117,542 video frames, resembling the domain
of the training data.

To assess OOD performance on extreme domain shifts,
we perform our OOD evaluation on the iCartoonFace
dataset [31]. This dataset, the largest for animated and car-
toon face recognition, consists of 389,678 images of 5,013
identities. The test split is composed of 20,000 images
of 2,000 identities. iCartoonFace provides a challenging
testbed for evaluating the ability to recognize face identi-
ties in a domain vastly different from the training data, as
can be seen in fig. 1.

4.2.2 Evaluation protocol

For IJB-C and iCartoonFace benchmarks, we follow stan-
dard face recognition evaluation procedures [2, 8, 11, 16].
We use the 1:1 Verification protocol, measuring the True
Accept Rate (TAR) at different False Accept Rates (FAR).
For IJB-C, we report TAR@FAR=[1e− 6, 1e− 5, 1e− 4].
For iCartoonFace, due to the extreme domain shift, we eval-
uate at higher FAR values of 1e− 2 and 5e− 2 to better as-
sess the model’s generalization capabilities on cartoon face
identities.

4.2.3 Results

We use ArcFace [2] as our primary baseline, as it holds as
one of the strongest baselines to date, and has provided the
training framework widely used in face recognition models
to date. For our CLIP evaluations, we start with evaluating
the pretrained CLIP without fine-tuning. Then we apply
our CLIP-based implementation with contrastive learning
(alg. 1) with and without similarity loss. For additional
comparison with ArcFace we adapt our method to use the
ArcLoss (with and without similarity loss).
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Table 2 presents our experimental results, which demon-
strate several key findings. For ID, as expected and ac-
knowledged in sec. 3.3, ArcFace remains superior, given
its specialization for natural face recognition. Our main
observation is the results and trend for the OOD dataset.
While ArcFace struggles with this dataset, our CLIP-based
method with contrastive learning and similarity loss signif-
icantly outperforms all other approaches.

Notably, the key finding is that the addition of similar-
ity loss consistently improves OOD performance across all
variants. This observation demonstrates the effectiveness
of our proposed loss not only on preserving generalization
capabilities that are hurt in standard fine-tuning, but also
improves upon that. ArcLoss variants show a similar trend,
but with a significant drop in ID performance, suggesting
that CLIP is better suited for contrastive fine-tuning.

5. Conclusion
In this paper, we introduced a simple but novel ”similar-
ity loss” approach to preserve the generalization capabil-
ities of foundational models during fine-tuning for down-
stream tasks. Our method demonstrated significant im-
provements OOD performance while maintaining strong ID
results across two diverse tasks: satellite imagery classifi-
cation and face recognition. Notably, the trade-off between
ID and OOD performance can be controlled during training
through the weighting of the similarity loss, allowing for
flexible adaptation to different requirements.
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Supplementary Material

6. Implementation Details
6.1. Image Classification

We initialize both our fine-tuned model fθ and the frozen
baseline model fθ0 with the weights of the ViT-B/32 pre-
trained model from OpenCLIP [9]. We allow the entire
model layers to be trained in order to adapt to the down-
stream task. We used the loss function outlined in eq. 2.

For our optimization process, we employed the AdamW
optimizer [18] with an initial learning rate of 5e-5 and im-
plemented a linear decay learning rate schedule. We main-
tained a consistent batch size of 128 across all experiments.
To find the right balance between our custom similarity loss
and the CLIP loss, we conducted experiments with various
values of the hyper-parameter α=[0.1, 1, 100, 1000]. After
careful evaluation, we determined that α=100 yielded the
most favorable results when looking at our training progress
and our ID metrics, striking an optimal balance between the
magnitude of the similarity component and the CLIP loss.
We recommend conducting similar exploration when utiliz-
ing our solution as each data and loss can behave differently.

6.2. Face Recognition

We initialize both our fine-tuned model fθ and the frozen
baseline model fθ0 with the weights of the ViT-B/32-
laion2b pretrained model from OpenCLIP [9]. We follow
algorithm 1 as our training procedure.

For training, we use the AdamW optimizer [18] with a
learning rate of 1e-5 and a linear decay learning rate sched-
ule. The batch size is set to 256 across all experiments. We
set the weight α for the similarity loss to 1. In addition, we
found that increasing the softmax temperature to τ = 0.1
(in the original implementation τ = 0.01) improved the re-
sults.
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