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Abstract. While several techniques have been proposed to enhance the
generalization of deep learning models for classification problems, limited
research has been conducted on improving generalization for regression
tasks. This is primarily due to the continuous nature of regression la-
bels, which makes it challenging to directly apply classification-based
techniques to regression tasks. In this paper, we introduce a novel gen-
eralization method for regression tasks based on the metric learning as-
sumption that the distance between features and labels should be pro-
portional. Unlike previous approaches that solely consider the prediction
of this proportion as constant and disregard its variation among sam-
ples, we argue that this proportion can be defined as a mapping func-
tion. Additionally, we propose minimizing the error of this function and
stabilizing its fluctuating behavior by smoothing out its variations. To
further enhance Out-of-Distribution (OOD) generalization, we leverage
the characteristics of the spectral norm (i.e., the sub-multiplicativity of
the spectral norm of the feature matrix can be expressed as Frobenius
norm of the output), and align the maximum singular value of the feature
matrices across different domains. We conduct experiments on 5 datasets
for OOD generalization in regression, and our method consistently out-
performs state-of-the-art approaches in the majority of cases. Our code
is released at https://github.com/workerbed /SCR

Keywords: Out-of-Distribution Generalization - Representation learn-
ing - Regression .

1 Introduction

Continuous label prediction, known as regression, finds widespread application
across various domains, including computer vision [419,3], medical testing [18,1],
and financial analysis [22]. Unlike classification, which aims to determine op-
timal decision boundaries, regression involves fitting outputs to a continuous
function [30]. On the other hand, out-of-distribution generalization has received

considerable attention in classification [40]; however, the exploration of regres-
sion generalization remains relatively limited. Specifically, existing representa-
tion learning-based methods [4,2,16,17,14] are predominantly tailored for clas-

sification tasks. Although these methods can be adapted for regression general-
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ization, their efficacy is constrained as they fail to fully account for the inherent
proportional interdependence between features and labels.

In light of the above discussion, we argue that, when addressing challenges
such as uncertainty estimation [25] and generalization [16] in regression, it is
crucial to consider the relationships between the labels. To this end, we intro-
duce a metric learning loss specifically designed for regression. Different from
the previous method RankSim[20] to regularize the distribution with the order
of label distance, our proposed loss not only takes the distance order into account
but also constrains the feature distribution by discriminating the ratio between
feature distance and label distance. This idea can efficiently solve the disconti-
nuity of feature distribution caused by the discrete ranking order in RankSim.
In addition, contrary to the assumption in Regression Metric Loss (RML) [7]
that the ratio between feature distance and label distance is constant, we show
that this ratio varies and only equals a constant under certain ideal conditions.
We argue that RML, by overlooking the variability in this ratio, may obscure
the pattern of feature distributions in certain cases. As demonstrated in Figure
1, our metric loss can significantly discriminate the pattern, while maintaining
the continuity of feature distribution.

To improve the OOD generalization, we design a method to align the discrim-
inative feature pattern in different distributions. Motivated by augmentation-
based techniques [14,39,18] for OOD generalization in classification, we further
leverage the method mixing pairs of training data [40] to generate new distribu-
tions. For each distribution, we create a metric penalty to identify discriminative
patterns within the feature distribution. The real and synthesized distributions
are aligned by minimizing the difference between the spectral norms of their fea-
ture representations. According to the spectral norm property, the minimization
process ensures that the Frobenius norm of outputs remains consistent, thereby
reducing the upper bound of distribution discrepancy in regression tasks. The
main contributions of this paper are three-folded:

— We introduce a tailored metric loss for regression, bringing features closer if
their label distances are small and pushing them apart if distances are large.
This facilitates pattern recognition in regression and improves generalization
performance. We depart from previous approaches by modeling the feature-
label distance proportion as a variable mapping function and mitigating
instability caused by its fluctuations.

— According to the theory of domain adaptation in regression, we theoretically
present the relation between the spectral norm of feature matrix and the up-
per bound of the distribution discrepancy in regression. Based on our theory,
we expand the training distribution by generating samples with new distri-
bution and then align the real and synthesized distributions by minimizing
the difference between the spectral norm of their feature representations, to
enhance OOD generalization in regression.

— We conduct experiments on five regression datasets and show that our method
outperforms the state-of-the-art in most cases. The t-SNE visualization of
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the feature embedding illustrates the effectiveness and stability of our pro-
posed metric loss.

2 Related Work

2.1 Metric Learning

Metric learning has been shown to be effective when related to methods that rely
on distances and similarities [28]. Traditionally, methods like PCA and KNN are
widely used in the area of machine learning. With the development of deep
learning, networks [38] related to pair distances are designed to correlate among
samples while using shared weights in deep learning [26]. Then, prototype-based
metric losses [41,13] were proposed based on contrastive motivation. In regression
tasks, the metric learning loss has not been well-defined because it is hard to build
the connection between the metric distance and continuous labels. Recently,
RML [7] has been proposed based on the assumption that there is a constant
proportion between the feature distance and the label distance. However, the
method based on this assumption only considers the scale of the feature matrix,
ignoring fluctuations in the proportion map. To solve this issue, we assume that
the proportion is a mapping function in the training process and propose a metric
loss to smooth fluctuations.

2.2 Out-of-Distribution Generalization

Out-of-distribution (OOD) generalization aims at generalizing the model from
the training distribution to an unseen distribution. Mostly, the methods can
be divided into 3 parts [40]: data augmentation, representation learning, and
training strategy. Data augmentation methods [48,50] utilize linear interpola-
tion to fill the distribution gap, and some methods [14,39] also generate a new
distribution to enrich the convex hull supported by the source distributions.
Representation learning [1,3] aims at generating distribution-invariant feature
representations from source distributions. Recently, methods like SWAD [6] pro-
posed some novel training and model selection strategies, significantly improving
performance in OOD generalization. However, most methods above are designed
for classification. There are limited methods [16,4] designed for regression tasks.

2.3 Generalization in Regression

Recent research targeting generalization in regression tasks is based on data aug-
mentation in which mixup pairs are selected based on the probability related to
label distances [16,15]. Even though limited research has been proposed on this
topic, some methods designed for regression tasks can be transferred to general-
ization purposes. For instance, due to the function of metric learning, the metric
loss in regression [20,47,7] can be regarded as an in-distribution generalization
method. Also, distribution alignment methods in regression [34,11] can be up-
dated as OOD generalization methods. However, these distribution alignment
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methods are not related to the proportion between features and labels, which
are supposed to be very important in regression tasks.

3 Methodology

3.1 Problem Definition

Let {(x;,5:)}Y, be the dataset with N samples, with ; € X being the input
sample i € RT and 3; € Y its corresponding label, and X and Y denoting the
input space and the continuous label space, respectively. In the training phase,
the network learns a projection function g : X — F and a regression function
@ : F — Y. The projection function g transforms the input data into the feature
space, and the regression function ¢ maps the compact feature representation to
the label space. The objective of the regressor is to bring the output prediction
7; close to the ground truth label y;. Ideally, the optimal predictor ¢ is a fully
connected layer that satisfies y; = 9; = W fi + b}, where f; = g(z;) is the
extracted feature, W is the optimal weight, and b, is the optimal bias.
Distribution discrepancy in regression. A theory of learning from different
distributions in regression is defined in [12]. Given the hypothesis h being a map
from input space X to the label space ), the discrepancy distance disc between
two distributions P and @ is defined as:

: _ / o /
disc(P,Q) = maz [Lp(h,h) = Lo(H.h)|

Here, the hypothesis H is a subspace of the reproducing kernel Hilbert space
(RKHS) H and Lp(h',h) = Ezp|L(h(x), 1 (z))], with L being a MSE loss. In
this paper, we only consider the situation of finite dimension, thus, Euclidean
space can be considered as a Hilbert space with a linear kernel.

3.2 Proportional Metric Loss

By leveraging the discrete labels to define sample pairs in classification models,
metric learning aims to learn feature representations with low intra-class variance
and high inter-class separation, which can improve the generalization ability of
the learned model [28,9]. However, this motivation is based on the fact that the
labels are discrete [34]. In regression tasks, given an input-label pair of (z;,y;),
Ve > 0, with input z;;. and its continuous label y; ., it’s proven that ¢ should
be a continuous bijection [7], with homeomorphic label and feature distributions.
Intuitively, there is an optimal relationship between the distances of labels and
distances of features - as the distance between two labels increases, the distance
between their corresponding features should also increase, meaning that when
two examples have labels that are farther apart, their representations in feature
space should also be farther apart, and vice versa for labels that are closer
together.

Remark 1 d(yl7y]) < d(yi:yk) — d(fla.f]) < d(flvfk)aVZ7.]ak € R+
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For any bounded open subset in F, ¢ should be convergent and bounded, which
means ¢ should be uniformly continuous on any bounded open subset [36]. Thus,
we conclude Remark 2.

Remark 2 d(y;,y;) < d(ye, yr) <= d(fi, ;) < d(fe, fr), Vi, j, k, t € RT

Building upon Remark 1, since F is a compact space and label ) is contin-
uous, then for Ve > 0, we can find labels 3/, y” with d(y’,y”) = e. Then,
36 = d(f', ") > 0, such that Vd(fa, fp) < 6, we have d(ya,ys) < €. So, Re-
mark 2 keeps ¢ uniformly continuous.

In light of the discussion above, we argue that the distance between labels
can not be ignored in the regression tasks. In particular, we propose learning
a feature-label proportional distance instead of the traditional distance, e.g.,
Euclidean distance between features:

d(fi, f;)
T B = ) W
Here, d(-,-) represents Euclidean distance and d,.(-,-) denotes the proportional
distance induced from d(-,-). In addition, d,(-,-) should be a bounded distance,
which can be illustrated by the following Proposition.

Proposition 1 Given any two data points (z;,y;) and (z;,y;), we have || f; —
fillp < ||W*;1Hp|yi —y;|. Here, W7 is the optimal weight of the fully connected
layer. f;, f; are the features extracted from x;,x; through model g, and || - ||, is
the norm under L, space.

Proof 1 Given the optimal weight W3, bias b}, and data (vi,y:), (zj,y;), we
have
yi =W fi+b5,y; =W fi + b5

where f;, f; are extracted features from x;,x;, respectively. Then,
£ = Fille = W5 (wi = ) llo < IW5Tllnlys — 3]
where T represents Moore—Penrose inverse

Proposition 1 gives the upper bound of d,.(-,-) which is HWzTHQ. In addition,
when the equal sign in Proposition 1 holds, it can explain the assumption of
regression metric loss 7] that the distance between the features should be pro-
portional to the distance between their corresponding labels. Specifically, [7] uses
a learnable parameter to restrain the proportion between feature distance and
label distance. However, according to Proposition 1, this proportion should be
related to the optimal weight W7, and the equation may not hold when the labels
are continuous. Moreover, representing this proportion with a constant ignores
its fluctuations and variances among different samples. To alleviate this issue,
we formulate this proportion as a mapping function and minimize its standard
deviation to constrain the distance between the features to be uniform along the
samples.
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According to Proposition 1, the result of d,.(-,-) should be a bounded pro-
portion map and can be a constant function in some ideal situation. Hence, we
minimize the standard deviation of d,.(-,-) to acquire a flatter proportion map
in a mini-batch. The proportional metric loss function should be:

Ny Ny

mel = ZZ fl7fj ) (2>

Here, d, is a constant function equal to the mean of the relative distances in the
batch and N is the batch size. Ly, constrains the predictor ¢ as a Lipschitz
continuous function satisfying Remarks 1 and 2. Ly, is based on the assumption
that the target label is univariate. For the multivariate regression task with a D
dimensional target label y € RP, the loss can be updated as:

pml Z mel (3)

with L;ml =Ly if D =1.

Superiority of L,,,; over SOTA RankSim [20] is the SOTA method to reg-
ularize the feature distance in regression by aligning the feature distance order
with the label distance order. We argue that the consistency between the orders
of label distance and feature distances is insufficient to regularize the feature
distribution with continuous labels, especially for unseen labels.? With the con-
sideration of the proportion between label distance and feature distance, Ly,
can mitigate this problem with continuous feature distribution.

3.3 Spectral Alignment of Domains

Existing works [14,43] in domain generalization have demonstrated that the di-
versity and amount of training examples are positively correlated with the gen-
eralizability of a machine learning model. To expand the training set, we em-
ploy the data augmentation technique of C-Mixup [406] to generate additional
samples from unseen distributions. However, without imposing a constraint of
domain invariance, the learned feature space might include domain-specific in-
formation and thus become noisy [32]. This could hinder obtaining the optimal
generalization power of the model.

To impose domain invariance constraint, the existing work of [11] suggests
not to minimize the difference between the Frobenius norm of feature repre-
sentations of different domains. However, this may cause unstable performance.

3 In the 1-D space, given seen labels I, = {1,2,10,11}, the feature can be distributed
as fs = {1,2,100,101} according to [20]. But, according to the pigeonhole principle,
there must be at least two unseen labels in [2,10] with label distance equal to 0.5
(default to {4,4.5}), whose feature distance is larger than 1 (default to {6,7.1}).
However, the features f = {1,2,6,7.1,100,101} with labels [ = {1,2,4,4.5,10,11}
are ill-distributed according to [20].
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We argue that this instability can come from the fact that the Frobenius norm
may encode the average of variances (i.e., singular values) along all orthogonal
feature projections, and that, the transferability of the feature representations
mainly lies in aligning the highest variability directions corresponding to the
largest singular values [10]. Therefore, in our formulation, the Frobenius norm
is substituted by the spectral norm, which only encodes the highest variability
direction. We further show that the difference between spectral norms of features
can be related to domain discrepancy.

Notations The expected loss in regression is Lp(h', h) = Ez~p|L(h(z), 1 (1))]
with L being the MSE loss [12]. We have the Lp(h,0) = %HYD}’H% with N
being the number of samples, and Y’g being the output with hypothesis h under
distribution D. 0 represents the hypothesis mapping to zero element in ).

Proposition 2 Given two distributions P and @, we have
. 1 - -
dise(P,Q) < - maz ||V} ~ [V,

where disc represents the difference between distributions and N denotes the
number of the samples.

Proof 2 Generally speaking, we have
LK h)=L(h—1,0)

Since h,h’ are in the subspace H of Hilbert Space H, we have h" = h —h' € H.
Then, we have

VA" € H, disc(P, Q) < maz |Lp(h",0) — Lo(R",0)]

So, the proof is concluded.

Proposition 2 shows the relation between the difference of feature representations
and their distribution discrepancy. To determine the relation between the norm
of the feature matrix and the output scale*, we consider the spectral norm of the

HIIIZJU\JIT If W; is a row vector of the weight W in

the fully connected layer, then | Y/ ||a < V" —billa+1bi| < | Fll2l|Willa+|bi], Y;",
and Yh is the i-th vector of the output matrix V" and b; is the i-th value of the
bias vector b in the fully connected layer. If we define \;(F') = || F||2||Will2 + |b:],
we will have ||Y"||p < [|IAN(F)]|z.

From the discussion above, the spectral norm is related to the upper bound
of the output scale. So aligning the spectral norms can prevent the output scales
from differing greatly, which can also align two distributions as per Proposition

feature space, || F|l2 = sup,,

4 The Frobenius norm of the output ||V2||r represents the scale of the output in
distribution P. Unlike classification, in regression, the target label for each sample
can be a vector. That means, if we have IV samples, each with M dimensional target
vectors, then )A/,’} is an N x M matrix.
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2. Therefore, we propose the spectral alignment loss based on singular value
decomposition (SVD) as follows:

Lyo = |max(s™") — max(s59")], (4)
where s,¢q; and sy, are the set of the singular values of the feature matrices from
the real and synthesized distributions. The largest singular values of matrices

are selected for calculating the loss. Note that ||F||2 = maz(sg), where sp is the
set of the singular values of matrix F.

3.4 Overall Objective Function

We combine our objectives for proportional metric loss and spectral alignment,
and optimize them in an end-to-end training fashion. Formally, we have:

L = Ly + Ol[A/pml + BLsq, (5)

where a and 3 represent hyper-parameters to balance the contribution of
their corresponding loss functions. We further optimize the supervised loss of
L.pse, formulated as:

N N

1
Lmse = 5 (Q_(0(g(@7*™) =) + > (e(9(="™) —5"")*)  (6)
i=1 i=1
with o(g(zr°®)) and ¢(g(z{?")) being the prediction of input z7°* and the
augmented sample z;”" with C-Mixup [16], respectively. Here, yr¢e and y;”"
denote the ground truth label corresponding to 27 and z;”", respectively.

i

4 Experimental Results

4.1 Implementation Details

Recent research [29,27] reveals a phenomenon that fine-tuning the whole network
on a new task can improve the in-distribution (ID) performance of the new task,
at the price of its out-of-distribution (OOD) accuracies. This is because fine-
tuning the whole network changes the feature space spanned by the training data
of a new task, which distorts the pretrained features. While linear probing can
be an alternative solution to fine-tuning, due to its inability to adapt the features
to the downstream task, it may degenerate the performance on in-distribution
tasks. To mitigate this ID-OOD trade-off, motivated by the discussion in [29,27],
we freeze the top of the C-Mixup [406] pretrained network (excluding the last
block and the linear layers) during the training process. Specifically, we only
fine-tune the bottom layer to preserve the low-level features from the pretrained
model and unfreeze the last block to avoid degeneracy in the ID tasks.
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Table 1: Comparison on out-of-distribution datasets. The bold number is the
best result and the underline number is the second best result. The results of
methods with { are reported by [16]. ERM is the baseline method using only
MSE loss. The results of methods with * are reproduced based on the provided
source code

RCF-MNIST DTI

RMSE| R?
Avg. Avg. Worst
ERM{t 0.162 0.464 0.429
ERM* 0.160 0.475 0.438
IRM7Y [4] t 0.153 0.478 0.432
IB-IRMT [2] 0.167 0.479 0.435
CORALY [31] 0.163 0.483 0.432
GroupDROf [37] 0.232 0.442 0.407
Mixupt [48] 0.176 0.465 0.437
C-Mixup* [46] 0.153 0.483 0.449
C-Mixupft [46] 0.146 0.498 0.458
RML* [7] 0.167 0.480 0.446
RankSim* [20] 0.239 0.479 0.464
Full model w/o Lsq 0.145 0.491 0.479
Full model w/0 Ly 0.147 0.481 0.447
Full model 0.143 0.500 0.448

4.2 Generalization in Univariate Regression

Datasets. The generalization ability of models in regression tasks with uni-
variate output is evaluated over two datasets, namely Drug-target Interactions
(DTI) [24] and RCF-MNIST [46]. DTT is a real world dataset designed to predict
the binding activity score between each small molecule and the corresponding
target protein by collecting 232,458 data on the drug and target protein infor-
mation. The whole dataset is divided into different domains according to the
years of data collection. RCF-MNIST is a dataset with 60,000 images built
on FashionMNIST [42] with spurious correlations between colours and rotation
angles (label).

Experimental Settings. We evaluate our method on two datasets, namely
RCF-MNIST and DTI. We leverage Resnet18 [23] as the feature extractor for
RCF-MNIST, and employ DeepDTA [35] on DTI.

Following the original paper of DTI [24], we evaluate the methods on R value.
Same as C-Mixup [46], we report both average and worst-domain performance
for the experiments on DTI. For RCF-MNIST, the evaluation metric is Root
Mean Square Error (RMSE). Our full model is trained with three losses, L,se,
Lgq and Lyy,;. The fine-tuning strategy mentioned in Section 4.1 is also applied
in the experiments on univariate regression in our models. All the experiments
are run over 3 seeds.

Performance comparison. The performance of OOD robustness on the two
datasets is shown in Table 1. We compare our methods with not only the OOD
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generalization methods, i.e C-Mixup [16], CORAL [31], but also some metric loss
in regression, 7.e RankSim [20] and RML [7]. Note that RankSim is a method de-
signed for age prediction where the continuity of the target label is not required.
ERM is the baseline training strategy, where the objective is to minimize the
Mean Squared Error (MSE) loss Similar to our proposed losses, the fine-tuning
method is applied for the models with RankSim and RML. As the table shows,
our method can achieve superior performance in most cases. For the datasets
with small sizes, the pretrained model plays an important role in improving gen-
eralization, since the scarcity of data and the lack of variety is the key problem
in these datasets. In addition, we find that L,,,; can also generalize the spurious
correlation, as shown by the results of RCF-MNIST. We assume that the spuri-
ous correlation increases the variance in the proportion, which can be generalized

by mel .

(d) Full model w/o Lsqa (e) Full model w/o Lymi (f) Full model

Fig.1: T-SNE visualization of the embedding space on DTI dataset. The vi-
sualizations from le to right are (a) The baseline model that is fine-tuned to
minimize MSE loss, (b) The model that is fine-tuned to minimize both MSE
and RML objectives, (c) the model that is fine-tuned to minimize both MSE
and RankSim, (d) The model that is fine-tuned to optimize full model without
Lg,, (e) The model that is fine-tuned to optimize full model without Ly,;. (f)
The model that is fine-tuned to optimize full model. Red points represent the
features extracted from the train set and the blue points represent the features
extracted from the test set.
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t-SNE visualization. According to our discussion, Ly, is trying to get a
flatter d,., which means the feature distribution should follow a discriminative
pattern with less variance. To test the effect of the losses in regression on em-
bedding space, we visualize the feature distribution without metric loss, with
RML, and with L, on Figure 1. This visualization can strongly support our
assumption and discussion above. As Figure 1 shows, the feature distribution
is more compact and the distribution pattern is clearer with L,,,;. In addition,
as we discussed, RML focuses on learning a scale of the matrix feature and ig-
nores the variance in the proportion. So, in some situations, the pattern will be
blurred with RML, which is the same as the one shown in Figure 1. Note that
Ly maintains the property of being Lipschitz continuous for the predictor,
which enhances the continuity of the feature distribution with less steep slopes.
Figures 1c and 1d illustrate this difference: unlike Ly,,;, RankSim [20], which
focuses solely on the distance between orders, does not preserve Lipschitz conti-
nuity. This characteristic might contribute to L,,,;’s superior performance over
RankSim in most scenarios, as shown in Tables 1. It will also contribute to the
frequent breakpoints in Figure 1c, which supports this hypothesis.

Lymi v.s. Ranksim: The t-SNE visualization highlights two primary distinctions
between the methods: the pattern of L,,,; appears rougher than that of RankSim;
and Ly, exhibits significantly fewer breakpoints compared to RankSim. This is
likely due to the penalty mechanism of RankSim, which aligns feature distances
more loosely in accordance with label distances, allowing for a broader spread
with fewer disruptions. This accounts for the rougher appearance of the Lym,
pattern. However, such stretching of patterns might result in extremely varied
feature distances, potentially causing poorly distributed patterns, particularly
for unseen labels as noted in Footnote 3. Consequently, the t-SNE visualization of
RankSim reveals more breakpoints than that of L,,,;, explaining the suboptimal
performance of RankSim in DTT and RCF-MNIST.

4.3 Generalization in Multivariate Regression

Datasets. The out-of-distribution (OOD) generalization ability of models in
multivariate regression is evaluated over three datasets, including dSprites [33],
MPI3D [19] and BiwiKinect [15] which are widely used for domain adaptation
tasks in computer vision [11,34]

dSprites is a synthetic dataset of three domains, namely Color(c), Scream(s)
and Noisy(n), which are generated by adding colors or noise in the real images.
Each domain comprises 737,280 images. Following the setup in [11], the orien-
tation factors in the dataset are excluded.

MPI3D is a benchmark dataset of 1,036,800 images with three distributions
to predict intrinsic factors. The dataset contains real data (domain Real (rl))
and synthetic data (domain Toy (t) and Realistic (rc)). In our experiments, we
only consider the prediction of the rotation around a vertical and horizontal axis.

BiwiKinect is a real-world dataset of head poses recorded by a Microsoft
Kinect sensor. The dataset can be divided into 2 domains: Female (F) with 5,874
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Table 2: Comparison on MPI3D and dSprites dataset with the setting of domain
generalization under the MSE index. The bold number is the best and the
underline number is the second best result. The unseen domains are on the top.

MPI3D-MSE MPI3D-MAE
rc rl t rc rl t
ERM 0.08132 0.09819 0.007004 | 0.3163 0.3511 0.0922
C-Mixup 0.09226 0.10495 0.014453 | 0.3367 0.3666 0.1296
RML 0.08596 0.09412 0.020132 | 0.3315 0.3448 0.1661
Nuclear-norm 0.09490 0.09536 0.011940 | 0.3270 0.3313 0.1181
F-norm 0.09565 0.10548 0.008318 | 0.3226 0.3411 0.0985

Full model w/oLsq |0.07829 0.08262 0.006996 | 0.3149 0.3478 0.0919
Full model w/0 Lpm:| 0.07942 0.08355 0.006016/0.3016 0.3225 0.0856

Full model 0.07956 0.07885 0.006017 | 0.3058 0.3137 0.0858
dSprites-MSE dSprites-MAE
c s n c s n
ERM 0.04904 0.4903 0.4108 |0.3071 0.9793 0.8977
C-Mixup 0.08769 0.5087 0.3672 |0.4144 0.9846 0.8596
RML 0.08037 0.5860  0.4348 |0.4147 1.054 0.9115
Nuclear-norm 0.2076 0.7718  0.4970 |0.3270 0.3313 0.1181
F-norm 0.06709 0.4856  0.5868 |0.3035 0.9234 1.067

Full model w/o Ls, |0.03480 0.4589  0.4051 |[0.2626 0.9413 0.8953
Full model w/o Lpm|0.03721 0.4861  0.3954 |0.2711 0.9650 0.8859
Full model 0.03479 0.4569 0.4030 |0.2620 0.9396 0.8942

images and Male (M) with 9,804 images. The Euler angles of the head, namely
yaw, pitch and roll angles are used to evaluate our method.

Experimental settings. We analyze our method under the setting of domain
generalization on the three datasets, which is a benchmark dataset for Domain
Adaptation in Regression. We adapt a domain generalization setting [21] by
evaluating our method over three generalization tasks on the three datasets: 1)
dSprites:c, s — n; ¢, n — s; s, n — c¢; 2) MPI3D: rl, rc — t; t, rc — rl;
rl, t — rc; 3) Biwikinect: F — M; M — F. We use the test sets of source
distributions as the validation sets for the model selection. All the experiments
are run over three random seeds, and we follow [0] for random seed and hyper-
parameter seed selection.

The evaluation metrics on this task are Mean Square Error (MSE) and Mean
Absolute Error (MAE). The variances over seeds of the methods are reported in
the supplementary. We do not use our fine-tuning method on the three datasets
and there is no frozen parameter during the training process on these three
datasets. Since RankSim does not provide the algorithm for multivariate regres-
sion, we do not include it in the experiments for multivariate regression.

OOD generalization with multiple source domains. The MSE and MAE
results on dSprites and MPI3D are shown in Table 2. The comparison between
Ly and RML [7] shows the advantage of modeling the proportion as a fluctu-
ating map rather than a fixed constant. In addition, the performance also shows
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Table 3: Comparison on BiwiKinect dataset with the setting of domain gener-
alization under MSE and MAE index. The bold number is the best and the
underline number is the second best result. The unseen domains are on the top.
BiwiKinect-MSE|BiwiKinect-MAE

F M F M
ERM 0.3953 0.4949 | 0.7907 0.8879
C-Mixup 0.3542 0.4908 | 0.7555 0.8795
RML 0.4139 0.4923 |0.8125 0.8833
Nuclear-norm 0.4792  0.5967 | 0.8771 0.9902
F-norm 0.3472 0.4735 | 0.7394 0.8489

Full model w/o Ls, |0.3486 0.4744 |0.7401 0.8424
Full model w/0 Lpm,:|0.3376 0.4683 |0.7257 0.8585
Full model 0.3391 0.4695 |0.7276 0.8419

that the alignment with L, can significantly improve the generalization ability
in some cases. We also provide the results of alignment with Nuclear-norm || - ||
and Frobenius norm || - ||p. With norm equivalence [5], || - |2 < || - lr < || - ||«
the spectral norm can give a tighter upper bound. This can explain the reason
that L, can get the best performance among them. In addition, compared with
Lymi, Lsq makes more significant improvement in generalization tasks, which
illustrates the importance of distribution alignment in OOD generalization.

Table 2 shows that the C-Mixup performs very well, when the Noisy domain
is the unseen domain on dSprites. We assume that the mix-up distribution is
very similar to the noisy domain. When the other distributions are involved, the
well-built distribution is damaged, which may complicate the training process.

OOD generalization with single source domain. We also evaluate our
method on single OOD generalization on BiwiKinect dataset. Table 3 shows
the MSE and MAE results on BiwiKinect. From the result of F-norm and L,
it seems that the distribution alignment methods can contribute more to the
improvement of the performance on single domain generalization because of the
lack of diversity in the source distribution.

4.4 Hyper-parameter Sensitivity Analysis

We analyze the hyper-parameters on « and 3 in Equation 5. When the values of
Ly and Ly, are much larger than L, .., the total loss L,,s. is hard to converge
and the performance will drop dramatically. So, we analyze the trend of the
performance of Ly, and Lg, with a and 3 in the range between [le=%, 1] and
[1e=2 1e*] respectively. Figure 2 shows the sensitivity of the hyper-parameters
on out-of-distribution dataset DTI. We find that the L,,,; is much more sensitive
since the value of L,,,; is usually much larger than L. and L.
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R R
0.488 0.481
0.480 0.480
0.472 0.479
1 le-3 le-6 le-9 le4d 10 le-2 le-5 le-8 B
(a) o on DTI (b) B on DTI

Fig.2: (a) and (b) shows the hyper-parameter analysis on DTI datasets. The
larger R value means the better result.

5 Conclusion

This paper discusses two main objectives that are required to improve generaliza-
tion in regression. For In-Distribution generalization, we propose proportional
metric loss, based on the assumption that the distance between features and
their corresponding labels should be correlated. We assume that the proportion
between feature distance and label distance is a mapping function. Through this
loss, we show that the variance in the embedding space is decreased, resulting
in more discriminative patterns. To improve the transferability of the model on
out-of-distribution data, we propose to augment the original data and then align
the synthesized and real distributions through minimizing the difference between
spectral norm of features.
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