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Abstract

The source domain in transfer learning provides
essential features that enable effective and data-
efficient learning on the target task. Typically,
the finetuning process does not explicitly account
for how the knowledge about the source domain
interacts with the target task. We demonstrate
how that knowledge can interfere with the tar-
get task leading to negative transfer. Specifi-
cally, certain memories about the source domain
can distract the finetuned model in certain in-
puts. We provide a method to analyze those
memories in typical foundational models and
to surface potential failure cases of those mod-
els. This analysis helps model developers ex-
plore remedies for those failure cases. Our results
can be reproduced at https://github.com/
AmAlnouri—-JKU/TL_Interference

1. Introduction

Consider a typical application of transfer learning (TL) in
image classification. The task is to train a deep neural
network to classify images of cats and dogs. We use the
Dogs-vs-Cats dataset (Cukierski, 2013) to finetune a ResNet-
18 model (He et al., 2016), pretrained on ImageNet (Deng
et al., 2009). The model reaches 97.8% validation accuracy.

What happens when the input contains instances of Ima-
geNet classes besides cats and dogs? Figure 1 demonstrates
the prediction results for a dog image that features a visu-
ally prominent instance of the espresso class. As evi-
dent in Figure 1b, the model classifies the input as cat,
mostly based on the region occupied by the coffee mug as
evident in the GradCAM heatmap (Selvaraju et al., 2017).
Interestingly, when this region is occluded, the model cor-
rectly classifies the input, focusing on salient features of the
Dog class (Figure 1c). These observations suggest that the
finetuned model is still able to recognize certain ImageNet
classes. Moreover, this ability can interfere with the target
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Figure 1. Cats-vs-dogs classification of a challenging input (a),
using: (b, ¢) A model pretrained on ImageNet vs. (d) the same
model trained from scratch. The fine-tuned model recognizes
the espresso instance, which interferes with its prediction, as
the GradCAM heatmap reveals (b). Masking this instance (c) or
training from scratch (d) mitigates the interference.

task. Training the model from scratch seems to mitigate this
interference (Figure 1d).

We present a method to expose source-domain knowledge
that can interfere with the target task in TL, focusing on
image classification and on finetuning pretrained weights as
a dominant form of TL. Our contributions are:

* Investigating how source memories can interfere with
the target task (Section 2).

* Proposing methods to expose this interference (Sec-
tion 3).

* Demonstrating how the above-mentioned interfering
memories explain real-world failure cases (Section 4).

We elaborate on related work in Section 5 and discuss po-
tential solutions to mitigate the interference in future work.
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2. Our Hypothesis: Lingering Memories

We refer to the dataset a model is pretrained on as the source
domain, and to the dataset this model is fine-tuned on as the
target domain. Also, we refer to the process of training the
model on the target task with the pretrained weights used for
initialization as the standard fine-tuning (SFT) paradigm for
transfer learning. This process might involve adding new
randomly-initialized layers such as a linear classification
head. The process might also involve freezing the weights
of certain pretrained layers.

Our hypothesis for the misprediction we observe in Sec-
tion 1 is that the standard finetuning (SFT) paradigm for TL
is inherently inadequate: This paradigm does not explicitly
account for how the source knowledge interacts with the tar-
get task. Specifically, input features that manifest frequently
in the source domain and rarely in the target domain can be
challenging and potentially detrimental.

For example, consider a source domain where instances of
espresso are abundant. A model pretrained on this do-
main is likely to learn this feature, especially if it is relevant
for the pretraining task. Now consider a target domain that
contains no visual instances of espresso in its training
images. In the SFT paradigm, such irrelevant memories
might become partially or completely lost in case the pre-
trained weights are not frozen, a phenomenon called Catas-
trophic Forgetting. Nevertheless those memories might also
be largely retained, since the SFT paradigm has no mech-
anism to explicitly destroy them. In that case, a test-time
input that contains espresso can activate those memories
as evident in Figure 1b, an edge case the model did not
encounter during the finetuning process. Those lingering
memories become detrimental as they make the predictions
of the fine-tuned model arbitrary when activated. In contrast,
trained the same model “from scratch” starting with random
initialization can handle the same input correctly, as evident
in (Figure 1d).

3. Exposing Lingering Memories

We call input features that manifest frequently in the source
domain and rarely in the target domain as source-only fea-
tures. Those features could represent object or scene cat-
egories, as well as low-level visual concepts, e.g. zig-zag
patterns (Kim et al., 2018). Lingering memories are source-
only features that continue to be recognized by the finetuned
model. Without loss of generality, we utilize ImageNet
classes to demonstrate how we expose those memories.

3.1. Identifying source-only features

We denote by M® a model pretrained on a source dataset
DS and by M* the same model after finetuning on the target
dataset D' using the SFT paradigm. We denote by M" a

baseline version of the model trained “from scratch” starting
with random initialization. We denote by C(D) the classes
of D. We denote by H(M) the classification head of M
and by B(M) the remaining layers in M, often called the
backbone. We leverage the predictions of M to assess the
visual content of an image in D*. A class among the top-k
predictions suggests that the image contains visual features
related or similar to it. We compute a score for each class
¢s 2 C(D?) to quantify the prevalence of those features in
Dt

v(cs) = |z 2 D' : ¢s 2 topk(M®(x))] (1)

A relatively high value of v(cs) indicates that the corre-
sponding visual features manifest frequently in D*. Figure 4
provides examples of ImageNet classes that do or do not
manifest in the Cats-vs-Dogs dataset. Among C(D?%) we
identify source-only features as:

FS\t = {c2C(D?) : v(c) v'o} )

where k and v'° are parameters we choose depending on the
source and target datasets.

3.2. Identifying lingering features

A source-only feature c is lingering if the target model can
recognize it in a given input. To quantify this ability, we
construct a new model that applies the fine-tuned backbone
layers B(M?') followed by the source classification head
H(MS®). The new model, denoted by M®t, can recognize a
source-only feature if B(M*) has sufficient signal about it:

L =fc2 Fs\t; mean(Fpe(MSt(z)) : « 2 D) > p'°g
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where pc denotes the prediction score of class ¢, D€ is the
subset of DS labeled as ¢, and p'° is a threshold we choose
based on the source model characteristics.

As a qualitative evidence of lingering features, consider the
input images in Figure 2. Both the Espresso class and
the Cock class are source-only features as illustrated in
Figure 4. The finetuned model can still recognize instances
of those classes as the corresponding GradCAM heatmaps
suggest, both when present alone (first row) and besides
a target class (third row). In contrast, when the model is
trained from scratch, the heatmaps focus only on the target
class as evident in the third row. Moreover, the heatmaps
for this model are arbitrary in the first row, where the target
classes do not manifest in the input. This is expected since
this model is indifferent to source-only features.

4. Impact of Lingering Memories

Lingering memories might impact the target task if the cor-
responding features manifest in the input. However, since
they correspond to source-only features, these memories






