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ABSTRACT

Foundations models are presented as generalists that often perform well over a
myriad of tasks. Fine-tuning these models, even on limited data, provides an ad-
ditional boost in task-specific performance but often at the cost of their wider
generalization, an effect termed catastrophic forgetting. In this paper, we analyze
the relation between zero-shot text and image embedding alignment in the CLIP
model and the performance of several simple parameter-efficient fine-tuning meth-
ods through the lens of domain generalization and catastrophic forgetting. We pro-
vide evidence that the silhouette score of the zero-shot image and text embeddings
is a better measure of improvement gain from fine-tuning than the average cosine
similarity of correct image/label embeddings, and discuss empirical relationships
between zero-shot embedding alignments, fine-tuning method, domain general-
ization, and catastrophic forgetting. Additionally, the averaged results across tasks
and performance measures demonstrate that a simplified method that trains only
a subset of attention weights, which we call A-CLIP, provides a good balance
between domain generalization and catastrophic forgetting.

1 INTRODUCTION

Motivation Contrastive Language-Image Pretraining (CLIP) (Radford et al., 2021) has demon-
strated high zero-shot performance on average over many disparate tasks, yet many applications
still predominantly use it for specific downstream tasks that require further fine-tuning to obtain
optimal performance. The fine-tuning training method also has an impact on domain generaliza-
tion performance (Vogt-Lowell et al., 2023). When fine-tuning the original model weights, varying
degrees of catastrophic forgetting often occur, partially due to changes in the alignment between
the text and image embedding spaces. This misalignment causes a decrease in model performance
(Ding et al., 2022; Ni et al., 2023). Several parameter-efficient fine-tuning (PEFT) methods have
been shown to improve either in-domain (ID) or out-of-domain (OOD) cross-dataset performance
(Touvron et al., 2022; Liao et al., 2023). With regard to multi-modal models, we speculate that there
exists a relation between the alignment of the zero-shot embeddings, catastrophic forgetting, and
domain generalization when considering such PEFT methods of fine-tuning. Methods that attenuate
catastrophic forgetting could result in poor generalization if the method is too ‘surgical’ in its learn-
ing, whereas methods that produce strong generalization on a specific task may distort other parts of
the embedding space and trigger catastrophic forgetting. Motivated by this hypothesis, we consider
five training datasets with two testing schema through which the performance and embedding space
shifts of four PEFT methods were analyzed. To measure shifts in the embedding space and quan-
tify zero-shot alignment, we consider both the average cosine similarity between image and correct
caption embeddings and the silhouette score, a measure of overlap between two clusters, between
all image and text embeddings.

Contributions To the best of our knowledge, we are the first to provide evidence that, with respect to
CLIP: 1) the silhouette score of the zero-shot text and image embeddings can be used as a measure of
available performance improvement; less initial overlap correlates with larger gains in performance
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after fine-tuning. 2) BitFit is susceptible to catastrophic forgetting when the target task has a large
zero-shot silhouette score; and 3) under fitting LoRA by using a low rank can significantly minimize
catastrophic forgetting by restricting most changes in the embedding space to the area associated
with the target task, though this precision comes at the cost of performance gains relative to other
methods in terms of domain generalization and in-domain accuracy.

Additionally, we observe that our attention-based fine-tuning method, A-CLIP (a further refinement
of Touvron et al. (2022)), yields the best balance of attenuating catastrophic forgetting while main-
taining or improving performance in terms of domain generalization.

2 RELATED WORK

Catastrophic forgetting in neural networks describes the significant drop in performance on previ-
ous tasks that accompanies increasing amounts of training. While this loss of knowledge has been
proven to significantly affect traditional supervised learning techniques (McCloskey & Cohen, 1989;
Kirkpatrick et al., 2017), recent research has shown that self-supervised, uni-modal models do not
suffer from such severe forgetting (Ni et al., 2021; Hu et al., 2022a). Yet, with multi-modal foun-
dation models, such as CLIP, continuous training can cause misalignment of the image and text
embeddings, an outcome highlighted and explored in several works (Ding et al., 2022; Lin et al.,
2023; Ni et al., 2023; Srinivasan et al., 2022; Fan et al., 2022).

PEFT methods could be considered among the parameter-isolation techniques explored in some
catastrophic forgetting literature, and as such have the potential to attenuate catastrophic forgetting
(Aljundi et al., 2018; Laborieux et al., 2021; Kirkpatrick et al., 2017). Motivated by the lack of
research exploring the interplay between the misalignment problem and the possible attenuating
effects of PEFT on catastrophic forgetting, we investigate the relationships between these fine-tuning
methods, zero-shot task alignment, domain generalization, and catastrophic forgetting.

3 METHODOLOGY

Model Selection Our simple PEFT method, A-CLIP, freezes all of the weights in CLIP except for
the in-projection weights of the attention layers, reducing the number of trainable weights even
further than Touvron et al. (2022). We chose this method based on observations that with some
learning parameters, the in-projection weights of CLIP’s attention layers changed significantly more
than the out-projection layers during fine-tuning. Further discussion can be found in Appendix A.4.

In addition to A-CLIP, we selected three SOTA PEFT methods for comparison, including CLIP-
Adapter (Gao et al., 2023), LoRA (Hu et al., 2022b), and BitFit (bias-tuning) (Ben Zaken et al.,
2022). All methods use CLIP ViT-B/32 provided by OpenCLIP (Cherti et al., 2023) as the model
backbone and were also compared to a standard CLIP ViT-B/32 model fine-tuned end-to-end (full)
using cross-entropy loss.

Alignment Measures We consider two measures of alignment: the average cosine similarity (la-
beled as cosine in figures) of image embeddings and their correct caption embeddings, and the
silhouette score (ss) of the image and text embeddings. The silhouette score represents an average
measure of the distance among points in their own cluster compared to that of the next nearest neigh-
bor. A value of 0 implies greater cluster overlap and a value of 1 implies greater cluster separation.
Formulas for both measures are found in Appendix A.3.

4 RESULTS

Datasets To investigate zero-shot task alignment and model performance across a variety of do-
main shift magnitudes, we train our models on five diverse datasets divided into two cross-dataset
evaluation schema: one with presumed small domain shifts to evaluate domain generalization (DG)
and another with presumed large domain shifts to evaluate catastrophic forgetting (CF). For do-
main generalization, we use two training sets: 1) 16-shot ImageNet (Deng et al., 2009) evaluated
on ImageNet-V2, ImageNet-Sketch, ImageNet-Rendition, and ImageNet-Adversarial, and 2) the in-
distribution subset of the Functional Map of the World (FMoW-ID) satellite dataset (Christie et al.,
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2018) from WILDS (Koh et al., 2021) evaluated on the satellite imagery benchmarks FMoW-OOD,
RESISC45, and EuroSAT. For catastrophic forgetting, we selected three datasets on which zero-
shot CLIP has exhibited extreme performances: 1) Stanford Cars (Krause et al., 2013), on which
zero-shot CLIP outperforms ResNet with a linear probe, 2) GTSRB (Stallkamp et al., 2012) which
underperforms ResNet with a linear probe, and 3) SVHN (Netzer et al., 2011) on which zero-shot
CLIP also performs poorly. These datasets are evaluated with additional common vision bench-
marks, namely CIFAR100 (Krizhevsky et al., 2009), DTD (Cimpoi et al., 2014), MNIST (LeCun
et al., 1998), STL10 (Coates et al., 2011), and SUN397 (Xiao et al., 2010).

Experimental Setting Training for each method involved 40 epochs of learning using mini-batch
stochastic gradient descent. The model checkpoint with the highest validation accuracy during train-
ing was used as the final model, and reported accuracies were calculated using held-out test data.
Given that our interest lies in comparing models across task settings and evaluating their general
performance rather than comparing state-of-the-art performances between PEFT methods, we opted
to borrow several hyper-parameter selections made in Liao et al. (2023). Training details for each
model can be found in Appendix A.1.

Model Performance to Evaluation Task In Figure 1, we have in-domain and out-of-domain results
with respect to the catastrophic forgetting and generalizations schemas. All plots show changes in
accuracy relative to zero-shot CLIP. The top plots giving in-domain (ID) accuracy show that across
training and testing schema, full fine-tuning, A-CLIP, and BitFit achieved the highest accuracies,
LoRA the lowest, and CLIP-Adapter varying in between. The bottom plots in Figure 1 highlight
that in the catastrophic forgetting schema, BitFit has the worst out-of-domain performance and A-
CLIP appears to have an advantage over full fine-tuning, especially for tasks with large zero-shot
silhouette scores. LoRA performs the best with respect to catastrophic forgetting, though this is
most likely an artifact of parameter choice resulting in poor in-domain performance gains. Further
analysis of alignment changes suggests LoORA models with better in-domain performance would
also induce catastrophic forgetting (Appendix A.6). Looking at the right hand plot for evaluating
cross-dataset domain generalization, the best accuracy is achieved with full fine-tuning followed by
A-CLIP.

From these results we highlight that with respect to catastrophic forgetting, A-CLIP balances in-
domain performance gains with attenuating catastrophic forgetting, and with respect to domain gen-
eralization achieves performance near full fine-tuning while updating only a fraction of the parame-
ters.

Additionally, Figure 1 gives empirical evidence for the positive correlation between the zero-shot
silhouette score and the increase in in-domain performance with fine-tuning.

Silhouette Score, Accuracy, and Improvement To further test whether the zero-shot silhouette
score holds empirically as an approximate measure of accuracy gain, we compare the zero-shot
silhouette score and average cosine similarity to the change in accuracy in Figure 2. These results
are from for all models and tasks tested on in-domain data, excluding results trained on 16-shot
ImageNet or with LoRA. These exclusions were made because few-shot learning is an inherently
different setting from the other tasks, and because our limited hyperparameter search resulted in
LoRA training poorly on many of the ID tasks. We included six additional fully fine-tuned models
from six datasets for more power: CIFAR100, DTD, EuroSAT, MNIST, RESISC45, and SUN397.
The regression on the silhouette results in an R? value of 0.5, and is significant at « = 0.0003. For
the average cosine similarity R? is 0.07 and is significant at level o = 0.21. These empirical results
give evidence that the silhouette score is much more strongly correlated with in-domain performance
gains with fine-tuning than the average cosine similarity.

In Figure 3, we explore the relationship between the change in measure and the change in accuracy
between the zero-shot and fine-tuned models. Both the change in silhouette score and average
cosine similarity have significant linear relationships to the change in in-domain accuracy, though the
silhouette score has a stronger correlation than the average cosine similarity in in-domain, R? = 0.67
vs 0.21. This relationship is reversed for the out-of-domain measures (R? = 0.2 for ss and 0.42 for
cosine). We include results and a discussion in Appendix A.5 giving evidence that neither measure
is a good proxy for accuracy.
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Figure 1: Silhouette score and average change in accuracy with fine-tuning; top plots show in-
domain change in accuracy and bottom plots show out-of-domain cross-datasets change in accu-
racy. The left plots reflect the in-domain and out-of-domain performance within our catastrophic
forgetting schema. The right plots reflect this performance with respect to our domain generaliza-
tion schema. Cross-dataset accuracy for FMoW-ID averages over 3 other satellite datasets, 16-Shot
ImageNet average over 4 ImageNet variants, and Cars, GTSRB, and SVHN average over 7 unrelated
datasets.

5 CONCLUSION

In this paper, we gave evidence using CLIP that the silhouette score of the zero-shot text and image
embeddings can be used as an approximation of available improvement gain from fine-tuning. We
also provided evidence that several simple and well-known fine-tuning methods have different desir-
able and undesirable traits with respect to generalization and catastrophic forgetting, and that there
is a positive correlation with the zero-shot silhouette score and forgetting. In particular, we high-
light BitFit’s susceptibility to catastrophic forgetting and A-CLIP’s balanced performance for both
in-domain and with respect to generalization. We believe further work can be done to quantify the
alignment of zero-shot CLIP and other multi-modal models to inform fine-tuning strategies based
on desired outcomes as well as similarities between tasks.
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Figure 2: Zero-shot measure to change in accuracy with fine-tuning. Includes all data evaluated
on a model trained on the same task. This excludes results from trained with 16-shot ImageNet as
few shot learning is inherently different from training with full data, and results using LoRA as our
limited hyperparameter search resulted in poor in-domain performance.
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Figure 3: Left plot: change in alignment measure, fine-tuned - zero-shot, to change in accuracy.
In-domain includes all data evaluated on a model trained on the same task. Right plot: change in
alignment measure to change in accuracy for all data evaluated on a model fine-tuned on a different

task.
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A APPENDIX

A.1 METHOD DETAILS

Training for each method involved 40 epochs of learning using mini-batch stochastic gradient de-
scent with a momentum of 0.9 and a batch size of 128. A weight decay of 1e-5 was used for training
on GTSRB, SVHN, and 16-shot ImageNet (and with the additional Full models used in Figure 5),
and a weight decay of le-4 was used for training on FMoW-ID. The learning rates employed per
fine-tuning method can be seen in Table 1, with the only exception being that training on FMoW-ID
via cross entropy used a learning rate of le-5 instead of 2e-5. No learning rate decay was applied.

Table 1: Learning rates per fine-tuning method

Method | Learning Rate
Full 2e-5
CLIP-Adapter 6e-3
LoRA le-5
BitFit le-3
A-CLIP le-5

For CLIP-Adapter, we used a reduction of 4. LoRA used rank 4 for FMoW-ID and 16-Shot Ima-
geNet and rank 16 for SVHN, GTSRB, and Cars.

For 16-shot ImageNet, SVHN, and GTSRB, validation sets were generated by randomly selecting
class-balanced samples from the training data. The validation set for FMoW-ID was provided by the
WILDS collection.

All experiments were run non-distributed on a single NVIDIA V100 GPU using an Anaconda 2023b
environment with CUDA 11.8.

A.2 RESULTS

We include the raw results of the evaluations for reference. Though we bold the best performing
model for each test, we remind the reader that we did not conduct a rigorous hyper-parameter search,
therefore minuscule differences between model performances do not necessarily indicate superiority.
Rather, we intend to highlight the large differences observed across testing schema.

Table 2 shows the in-domain evaluation results, Table 3 shows evaluation results under the domain
generalization schema, and Table 4 shows the results for the catastrophic forgetting schema.
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Table 2: In-domain test results.

Data ID Model Performanc.e .
zero-shot | CLIP-Adapter | A-CLIP | BitFit | Full | LoRA
Cars 58.87 70.60 79.12 73.98 | 78.66 | 60.30
FMoW-ID 14.78 44.43 58.67 53.98 | 57.30 | 15.24
GTSRB 33.65 83.28 95.68 95.19 | 96.72 | 52.87
16-Shot ImageNet 59.24 64.15 66.96 64.93 | 66.34 | 59.56
SVHN 27.27 62.78 95.16 95.15 | 96.00 | 61.70
Table 3: Domain generalization test results.
Data DG Model Performanc;e .
zero-shot | CLIP-Adapter | A-CLIP | BitFit | Full | LoRA
FMoW-ID 39.01 37.51 46.25 38.10 | 51.89 | 39.61
16-Shot ImageNet 48.06 48.53 50.74 49.35 | 49.69 | 48.37
Table 4: Catastrophic forgetting test results.
Data CF Model Performange .
zero-shot | CLIP-Adapter | A-CLIP | BitFit | Full | LoRA
Cars 52.24 50.62 51.64 45.49 | 52.66 | 52.45
SVHN 56.19 52.62 53.03 16.61 | 44.27 | 57.25
GTSRB 554 47.6 54.75 28.35 | 51.23 | 57.37
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A.3 ALIGNMENT MEASURES

The following are the definitions of the two alignment measure used in this paper:
Average cosine similarity

For image embeddings ¢ € I and correct label embedding ¢(¢) € T, the average cosine similarity is

average cosine similarity (I, T) \H| Z TG H Ht
7

Silhouette score

For a set of clusters {Cy, C,...,Cx }, vector ¢ € Cy, and a distance metric d, let

a(i) = |<C1 > d,g)

JGCIJ?él
1
bi) — i Py
() = min = Z (i,4)
JjeCy

max{b(3), a()}

The silhouette score is defined as the mean s(¢) over all points,

LS w6

- K
2= €l ieUk | C;
We use the L2 norm as the distance metric in this work.

A4 A-CLIP

We trained six additional models with full fine-tuning on Cars, EuroSAT, SUN397, CIFAR100,
SVHN, and GTSRB with a learning rate of 1e-5 and a weight decay of 0.05. This larger weight decay
revealed a disparity in the magnitude of change in the attention in-projection and out-projection
layers not seen with smaller weight decays, leading us to explore CLIP’s performance when limiting
training to only those weights in the attention layers. We coined this PEFT method A-CLIP. Figure 4
shows the disparity of the magnitude changes of the two attention layers for the vision and text
encoders.

Though we refrain from a detailed discussion in this paper, we note that further empirical results on
these datasets suggest that fine-tuning only the attention in-projection layers of the first few trans-
former blocks can achieve in-domain performance on par with full fine-tuning, and we suspect that
such fine-tuning would maintain the domain generalization and catastrophic forgetting performance
associated with training all of the attention in-projection layers as we have done with A-CLIP in this

paper.

A.5 ALIGNMENT MEASURES AND ACCURACY

We additionally explore if either measure is a useful proxy for accuracy. Looking at measures
on in-domain data after fine-tuning, left plot of Figure 5, neither measure has a significant linear
relationship with accuracy (p-values > 0.07) and the correlation is weak. With respect to out-of-
domain data, right plot of Figure 5 (for which we also include the zero-shot measure to zero-shot
accuracy), the silhouette score is significant at a > 0.0005, and the average cosine similarity at
a > 0.05, though both have R? < .08 showing the relationships are very weak. We conclude that
while the silhouette score shows evidence of being a good predictor of improvement gains with fine-
tuning, neither the silhouette score nor the average cosine similarity are good proxies for accuracy.

10
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Average Magnitude Change within
Layer Subset During Finetuning on 6 Tasks
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Figure 4: Average difference of layer subset magnitude with 95% confidence intervals.
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Figure 5: Left plot: alignment measure after fine-tuning fine-tuned accuracy. In-domain includes all
data evaluated on on a model trained on the same task. Right plot: alignment measure to accuracy
for all data evaluated on a model fine-tuned on a different task.

A.6 ALIGNMENT MEASURE CHANGES BY MODEL

Looking at both the average cosine similarity and silhouette score, we can compare the alignment
changes imposed by each fine-tuning method. In Figure 6, we compare the alignment changes in-
domain, with respect to domain generalization, and with respect to catastrophic forgetting. Looking
first at in-domain alignment in Figure 6a, A-CLIP, BitFit, and Full have similar measure distribu-
tions, with Full having more weight for slightly stronger alignments. CLIP-Adapter and LoRA have
measurably smaller changes in alignment, with LoRA being particularly and expectedly small based
on its in-domain performance.
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In Figure 6b, there exist clear differences in the magnitude of measure change between models
in both the domain generalization and catastrophic forgetting evaluation schema. In the domain
generalization schema, LoRA has almost no change in alignment, yet it has clear changes in the
catastrophic forgetting schema (though less relative to the other methods). These results suggest
that hyper-parameter selections which produce better in-domain performance for LoRA will also
likely exacerbate catastrophic forgetting.

The other results align with our observations about evaluation performance discussed in section 4.
We see BitFit inducing less change in alignment in the domain generalization schema and significant
changes in the catastrophic forgetting schema. A-CLIP has similar changes to Full in the domain
generalization schema and less extreme changes than Full in the catastrophic forgetting schema,
though with more weight towards no change.
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(a) In-domain measure difference distribution by model.
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(b) Measure difference by model for domain generalization and catastrophic forgetting.

Figure 6: Distributions of the difference in measure from the zero-shot to FT model for in-domain,
domain generalization, and catastrophic forgetting. Here, ‘ss’ is the silhouette score of the zero-shot
text and image embeddings minus the silhouette score of the FT text and image embeddings. A
positive value thus means the clusters of image and text embeddings moved closer together. Simi-
larly, ’cosine’ is the cosine similarity score of the FT text and image embeddings minus the cosine
similarity of the zero-shot text and image embeddings. Again, a positive value means the image and
appropriate label embeddings moved closer to each other.
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