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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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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.  Looking for a universal representation (Multi-task learning)

2.  Looking for common causality relationships (I.R.M.) 

3.  Looking for common search behaviors

4.  Others
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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

Task 1 Task T

For each task j: 

Search: 
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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 Machine Learning (ICML). PMLR, 2023. p. 
37713-37727.
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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.

1Department of Computer Science, The University of Hong
Kong 2ARC Lab, Tencent PCG 3Shanghai Jiao Tong University
4School of Mathematical Sciences, Fudan University. Correspon-
dence to: Yixiao Ge <yixiaoge@tencent.com>.
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2023 by the author(s).
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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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Reminder of the problem of O.O.D. learning

• distribution shifts can stem from a variety of factors, including

–  environmental changes, 

– sensor noise, 

– and image corruptions

Figure 1.1: Examples from PACS dataset to illustrate the distribution shift in
train and test data.

Domain Generalization (DG) aims to address the challenge of out-of-

distribution (OOD) generalization by training models that can perform reliably

on previously unseen target domains [10, 11, 12, 13, 14]. In the DG setting, mod-

els are trained exclusively on data from multiple source domains, without access

to target-domain samples, with the objective of learning representations that

generalize beyond the training environments. Existing DG approaches primar-

ily focus on extracting domain-invariant features [15, 16, 17], enriching training

data to promote feature diversity [18, 19, 11], or developing specialized opti-

mization strategies. These include adversarial learning frameworks [13, 15, 20],

meta-learning approaches that simulate domain shifts during training [21, 22, 23],

and regularization-based techniques that constrain model updates to improve ro-

bustness across domains [24, 25, 26].

Despite the extensive body of research on DG and related robustness tech-

niques, recent empirical analyses suggest that the practical benefits of many DG

methods are often limited. In particular, a comprehensive study by Gulrajani

[27] demonstrates that a large number of DG approaches fail to consistently

outperform the standard Empirical Risk Minimization (ERM) baseline. This

observation highlights a fundamental limitation: exposure to multiple training

domains alone is insu�cient to prepare models for the distribution shifts encoun-

tered during inference. As a result, more principled mechanisms are required to

ensure reliable performance when test data deviate substantially from the training

distribution.

2
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• O.O.D. learning approaches primarily focus on:

– Extracting domain-invariant features (common representation space)

– Enriching training data to promote feature diversity

• Data augmentation
• Adversarial learning

– Developing specialized optimization strategies
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Question

• How can we explicitly distinguish invariant features from spurious ones during 

training, and subsequently suppress the influence of spurious features 

so that the learned model generalizes better to new domains? 
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• A key aspect of domain generalization is to learn from features that remain 

invariant across multiple domains, while ignoring those that are spuriously 

correlated to label information

– Consider, for example, a model that is built to distinguish between cows and camels using photos 

collected in nature under different climates. Since CNNs are known to have a bias towards texture 

(Geirhos et al., 2018, Brendel and Bethge, 2019), if we simply try to minimize the average loss across 

different domains, the classifier is prone to spuriously correlate “cow” with grass and “camels” with 

desert, and predict the species using only the background. 

Such a classifier can be rendered useless when the animals are placed indoors or in a zoo. 

However, if the model could recognize that while the landscapes change with climate, the biological 

characteristics of the animals (e.g. humps, neck lengths) remain invariant and use those features to 

determine the species, we have a much better chance at generalizing to unseen domains. 
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• Intuitions have already motivated several approaches that consider 

learning “invariances” accross domains as the main challenge of domain 

generalization. 

Most of these work focuses on learning invariant features, for instance 

domain adversarial neural networks (Ganin et al., 2016), CORAL (Sun and 

Saenko, 2016) and MMD for domain generalization (Li et al., 2018b). 

• Different from previous approaches, invariant risk minimization (Arjovsky et 

al., 2019) proposes to learn intermediate features such that we have invariant 

predictor (when optimal) across different domains. 

ARJOVSKY, Martin, BOTTOU, Léon, GULRAJANI, Ishaan, et al. Invariant risk minimization.
arXiv preprint arXiv:1907.02893, 2019.
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Invariant Risk Minimization

• Discriminating invariant correlations from spurious ones
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IRM: How to recognize invariant correlations?

• Hypothesis 1

– Learn from different environments (e.g. cows with different backgrounds)

– To learn invariances across environments, find a data representation F 
such that the optimal classifier w on top of that representation matches 
for all environments  (i.e. is the same irrespective of the environment). 

3 Algorithms for invariant risk minimization

In statistical parlance, our goal is to learn correlations invariant across training
environments. For prediction problems, this means finding a data representation
such that the optimal classifier,2 on top of that data representation, is the same for
all environments. More formally:

Definition 3. We say that a data representation � : X ! H elicits an invariant
predictor w�� across environments E if there is a classifier w : H ! Y simultaneously
optimal for all environments, that is, w 2 arg minw̄:H!Y

Re(w̄ � �) for all e 2 E.

Why is Definition 3 equivalent to learning features whose correlations with the
target variable are stable? For loss functions such as the mean squared error and
the cross-entropy, optimal classifiers can be written as conditional expectations. In
these cases, a data representation function � elicits an invariant predictor across
environments E if and only if for all h in the intersection of the supports of �(Xe)
we have E[Y e

|�(Xe) = h] = E[Y e0
|�(Xe0) = h], for all e, e0

2 E .
We believe that this concept of invariance clarifies common induction methods

in science. Indeed, some scientific discoveries can be traced to the realization that
distinct but potentially related phenomena, once described with the correct variables,
appear to obey the same exact physical laws. The precise conservation of these
laws suggests that they remain valid on a far broader range of conditions. If both
Newton’s apple and the planets obey the same equations, chances are that gravitation
is a thing.

To discover these invariances from empirical data, we introduce Invariant Risk
Minimization (IRM), a learning paradigm to estimate data representations eliciting
invariant predictors w � � across multiple environments. To this end, recall that we
have two goals in mind for the data representation �: we want it to be useful to
predict well, and elicit an invariant predictor across Etr. Mathematically, we phrase
these goals as the constrained optimization problem:

min
�:X!H
w:H!Y

X

e2Etr

Re(w � �)

subject to w 2 arg min
w̄:H!Y

Re(w̄ � �), for all e 2 Etr.
(IRM)

This is a challenging, bi-leveled optimization problem, since each constraint calls an
inner optimization routine. So, we instantiate (IRM) into the practical version:

min
�:X!Y

X

e2Etr

Re(�) + � · krw|w=1.0 Re(w · �)k2, (IRMv1)

where � becomes the entire invariant predictor, w = 1.0 is a scalar and fixed “dummy”
classifier, the gradient norm penalty is used to measure the optimality of the dummy
classifier at each environment e, and � 2 [0, 1) is a regularizer balancing between
predictive power (an ERM term), and the invariance of the predictor 1 · �(x).

2We will also use the term “classifier” to denote the last layer w for regression problems.

5

Same best solution 
w for all 

environments

Find the best invariant 
predictors: 

data representation F 

<latexit sha1_base64="ie8qCMOoYP1ONu9y/AyejxbnTfo="></latexit>

data representation � : X ! H
<latexit sha1_base64="TPWTwoN2tLFR2kf83dn2YZOHTt4="></latexit>

classifier w : H ! Y
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IRM

But why would that guarantee performance across all possible 
“reasonable” environments? 

• We have to make assumptions about what the “reasonable” 
environments are

• Hypothesis 2

– All environments share the same underlying Structural Equation Model 
(i.e. causal model)

• Fully-observed (F) graphs, where Wh!1 = Wh!y = Wh!2 = 0, or
partially-observed (P) graphs, where (Wh!1, Wh!y, Wh!2) are Gaussian.

• Homoskedastic (O) Y -noise, where �2
y = e2 and �2

2
= 1, or

heteroskedastic (E) Y -noise, where �2
y = 1 and �2

2
= e2.

He

Ze
1 Y e Ze

2

He
 N (0, e2)

Ze
1
 N (0, e2) + Wh!1H

e

Y e
 Ze

1
· W1!y + N (0, �2

y) + Wh!yH
e

Ze
2
 Wy!2Y

e + N (0, �2

2
) + Wh!2H

e

Figure 3: In our synthetic experiments, the task is to predict Y e from Xe = S(Ze
1 , Ze

2).

These variations lead to eight setups referred to by their initials. For instance, the
setup “FOS” considers fully-observed (F), homoskedastic Y -noise (O), and scrambled
observations (S). For all variants, (W1!y, Wy!2) have Gaussian entries. Each
experiment draws 1000 samples from the three training environments Etr = {0.2, 2, 5}.
IRM follows the variant (IRMv1), and uses the environment e = 5 to cross-validate
the invariance regularizer �. We compare to ERM and ICP [40].

Figure 4 summarizes the results of our experiments. We show two metrics for each
estimated prediction rule Ŷ = X1 ·Ŵ1!y +X2 ·Ŵy!2. To this end, we consider a de-

scrambled version of the estimated coe�cients (M̂1!y, M̂y!2) = (Ŵ1!y, Ŵy!2)>S>.

First, the plain barplots shows the average squared error between M̂1!y and W1!y.
This measures how well does a predictor recover the weights associated to the causal
variables. Second, each striped barplot shows the norm of estimated weights M̂y!2

associated to the non-causal variable. We would like this norm to be zero, as the
desired invariant causal predictor is Ŷ e = (W1!y, 0)>S>(Xe

1
, Xe

2
). In summary,

IRM is able to estimate the most accurate causal and non-causal weights across
all experimental conditions. In most cases, IRM is orders of magnitude more
accurate than ERM (our y-axes are in log-scale). IRM also out-performs ICP, the
previous state-of-the-art method, by a large margin. Our experiments also show the
conservative behaviour of ICP (preferring to reject most covariates as direct causes),
leading to large errors on causal weights and small errors on non-causal weights.

5.2 Colored MNIST

We validate IRM at learning nonlinear invariant predictors with a synthetic binary
classification task derived from MNIST. The goal is to predict a binary label assigned
to each image based on the digit. Whereas MNIST images are grayscale, we color
each image either red or green in a way that correlates strongly (but spuriously) with
the class label. By construction, the label is more strongly correlated with the color
than with the digit, so any algorithm purely minimizing training error will tend to
exploit the color. Such algorithms will fail at test time because the direction of the

15
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Experiment

• Colored MNIST

– The goal is to predict the label y = 0 for digits 0-4, and y = 1 for digits 5-9

– Protocol

• Three environments: 2 training, 1 test.   For all: 

• Flip the label y with probability 0.25 (thus best possible performance = 0.75)

• Put color (red or green) using variable z. 
z is obtained by flipping y with probability p, where p = 0.2 in the first training 
set, 0.1 in the second and 0.9 in the test one (maximal flipping). 

     Color the image red if z = 1 and green if z = 0

The color is strongly but spuriously correlated with the class label. 
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Experiments with colored MNIST 

Algorithm Acc. train envs. Acc. test env.

ERM 87.4 ± 0.2 17.1 ± 0.6
IRM (ours) 70.8 ± 0.9 66.9 ± 2.5

Random guessing (hypothetical) 50 50
Optimal invariant model (hypothetical) 75 75
ERM, grayscale model (oracle) 73.5 ± 0.2 73.0 ± 0.4

Table 1: Accuracy (%) of di↵erent algorithms on the Colored MNIST synthetic task. ERM
fails in the test environment because it relies on spurious color correlations to classify digits.
IRM detects that the color has a spurious correlation with the label and thus uses only the
digit to predict, obtaining better generalization to the new unseen test environment.

Figure 5: P (y = 1|h) as a function of h for di↵erent models trained on Colored MNIST: (left)
an ERM-trained model, (center) an IRM-trained model, and (right) an ERM-trained model
which only sees grayscale images and therefore is perfectly invariant by construction. IRM
learns approximate invariance from data alone and generalizes well to the test environment.

environments, the IRM model is closer to achieving invariance than the ERM model.
Notably, the IRM model does not achieve perfect invariance, particularly at the tails
of the P (h). We suspect this is due to finite sample issues: given the small sample
size at the tails, estimating (and hence minimizing) the small di↵erences in P (y|h, e)
between training environments can be quite di�cult, regardless of the method.

We note that conditional domain adaptation techniques which match P (h|y, e)
across environments could in principle solve this task equally well to IRM, which
matches P (y|h, e). This is because the distribution of the causal features (the digit
shapes) and P (y|e) both happen to be identical across environments. However,
unlike IRM, conditional domain adaptation will fail if, for example, the distribution
of the digits changes across environments. We discuss this further in Appendix C.

Finally, Figure 5 shows that P (y = 1|h) cannot always be expressed with a linear
classifier w. Enforcing nonlinear invariances (Section 3.3) could prove useful here.

17

!!!

• Training with ERM returns a model with high accuracy in the training environments but 
below-chance accuracy in the test environment, since the ERM model classifies mainly 
based on color. 

• Training with IRM results in a model that performs worse on the training environments, 
but relies less on the color and hence generalizes better to the test environments. 

• An oracle that ignores color information by construction outperforms IRM only slightly. 
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What is the difference between  

–         Multi-Task Learning 

– and Invariant Risk Minimization?
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What is the difference between  

–         Multi-Task Learning 

– and Invariant Risk Minimization?

• Multi-task learning

– Share a weight vector in the (given) input representation

• I.R.M.

– Find a common representation   (and more elaborate justification)
<latexit sha1_base64="ie8qCMOoYP1ONu9y/AyejxbnTfo="></latexit>

data representation � : X ! H
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If the search behavior is the same

then the space is the same

How transferable are representations?



32 / 45

• The success of deep neural networks in supervised learning relies on the crucial assumption 
that the train and test data distributions are identical. 

– In particular, the tendency of networks to rely on simple features is generally a desirable behavior 
reflecting Occam’s razor. 

– However, in case of distribution shift, this simplicity bias deteriorates performance when more 
complex features are needed 

• To better generalize under distribution shifts, different invariance criteria across training 
domains have been proposed 

– Similar feature distributions 

– force the classifier to be simultaneously optimal across a representation common to all domains 
(IRM)

BUT none of these methods perform significantly better than the classical Empirical Risk Minimization  
(Gulrajani & Lopez-Paz, 2021; Ye et al., 2021) 

Many Domain Generalization techniques yield limited improvements over empirical risk minimization due to 
reliance on spurious, domain-specific features.
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Need for new ideas
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• Natural idea: share the same weights 

– I.e. the same function for the source and target domains

• New proposal: share the gradients for each neuron

– learning a model with invariant gradient direction for different domains
(IDGM: Inter Domain Gradient Matching)

• Augment the loss with an auxiliary term that maximizes the gradient inner 
product between domains, which encourages the alignment between the 
domain-specific gradients. 

• By simultaneously minimizing the loss and matching the gradients, IDGM 
encourages the optimization paths to be the same for all domains, 
favoring invariant predictions. 

SHI, Yuge, SEELY, Jeffrey, TORR, Philip HS, et al. Gradient matching for domain generalization. arXiv preprint
arXiv:2104.09937, 2021.
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Limits of ERM for O.O.D. learning

…

distribution. Also consider a test dataset Dte consisting of T domains Dte = {DS+1, · · · ,DS+T },
where Dtr \ Dte = ;. The goal of domain generalization is to train a model with weights ✓ that
generalizes well on the test dataset Dte such that:

argmin
✓

ED⇠Dte E(x,y)⇠D [l((x, y); ✓)] , (1)

where l((x, y); ✓) is the loss of model ✓ evaluated on (x, y).

A naive approach is to emply ERM, which simply minimizes the average loss on Dtr, ignoring the
discrepancy between train and test domains:

Lerm(Dtr; ✓) = ED⇠Dtr E(x,y)⇠D [l((x, y); ✓)] . (2)
The ERM objective clearly does not exploit the input-output invariance across different domains
in Dtr and could perform arbitrarily poorly on test data. We demonstrate this with a simple linear
example as described in the next section.

Figure 2: All domains contain 3 types of inputs x1, x2 and x3, each depicted in one column. 1st col.:
x1 = [0, 0, 0, 0], y = 0, makes up for 50% of each dataset; 2nd col.: x2 changes for each domain,
y = 1 always. 40% of each dataset; 3rd col.: x3 = [1, 0, 0, 0], 30% of y = 1 and 70% of y = 0. 10%
of each dataset.

3.2 The pitfall of ERM: a linear example

Consider a binary classification setup where data (x, y) 2 B4
⇥B, and a data instance is denoted x =

[f1, f2, f3, f4], y. Training data spans two domains {D1,D2}, and test data one D3. The goal is to
learn a linear model Wx+ b = y,W 2 R4

, b 2 R on the train data, such that the error on test data is
minimized. The setup and dataset of this example is illustrated in Figure 2.

As we can see in Figure 2, f1 is the invariant feature in this dataset, since the correlation between f1

and y is stable across different domains. The relationships between y and f2, f3 and f4 changes for
D1, D2, D3, making them the spurious features. Importantly, if we consider one domain only, the
spurious feature is a more accurate indicator of the label than the invariant feature. For instance, using
f2 to predict y can give 97% accuracy on D1, while using f1 only achieves 93% accuracy. However,
predicting with f2 on D2 and D3 can at most reach 57% accuracy, while f1’s accuracy remains 93%
regardless of the domain.

Table 1: Performance comparison on the linear dataset.
Method train acc. test acc. W b

ERM 97% 57% [2.8, 3.3, 3.3, 0.0] �2.7
IDGM 93% 93% [0.4, 0.2, 0.2, 0.0] �0.4
Fish 93% 93% [0.4, 0.2, 0.2, 0.0] �0.4

The performance of ERM on this simple example is shown in Table 1 (first row). From the trained
parameters W and b, we see that the model places most of its weights on spurious features f2 and f3.
While this achieves the highest train accuracy (97%), the model cannot generalize to unseen domains
and performs poorly on test accuracy (57%).

3.3 Inter-domain Gradient Matching (IDGM)

To mitigate the problem with ERM, we need an objective that learns from features that are invariant
across domains. Let us consider the case where the train dataset consists of S = 2 domains

4
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Figure 2: All domains contain 3 types of inputs x1, x2 and x3, each depicted in one column. 1st col.:
x1 = [0, 0, 0, 0], y = 0, makes up for 50% of each dataset; 2nd col.: x2 changes for each domain,
y = 1 always. 40% of each dataset; 3rd col.: x3 = [1, 0, 0, 0], 30% of y = 1 and 70% of y = 0. 10%
of each dataset.

3.2 The pitfall of ERM: a linear example

Consider a binary classification setup where data (x, y) 2 B4
⇥B, and a data instance is denoted x =

[f1, f2, f3, f4], y. Training data spans two domains {D1,D2}, and test data one D3. The goal is to
learn a linear model Wx+ b = y,W 2 R4

, b 2 R on the train data, such that the error on test data is
minimized. The setup and dataset of this example is illustrated in Figure 2.

As we can see in Figure 2, f1 is the invariant feature in this dataset, since the correlation between f1

and y is stable across different domains. The relationships between y and f2, f3 and f4 changes for
D1, D2, D3, making them the spurious features. Importantly, if we consider one domain only, the
spurious feature is a more accurate indicator of the label than the invariant feature. For instance, using
f2 to predict y can give 97% accuracy on D1, while using f1 only achieves 93% accuracy. However,
predicting with f2 on D2 and D3 can at most reach 57% accuracy, while f1’s accuracy remains 93%
regardless of the domain.

Table 1: Performance comparison on the linear dataset.
Method train acc. test acc. W b

ERM 97% 57% [2.8, 3.3, 3.3, 0.0] �2.7
IDGM 93% 93% [0.4, 0.2, 0.2, 0.0] �0.4
Fish 93% 93% [0.4, 0.2, 0.2, 0.0] �0.4

The performance of ERM on this simple example is shown in Table 1 (first row). From the trained
parameters W and b, we see that the model places most of its weights on spurious features f2 and f3.
While this achieves the highest train accuracy (97%), the model cannot generalize to unseen domains
and performs poorly on test accuracy (57%).

3.3 Inter-domain Gradient Matching (IDGM)

To mitigate the problem with ERM, we need an objective that learns from features that are invariant
across domains. Let us consider the case where the train dataset consists of S = 2 domains
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Inter Domain Gradient Matching (IDGM)

• Suppose the train dataset consists of S = 2 domains 

• Given model θ and loss function l, the expected gradients for data in the two domains 
is expressed as

• If G1 and G2 point in a similar direction, i.e. G1 · G2 > 0, taking a gradient step along G1 
or G2 improves the model’s performance on both domains, indicating that the features 
learned by either gradient step are invariant across {D1 , D2}. 

•  Therefore, the new loss function: 
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Dtr = {D1,D2}
Dtr = {D1,D2}. Given model ✓ and loss function l, the expected gradients for data in the two
domains is expressed as

G1 = ED1

@l((x, y); ✓)

@✓
, G2 = ED2

@l((x, y); ✓)

@✓
. (3)

The direction, and by extension, inner product of these gradients are of particular importance to our
goal of learning invariant features. If G1 and G2 point in a similar direction, i.e. G1 ·G2 > 0, taking
a gradient step along G1 or G2 improves the model’s performance on both domains, indicating that
the features learned by either gradient step are invariant across {D1,D2}. This invariance cannot be
guaranteed if G1 and G2 are pointing in opposite directions, i.e. G1 ·G2  0.

To exploit this observation, we propose to maximize the gradient inner product (GIP) to align the
gradient direction across domains. The intended effect is to find weights such that the input-output
correspondence is as close as possible across domains. We name our objective inter-domain gradient

matching (IDGM), and it is formed by subtracting the inner product of gradients between domains bG
from the original ERM objective. For the general case where S � 2, we can write

Lidgm = Lerm(Dtr; ✓)� �
2

S(S � 1)

i 6=jX

i,j2S

Gi ·Gj

| {z }
GIP, denote as bG

, (4)

where � is the scaling term for bG. Note that GIP can be computed in linear time as bG = ||
P

i Gi||
2
�P

i ||Gi||
2 (ignoring the constant factor). We can also compute the stochastic estimates of Equation (4)

by replacing out the expectations over the entire dataset by minibatches.

We test this objective on our simple linear dataset, and report results in the second row of Table 1.
Note that to avoid exploding gradient we use the normalized GIP during training. The model has
lower training accuracy compared to ERM (93%), however its accuracy remains the same on the test
set, much higher than ERM. The trained weights W reveal that the model assigns the largest weight
to the invariant feature f1, which is desirable. The visualization in Figure 1 also confirms that by
maximizing the gradient inner product, IDGM is able to focus on the feature that is common between
domains, yielding better generalization performance than ERM.

3.4 Optimizing IDGM with Fish

The proposed IDGM objective, although effective, requires computing the second-order derivative
of the model’s parameters due to the gradient inner product term, which can be computationally
prohibitive. To mitigate this, we propose a first-order algorithm named Fish2 that approximates the
optimization of IDGM with inner-loop updates. In Algorithm 1 we present Fish. As a comparison,
we also present direct optimization of IDGM using SGD in Algorithm 2.

Algorithm 1 Fish.
1: for iterations = 1, 2, · · · do
2: e✓  ✓

3: for Di 2 permute({D1,D2, · · · ,DS}) do
4: Sample batch di ⇠ Di

5: egi = Edi

"
@l((x, y); e✓)

@e✓

#
//Grad wrt e✓

6: Update e✓  e✓ � ↵egi
7: end for

8:

9: Update ✓  ✓ + ✏(e✓ � ✓)
10: end for

Algorithm 2 Direct optimization of IDGM.
1: for iterations = 1, 2, · · · do
2: e✓  ✓

3: for Di 2 permute({D1,D2, · · · ,DS}) do
4: Sample batch di ⇠ Di

5: gi = Edi


@l((x, y); ✓)

@✓

�
//Grad wrt ✓

6:
7: end for

8: ḡ =
1

S

SX

s=1

gs, bg =

GIP (batch)z }| {
2

S(S � 1)

i 6=jX

i,j2S

gi · gj

9: Update ✓  ✓ � ✏ (ḡ � �(@bg/@✓))
10: end for

2Following the convention of naming this style of algorithms after classes of vertebrates (animals with
backbones).
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Dtr = {D1,D2}. Given model ✓ and loss function l, the expected gradients for data in the two
domains is expressed as
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The direction, and by extension, inner product of these gradients are of particular importance to our
goal of learning invariant features. If G1 and G2 point in a similar direction, i.e. G1 ·G2 > 0, taking
a gradient step along G1 or G2 improves the model’s performance on both domains, indicating that
the features learned by either gradient step are invariant across {D1,D2}. This invariance cannot be
guaranteed if G1 and G2 are pointing in opposite directions, i.e. G1 ·G2  0.

To exploit this observation, we propose to maximize the gradient inner product (GIP) to align the
gradient direction across domains. The intended effect is to find weights such that the input-output
correspondence is as close as possible across domains. We name our objective inter-domain gradient

matching (IDGM), and it is formed by subtracting the inner product of gradients between domains bG
from the original ERM objective. For the general case where S � 2, we can write
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2 (ignoring the constant factor). We can also compute the stochastic estimates of Equation (4)

by replacing out the expectations over the entire dataset by minibatches.

We test this objective on our simple linear dataset, and report results in the second row of Table 1.
Note that to avoid exploding gradient we use the normalized GIP during training. The model has
lower training accuracy compared to ERM (93%), however its accuracy remains the same on the test
set, much higher than ERM. The trained weights W reveal that the model assigns the largest weight
to the invariant feature f1, which is desirable. The visualization in Figure 1 also confirms that by
maximizing the gradient inner product, IDGM is able to focus on the feature that is common between
domains, yielding better generalization performance than ERM.

3.4 Optimizing IDGM with Fish

The proposed IDGM objective, although effective, requires computing the second-order derivative
of the model’s parameters due to the gradient inner product term, which can be computationally
prohibitive. To mitigate this, we propose a first-order algorithm named Fish2 that approximates the
optimization of IDGM with inner-loop updates. In Algorithm 1 we present Fish. As a comparison,
we also present direct optimization of IDGM using SGD in Algorithm 2.

Algorithm 1 Fish.
1: for iterations = 1, 2, · · · do
2: e✓  ✓

3: for Di 2 permute({D1,D2, · · · ,DS}) do
4: Sample batch di ⇠ Di

5: egi = Edi
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#
//Grad wrt e✓

6: Update e✓  e✓ � ↵egi
7: end for
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9: Update ✓  ✓ + ✏(e✓ � ✓)
10: end for

Algorithm 2 Direct optimization of IDGM.
1: for iterations = 1, 2, · · · do
2: e✓  ✓

3: for Di 2 permute({D1,D2, · · · ,DS}) do
4: Sample batch di ⇠ Di
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• The new loss function: 

is computationally expensive (requires computing the second order derivative of the 
model’s parameters), thus [Shi et al. (2021)] propose a first-order simplification algorithm 
named Fish. 

Dtr = {D1,D2}. Given model ✓ and loss function l, the expected gradients for data in the two
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. (3)
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goal of learning invariant features. If G1 and G2 point in a similar direction, i.e. G1 ·G2 > 0, taking
a gradient step along G1 or G2 improves the model’s performance on both domains, indicating that
the features learned by either gradient step are invariant across {D1,D2}. This invariance cannot be
guaranteed if G1 and G2 are pointing in opposite directions, i.e. G1 ·G2  0.

To exploit this observation, we propose to maximize the gradient inner product (GIP) to align the
gradient direction across domains. The intended effect is to find weights such that the input-output
correspondence is as close as possible across domains. We name our objective inter-domain gradient
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We test this objective on our simple linear dataset, and report results in the second row of Table 1.
Note that to avoid exploding gradient we use the normalized GIP during training. The model has
lower training accuracy compared to ERM (93%), however its accuracy remains the same on the test
set, much higher than ERM. The trained weights W reveal that the model assigns the largest weight
to the invariant feature f1, which is desirable. The visualization in Figure 1 also confirms that by
maximizing the gradient inner product, IDGM is able to focus on the feature that is common between
domains, yielding better generalization performance than ERM.

3.4 Optimizing IDGM with Fish

The proposed IDGM objective, although effective, requires computing the second-order derivative
of the model’s parameters due to the gradient inner product term, which can be computationally
prohibitive. To mitigate this, we propose a first-order algorithm named Fish2 that approximates the
optimization of IDGM with inner-loop updates. In Algorithm 1 we present Fish. As a comparison,
we also present direct optimization of IDGM using SGD in Algorithm 2.

Algorithm 1 Fish.
1: for iterations = 1, 2, · · · do
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The direction, and by extension, inner product of these gradients are of particular importance to our
goal of learning invariant features. If G1 and G2 point in a similar direction, i.e. G1 ·G2 > 0, taking
a gradient step along G1 or G2 improves the model’s performance on both domains, indicating that
the features learned by either gradient step are invariant across {D1,D2}. This invariance cannot be
guaranteed if G1 and G2 are pointing in opposite directions, i.e. G1 ·G2  0.

To exploit this observation, we propose to maximize the gradient inner product (GIP) to align the
gradient direction across domains. The intended effect is to find weights such that the input-output
correspondence is as close as possible across domains. We name our objective inter-domain gradient

matching (IDGM), and it is formed by subtracting the inner product of gradients between domains bG
from the original ERM objective. For the general case where S � 2, we can write
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where � is the scaling term for bG. Note that GIP can be computed in linear time as bG = ||
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2 (ignoring the constant factor). We can also compute the stochastic estimates of Equation (4)

by replacing out the expectations over the entire dataset by minibatches.

We test this objective on our simple linear dataset, and report results in the second row of Table 1.
Note that to avoid exploding gradient we use the normalized GIP during training. The model has
lower training accuracy compared to ERM (93%), however its accuracy remains the same on the test
set, much higher than ERM. The trained weights W reveal that the model assigns the largest weight
to the invariant feature f1, which is desirable. The visualization in Figure 1 also confirms that by
maximizing the gradient inner product, IDGM is able to focus on the feature that is common between
domains, yielding better generalization performance than ERM.

3.4 Optimizing IDGM with Fish

The proposed IDGM objective, although effective, requires computing the second-order derivative
of the model’s parameters due to the gradient inner product term, which can be computationally
prohibitive. To mitigate this, we propose a first-order algorithm named Fish2 that approximates the
optimization of IDGM with inner-loop updates. In Algorithm 1 we present Fish. As a comparison,
we also present direct optimization of IDGM using SGD in Algorithm 2.

Algorithm 1 Fish.
1: for iterations = 1, 2, · · · do
2: e✓  ✓

3: for Di 2 permute({D1,D2, · · · ,DS}) do
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Controlled experiment

Four = 2N (with N=2)  training domains. In each, the shape is correlated 

with color (e.g. in top, left, pink à square, purple à oval)

Fish performs S inner-loop (l3-l7) update steps with learning rate ↵ on a clone of the original model
e✓, and each update uses a minibatch di from the domain selected in step i. Subsequently, ✓ is updated
by a weighted difference between the cloned model and the original model ✏(e✓ � ✓).

To see why Fish is an approximation to directly optimizing IDGM, we can perform Taylor-series
expansion on its update in l8, Algorithm 1. Doing so reveals two leading terms: 1) ḡ: averaged
gradients over inner-loop’s minibatches (effectively the ERM gradient); 2) @bg/@✓: gradient of the
minibatch version of GIP. Observing l8 of Algorithm 2, we see that ḡ and bg are actually the two
gradient components used in direct optimization of IDGM. Therefore, Fish implicitly optimizes
IDGM by construction (up to a constant factor), avoiding the computation of second-order derivative
@bg/@✓. We present this more formally for the full gradient G in Theorem 3.1.

Theorem 3.1 Given twice-differentiable model with parameters ✓ and objective l. Let us define the

following:

Gf = E[(✓ � e✓)]� ↵S · Ḡ, Fish update - ↵S·ERM grad

Gg = �@ bG/@✓, grad of max
✓

( bG)

where Ḡ = 1
S

PS
s=1 Gs and is the full gradient of ERM. Then we have

lim
↵!0

Gf ·Gg

kGfk · kGgk
= 1.

Note that the expectation in Gf is over the sampling of domains and minibatches. Theorem 3.1
indicates that when ↵ is sufficiently small, if we remove the scaled ERM gradient component Ḡ from
Fish’s update, we are left with a term Gf that is in similar direction to the gradient of maximizing the
GIP term in IDGM, which was originally second-order. Note that this approximation comes at the
cost of losing direct control over the GIP scaling � — we therefore also derived a smoothed version
of Fish that recovers this scaling term, however we find that changing the value of � does not make
much difference empirically. See Appendix B for more details.

The proof to Theorem 3.1 can be found in Appendix A. We follow the analysis from Nichol et al.
(2018), which proposes Reptile for model-agnostic meta-learning (MAML), where the relationship
between inner-loop update and maximization of gradient inner product was first highlighted. Nichol
et al. (2018) found the GIP term in their algorithm to be over minibatches from the same domain,
which promoted within-task generalization; in Fish we construct inner-loop using minibatches over
different domains – it therefore instead encourages across-domain generalization. We compare the
two algorithms in further details in Appendix A.1.

We also train Fish on our simple linear dataset, with results in Table 1, and see it performs similarly
to IDGM – the model assigns the most weight to the invariant feature f1, and achieves 93% accuracy
on both train and test dataset.

4 Experiments

4.1 CDSPRITES-N

(a) Train (b) Test
Figure 3: CDSPRITES-N train and test
splits. Each 3x3 grid in train (e.g. yellow
block) represents one domain.

Dataset We propose a simple shape-color dataset
CDSPRITES-N based on the DSPRITES dataset (Matthey
et al., 2017), which contains a collection of white 2D
sprites of different shapes, scales, rotations and positions.
CDSPRITES-N contains N domains. The goal is to clas-
sify the shape of the sprites, and there is a shape-color
deterministic matching that is specific per domain. This
way we have shape as the invariant feature and color as
the spurious feature. See Figure 3 for an illustration.

To construct the train split of CDSPRITES-N, we take a
subset of DSPRITES that contains only 2 shapes (square
and oval). We make N replicas of this subset and assign 2
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Fish performs S inner-loop (l3-l7) update steps with learning rate ↵ on a clone of the original model
e✓, and each update uses a minibatch di from the domain selected in step i. Subsequently, ✓ is updated
by a weighted difference between the cloned model and the original model ✏(e✓ � ✓).

To see why Fish is an approximation to directly optimizing IDGM, we can perform Taylor-series
expansion on its update in l8, Algorithm 1. Doing so reveals two leading terms: 1) ḡ: averaged
gradients over inner-loop’s minibatches (effectively the ERM gradient); 2) @bg/@✓: gradient of the
minibatch version of GIP. Observing l8 of Algorithm 2, we see that ḡ and bg are actually the two
gradient components used in direct optimization of IDGM. Therefore, Fish implicitly optimizes
IDGM by construction (up to a constant factor), avoiding the computation of second-order derivative
@bg/@✓. We present this more formally for the full gradient G in Theorem 3.1.

Theorem 3.1 Given twice-differentiable model with parameters ✓ and objective l. Let us define the
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s=1 Gs and is the full gradient of ERM. Then we have
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Note that the expectation in Gf is over the sampling of domains and minibatches. Theorem 3.1
indicates that when ↵ is sufficiently small, if we remove the scaled ERM gradient component Ḡ from
Fish’s update, we are left with a term Gf that is in similar direction to the gradient of maximizing the
GIP term in IDGM, which was originally second-order. Note that this approximation comes at the
cost of losing direct control over the GIP scaling � — we therefore also derived a smoothed version
of Fish that recovers this scaling term, however we find that changing the value of � does not make
much difference empirically. See Appendix B for more details.

The proof to Theorem 3.1 can be found in Appendix A. We follow the analysis from Nichol et al.
(2018), which proposes Reptile for model-agnostic meta-learning (MAML), where the relationship
between inner-loop update and maximization of gradient inner product was first highlighted. Nichol
et al. (2018) found the GIP term in their algorithm to be over minibatches from the same domain,
which promoted within-task generalization; in Fish we construct inner-loop using minibatches over
different domains – it therefore instead encourages across-domain generalization. We compare the
two algorithms in further details in Appendix A.1.

We also train Fish on our simple linear dataset, with results in Table 1, and see it performs similarly
to IDGM – the model assigns the most weight to the invariant feature f1, and achieves 93% accuracy
on both train and test dataset.

4 Experiments

4.1 CDSPRITES-N

(a) Train (b) Test
Figure 3: CDSPRITES-N train and test
splits. Each 3x3 grid in train (e.g. yellow
block) represents one domain.

Dataset We propose a simple shape-color dataset
CDSPRITES-N based on the DSPRITES dataset (Matthey
et al., 2017), which contains a collection of white 2D
sprites of different shapes, scales, rotations and positions.
CDSPRITES-N contains N domains. The goal is to clas-
sify the shape of the sprites, and there is a shape-color
deterministic matching that is specific per domain. This
way we have shape as the invariant feature and color as
the spurious feature. See Figure 3 for an illustration.

To construct the train split of CDSPRITES-N, we take a
subset of DSPRITES that contains only 2 shapes (square
and oval). We make N replicas of this subset and assign 2
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Test domain: 2N  (here N=2) colors are randomly associated with 
the shapes
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Controlled experiment

Four = 2N (with N=2)  training domains. In each, the shape is correlated 

with color (e.g. in top, left, pink à square, purple à oval)

Fish performs S inner-loop (l3-l7) update steps with learning rate ↵ on a clone of the original model
e✓, and each update uses a minibatch di from the domain selected in step i. Subsequently, ✓ is updated
by a weighted difference between the cloned model and the original model ✏(e✓ � ✓).

To see why Fish is an approximation to directly optimizing IDGM, we can perform Taylor-series
expansion on its update in l8, Algorithm 1. Doing so reveals two leading terms: 1) ḡ: averaged
gradients over inner-loop’s minibatches (effectively the ERM gradient); 2) @bg/@✓: gradient of the
minibatch version of GIP. Observing l8 of Algorithm 2, we see that ḡ and bg are actually the two
gradient components used in direct optimization of IDGM. Therefore, Fish implicitly optimizes
IDGM by construction (up to a constant factor), avoiding the computation of second-order derivative
@bg/@✓. We present this more formally for the full gradient G in Theorem 3.1.

Theorem 3.1 Given twice-differentiable model with parameters ✓ and objective l. Let us define the

following:
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Note that the expectation in Gf is over the sampling of domains and minibatches. Theorem 3.1
indicates that when ↵ is sufficiently small, if we remove the scaled ERM gradient component Ḡ from
Fish’s update, we are left with a term Gf that is in similar direction to the gradient of maximizing the
GIP term in IDGM, which was originally second-order. Note that this approximation comes at the
cost of losing direct control over the GIP scaling � — we therefore also derived a smoothed version
of Fish that recovers this scaling term, however we find that changing the value of � does not make
much difference empirically. See Appendix B for more details.

The proof to Theorem 3.1 can be found in Appendix A. We follow the analysis from Nichol et al.
(2018), which proposes Reptile for model-agnostic meta-learning (MAML), where the relationship
between inner-loop update and maximization of gradient inner product was first highlighted. Nichol
et al. (2018) found the GIP term in their algorithm to be over minibatches from the same domain,
which promoted within-task generalization; in Fish we construct inner-loop using minibatches over
different domains – it therefore instead encourages across-domain generalization. We compare the
two algorithms in further details in Appendix A.1.

We also train Fish on our simple linear dataset, with results in Table 1, and see it performs similarly
to IDGM – the model assigns the most weight to the invariant feature f1, and achieves 93% accuracy
on both train and test dataset.

4 Experiments

4.1 CDSPRITES-N

(a) Train (b) Test
Figure 3: CDSPRITES-N train and test
splits. Each 3x3 grid in train (e.g. yellow
block) represents one domain.

Dataset We propose a simple shape-color dataset
CDSPRITES-N based on the DSPRITES dataset (Matthey
et al., 2017), which contains a collection of white 2D
sprites of different shapes, scales, rotations and positions.
CDSPRITES-N contains N domains. The goal is to clas-
sify the shape of the sprites, and there is a shape-color
deterministic matching that is specific per domain. This
way we have shape as the invariant feature and color as
the spurious feature. See Figure 3 for an illustration.

To construct the train split of CDSPRITES-N, we take a
subset of DSPRITES that contains only 2 shapes (square
and oval). We make N replicas of this subset and assign 2
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following:

Gf = E[(✓ � e✓)]� ↵S · Ḡ, Fish update - ↵S·ERM grad

Gg = �@ bG/@✓, grad of max
✓

( bG)

where Ḡ = 1
S

PS
s=1 Gs and is the full gradient of ERM. Then we have

lim
↵!0

Gf ·Gg

kGfk · kGgk
= 1.
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Test domain: 2N  (here N=2) colors are randomly associated with 
the shapes

(a) Train (b) Test
Figure 4: Performance on CDSPRITES-N, with N 2 [5, 50]

colors to each, with every color corresponding to one shape (e.g. yellow block in Figure 3a, pink !

squares, purple ! oval). For the test split, we create another replica of the DSPRITES-N subset, and
randomly assign one of the 2N colors in the training set to each shape in the test set.

We design this dataset with CNN’s texture bias in mind (Geirhos et al., 2018, Brendel and Bethge,
2019). If the value of N is small enough, the model can simply memorize the N colors that correspond
to each shape, and make predictions solely based on colors, resulting in poor performance on the test
set where color and shape are no longer correlated. Compared to other simple domain generalization
datasets such as Digits-5 and Office-31, our dataset allows for precise control over the features that
remains stable across domains and the features that change as domains change; we can also change
the number of domains N easily, making it possible to examine the effect N has on the performance
for domain generalization.

Results We train the same model using three different objectives including Fish, dicrect optimization
of IDGM and ERM on this dataset with number of domains N ranging from 5 to 50. Again, for direct
optimization of IDGM, we use the normalized gradient inner product to avoid exploding gradient.

We plot the average train, test accuracy for each objective over 5 runs against the number of domains
N in Figure 4. We can see that the train accuracy is always 100% for all methods regardless of N
(Figure 4a), while the test performance varies: Figure 4b shows that direct optimization of IDGM
(red) and Fish (blue) obtain the best performances, with the test accruacy rising to over 90% when
N � 10 and near 100% when N � 20. The predictions of ERM (yellow), on the other hand, remain
nearly random on the test set up until N = 20, and reach 95% accuracy only for N � 40.

This experiment confirms the following: 1) the proposed IDGM objective have much stronger domain
generalization capabilities compared to ERM; 2) Fish is an effective approximation of IDGM, with
similar performance to its direct optimization. We also plot the gradient inner product progression of
Fish vs. ERM during training in Figure 9a, showing clearly that Fish does improve the gradient inner
product across domain while ERM does not; 3) we also observe during training that Fish is about 10
times faster than directly optimizing IDGM, demonstrating its computational efficiency.

4.2 WILDS

Datasets We evaluate our model on the WILDS benchmark (Koh et al., 2020), which contains multiple
datasets that capture real-world distribution shifts across a diverse range of modalities. We report
experimental results on 6 challenging datasets in WILDS, and find Fish to outperform all baselines
on most tasks. A summary on the WILDS datasets can be found in Table 2. For hyperparameters

Table 2: A summary on WILDS datasets. See more details on the dataset in Appendix C.

Dataset Domains Metric Disjoint Architecture # Train examples
POVERTY 23 countries Pearson (r) 3 Resnet-18 10,000
CAMELYON17 5 hospitals Avg. acc. 3 DenseNet-121 302,436
FMOW 16 years x 5 regions Avg. & worst group acc. 3 DenseNet-121 76,863
CIVILCOMMENTS 8 demographic groups worst group acc. 7 BERT 269,038
IWILDCAM 324 locations Macro F1 3 ResNet-50 142,202
AMAZON 7,676 reviewers 10th percentile acc. 3 BERT 1,000,124

including learning rate, batch size, choice of optimizer and model architecutre, we follow the exact
configuration as reported in the WILDS benchmark. Importantly, we also use the same model selection
strategy used in WILDS to ensure a fair comparison. See details in Appendix D.
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If the value of N is small enough, the model can simply memorize the N colors that 
correspond to each shape, and make predictions solely based on colors (what ERM does 
in that case), and therefore be very poor on the test set.
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Tracking the inter-domain gradient inner product

• Both Fish (blue) and ERM (yellow) until convergence while tracking the normalized 
gradient inner products between minibatches from different domains used in each 
inner-loop. 

• During training, the normalized gradient inner product of Fish increases, 
while that for ERM stays at the same value. 

et al., 2018, Sagawa et al., 2019), Mixup (Yan et al., 2020), MLDG (Li et al., 2018a), Coral (Sun and
Saenko, 2016), MMD (Li et al., 2018b), DANN (Ganin et al., 2016) and CDANN (Li et al., 2018).

Results Following recommendations in DOMAINBED, we report results using training domain as
validation set for model selection. See results in Table 4, reported over 5 random trials. Averaging
the performance over all 7 datasets, Fish ranks second out of 10 domain generalization methods. It
performs only marginally worse than Coral (0.1%), and is one of the three methods that performs
better than ERM. This showcases Fish’s effectiveness on domain generalization datasets with stronger
focus to synthetic-to-real transfer, which again demonstrates its versatility and robustness on different
domain generalization tasks.

4.4 Analysis

Tracking gradient inner product In Figure 5, we demonstrate the progression of inter-domain
gradient inner products during training using different objectives. We train both Fish (blue) and
ERM (yellow) untill convergence while tracking the normalized gradient inner products between
minibatches from different domains used in each inner-loop. To ensure a fair comparison, we use the
exact same sequence of data for Fish and ERM (see Appendix H for more details).

Figure 5: Gradient inner prod-
uct values during the training for
CDSPRITES-N (N=15).

From Figure 5, it is clear that during training, the normalized
gradient inner product of Fish increases, while that for ERM
stays at the same value. The observations here shows that
Fish is indeed effective in increasing/maintaining the level of
inter-domain gradient inner product.

We conduct the same gradient inner product tracking experi-
ments for the WILDS datasets we studied as well to shed some
lights on its efficiency — see Appendix G for results.

Random Grouping We conducted experiments where data are
grouped randomly instead of by domain for the inner-loop
update. By doing so, we are still maximizing the inner product
between minibatches, however it no longer holds that each
minibatch contain data from one domain only. We therefore expect the results to be slightly worse
than Fish, and the bigger the domain gap is, the more advantage Fish has against the random grouping
strategy. We show the results for random grouping (Fish, RG) in Table 5.

Table 5: Ablation study on random grouping: test accuracy on different datasets.
CDSPRITES(N=10) FMOW VLCS PACS OfficeHome

Fish 100.0 (±0.0) 34.3 (±0.6) 77.6 (±0.5) 85.5 (±0.3) 68.6 (±0.9)
Fish, RG 50.0 (±0.0) 33.4 (±1.7) 77.7 (±0.3) 83.9 (±0.7) 66.5 (±1.0)
ERM 50.0 (±0.0) 31.7 (±1.0) 77.5 (±0.4) 85.5 (±0.2) 66.5 (±0.3)

As expected, the random grouping strategy performs worse than Fish on all datasets. This is the most
prominent on CDSPRITES with 10 domains (N=10), where Fish achieves 100% test accuracy and
both random grouping and ERM predicts randomly on the test split. The experiment demonstrated
that the effectiveness of our algorithm largely benefited from the domain grouping strategy, and that
maximising the gradient inner product between random batches of data does not achieve the same
domain generalization performance.

Ablation studies on hyper-parameters We provide ablation studies on the learning rate of Fish’s
inner-loop ↵, meta step ✏, and number of inner loop steps N in Appendix F. We also study the effect
of fine-tuning on pretrained models at different stage of convergence in Appendix E.

5 Conclusion

In this paper we presented inter-domain gradient matching (IDGM) for domain generalization. To
avoid costly second-order computations, we approximated IDGM with a simple first-order algorithm,
Fish. We demonstrated our algorithm’s capability to learn from invariant features (as well as ERM’s
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Gradient inner product values during the 

training for CDSPRITES-N (N=15). 
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Follow up of this work

• RAME, Alexandre, DANCETTE, Corentin, et CORD, Matthieu. Fishr: 
Invariant gradient variances for out-of-distribution generalization. 

In: International Conference on Machine Learning. PMLR, 2022. p. 
18347-18377.
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Outline

1. Transfer learning: what should be transferred

2. Multi-task learning 

3. IRM: Invariant Risk Minimization  

4. Sharing the search directions 

5. Conclusions
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Conclusion

• Many types of invariances between tasks and/or domains 
have been explored

• Surely, many more wait to be considered
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• We have seen transfer learning by:

– Sharing a representation

– Identifying common regularities

– Sharing the search directions

 In the future, we will see a transfer of decision function 
 without sharing, not even in the same space
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