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• Illustration
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Notations

1. Source domain S 

– Source training data SS

– Source data distribution DS

– Source hypothesis  hS

2. Target domain T 

– Target training data ST    (|ST| << |SS|)

– Target data distribution  DT

– Target hypothesis  hT
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Introduction to transfer learning

What can we transfer from one task to another?
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• In the following: a strong assumption

There is something in common between the source and the target

We will remove this assumption later on
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What can we transfer

• What could be in common?

1.  Look for a universal representation

2.  Underlying supposedly common regularities 

3.  Learning a translation to a common decision function

4.  Others



8 / 85

Outline

1. Transfer learning: reminder

2. Fine tuning: how transferable are features in deep NNs?

3. Are the features learned during pretraining of foundational 

models general enough to enable fine tuning on any task? 

4. Multi-task learning

5. Conclusions



9 / 85

Universal representations ? 
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A universal representation for texts?

From [Kevin Murphy. Probabilistic Machine Learning. An introduction. MIT Press. (2022)], p.539

15.7. Language models and unsupervised representation learning 543

Figure 15.36: Illustration of how the T5 model (“Text-to-text Transfer Transformer”) can be used to perform
multiple NLP tasks, such as translating English to German; determining if a sentence is linguistic valid or
not (CoLA stands for “Corpus of Linguistic Acceptability”); determining the degree of semantic similarity
(STSB stands for “Semantic Textual Similarity Benchmark”); and abstractive summarization. From Figure 1
of [Raf+20]. Used with kind permission of Colin Raffel.

which it enters summarization mode. (This is an example of “prompt engineering”.) However, an
arguably better way to tell the model what task to perform is to train it on input-output pairs, as
discussed in Section 15.7.4.

GPT can also be used to create chatbots, such as ChatGPT [Ope], and for code generation
(see e.g., [HBK23]).

15.7.4 T5

Many models are trained in an unsupervised way, and then fine-tuned on specific tasks. It is also
possible to train a single model to perform multiple tasks, by telling the system what task to perform
as part of the input sentence, and then training it as a seq2seq model, as illustrated in Figure 15.36.
This is the approach used in T5 [Raf+20], which stands for “Text-to-text Transfer Transformer”. The
model is a standard seq2seq transformer, that is pretrained on unsupervised (x0, x00

) pairs, where x0

is a masked version of x and x00 are the missing tokens that need to be predicted, and then fine-tuned
on multiple supervised (x, y) pairs.

The unsupervised data comes from C4, or the “Colossal Clean Crawled Corpus”, a 750GB corpus
of web text. This is used for pretraining using a BERT-like denoising objective. For example, the
sentence x =“Thank you for inviting me to your party last week” may get converted to the input
x0

= “Thank you <X> me to your party <Y> week” and the output (target) x00
= “<X> for inviting

<Y> last <EOS>”, where < X > and < Y > are tokens that are unique to this example.
The supervised datasets are manually created, and are taken from the literature. Recently the

FLAN-T5 model [Chu+22] was released, which uses instruction fine-tuning on over 1800 such
tasks, including language translation, text classification, and question answering. The resulting model
is currently the state-of-the-art on many NLP tasks.

15.7.5 Discussion

Large language models or LLMs, such as BERT and GPT-3, have recently generated a lot of

Author: Kevin P. Murphy. (C) MIT Press. CC-BY-NC-ND license
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What can we transfer

1. Representations

– E.g. for vision tasks
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The idea of fine tuning
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Transfer learning for deep neural networks

• In practice, very few people train an entire Convolutional Network from scratch.

• Instead, it is common to pretrain a ConvNet on a very large dataset 
(e.g. ImageNet, which contains 1.2 million images with 1000 categories), 

– and then use the ConvNet either as an initialization 

– or a fixed feature extractor for the task of interest.

• Examples of pretrained networks

– Oxford VGG Model

– Google Inception Model

– Microsoft ResNet model

[Yosinski J, Clune J, Bengio Y, and Lipson H. How transferable are features in deep neural 
networks? In Advances in Neural Information Processing Systems 27 (NIPS ’14), NIPS 
Foundation, 2014. ]
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Transfer learning for deep neural networks

• The assumption: 

– the features learned for a task can be used almost as such 

for other, related, tasks

• Approach: 

– Reuse the first layers and learn the last ones

– Same input spaces XS = XT,  possibly YS ≠ YT  
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Transfer learning

• 1st strategy

1. Take a NN pretrained on the source data set, 

2. remove the last fully-connected layer 
(e.g. this layer’s outputs are the 1000 class scores for a task like ImageNet), 

3. then treat the rest of the NN as a fixed feature extractor 
for the target dataset.

• 2nd strategy

1. Not only replace and retrain the classifier on top of the NN 
on the taget dataset, 

2. but to also fine-tune the weights of the pretrained network by continuing 
the backpropagation
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Transfer learning for deep neural networks

From [Oquab, M., Bottou, L., Laptev, I., & Sivic, J. (2014). Learning and transferring mid-level image representations using convolutional
neural networks. In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 1717-1724)].
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Figure 2: Transferring parameters of a CNN. First, the network is trained on the source task (ImageNet classification, top row) with
a large amount of available labelled images. Pre-trained parameters of the internal layers of the network (C1-FC7) are then transferred to
the target tasks (Pascal VOC object or action classification, bottom row). To compensate for the different image statistics (type of objects,
typical viewpoints, imaging conditions) of the source and target data we add an adaptation layer (fully connected layers FCa and FCb) and
train them on the labelled data of the target task.

(here object and action classification in Pascal VOC), as il-
lustrated in Figure 2. However, this is difficult as the la-
bels and the distribution of images (type of objects, typical
viewpoints, imaging conditions, etc.) in the source and tar-
get datasets can be very different, as illustrated in Figure 3.
To address these challenges we (i) design an architecture
that explicitly remaps the class labels between the source
and target tasks (Section 3.1), and (ii) develop training and
test procedures, inspired by sliding window detectors, that
explicitly deal with different distributions of object sizes,
locations and scene clutter in source and target tasks (Sec-
tions 3.2 and 3.3).

3.1. Network architecture

For the source task, we use the network architec-
ture of Krizhevsky et al. [24]. The network takes as
input a square 224 ⇥ 224 pixel RGB image and pro-
duces a distribution over the ImageNet object classes.
This network is composed of five successive convolu-
tional layers C1. . . C5 followed by three fully connected
layers FC6. . . FC8 (Figure 2, top). Please refer to [24]
for the description of the geometry of the five convolu-
tional layers and their setup regarding contrast normaliza-
tion and pooling. The three fully connected layers then
compute Y6=�(W6Y5 +B6), Y7=�(W7Y6 +B7),
and Y8= (W8Y7 +B8), where Yk denotes the out-
put of the k-th layer, Wk, Bk are the trainable param-
eters of the k-th layer, and �(X)[i]=max(0,X[i]) and
 (X)[i]=eX[i]/

P
j e

X[j] are the “ReLU” and “SoftMax”
non-linear activation functions.

For target tasks (Pascal VOC object and action classifica-
tion) we wish to design a network that will output scores for
target categories, or background if none of the categories
are present in the image. However, the object labels in the
source task can be very different from the labels in the tar-
get task (also called a “label bias” [49]). For example, the
source network is trained to recognize different breeds of
dogs such as huskydog or australianterrier, but the
target task contains only one label dog. The problem be-
comes even more evident for the target task of action classi-
fication. What object categories in ImageNet are related to
the target actions reading or running ?

In order to achieve the transfer, we remove the output
layer FC8 of the pre-trained network and add an adaptation
layer formed by two fully connected layers FCa and FCb
(see Figure 2, bottom) that use the output vector Y7 of the
layer FC7 as input. Note that Y7 is obtained as a complex
non-linear function of potentially all input pixels and may
capture mid-level object parts as well as their high-level
configurations [27, 53]. The FCa and FCb layers compute
Ya=�(WaY7 +Ba) and Yb= (WbYa +Bb), where
Wa, Ba, Wb, Bb are the trainable parameters. In all our
experiments, FC6 and FC7 have equal sizes (either 4096 or
6144, see Section 4), FCa has size 2048, and FCb has a size
equal to the number of target categories.

The parameters of layers C1. . .C5, FC6 and FC7 are first
trained on the source task, then transferred to the target task
and kept fixed. Only the adaptation layer is trained on the
target task training data as described next.
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Transfer learning for deep neural networks (case 1)

From [Oquab, M., Bottou, L., Laptev, I., & Sivic, J. (2014). Learning and transferring mid-level image representations using convolutional
neural networks. In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 1717-1724)].
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Figure 2: Transferring parameters of a CNN. First, the network is trained on the source task (ImageNet classification, top row) with
a large amount of available labelled images. Pre-trained parameters of the internal layers of the network (C1-FC7) are then transferred to
the target tasks (Pascal VOC object or action classification, bottom row). To compensate for the different image statistics (type of objects,
typical viewpoints, imaging conditions) of the source and target data we add an adaptation layer (fully connected layers FCa and FCb) and
train them on the labelled data of the target task.

(here object and action classification in Pascal VOC), as il-
lustrated in Figure 2. However, this is difficult as the la-
bels and the distribution of images (type of objects, typical
viewpoints, imaging conditions, etc.) in the source and tar-
get datasets can be very different, as illustrated in Figure 3.
To address these challenges we (i) design an architecture
that explicitly remaps the class labels between the source
and target tasks (Section 3.1), and (ii) develop training and
test procedures, inspired by sliding window detectors, that
explicitly deal with different distributions of object sizes,
locations and scene clutter in source and target tasks (Sec-
tions 3.2 and 3.3).

3.1. Network architecture

For the source task, we use the network architec-
ture of Krizhevsky et al. [24]. The network takes as
input a square 224 ⇥ 224 pixel RGB image and pro-
duces a distribution over the ImageNet object classes.
This network is composed of five successive convolu-
tional layers C1. . . C5 followed by three fully connected
layers FC6. . . FC8 (Figure 2, top). Please refer to [24]
for the description of the geometry of the five convolu-
tional layers and their setup regarding contrast normaliza-
tion and pooling. The three fully connected layers then
compute Y6=�(W6Y5 +B6), Y7=�(W7Y6 +B7),
and Y8= (W8Y7 +B8), where Yk denotes the out-
put of the k-th layer, Wk, Bk are the trainable param-
eters of the k-th layer, and �(X)[i]=max(0,X[i]) and
 (X)[i]=eX[i]/

P
j e

X[j] are the “ReLU” and “SoftMax”
non-linear activation functions.

For target tasks (Pascal VOC object and action classifica-
tion) we wish to design a network that will output scores for
target categories, or background if none of the categories
are present in the image. However, the object labels in the
source task can be very different from the labels in the tar-
get task (also called a “label bias” [49]). For example, the
source network is trained to recognize different breeds of
dogs such as huskydog or australianterrier, but the
target task contains only one label dog. The problem be-
comes even more evident for the target task of action classi-
fication. What object categories in ImageNet are related to
the target actions reading or running ?

In order to achieve the transfer, we remove the output
layer FC8 of the pre-trained network and add an adaptation
layer formed by two fully connected layers FCa and FCb
(see Figure 2, bottom) that use the output vector Y7 of the
layer FC7 as input. Note that Y7 is obtained as a complex
non-linear function of potentially all input pixels and may
capture mid-level object parts as well as their high-level
configurations [27, 53]. The FCa and FCb layers compute
Ya=�(WaY7 +Ba) and Yb= (WbYa +Bb), where
Wa, Ba, Wb, Bb are the trainable parameters. In all our
experiments, FC6 and FC7 have equal sizes (either 4096 or
6144, see Section 4), FCa has size 2048, and FCb has a size
equal to the number of target categories.

The parameters of layers C1. . .C5, FC6 and FC7 are first
trained on the source task, then transferred to the target task
and kept fixed. Only the adaptation layer is trained on the
target task training data as described next.
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Transfer learning for deep neural networks (case 2)
19.2. Transfer learning 629

Figure 19.2: Illustration of fine-tuning a model on a new dataset. The final output layer is trained from
scratch, since it might correspond to a different label set. The other layers are initialized at their previous
parameters, and then optionally updated using a small learning rate. From Figure 13.2.1 of [Zha+20]. Used
with kind permission of Aston Zhang.

Many data-poor tasks have some high-level structural similarity to other data-rich tasks. For
example, consider the task of fine-grained visual classification of endangered bird species. Given
that endangered birds are by definition rare, it is unlikely that a large quantity of diverse labeled
images of these birds exist. However, birds bear many structural similarities across species - for
example, most birds have wings, feathers, beaks, claws, etc. We therefore might expect that first
training a model on a large dataset of non-endangered bird species and then continuing to train it on
a small dataset of endangered species could produce better performance than training on the small
dataset alone.

This is called transfer learning, since we are transferring information from one dataset to another,
via a shared set of parameters. More precisely, we first perform a pre-training phase, in which we
train a model with parameters ✓ on a large source dataset Dp; this may be labeled or unlabeled.
We then perform a second fine-tuning phase on the small labeled target dataset Dq of interest.
We discuss these two phases in more detail below, but for more information, see e.g., [Tan+18;
Zhu+21] for recent surveys.

19.2.1 Fine-tuning

Suppose, for now, that we already have a pretrained classifier, p(y|x, ✓p), such as a CNN, that works
well for inputs x 2 Xp (e.g. natural images) and outputs y 2 Yp (e.g., ImageNet labels), where the
data comes from a distribution p(x, y) similar to the one used in training. Now we want to create a
new model q(y|x, ✓q) that works well for inputs x 2 Xq (e.g. bird images) and outputs y 2 Yq (e.g.,
fine-grained bird labels), where the data comes from a distribution q(x, y) which may be different
from p.

We will assume that the set of possible inputs is the same, so Xq ⇡ Xp (e.g., both are RGB images),
or that we can easily transform inputs from domain p to domain q (e.g., we can convert an RGB
image to grayscale by dropping the chrominance channels and just keeping luminance). (If this is not

Author: Kevin P. Murphy. (C) MIT Press. CC-BY-NC-ND license

From [Kevin Murphy. Probabilistic Machine Learning. An introduction. MIT Press. (2022)], p.625
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Figure 19.2: Illustration of fine-tuning a model on a new dataset. The final output layer is trained from
scratch, since it might correspond to a different label set. The other layers are initialized at their previous
parameters, and then optionally updated using a small learning rate. From Figure 13.2.1 of [Zha+20]. Used
with kind permission of Aston Zhang.

Many data-poor tasks have some high-level structural similarity to other data-rich tasks. For
example, consider the task of fine-grained visual classification of endangered bird species. Given
that endangered birds are by definition rare, it is unlikely that a large quantity of diverse labeled
images of these birds exist. However, birds bear many structural similarities across species - for
example, most birds have wings, feathers, beaks, claws, etc. We therefore might expect that first
training a model on a large dataset of non-endangered bird species and then continuing to train it on
a small dataset of endangered species could produce better performance than training on the small
dataset alone.

This is called transfer learning, since we are transferring information from one dataset to another,
via a shared set of parameters. More precisely, we first perform a pre-training phase, in which we
train a model with parameters ✓ on a large source dataset Dp; this may be labeled or unlabeled.
We then perform a second fine-tuning phase on the small labeled target dataset Dq of interest.
We discuss these two phases in more detail below, but for more information, see e.g., [Tan+18;
Zhu+21] for recent surveys.

19.2.1 Fine-tuning

Suppose, for now, that we already have a pretrained classifier, p(y|x, ✓p), such as a CNN, that works
well for inputs x 2 Xp (e.g. natural images) and outputs y 2 Yp (e.g., ImageNet labels), where the
data comes from a distribution p(x, y) similar to the one used in training. Now we want to create a
new model q(y|x, ✓q) that works well for inputs x 2 Xq (e.g. bird images) and outputs y 2 Yq (e.g.,
fine-grained bird labels), where the data comes from a distribution q(x, y) which may be different
from p.

We will assume that the set of possible inputs is the same, so Xq ⇡ Xp (e.g., both are RGB images),
or that we can easily transform inputs from domain p to domain q (e.g., we can convert an RGB
image to grayscale by dropping the chrominance channels and just keeping luminance). (If this is not

Author: Kevin P. Murphy. (C) MIT Press. CC-BY-NC-ND license
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f1’ and f3’ are trained 
from scratch when the 
target input and 
output spaces are 
different from the 
ones in the source task

(case 2)
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Recommandations

1. The target data set is small and similar to the source data set

– Train a linear classifier on top of the last layer of pretrained NN

2. The target data set is large and similar to the source data set

– Fine-tune the pretrained NN using the target data set

3. The target data set is small and very different from the source data set

– Since the dataset is very different, it might not be best to train the classifier from 
the top of the NN, which contains more dataset-specific features. 
Instead, it might work better to train a classifier from activations somewhere 
earlier in the network.

4. The target data set is large and very different from the source data set

– Fine-tune the pretrained NN using the target data set
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But … 

… how transferable are representations?
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Principle

...

http://slideplayer.com/slide/8370683/
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Experiments on two domains

...

ImageNet

1000 Classes

dataset

A

dataset

B

500 Classes

500 Classes

Randomly split the 1000 ImageNet classes into two groups each containing 500 
classes and approximately half of the data, or about 645,000 examples each.
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Hypothesis: If transferred features are specific to task A, performance on 
task B drops. Otherwise the performance should be the same. 

http://slideplayer.com/slide/8370683/
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http://slideplayer.com/slide/8370683/
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• Comparisons between

– Base B           : a NN trained directly on database B (500 random classes)

– Selffer BnB   (self-transfer): 

• A number of the first layers are frozen, and re-training is done on the last ones

– Selffer BnB+   (self-transfer + retraining): 

• A number of the first layers are frozen, and re-training is done on all layers 
(a kind of initialization, but on the same task)

– Transfer AnB    (transfer + fine-tuning last layers only):

– Transfer AnB+  (transfer + retraining of all layers): 

N
o 

tr
an

sf
er
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It is clear that the higher the layer, the more specific it is to task A

http://slideplayer.com/slide/8370683/

Accuracy on the 500 classes of domain B
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It is clear that the higher the layer, the more specific it is to task A

http://slideplayer.com/slide/8370683/
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It is clear that the higher the layer, the more specific it is to task A

http://slideplayer.com/slide/8370683/

Accuracy on the 500 classes of domain B

Why?
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Results

...
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Figure 2: The results from this paper’s main experiment. Top: Each marker in the figure represents
the average accuracy over the validation set for a trained network. The white circles above n =
0 represent the accuracy of baseB. There are eight points, because we tested on four separate
random A/B splits. Each dark blue dot represents a BnB network. Light blue points represent
BnB+ networks, or fine-tuned versions of BnB. Dark red diamonds are AnB networks, and light
red diamonds are the fine-tuned AnB+ versions. Points are shifted slightly left or right for visual
clarity. Bottom: Lines connecting the means of each treatment. Numbered descriptions above each
line refer to which interpretation from Section 4.1 applies.

4.1 Similar Datasets: Random A/B splits

The results of all A/B transfer learning experiments on randomly split (i.e. similar) datasets are
shown3 in Figure 2. The results yield many different conclusions. In each of the following interpre-
tations, we compare the performance to the base case (white circles and dotted line in Figure 2).

3AnA networks and BnB networks are statistically equivalent, because in both cases a network is trained
on 500 random classes. To simplify notation we label these BnB networks. Similarly, we have aggregated the
statistically identical BnA and AnB networks and just call them AnB.
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Results

...
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0 represent the accuracy of baseB. There are eight points, because we tested on four separate
random A/B splits. Each dark blue dot represents a BnB network. Light blue points represent
BnB+ networks, or fine-tuned versions of BnB. Dark red diamonds are AnB networks, and light
red diamonds are the fine-tuned AnB+ versions. Points are shifted slightly left or right for visual
clarity. Bottom: Lines connecting the means of each treatment. Numbered descriptions above each
line refer to which interpretation from Section 4.1 applies.

4.1 Similar Datasets: Random A/B splits

The results of all A/B transfer learning experiments on randomly split (i.e. similar) datasets are
shown3 in Figure 2. The results yield many different conclusions. In each of the following interpre-
tations, we compare the performance to the base case (white circles and dotted line in Figure 2).

3AnA networks and BnB networks are statistically equivalent, because in both cases a network is trained
on 500 random classes. To simplify notation we label these BnB networks. Similarly, we have aggregated the
statistically identical BnA and AnB networks and just call them AnB.
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Figure 2: The results from this paper’s main experiment. Top: Each marker in the figure represents
the average accuracy over the validation set for a trained network. The white circles above n =
0 represent the accuracy of baseB. There are eight points, because we tested on four separate
random A/B splits. Each dark blue dot represents a BnB network. Light blue points represent
BnB+ networks, or fine-tuned versions of BnB. Dark red diamonds are AnB networks, and light
red diamonds are the fine-tuned AnB+ versions. Points are shifted slightly left or right for visual
clarity. Bottom: Lines connecting the means of each treatment. Numbered descriptions above each
line refer to which interpretation from Section 4.1 applies.

4.1 Similar Datasets: Random A/B splits

The results of all A/B transfer learning experiments on randomly split (i.e. similar) datasets are
shown3 in Figure 2. The results yield many different conclusions. In each of the following interpre-
tations, we compare the performance to the base case (white circles and dotted line in Figure 2).

3AnA networks and BnB networks are statistically equivalent, because in both cases a network is trained
on 500 random classes. To simplify notation we label these BnB networks. Similarly, we have aggregated the
statistically identical BnA and AnB networks and just call them AnB.
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4.1 Similar Datasets: Random A/B splits

The results of all A/B transfer learning experiments on randomly split (i.e. similar) datasets are
shown3 in Figure 2. The results yield many different conclusions. In each of the following interpre-
tations, we compare the performance to the base case (white circles and dotted line in Figure 2).

3AnA networks and BnB networks are statistically equivalent, because in both cases a network is trained
on 500 random classes. To simplify notation we label these BnB networks. Similarly, we have aggregated the
statistically identical BnA and AnB networks and just call them AnB.

5

!!??
Freeze the first layers, and retrain the last ones on same domain 
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Figure 2: The results from this paper’s main experiment. Top: Each marker in the figure represents
the average accuracy over the validation set for a trained network. The white circles above n =
0 represent the accuracy of baseB. There are eight points, because we tested on four separate
random A/B splits. Each dark blue dot represents a BnB network. Light blue points represent
BnB+ networks, or fine-tuned versions of BnB. Dark red diamonds are AnB networks, and light
red diamonds are the fine-tuned AnB+ versions. Points are shifted slightly left or right for visual
clarity. Bottom: Lines connecting the means of each treatment. Numbered descriptions above each
line refer to which interpretation from Section 4.1 applies.

4.1 Similar Datasets: Random A/B splits

The results of all A/B transfer learning experiments on randomly split (i.e. similar) datasets are
shown3 in Figure 2. The results yield many different conclusions. In each of the following interpre-
tations, we compare the performance to the base case (white circles and dotted line in Figure 2).

3AnA networks and BnB networks are statistically equivalent, because in both cases a network is trained
on 500 random classes. To simplify notation we label these BnB networks. Similarly, we have aggregated the
statistically identical BnA and AnB networks and just call them AnB.
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4.1 Similar Datasets: Random A/B splits

The results of all A/B transfer learning experiments on randomly split (i.e. similar) datasets are
shown3 in Figure 2. The results yield many different conclusions. In each of the following interpre-
tations, we compare the performance to the base case (white circles and dotted line in Figure 2).

3AnA networks and BnB networks are statistically equivalent, because in both cases a network is trained
on 500 random classes. To simplify notation we label these BnB networks. Similarly, we have aggregated the
statistically identical BnA and AnB networks and just call them AnB.

5

The first layers have co-adapted features specific to the 
1st training that can not be relearned by the upper layers Less to relearn
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Figure 2: The results from this paper’s main experiment. Top: Each marker in the figure represents
the average accuracy over the validation set for a trained network. The white circles above n =
0 represent the accuracy of baseB. There are eight points, because we tested on four separate
random A/B splits. Each dark blue dot represents a BnB network. Light blue points represent
BnB+ networks, or fine-tuned versions of BnB. Dark red diamonds are AnB networks, and light
red diamonds are the fine-tuned AnB+ versions. Points are shifted slightly left or right for visual
clarity. Bottom: Lines connecting the means of each treatment. Numbered descriptions above each
line refer to which interpretation from Section 4.1 applies.

4.1 Similar Datasets: Random A/B splits

The results of all A/B transfer learning experiments on randomly split (i.e. similar) datasets are
shown3 in Figure 2. The results yield many different conclusions. In each of the following interpre-
tations, we compare the performance to the base case (white circles and dotted line in Figure 2).

3AnA networks and BnB networks are statistically equivalent, because in both cases a network is trained
on 500 random classes. To simplify notation we label these BnB networks. Similarly, we have aggregated the
statistically identical BnA and AnB networks and just call them AnB.
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Figure 2: The results from this paper’s main experiment. Top: Each marker in the figure represents
the average accuracy over the validation set for a trained network. The white circles above n =
0 represent the accuracy of baseB. There are eight points, because we tested on four separate
random A/B splits. Each dark blue dot represents a BnB network. Light blue points represent
BnB+ networks, or fine-tuned versions of BnB. Dark red diamonds are AnB networks, and light
red diamonds are the fine-tuned AnB+ versions. Points are shifted slightly left or right for visual
clarity. Bottom: Lines connecting the means of each treatment. Numbered descriptions above each
line refer to which interpretation from Section 4.1 applies.

4.1 Similar Datasets: Random A/B splits

The results of all A/B transfer learning experiments on randomly split (i.e. similar) datasets are
shown3 in Figure 2. The results yield many different conclusions. In each of the following interpre-
tations, we compare the performance to the base case (white circles and dotted line in Figure 2).

3AnA networks and BnB networks are statistically equivalent, because in both cases a network is trained
on 500 random classes. To simplify notation we label these BnB networks. Similarly, we have aggregated the
statistically identical BnA and AnB networks and just call them AnB.

5

Can adapt the first layers. 
Useful initialization
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Figure 2: The results from this paper’s main experiment. Top: Each marker in the figure represents
the average accuracy over the validation set for a trained network. The white circles above n =
0 represent the accuracy of baseB. There are eight points, because we tested on four separate
random A/B splits. Each dark blue dot represents a BnB network. Light blue points represent
BnB+ networks, or fine-tuned versions of BnB. Dark red diamonds are AnB networks, and light
red diamonds are the fine-tuned AnB+ versions. Points are shifted slightly left or right for visual
clarity. Bottom: Lines connecting the means of each treatment. Numbered descriptions above each
line refer to which interpretation from Section 4.1 applies.

4.1 Similar Datasets: Random A/B splits

The results of all A/B transfer learning experiments on randomly split (i.e. similar) datasets are
shown3 in Figure 2. The results yield many different conclusions. In each of the following interpre-
tations, we compare the performance to the base case (white circles and dotted line in Figure 2).

3AnA networks and BnB networks are statistically equivalent, because in both cases a network is trained
on 500 random classes. To simplify notation we label these BnB networks. Similarly, we have aggregated the
statistically identical BnA and AnB networks and just call them AnB.
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The results of all A/B transfer learning experiments on randomly split (i.e. similar) datasets are
shown3 in Figure 2. The results yield many different conclusions. In each of the following interpre-
tations, we compare the performance to the base case (white circles and dotted line in Figure 2).

3AnA networks and BnB networks are statistically equivalent, because in both cases a network is trained
on 500 random classes. To simplify notation we label these BnB networks. Similarly, we have aggregated the
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5



40 / 85

Results: what to think of them?

All layers but the first are retrained
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Figure 2: The results from this paper’s main experiment. Top: Each marker in the figure represents
the average accuracy over the validation set for a trained network. The white circles above n =
0 represent the accuracy of baseB. There are eight points, because we tested on four separate
random A/B splits. Each dark blue dot represents a BnB network. Light blue points represent
BnB+ networks, or fine-tuned versions of BnB. Dark red diamonds are AnB networks, and light
red diamonds are the fine-tuned AnB+ versions. Points are shifted slightly left or right for visual
clarity. Bottom: Lines connecting the means of each treatment. Numbered descriptions above each
line refer to which interpretation from Section 4.1 applies.

4.1 Similar Datasets: Random A/B splits

The results of all A/B transfer learning experiments on randomly split (i.e. similar) datasets are
shown3 in Figure 2. The results yield many different conclusions. In each of the following interpre-
tations, we compare the performance to the base case (white circles and dotted line in Figure 2).

3AnA networks and BnB networks are statistically equivalent, because in both cases a network is trained
on 500 random classes. To simplify notation we label these BnB networks. Similarly, we have aggregated the
statistically identical BnA and AnB networks and just call them AnB.
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All layers but the first two are retrained

All layers but …  are retrained

NN (8 layers) trained 
from scratch
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It is clear that the higher the layer, the more specific it is to task A

http://slideplayer.com/slide/8370683/

Accuracy on the 500 classes of domain B
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It is clear that the higher the layer, the more specific it is to task A

http://slideplayer.com/slide/8370683/

Accuracy on the 500 classes of domain B

Why?
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Interpretation

...

Freeze the first layers, and retrain using them on same domain 

!!??
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Interpretation

...

!!??

Fragile
co-adaptation

The first layers have co-adapted features specific to the 
1st training that can not be relearned by the upper layers Less to relearn
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Interpretation

...

Fragile
co-adaptation

Representation
specificity of 

task B / task A 
The first layers have 
captured general features

The features tend to be 
specific to domain A + 
fragile co-adaptation
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• Remark on the scientific methodology

It was essential to look at “fragile co-adaptation” 

in order to assess the true effect of “representation specificity” 
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Interpretation

...

Retrain on all layers (fine-tuning) on domain B
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Interpretation

...

Retrain on all layers (fine-tuning) on domain B after transfer from domain A
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Interpretation

...

Retrain on all layers (fine-tuning) on domain B after transfer from domain A

Transfer + fine-tuning improves generalization

A surprising finding since there is already a 
large training dataset for the target task
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Conclusions of the paper

1. Be careful to separate effects

– Fragile co-adapted first layers

– Specialization of higher layers 

2. The transferability gap grows as the distance between tasks increases 

3. But even features transfered from distant tasks are better than 
random weights

Yosinski, J., Clune, J., Bengio, Y., & Lipson, H. (2014). How transferable are features in deep neural 
networks?. Advances in neural information processing systems, 27.
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• ImageNet has many categories

Dataset A: random Dataset B: random 

http://slideplayer.com/slide/8370683/
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• ImageNet has many categories

Dataset A: man-made Dataset B: natural

http://slideplayer.com/slide/8370683/

Dissimilar
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• Comparison

http://slideplayer.com/slide/8370683/



• Transferability governed by:

– lost co-adaptations

– specificity

– difference between base and target dataset

• Fine-tuning helps even on large target dataset

co-adaptation

specificity

fine-tuning helps

Conclusions
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Transfer learning with language data

• For texts in different

– Domains  (e.g. finance, politics, society, ...)

– Media  (e.g. journals, blogs, ...)

• A word embedding is used 

– A mapping of the words to a high-dimensional (e.g. 500) continuous vector 
space where different words with similar meanings have a similar vector 
representation

• There exit pre-trained models trained on very large corpus of text 
documents

– Google word2vec

– Stanford Glove model
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Outline

1. Transfer learning: reminder

2. Fine tuning: how transferable are features in deep NNs?

3. Are the features learned during pretraining of foundational 

models general enough to enable fine tuning on any task? 

4. Multi-task learning

5. Conclusions
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Fine tuning: the scenario

1.  Pre-training using a large and diverse training dataset 

composed of cheap examples that are somehow related 

to the task of interest

2.  The network is adapted (fine-tuned) using a much smaller 

dataset composed of examples that are directly related 

to the task of interest

– Dataset too small to enable direct training from scratch
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Fine tuning: the challenge

• Ensure that transferred features are sufficient to handle new, 
unseen datasets. 

– A pretrained network that is missing crucial feature information may not 

perform on par with direct learning if there was enough data to learn the 

target task

• The folklore vision

– By pretraining these enormous models on “everything”, 

they would learn all the features we would ever want for any task
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Fine tuning: the question

Should we invest into building ever larger all-purpose 

foundational models, or into collecting tasks-specific datasets 

for training smaller specialized models? 
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How should we approach this issue?
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How should we approach this issue?

Yang, Xingyu Alice, Jianyu Zhang, and Léon Bottou. "These are Not All the Features You are 
Looking For: A Fundamental Bottleneck In Supervised Pretraining."
arXiv preprint arXiv:2506.18221 (2025).
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The general idea

1. Make sure that the distribution of examples for the target task 
is included in the distribution of examples used for training the 
foundation model (a very favorable assumption)

2.  Check whether, under this very favorable scenario, the fine-
tuned foundation model can equal the performance of a directly 
trained model on the target data
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• Consider a set of distributions 

representing data from different populations

• And a mixture distribution
where 

1. We pretrain a large network on mixture 

2. We train a (small) network on one subdistribution 

<latexit sha1_base64="yWFgT5dKucH1eEYh6Hx+qxExfTw="></latexit>�
P[j](X ,Y)

 
j

<latexit sha1_base64="FNxjLNOhnv5YoC92rGwPSUDAjSw="></latexit>

P[mix](X ,Y) =
P

j �j ·P[j](X ,Y)
<latexit sha1_base64="xCDpm6JK9lPtP0AauxrD2vX5QrQ="></latexit>

�j > 0 and
P

j �j = 1

<latexit sha1_base64="4hOdJSbcKH1er9y24K/Mh1GbOQk="></latexit>

P[mix]

<latexit sha1_base64="YhafqfycJwqH8Au6iGkhs1heguA="></latexit>

P[i]
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Question: Do features pretrained using P[mix] work nearly as well as 

                  features learned directly for target P[i]?

Direct Learning

 Model.	"["]	 

Transfer Learning via Linear Probing

train  Pretraining.train

linear 
probing  Frozen. +

extract
features

{" !"# ($)}

linear 
classifier 
for '[!"#] 

"[$%&] 

	"["]			 

		)[&'(]
linear
classifier
for '[)] 

	) *

extract 
features
{" ) ($)}

	*[*]

Fine-tuning

linear
classifier
for '[)] 

	) **[&'(]
extract

features
{" !"# ($)}

*[&'(]

Figure 1: Two ways to train a classifier for P [i]: directly from P [i] or transferred from P [mix].

Question: Do features pretrained using P [mix] work nearly as well as features learned directly
for target P [i]?

2.1 Two Ways to Train

Consider a neural network f of the following form

f(X; ✓,�) =
X

j

'j(X; ✓)
| {z }

feature extractor

· �j|{z}
classifier

(1)

This network has two main components.
The feature extraction layers ('j(X; ✓)) initially transform the raw input X into real-valued features
using parameters ✓. Furthermore, these transformations may be non-linear, enabling the extraction of
complex signals from the input data.
The linear classification layer (�j) combines linearly the extracted features to produce the final
prediction.2

There are two ways to train such a model for distribution P [i] (Figure 1)

1. The model could be directly trained on the target distribution P [i]. In this case, the model learns
both feature parameters ✓ and classifier weights � optimized for the target distribution P [i]. This
yields the final trained model f(· ; ✓[i],�[i]).

2. Alternatively, we could train a model through transfer learning (via linear probing).2 The model
is pretrained on a mixture distribution P [mix]. The feature parameters ✓[mix] are frozen and only
the linear classifier weights � are fine-tuned on P [i]. This is called linear probing.

The two approaches primarily differ in how they learn features. In direct training, a model is capable
of capturing any representable feature from the target distribution P [i]. However, in transfer learning,
the model is restricted to selecting features based on a different pretraining task P [i], which includes
P [i] as a component among many.
Under the constraints of transfer learning, it is unclear whether models pretrained on broad mixtures
retain sufficient features to match the performance task-specific training.

To assess their effectiveness in preserving performance, we explore whether the direct training
solutions f(X; ✓[i], �[i]) of any component P [i] can be matched (or approximated) by linearly
combining features 'j(X; ✓[mix]) from pretraining on the mixture.

We assume access to unlimited training data, which is important for effective direct training. Theo-
retically, we ask whether the function space spanned by features 'j(X; ✓[mix]) contains the direct
training solutions f(. . . , ✓[i], �[i]) trained on unlimited data.

2We explain in the following section why it is sufficient to study the linear case.

3
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• A neural network f has the form:

– Training transforms the raw input X into real-valued features 

using parameter 

– The linear classification layer combines the extracted features 

to produce the final prediction. 

<latexit sha1_base64="z1Nm8gFdzMsYizjpNkn79c3qquU="></latexit>

f(X; ✓, �) =
X

`

'`(X; ✓)| {z }
feature extractor

· �`|{z}
classifier

<latexit sha1_base64="mPoFCKMwu6dwzZSGUM6NkEFcvy0="></latexit>

✓
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• Directly training a neural network on the target data yields the 

trained model 

– The model learns both feature parameters         and classifier weights  

optimized for the target distribution P[i]    

• Pretraining on P[mix] yields feature parameters             which 

are frozen and only the linear classifier weights        are 

fine-tuned on P[i]  

<latexit sha1_base64="EGGdFy+3nxbkDY4lKO7PGIYFEaU="></latexit>

f( · ; ✓[i], �[i])
<latexit sha1_base64="Mj/XVig86P4sOYwM0fo6fnPABiQ="></latexit>

✓[i]
<latexit sha1_base64="eOyQ5HMuU7ND5RT+p+t5BgNJ2wQ="></latexit>

�[i]

<latexit sha1_base64="c5gb/GF5XC6hFIis6+ZcHrgyKkY="></latexit>

✓[mix]
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Question

– Do the solutions                             optimized for the target distribution P[i] 

can be matched or approximated by linearly combining features learned 

by pretraining  

Potential problem

– Stochastic gradient descent in deep learning networks tend to favor 

sparse solutions, removing features deemed redundant 

– The remaining features depend on the order of the training examples 

and the initialization

      Do the remaining features contain ones that are useful for task i?  
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Simple counter-example

• Imagine a feature extractor which can learn only two feature 
extraction functions. 

– Depending on parameters                                              , the space spanned by 
the selected features can have 0, 1 or 2 dimensions.

• Consider four individual distributions in this space
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Sparsity in deep networks Stochastic gradient learning algorithms in deep learning models
often have an implicit sparsity bias [Gunasekar et al., 2017, Andriushchenko et al., 2023], a likely
contributor to the effectiveness of deep learning. In an oversimplified account of the analysis of
Andriushchenko et al., when using stochastic gradient descent with large step sizes, features are
added and removed somewhat randomly, but those that contribute to reducing the training error tend
to stick around. Depending on the random order in which features are discovered by the training
algorithm, it may construct different sparse solutions.
Many practical regularization tricks such as early-stopping or weight decay have a similar effect. In
particular, weight decay acts differently in the last layer of a deep network (spreading the weights
over all the available features) than in the inner layers (quickly pruning features that do not rapidly
help reducing the training error.)

3 Counterexample
This study explores whether the features learned from mixture distribution perform as well across com-
ponent tasks P [i] as features learned specifically for each task. We introduce a simple counterexample
demonstrating that this desired outcome does not hold.
Example Setup Imagine a feature extractor which can learn only two feature extraction functions
�(X) = ('1(X),'2(X)). Depending on parameters ✓, the space spanned by the selected features
can have zero, one, or two dimensions.
Consider four individual distributions in this space, illustrated in Figure 2:

• P [1][ �(X)=(+1, 0), Y=+ 1 ] = 1
2 and P [1][ �(X)=(0,±1), Y=� 1 ] = 1

4 .
• P [2][ �(X)=(�1, 0), Y=+ 1 ] = 1

2 and P [2][ �(X)=(0,±1), Y=� 1 ] = 1
4 .

• P [3][ �(X)=(0,+1), Y=� 1 ] = 1
2 and P [3][ �(X)=(±1, 0), Y=+ 1 ] = 1

4 .
• P [4][ �(X)=(0,�1), Y=� 1 ] = 1

2 and P [4][ �(X)=(±1, 0), Y=+ 1 ] = 1
4 .

Each distribution is defined across three distinct points: two points with probability 1/4, and the
third point with probability 1/2. Combining these forms a mixture P [mix], supported over four points
(Figure 3).

P [mix] = �1 · P [1] + �2 · P [2] + �3 · P [3] + �4 · P [4] where �i > 0,
X

i=1

�i = 1

A distribution P [mix] with non-zero mixture coefficients �i, therefore, offers positive examples at
�(X) = (±1, 0) and negative examples at �(X) = (0,±1).
The Optimal Classifier Suppose that we optimize binary classifiers for each of the four distribu-
tions. The training error of each P [i] is minimized using one specific feature: '1(X) for P [1] and
P [2], '1(X) for P [3] and P [4].

Now, consider a binary classifier optimized for P [mix]. Since its four points cannot be linearly
separated, the training error is minimized by misclassifying the least-weighted point and correctly
classifying the other three. Depending on which point is ignored, the optimal classifier is one of the
four solutions in Figure 2

Observe that the optimal classifier P [mix] can be sparsely represented using just one of the two
features, determined by the balance of the mixture. Hence, a deep neural network which exhibits
sparsity bias will represent this optimal solution by learning just one feature. In other words,
the network learns a feature space that does not contain the optimal solutions for two of its four
subdistributions. Specifically, when it learns only '1, it cannot correctly classify P [3] and P [4]; when
it learns only '2, it cannot correctly classify P [1] and P [2]. 3

We find that training a deep network (with sparsity bias) on the mixture distribution yields a sparse
representation which can classify only half of its subdistributions. Even in this advantageous setup, a
model pretrained on a mixture may miss important features for its subtasks.

3Some mixtures have multiple clusters of equal minimal weight and, therefore, multiple optimal solutions.
However, this is a set of negligible probability.
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Figure 2: Four subdistributions and a combined mixture distribution are represented by red
points (labeled +1) and blue points (labeled �1) Each subdistribution includes three points; two
points contain an equal number of examples, while the third point contains twice as many. The size of
each point reflects the number of examples it represents. The final mixture distribution is a weighted
average of these four component distributions (not drawn to scale).
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Figure 3: Four cases illustrate optimal classifiers for different mixture distributions. Each classifier
uses a dotted line to separate red points (labeled +1) from the blue points (labeled �1). Sincef
points are not linearly separable, an optimal classifier ignores the least-weighted point (smallest) and
classifies the remaining three points. Interestingly, this optimal classifier can be sparsely represented
using just one feature, either '1(X) or '2(X), but cannot classify two of the four subdistributions.

3.1 Assumptions

In this counterexample, we study the training error as an indicator of how well a model can adapt to
its subdistributions. We make the following assumptions
Assumption 1: A Model Will Learn These Features [Papyan et al., 2020] finds that a neural
network learns representations which "collapse" into the problem space features, '1(X), '2(X)

Assumption 2: We Cannot Study Non-Linear Decision Boundaries A network with a non-linear
decision boundary could learn both features and optimally classify all subdistributions. However, we
are not interested in studying solutions with zero training error (see Section 2.1.2).

4 True in Practice?
Our simple counterexample illustrates how a model may struggle to learn crucial features during
training, which creates biased performance on subtasks of the training distribution.
When an optimally-trained model can miss a crucial feature in such a simple setup, it suggests that
deep networks may frequently miss important feature when trained on more complex datasets. In
fact, the results of many already-published papers could be explained by this phenomenon. Instead of
running redundant experiments, we describe this limitation and explore existing experiments below.

4.1 An Information Saturation Bottleneck

We identify a fundamental limitation of deep learning models that arises from their sparsity bias – an
information saturation bottleneck. These networks struggle to learn new features when they have
encoded similar competing features during training.
When networks are restricted to learning a subset of key features during pretraining, they permanently
lose critical features needed for effective transfer, leading to inconsistent performance on data
distributions–even components of the pretraining mixture.
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• For mixtures mix1 and mix2, feature                 is enough

– But problems 3 and 4 cannot be solved

• For mixtures mix3 and mix4, feature                 is enough

– But problems 1 and 2 cannot be solved
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decision boundary could learn both features and optimally classify all subdistributions. However, we
are not interested in studying solutions with zero training error (see Section 2.1.2).
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training, which creates biased performance on subtasks of the training distribution.
When an optimally-trained model can miss a crucial feature in such a simple setup, it suggests that
deep networks may frequently miss important feature when trained on more complex datasets. In
fact, the results of many already-published papers could be explained by this phenomenon. Instead of
running redundant experiments, we describe this limitation and explore existing experiments below.

4.1 An Information Saturation Bottleneck

We identify a fundamental limitation of deep learning models that arises from their sparsity bias – an
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Analysis

The authors identify an information saturation bottleneck

• Deep NNs struggle to learn new features when they have 

encoded similar competing features during training 

• Because of their sparsity bias, they may permanently lose critical 

feature needed for effective transfer
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In practice on genomic tasks 

• Comparison of 

– transfer learning from Genomic Foundation Models (GFM) 

– and direct supervised learning 
Table 1: Empirical Evidence (Left) Performance gap after recovering core features with transfer
(Right) The simple supervised models trained by their supervised ’DASHA’ workflow outperform
eight well Genomic Foundation Models (GFMs) on the diverse NT benchmark [Xu et al., 2025]

Trial Accuracy

Data Direct Transfer via LinProb Change
(99% corr) P [bal] P [mix] ! P [bal]

MNIST-Fashion 97% 94% (�3%)
MNIST-CIFAR 90% 81% (�9%)

Model Model Pretraining Average Average Mean Median
Size Base-Pairs Score " Rank # %Imp." %Imp."

Enformer 252M 4B 0.569 11.86 27.73 27.91
NT-1000G (500M) 500M 20.5T 0.625 10.52 33.48 36.74
NT-1000G (2.5B) 2.5B 20.5T 0.656 7.0 36.58 40.86
NT-Multispecies (500M) 500M 174B 0.700 3.81 40.76 45.07

Foundation NT-Multispecies (2.5B) 2.5B 174B 0.697 4.08 40.51 45.52
Models DNABERT-2 117M 32.5B 0.680 6.88 38.65 43.59

HyenaDNA-1K 1.6M 3.2B 0.708 6.92 41.2 43.36
HyenaDNA-32K 1.6M 3.2B 0.630 10.22 33.96 36.93
Caduceus-PS 1.9M 35B 0.689 6.69 39.08 41.38
Caduceus-PH 1.9M 35B 0.725 4.69 42.63 45.01

Supervised Wide ResNet 2.0M 0 0.694 6.83 37.16 43.08

Models UNet 4.5M 0 0.68 7.78 38.67 42.69
DASHA (our workflow) 10.5M 0 0.761 3.69 46.33 49.08

The previous counterexample demonstrates that balance of a mixture may determine which features a
deep network will learn over time. We provide empirical evidence for this and identify additional
factors which influence the subset of features learned by a network.

4.2 Spurious Features

Spurious features are superficial features which are correlated with but do not predict the label. For
example, a bird classification model may incorrectly learn to use a water background to predict a
waterbird and a land background to predict a land bird.
[Pezeshki et al., 2021] find that learning spurious features hinders the appearance of core features
essential for accurate prediction. They find that spurious features to arise from bias towards certain
classes in complicated mixtures of data, descriptive of real-world datasets. Core features cannot
appear after the gradient is consumed by spurious features, which provide the same information but
cannot be used for prediction. Class imbalances produce spurious features which "starve" the model
of essential features.
[Kirichenko et al., 2023b] propose a promising mitigation to recover core features via transfer, by
reweighting the remaining features without the spurious feature 'spu. They consider that a model,
pretrained on a biased mixture P [mix], may still learn core features after learning easier spurious
features. They remove P'spu by transferring the network to a class-balanced subdistribution P [bal]

(where Cor
�
'spu(X), Y

�
= 0). The remaining core features are optimized via linear probing.

Despite significant accuracy improvements, a performance gap {3%, 9%} remains between the
adapted model and one trained directly on P [bal] (Table 1). Here, directly training on P[bal] produces
a solution which includes all of the core features. In contrast, pre-training on P [mix] gives a solution
which does not. Linear probing on P [bal] cannot recover these features.
In this example of the bottleneck, pretraining on an imbalanced mixture produces misleading spurious
features, which prevent the network from learning core features which are essential for prediction.

4.3 Genomic Foundation Models

[Xu et al., 2025] find that simple supervised CNNs can be easily trained to match the performance
of transformer-based genomic foundation models (GFMs). Using their "DASHA" workflow, they
train and evaluate supervised models on a diverse set of genomic tasks P [adja] from the Nucleotide
Transformer (NT) benchmark. They compare to the performance of well-known GFMs with up to
2.5B parameters, which are pretrained on a broad mixture P [mix] of genomic tasks. They find the
directly trained models to consistently outperform the GFMs across all aggregated metrics of P [adja]

benchmark (Table 1).
Certain GFMs such as Caduceus or NT-Multispecies(500M) perform almost as well as supervised
networks on specific tasks of P [adja], but miss features needed to perform well across all P [adja].
This suggests that large scale models learn some, but not all critical features for P [adja] which appear
in the extensive P [mix]. While GFMs can excel in specific scenarios, their performance on new tasks
is, ultimately, constrained by missing features that arise from information saturation.
If foundational models saturate regardless of scale, it may be more efficient invest resources into
creating direct training data.
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Transferring regularities in common
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Outline

1. Transfer learning: reminder

2. Fine tuning: how transferable are features in deep NNs?

3. Are the features learned during pretraining of foundational 

models general enough to enable fine tuning on any task? 

4. Multi-task learning

5. Conclusions
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What is Multi-Task learning (MTL)?

• As soon you try to optimize more than one loss function

– E.g.   From someone’s picture, trying to guess both 

• The gender 
• The age 
• The emotion
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Why  Multi-Task learning (MTL)?

• (IF) The tasks at hand are not unrelated

– E.g.   From someone’s picture, trying to guess both 
• The gender 
• The age 
• The emotion

• It may help to consider them all together: 
    better performance with less computing resources

– E.g. guessing the gender may help recognize the emotion and vice-versa

Rk: There are links with the LUPI framework
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Assumption behind MTL

• The combined learning of multiple related tasks can outperform learning 
each task in isolation

• MTL allows for common information shared between the tasks to be used in 
the learning process, which leads to better generalization if the tasks are 
related

• E.g. Learning to predict the ratings for several different critics (in different 
countries) can lead to better performances for each separate task (predict the 
restaurant ratings for a specific critic)

• Learning to recognize a face and the expression (fear, disgust, anger, …)

• Multi modality learning: e.g. vision and proprioception
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Possible relations between tasks

• All functions to be learn are close to each other in some norm

–  E.g. functions capturing preferences in users’ modeling problems

• Tasks that share a common underlying representation

– E.g. in human vision, all tasks use the same set of features learnt in the 
first stages of the visual system (e.g. local filters similar to wavelets)

– Users may also prefer different types of things (e.g. books, movies, music) 
based on the same set of features or score functions
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Question

How do we choose to 
            model the shared information between the tasks?

• Idea: Some shared underlying constraints

– E.g. a low dimensional representation shared across multiple related 
tasks

• By way of a shared hidden layer in a neural network

• By explicitly constraining the dimensionality of a shared representation
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An approach for the linear case: minimizing the distance with a shared weight vector

• T  binary classification tasks defined over X x Y 

That share a weight vector

Linear hypotheses
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MTL with deep neural networks

• Approaches

1.  Sharing features  (first layers) and have 
multiple task-specific heads

1.  Soft-features or parameters sharing
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• Multi-Task Learning induces a bias that prefers hypotheses 

that can “explain” all tasks

• Beware:

– Can lead to worse performance if the tasks are unrelated 

or adversarially related

• Question: how to measure the relatedness of learning tasks?
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WU, Chengyue, WANG, Teng, GE, Yixiao, et al. $\pi $-Tuning: Transferring Multimodal 
Foundation Models with Optimal Multi-task Interpolation. In International Conf. on 
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⇡-Tuning: Transferring Multimodal Foundation Models

with Optimal Multi-task Interpolation

Chengyue Wu
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Abstract

Foundation models have achieved great advances
in multi-task learning with a unified interface of
unimodal and multimodal tasks. However, the
potential of such multi-task learners has not been
exploited during transfer learning. In this work,
we present a universal parameter-efficient trans-
fer learning method, termed Predict-Interpolate
Tuning (⇡-Tuning), for vision, language, and
vision-language tasks. It aggregates the parame-
ters of lightweight task-specific experts learned
from similar tasks to aid the target downstream
task. The task similarities are predicted in a
unified modality-independent space, yielding a
scalable graph to demonstrate task relationships.
⇡-Tuning has several appealing benefits. First,
it flexibly explores both intra- and inter-modal
transferability between similar tasks to improve
the accuracy and robustness of transfer learn-
ing, especially in data-scarce scenarios. Sec-
ond, it offers a systematical solution for trans-
fer learning with multi-task prediction-and-then-
interpolation, compatible with diverse types of
parameter-efficient experts, such as prompt and
adapter. Third, an extensive study of task-level
mutual benefits on 14 unimodal and 6 multi-
modal datasets shows that ⇡-Tuning surpasses
fine-tuning and other parameter-efficient transfer
learning methods both in full-shot and low-shot
regimes. The task graph also enables an in-depth
interpretable analysis of task transferability across
modalities. The code will be available at https:
//github.com/TencentARC/pi-Tuning.
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VL Tasks Vision Tasks Language Tasks

Figure 1. Heatmap of the predicted task similarities, composed of
both unimodal and multimodal tasks. Vision-language tasks are
more similar to vision tasks compared to language tasks. Best
viewed in color.

1. Introduction

With the development of Transformer architectures (Doso-
vitskiy et al., 2021; Devlin et al., 2018; Brown et al., 2020),
foundation models (Cho et al., 2021; Lu et al., 2022; Wang
et al., 2022) pre-trained with large-scale data are capable
of multiple tasks across modalities in a unified sequence-to-
sequence manner, taking one more step toward mimicking
the human brain. These foundation models are natural multi-
task learners with universal representation and I/O interfaces
for both unimodal and multimodal tasks. But unfortunately,
these properties have not been fully exploited in downstream
tasks, as few studies investigated how to properly transfer
these models.

In this work, we tackle the problem of transfer learning of
multimodal foundation models with unified sequence-to-
sequence interfaces. Most of our experiments are based on
OFA (Wang et al., 2022), an open-source model, without

1
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Outline

1. Transfer learning: definition

2. Transfering representations

3. IRM: Invariant Risk Minimization

4. Multi-task learning

5. Conclusions
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• Transferring representations is not that straightforward

– The relevant hidden layer depends on the conditions

– Necessary features can be missing 


