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Abstract

Deep regression models typically learn in an end-to-end fashion without explicitly
emphasizing a regression-aware representation. Consequently, the learned repre-
sentations exhibit fragmentation and fail to capture the continuous nature of sample
orders, inducing suboptimal results across a wide range of regression tasks. To fill
the gap, we propose Rank-N-Contrast (RNC), a framework that learns continuous
representations for regression by contrasting samples against each other based on
their rankings in the target space. We demonstrate, theoretically and empirically,
that RNC guarantees the desired order of learned representations in accordance with
the target orders, enjoying not only better performance but also significantly im-
proved robustness, efficiency, and generalization. Extensive experiments using five
real-world regression datasets that span computer vision, human-computer interac-
tion, and healthcare verify that RNC achieves state-of-the-art performance, high-
lighting its intriguing properties including better data efficiency, robustness to spu-
rious targets and data corruptions, and generalization to distribution shifts. Code is
available at: https://github.com/kaiwenzha/Rank—-N-Contrast.
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Figure 1: Learned representations of different methods on a real-world temperature regression task [7]
(details in Sec. 5). Existing general regression learning (L) or representation learning (SupCon) schemes fail to
recognize the underlying continuous information in data. In contrast, RNC learns continuous representations
that capture the intrinsic sample orders w.r.t. the regression targets.

1 Introduction

Regression problems are pervasive and fundamental in the real world, spanning various tasks and
domains including estimating age from human appearance [36], predicting health scores via human
physiological signals [11], and detecting gaze directions using webcam images [52]. Due to the
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continuity in regression targets, the most widely adopted approach for training regression models is to
directly predict the target value and employ a distance-based loss function, such as L1 or Lo distance,
between the prediction and the ground-truth target [51, 52, 38]. Methods that tackle regression tasks
using classification models trained with cross-entropy loss have also been studied [36, 33, 40].

However, previous methods focus on imposing constraints on the final predictions in an end-to-end
fashion, but do not explicitly emphasize the representations learned by the model. Unfortunately,
these representations are often fragmented and incapable of capturing the continuous relationships
that underlie regression tasks. Fig. 1(a) highlights the representations learned by the L; loss on
SkyFinder [7], a regression dataset for predicting weather temperature from webcam outdoor images
captured at different locations (details in Sec. 5). Rather than exhibiting the continuous ground-truth
temperatures, the learned representations are grouped by different webcams in a fragmented manner.
Such unordered and fragmented representation is suboptimal for the regression task and can even
hamper performance by including irrelevant information, such as the capturing webcam.

Furthermore, despite the great success of representation learning schemes on solving discrete classifi-
cation or segmentation tasks (e.g., contrastive learning [4, 20] and supervised contrastive learning
(SupCon) [25]), less attention has been paid to designing algorithms that capture the intrinsic continu-
ity in data for regression. Interestingly, we highlight that existing representation learning methods
inevitably overlook the continuous nature in data: Fig. 1(b) shows the representation learned by
SupCon on the SkyFinder dataset, where it again fails to capture the underlying continuous order
between the samples, resulting in a suboptimal representation for regression tasks.

To fill the gap, we present Rank-N-Contrast (RNC), a novel framework for generic regression learning.
RNC first learns a regression-aware representation that orders the distances in the embedding space
based on the target values, and then leverages it to predict the continuous targets. To achieve this,
we propose the Rank-N-Contrast loss (Lrnc), which ranks the samples in a batch according to their
labels and then contrasts them against each other based on their relative rankings. Theoretically, we
prove that optimizing Lgyc results in features that are ordered according to the continuous labels,
leading to improved performance in downstream regression tasks. As confirmed in Fig. 1(c), RNC
learns continuous representations that capture the intrinsic ordered relationships between samples.
Notably, our framework is orthogonal to existing regression methods, allowing for the use of any
regression method to map the learned representation to the final prediction values.

To support practical evaluations, we benchmark RNC against state-of-the-art (SOTA) regression and
representation learning schemes on five real-world regression datasets that span computer vision,
human-computer interaction, and healthcare. Rigorous experiments verify the superior performance,
robustness, and efficiency of RNC on learning continuous targets. Our contributions are as follows:

* We identify the limitation of current regression and representation learning methods for continuous
targets, and uncover intrinsic properties of learning regression-aware representations.

* We design RNC, a simple & effective method that learns continuous representations for regression.
* We conduct extensive experiments on five diverse regression datasets in vision, human-computer
interaction, and healthcare, verifying the superior performance of RNC against SOTA schemes.
 Further analyses reveal intriguing properties of RNC on its data efficiency, robustness to spurious

targets & data corruptions, and better generalization to unseen targets.

2 Related Work

Regression Learning. Deep learning has achieved great success in addressing regression tasks [36,
51,52, 38, 11]. In regression learning, the final predictions of the model are typically trained in an
end-to-end manner to be close to the targets. Standard regression losses include the L; loss, the mean
squared error (MSE) loss, and the Huber loss [22]. Past work has also proposed several variants. One
branch of work [36, 13, 14, 35] divides the regression range into small bins, converting the problem
into a classification task. Another line of work [12, 2, 40] casts regression as an ordinal classification
problem [33] using ordered thresholds and employing multiple binary classifiers. Recently, a line
of work proposes to regularize the embedding space for regression, ranging from modeling feature
space uncertainty [28], encouraging higher-entropy feature spaces [50], to regularizing features
for imbalanced regression [44, 17]. In contrast to existing works, we provide a regression-aware
representation learning approach that emphasizes the continuity in the features space w.r.t. the targets,
which enjoys better performance while being compatible to prior regression schemes. In addition,



Figure 2:lllustration of L ryc in the context of positive and negative pairs. (aAn example batch of input

data and their labelgb) Two example positive pairs and corresponding negative pair(s) when the anchor is the
20-year-old man (shown in gray shading). When the anchor forms a positive pair with a 30-year-old man, their
label distance is 10, hence the corresponding negative samples are the 0-year-old baby and the 70-year-old man,
whose label distances to the anchor are larger than 10. When the 0-year-old baby creates a positive pair with the
anchor, only the 70-year-old man has a larger label distance to the anchor, thus serving as a negative sample.

C-Mixup [47] adapts the original mixup4P] by adjusting the sampling probability of the mixed
pairs according to the target similarities. It is also worth noting that our method is orthogonal and
complementary to data augmentation algorithms for regression learning, such as C-Mixup [47].

Representation Learning.Representation learning is crucial in machine learning, often studied in
the context of classi cation. Recently, contrastive learning has emerged as a popular technique for
self-supervised representation learnidgd0, 5, 8, 3]. The supervised version of contrastive learning,
SupCon 5], has been shown to outperform the conventional cross-entropy loss on multiple discrete
classi cation tasks, including image recognitioZf], noisy labels P€], long-tailed classi cation

[23, 27], and out-of-domain detectiod §]. A few recent papers propose to adapt SupCon to tackle
ordered labels in speci c downstream applications, including gaze estimatihymfedical imaging

[9, 10], and neural behavior analysid7]. Different from prior works that directly adapt SupCon, we
incorporate the intrinsic property of label continuity for designing representation learning scheme
tailored for regression, which offers a simple and principled approach for generic regression tasks.

3 Our Approach: Rank-N-Contrast (RNC)

Problem Setup. Given a regression task, we aim to train a neural network model composed of a
feature encodefr() : X ! RY% and a predictog( ) : R% | RY to predict the targey 2 R%
based on the input data2 X .

For a positive integelr, let[l ] denote the s€tl;2; ;1g. Given a randomly sampled batchéf

input and label pair§(Xn;yn)0,, 1. We apply standard data augmentations to obtain a two-view
batchf (x~‘;y—)g\2[2N], wherex,, = t(x,) andxz, 1 = t{x,), with t andt® being independently
sampled augmentation operations, 3af = y»n 1 = Yn, 8n 2 [N]. The augmented batch is
then fed into the encoddr to obtain the feature embedding for each augmented input data, i.e.,
v) = f () 2 R%; 8l 2 [2N]. The representation learning phase is then performed over the feature
embeddings. To harness the acquired representation for regression, we freeze theféncader

train the predictog( ) on top of it using a regression loss (elgy, loss).

In this context, a natural question ariséw to design a regression-aware representation learning
scheme tailored for continuous and ordered samples?

The Rank-N-Contrast Loss. In order to align distances in the embedding space ordered by distances
in their labels, we propose RamkContrast lossl(rnc), Which rst ranksthe samples according to
their target distances, and theontraststhem against each other based on their relative rankings.

Following [16, 45], given an anchov;, we model the likelihood of any othes to increase expo-
nentially with respect to their similarity in the representation spaég [nspired by the listwise
ranking methods43, 6], we introduceS;; = fvi jk 6 i;d(yi;yx) d(yi;¥j)9to denote the set
of samples that are of higheasinks thanv; in terms of label distance w.r.;, whered( ; ) is the
distance measure between two labels (&g distance). Then the normalized likelihoodwf given
vi andS;; can be written as

exp(sim(vi;vj)=)

P(vijvi; Sij ) = P exp(sim(vi;vi)=)’

@)

VK 2S

3



wheresim( ; ) is the similarity measure between two feature embeddings (e.g., negatham)

and denotes the temperature parameter. Note that the denominator is a sum over the set of samples
that posseskigher ranksthanv; ; Maximizing P(v; jv;; S;; ) effectively increases the probability

thatv; outperforms the other samples in the set and emerges at the top rankSyjthin

As aresult, we de ne the per-sample\R loss as the average negative log-likelihood over all other
samples in a given batch:
. RN imiv:© v )=
IE{QC _ 1 log P exp(5|m(v..,v,). ) .
2N vizsy; EXPEIM(Viivi)=)

@)

j=1;jei

Intuitively, for an anchor samplie any other samplg¢ in the batch isontrastedwith it, enforcing
the feature similarity betwednand] to be larger than that efand any other samplein the batch,
if the label distance betweerandk is larger than that of andj . Minimizing Ig,lc will align the
orders of feature embeddings with their corresponding orders in the label space w.r.t.ianchor

L rnc is then enumerating over &N samples as anchors to enforce the entire feature embeddings
ordered according to their orders in the label space:

XN (i) _ LXN 1 RN exp(sim(vi;vj)=)

1
Lrne = o = NI T log P _ —
N RNC 9N ., 2N 1]_21;jéi Vi2S i exp(sim(vi;vk)=)

(©)

Interpretation. To exploit the inherent continuity underlying the labélgyc ranks samples in a

batch with respect to their label distances to the anchor. When contrasting the anchor to the sample
in the batch that iglosestin the label space, it enforces their similarity to be larger than all other
samples in the batch. Similarly, when contrasting the anchor teg¢bend closestample in the

batch, it enforces their similarity to be larger than only those samples that have a rank of three or
higher in terms of distance to the anchor. This process is repeated for higher-rank samples (i.e., the
third closest, fourth closest, etc.) and for all anchors in a batch.

Feature Ordinality. We further examine the impact & C on the Table 1:Correlation between
ordinality of learned features. Fig. 3 visualizes the feature similarfiéature & label similarities.
matrices obtained from 2,000 randomly sampled data points in a réal- spearmans © Kendalls
world temperature regression tasi for models trained using the 0.822 0.664
vanillaL; loss andRNC. For clarity, the data points are sorted base@nc 0.971 0.870
on their ground-truth labels, with the expectation that the matrix values

decrease progressively from the diagonal to the periphery. Notably,

our method RNC, exhibits a more discernible pattern compared to

thel, loss. Furthermore, we calculate two quantitative metrics, the

Spearman's rank correlation coef cierd]] and the Kendall rank

correlation coef cient 4], between the label similarities and the

feature similarities for both methods. The results in Table 1 con rm

that the feature similarities learned by our method have a signi carfligure 3: Feature similarity
higher correlation with label similarities than those by theloss. matrices sorted by labels.

Connections to Contrastive Learning.The loss can also be explained in the context of positive and
negative pairs in contrastive learning. Contrastive learning and SupCon are designed for classi cation
tasks, where positive pairs consist of samples that belong to the same class or the same input image,
while all other samples are considered as negatives. In regression, however, there are no distinct
classes but rather continuous labelg, [46]. Thus inL ryc, any two samples can be considered as a
positive or negative pair depending on the context. For a given anchor sgrapieother sampl¢ in

the same batch can be used to construct a positive pair with the corresponding negative samples set to
all samples in the batch whose labels differ froslabel by more than the label ¢f Fig. 2(a) shows

an example batch, and Fig. 2(b) shows two positive pairs and their corresponding negative pair(s).

4 Theoretical Analysis

In this section, we theoretically prove that optimizibbgyc results in an ordered feature embedding
that corresponds to the ordering of the labels. All proofs are in Appendix A.

Notations. Lets;j :=sim(v;;v;)= andd;; := d(yi;y5),8i;j 2 [2N]. LetD;;; <D < <
Diwm , be the sorted label distances starting fromittie sample (i.e.sort (fd;; jj 2 [2N]nfigg)),
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8i 2 [2N]. Letniym = jfj jdij = Dim;J 2 [2N]nfiggjbe the number of samples whose distance
from thei-th sample equalBi., , 8i 2 [2N];m 2 [M;].

First, to formalize the concept of ordered feature embedding according to the order in the label space,
we introduce a property termed a®rderedfor a set of feature embeddingg gi, on 7.

De nition 1 ( -ordered feature embeddinggjor any0 < < 1, the feature embeddings g2 on
are -ordered if8i 2 [2N];j;k 2 [2N]nfig,
8

1.
E Si;j >Si;k + — |f di;j <di;k

:

jsij  sikj < if dij = dik

1.
Sij <six - if dij >dix

De nition 1 implies that a set of feature embeddings thatrdered satis es the following properties:
1 For anyj andk such thatl;; = dix , the difference betwees}; ands;x is no more than; and

For anyj andk such thad;j <d;x, the value of;; exceeds that o by at leastt. Note that

1> whichindicates that the feature similarity gap between samples with different label distances
to the anchor is always larger than that between samples with equal label distances to the anchor.

Next, we demonstrate that the batch of feature embeddings wildsdered as the optimization of
L rnc approaches its lower boH,nd. Irlg,order to prove this, it is necessary to derive a tight lower bound
2N

for Lgye. LetL? := m 21 me1 Nim lognim , we have:

Theorem 1 (Lower bound ofL gyc). L7 is a lower bound of gyc, i.€.,Lrne > L 7.

Theorem 2(Lower bound tightness)For any > 0, there exists a set of feature embeddings such
thatL gy <L 7 +

The above theorems verify the lower bound.gf,c as well as its tightness. Given tHakyc can
approach its lower bounid? arbitrarily, we demonstrate that the feature embeddings wil-bedered
whenL gyc is suf ciently close toL? forany0< < 1.

Theorem 3(Main theorem) For any0< < 1, there exist > 0; such thatifLgyc <L 7+ , then
the feature embeddings areordered.

From Batch to Entire Feature Space.Now we have examined the property of a batch of feature
embeddings optimized usirigkync. However, what will be the nal outcome for trentirefeature

space whel ryc is optimized? In fact, if any batch of feature embeddings is optimized to achieve a
low enough loss such that it isordered, the entire feature embedding will also ledered. This

is because any tripl€t; j; k ) in the entire feature embeddings is certain to appear in some batch,
thus their feature embedding ; v; ; vi) will satisfy the condition in De nition 1. Nevertheless, to
achieve -ordered features for the entire feature embeddings, do we need to optimize all batches to
achieve a suf ciently low loss? The answer is no. Optimizing every batch is not only unnecessary,
but also practically infeasible. In fact, one should consider the training process as a cohesive whole,
which is effectively optimizing thexpectatiorof the loss over all possible random batches. Then,
the Markov's inequality 18] guarantees that when the expectation of the loss is optimized to be
suf ciently low, the loss oranybatch will be low enough with a high probability.

Connections to Final Performance.Suppose we have aordered feature embedding, how can

it help to boost thenal performanceof a regression task? In Appendix B, we present an analysis
based on Rademacher Complexigg]to prove that a -ordered feature embedding results in a
better generalization bound. To put it intuitively, tting an ordered feature embedding reduces the
complexity of the regressor, which enables better generalization ability from training to testing, and
ultimately leads to the nal performance gain. Relatedly, we note that the enhanced generalization
ability is further empirically veri ed in Sec. 5. Speci cally, if not constrained, the learned feature
embeddings could capture spurious or easy-to-learn features that are not generalizable to the real
continuous targets. Moreoever, such property also leads to better robustness to data corruptions,
better resilience to reduced training data, and better generalization to unseen targets.



Table 2:Comparison and compatibility to end-to-end regression methodskRNC is compatible to end-to-end
regression methods, and consistently improves the performance over all datasets.

AgeDB TUAB MPIIFaceGaze SkyFinder
Metrics MAE R MAE* R? Angular’ R? MAE* R?
L1 6.63 0.828 7.46 0.655 5.97 0.744 2.95 0.860
RNC(L1) 6.14(+0.49)  0.850(+0.022)  6.97(+0.49) 0.697(+0.042) 5.27(+0.70)  0.815(+0.071)  2.86(+0.09)  0.869(+0.009)
MSE 6.57 0.828 8.06 0.585 6.02 0.747 3.08 0.851
RNC(MSE) 6.19(+0.38)  0.849(+0.021)  7.05(+1.01) 0.692(+0.107) 5.35(+0.67)  0.802(+0.055) 2.86(+0.22)  0.869(+0.018)
HUBER 6.54 0.828 7.59 0.637 6.34 0.709 2.92 0.860
RNC(HUBER) 6.15(+0.39)  0.850(+0.022)  6.99(+0.60)  0.696(+0.059) 5.15(+1.19)  0.830(+0.121)  2.86(+0.06)  0.869(+0.009)
DEX [36] 7.29 0.787 8.01 0.537 5.72 0.776 3.58 0.778
RNC(DEX) 6.43(+0.86) 0.836(+0.049) 7.23(+0.78) 0.646(+0.109) 5.14(+0.58) 0.805(+0.029) 2.88(+0.70) 0.865(+0.087)
DLDL-v2 [14] 6.60 0.827 7.91 0.560 5.47 0.799 2.99 0.856
RNC(DLDL-Vv2) 6.32(+0.28)  0.844(+0.017) 6.91(+1.000 0.697(+0.137) 5.16(+0.31)  0.802(+0.003) 2.85(+0.14)  0.869(+0.013)
OR [33] 6.40 0.830 7.36 0.646 5.86 0.770 2.92 0.861
RNC(OR) 6.34(+0.06) 0.843(+0.013) 7.01(+0.35)  0.688(+0.042) 5.13(+0.73)  0.825(+0.055)  2.86(+0.06)  0.867(+0.006)
CORN [40] 6.72 0.811 8.11 0.597 5.88 0.762 3.24 0.819
RNC(CORN) 6.44(+0.28)  0.838(+0.027) 7.22(+0.89) 0.663(+0.066) 5.18(+0.70)  0.820(+0.058)  2.89(+0.35)  0.862(+0.043)

5 Experiments

Datasets.We perform extensive experiments on ve regression datasets that span different tasks
and domains, including computer vision, human-computer interaction, and healthcare. Complete
descriptions of each dataset and example inputs are in Table 7, Appendix C and D.

» AgeDRAge) [32, 44] is a dataset for predicting age from face images, containing 16,488 in-the-wild
images of celebrities and the corresponding age labels.

* IMDB-WIKI(Age) [36, 44] is a dataset for age prediction from face images, which contains 523,051
celebrity images and the corresponding age labels. We use this dataset only for the analysis.

» TUABBrain-Age) [34, 11] aims for brain-age estimation from EEG resting-state signals, with
1,385 21-channel EEG signals sampled at 200Hz from individuals with age from 0 to 95.

» MPIlIFaceGaze(Gaze Direction [51, 52] contains 213,659 face images collected from 15 partici-
pants during natural everyday laptop use. The task is to predict the gaze direction.

» SkyFinder (Temperaturd [31, 7] contains 35,417 images captured by 44 outdoor webcam cameras
for in-the-wild temperature prediction.

Metrics. We report two distinct metrics for model evaluatidh:Prediction error, and Coef cient of
determinationR?). Prediction error provides practical insight for interpretation, wRiequanti es

the dif culty of the task by measuring the extent to which the model outperforms a dummy regressor
that always predicts the mean value of the training labels. We report the mean absolute error (MAE)
for age, brain-age, and temperature prediction, and the angular error for gaze direction estimation.

Experiment Settings. We employ ResNet-181P] as the main backbone férgeDBIMDB-WIK]|
MPIIFaceGaze andSkyFinder . In addition, we con rm that the results are consistent with other
backbones (e.g., ResNet-50), and report related results in Appendix G.TUR&a 24-layer 1D
ResNet 9] is used as the backbone model to process the EEG signals, with a linear regressor acting
as the predictor. We x data augmentations to be the same for all methods, where the details are
reported in Appendix D. Negatide, norm (i.e.,k v; v;jky)is used as the feature similarity measure

in Lgrne, With Ly distance as the label distance measurediggDBIMDB-WIK| SkyFinder , and
TUABand angular distance as the label distance measukRtFaceGaze We provide complete
experimental settings and hyper-parameter choices in Appendix F.

5.1 Main Results

Comparison and compatibility to end-to-end regression methodsAs explained earlier, our model

learns a regression-suitable representation that can be used by any end-to-end regression methods.
Thus, we implemengevengeneric regression methods;j, MSE, andHUBER [44] ask the model to

directly predict the target and utilize an error-based loss funcidsX [36] and DLDL-v2 [14]

divide the regression range of each label dimension into pre-de ned bins and learn the probability



Table 3:Comparisons to state-of-the-art representation & regression learning method$VIAE* is used
as the metric foAgeDBTUABandSkyFinder , and Angular Errdt is used forMPlIFaceGaze L loss is
employed as the default regression loss if not speciREC surpasses state-of-the-art methods on all datasets.

Method AgeDB TUAB MPIlIFaceGaze SkyFinder
Representation learning methods (Linear Probing):

SIMCLR [4] 9.59 11.01 9.43 4.70
DINO [3] 10.26 11.62 11.92 5.63
SUPCON [25] 8.13 8.47 9.27 3.97
Representation learning methods (Fine-tuning):

SIMCLR [4] 6.57 7.57 5.50 2.93
DINO [3] 6.61 7.58 5.80 2.98
SUPCON [25] 6.55 7.41 5.54 2.95
Regression learning methods:

L1 6.63 7.46 5.97 2.95
LDS+FDS [44] 6.45

L2CS-NeT [1] 5.45

LDE [7] 2.92
RANKSIM [17] 6.51 7.33 5.70 2.94
ORDINAL ENTROPY [50] 6.47 7.28 2.94
RNC(L1) 6.14 6.97 5.27 2.86
GAINS +0.31 +0.31 +0.18 +0.06

distribution over themOR [33] and CORN[40] design multiple ordered thresholds for each label
dimension and learn a binary classi er for each threshold. Further details of these baselines are
included in Appendix E.1. In our comparison, we rst train the encoder with the propgogeg We

then freeze the encoder and train a predictor on top of it using each of the baseline methods. The
original baseline without thBNC representation is then compared to that viRthhC. For instance,

we denote the end-to-end training of the encoder and predictor ugitass ad.;, while RNC(L ;)

denotes training the encoder withkyc and subsequently training the predictor usingloss.

Table 2 summarizes the evaluation result*geDBTUABMPIIFaceGazeandSkyFinder . Green
numbers highlight the performance gains by udRNC representation. The standard deviations of
the best results on each dataset are reported in Appendix G.2. As the table insa@ennsistently
achieves the best performance on both metrics across all datasets. Moreover, incorpnr@ting
learn the representation consistently reduces the prediction error of all baselibs&¥4)\9.3%,
11.7%, and7.0% on average oh\geDBTUABMPIIFaceGaze andSkyFinder , respectively.

Comparison to state-of-the-art representation learning methodsWe further compar&®&~C with
state-of-the-art representation learning meth&uig CLR [4], DINO [3], andSuPCON [25], under
bothlinear probingand ne-tuning schemes to evaluate their learned representations for regression
tasks. Full details are in Appendix E.2. Note tisatt CLR andDINO do not use label information
while SuPCON uses label information for training the encoder. The predictor is trainedlwitbss.
Table 3 demonstrates thRNC outperforms all other methods across all datasets. Note that some of
the representation learning schemes even underperform the \anitteethod, which further veri es

that the performance gain 8NC stems from our proposed loss rather than the pre-training scheme.

Comparison to state-of-the-art regression learning methods/Ve also compar&NC with state-
of-the-art regression learning schemes, including methods that perform regularization in the feature
space {4, 17, 50] and methods that adopt dataset-speci ¢ techniqes][ We provide the details

in Appendix E.3.L; loss is employed as the default regression loss for all methods if not speci ed.
The results are presented in Table 3, with a dashirfdicating that the method is not applicable to

the dataset. We observe thati® achieves state-of-the-art performance across all datasets.

5.2 Analysis

Robustness to Data Corruptions.Deep neural networks are widely acknowledged to be vulnerable
to out-of-distribution data and various forms of corruption, such as noise, blur, and color distortions
[21]. To analyze the robustness BNC, we generate corruptions on tAgeDRBest set using the
corruption process from the ImageNet-C benchmaik [incorporating 19 distinct types of corruption

at varying severity levels. We compaRaiC(L ;) with L by training both models on the original
AgeDBraining set, but directly testing them on the corrupted test set across all severity levels. The



Figure 4:RNC is more robust to data corruptions. Figure 5:RNC is more resilient to reduced train-
We show MAE as a function of corruption severity  ing data. We showMAE?* as a function of the num-
onAgeDBest set. ber of training samples oMDB-WIKI

Table 4:Transfer learning results. RNC delivers better performance thha in all scenarios.

AgeDB IMDB-WIKI(subsampled, 2k) IMDB-WIKI(subsampled, 32K) AgeDB
Linear Probing Fine-tuning Linear Probing Fine-tuning
Metrics MAE* R? MAE* R? MAE* R? MAE* R?
L1 12.25 0.496 11.57 0.528 7.36 0.801 6.36 0.848

RNC(L;) 11.12(+1.13) 0.556(+0.060) 11.09(+0.48) 0.546(+0.018) 7.06(+0.30) 0.812(+0.011) 6.13(+0.23) 0.850(+0.002)

reported results are averaged over all types of corruptions. Fig. 4 illustrates the results, where the
representation learned IRNC is more robust to unforeseen data corruptions, with consistently less
performance degradation when corruption severity increases.

Resilience to Reduced Training DataThe availability of massive training datasets has played an
important role in the success of modern deep learning. However, in many real-world scenarios, the
cost and time involved in labeling large training sets make it infeasible to do so. As a result, there
is a need to enhance model resilience to limited training data. To investigate this, we subsample
IMDB-WIKIto generate training sets of varying sizes and compare the performaReeCdE ;) and

L. As Fig. 5 con rms,RNC is more robust to reduced training data and displays less performance
degradation as the number of training samples decreases.

Transfer Learning. We evaluate whether the learned representatiorRNi@ are transferable across
datasets. To do so, we rst pre-train the feature encoder on a large dataset, and subsequently utilize
eitherlinear probing( xed encoder) or ne-tuning to learn a predictor on a small dataset (which
shares the same prediction task). We investigate two scen§iribsansferring fromAgeDBvhich

contains 12K samples to a subsampliMdDB-WIKIof 2K samples, and Transferring from another
subsampledMDB-WIKIof 32K samples té\geDBAs shown in Table 4RNC(L ;) exhibits consistent

and superior performance compared.toin both linear probing and ne-tuning settings for both of

the aforementioned scenarios.

Robustness to Spurious Targets.We show
that RNC is able to deal with spurious targets
that arise in data4], while existing regres-
sion learning methods often fail to learn gen-
eralizable features. Speci cally, tti&kyFinder
dataset naturally has a spurious target: different
webcamgwith distinct locations). Therefore,
we show in Fig. 6 the UMAPJQ] visualiza-
tion of the learned features obtained from both
L, andRNC, using data from 10 webcams in
SkyFinder. The rst column of the gure is
colored by the ground-truth target (temperature),
while the second column is colored by the 10
different webcams. Our results demonstrate that
the representation learned by is clustered by

webcam, indicating that it is prone to capturin

easy-to-learn features. In contra®C learns Figure 6: Robustness to spurious targetsRNC is
gple to capture underlying continuous targets & learn

the underlying continuous temperature informrobust representations that aeneralize
tion even in the presence of strong spurious tar- P 9 '
gets, con rming its ability to learn robust representations that generalize.



Table 6:Ablation studies for RNC. All experiments are performed on thgeDRBlataset andl ; is used as the
default loss for training the predictor. Default settings used in the main experiments are me grayin

(@) Number of Positivek (b) Feature Similarity Measure (c) Training Scheme
MAE* RZ MAE* R?’ MAE* R2’
128 6.46 0.828 cosine 6.51 0.836 linear probing 6.14 0.850
256 6.43 0.833 negativel; norm 6.25 0.842 ne-tuning 6.36 0.844
384 6.29 0.845 negativel , norm 6.14 0.850 regularization 6.42 0.833

511 6.14 0.850

Generalization to Unseen Targetsln practi- Table 5:Zero-shot generalization to unseen targets.
cal regression tasks, it is frequently encounterge create twdMDB-WIKItraining sets with missing
that some targets are unseen during training. Tgets, and keep test sets uniformly distributed across
investigatezero-shotgeneralization to unseerthe target range. MAEis used as the metric.

targets, following §4], we curate two subsets of
IMDB-WIKIthat contain unseen targets during
training, while keeping the test set uniformly dis- 'F-;NC(L ) ﬁgg 18-22 12'3(2)
tributed across the target range. Table 5 shows ! (+0.84) (+0.36) (+248)
the label distributions, where regions of unseen

Label Distribution ~ Method All Seen Unseen

e : L 11.94 1043 14.98
targets are marked with pink shading and those er\IC(Ll) 1088 978 13.08
of seen targets are marked with blue shading. (+1.06) (+0.64) (+1.90)

The rst training set has a bi-modal Gaussian
distribution, while the second one exhibits a tri-modal Gaussian distribution over the target space.
The results con rm that RC(L ;) outperformd.; by a larger margin on the unseen targets without
sacri cing the performance on the seen targets.

5.3 Ablation Studies

Ablation on Number of Positives. Recall that inL ryc, all samples in the batch will be treated

as the positive for each anchor. Here, we conduct an ablation study on only considering the rst

K closest samples to the anchor as positive. Table 6a shows the resalyeDBor differentK ,

whereK = 511 represents the scenario where all samples are considered as positive (default batch
sizeN = 256). The experiments reveal that larger value&ofead to better performance, which

aligns with the intuition behind the design bbkyc: each contrastive term ensures that a group of
orders related to the positive sample is maintained. Speci cally, it guarantees that all samples that
have a larger label distance from the anchor than the positive sample are farther from the anchor
than the positive sample in the feature space. Only when all samples are treated as positive and their
corresponding groups of orders are preserved can the order in the feature space be fully guaranteed.

Ablation on Similarity Measure. Table 6b shows the performance of using different feature
similarity measuresim( ; ). Compared to cosine similarity, both the negativenorm andL

norm produce signi cantly better results. This improvement can be attributed to the fact that cosine
similarity only captures the directions of feature vectors, while the negative L, norm takes

both the direction and magnitude of the vectors into account. This nding highlights the potential
differences between representation learning for classi cation and regression tasks, where the standard
practice for classi cation is to use cosine similarity; R5], while our ndings suggest the superiority

of L1 andL , norm for regression-based representation learning.

Ablation on Training Scheme. There are typically three schemes to train the encdfidrinear

probing which rst trains the feature encoder using the representation learning loss, then xes the
encoder and trains a linear regressor on top of it using a regression |&&se-tuning which rst

trains the feature encoder using the representation learning loss, then ne-tunes the entire model using
a regression loss; and Regularizationwhich trains the entire model while jointly optimizing the
representation learning & the regression loss. Table 6¢ shows the results for the three schemes using
L rnc @s the representation learning loss andas the regression loss. All three schemes can improve
performance over using; loss alone. Further, unlike classi cation problems where ne-tuning often
delivers the best performance, freezing the feature encoder yields the best outcome in regression.
This is because, in the case of regression, back-propagating tless to the representation can
disrupt the order in the embedding space learned gy, leading to inferior performance.



5.4 Further Discussions

DoesRNC rely on data augmentation for superior performance (Appendix G.3)? Table 10

con rms thatRNC surpasses the baselieéth or withoutdata augmentation. In fact, unlike typical
(unsupervised) contrastive learning techniques that rely on data augmentation for distinguishing
the augmented views, data augmentatiomosessentiafor RNC. This is becaus®NC contrasts
samples according to label distance rather than the identity. The role of data augmentdimfor

is similar to its role in typical regression learning, which is to enhance model generalization.

Does the bene t of RNC come from the two-stage training scheme (Appendix G.4)We con rm

in Table 11 that training a predictor on top of the representation learned by the competing regression
baselines does not improve performance. In fact, it can eveletrenentalto performance. This

nding validates that the bene t oRNC is due to the proposddgryc and not the training scheme.

The generic regression losses are not designed for representation learning and are computed based on
the nal model predictions, which fails to guarantee the nal learned representation.

Computational cost of RNC (Appendix G.5)? We verify in Table 12 that the training time &NC
is comparable to standard contrastive learning methods 8igCoN [25]), indicating thatRNC
offers similar training ef ciency, while achieving notably better performance for regression tasks.

6 Broader Impacts and Limitations

Broader Impacts. We introduce a novel framework designed to enhance the performance of generic
deep regression learning. We believe this will signi cantly bene t regression tasks across various
real-world applications. Nonetheless, several potential risks warrant discussion. First, when the
framework is employed to regress sensitive personal attributes such as intellectual capabilities, health
status, or nancial standing from human data, there's a danger it might reinforce or even introduce
new forms of bias. Utilizing the method in these contexts could inadvertently justify discrimination

or the negative targeting of speci c groups. Second, in contrast to handcrafted features which are
grounded in physical interpretations, the feature representations our framework learns can be opaque.
This makes it dif cult to understand and rationalize the model's predictions, particularly when trying

to determine if any biases exist. Third, when our method is trained on datasets that do not have a
balanced representation of minority groups, there's no assurance of its performance on these groups
being reliable. It is essential to recognize that these ethical concerns apply to deep regression models
at large, not solely our method. However, the continuous nature of our representation which facilitates
interpolation and extrapolation might inadvertently make it more tempting to justify such unethical
applications. Anyone seeking to implement or use our proposed method should be mindful of these
concerns. Both our speci ¢ method and deep regression models, in general, should be used cautiously
to avoid situations where their deployment might contribute to unethical outcomes or interpretations.

Limitations. Our proposed method presents some limitations. Firstly, the technique cannot discern
spurious or incidental correlations between the input and the target within the dataset. As outlined
in the Broader Impact section, this could result in incorrect conclusions potentially promoting
discrimination or unjust treatment when utilized to deduce personal attributes. Future research should
delve deeper into the ethical dimensions of this issue and explore strategies to ensure ethical regression
learning. A second limitation is that our evaluation primarily focuses on general regression accuracy
metrics (e.g., MAE) without considering potential disparities when evaluating speci ¢ subgroups
(e.g., minority groups). Given that a regression model's performance can vary across demographic
segments, subgroup analysis is an avenue that warrants exploration in subsequent studies. Lastly, our
approach learns continuous representations by contrasting samples against one another based on their
ranking in the target space, necessitating label information. To adapt it for representation learning
with unlabeled data, our framework will need some modi cations, which we reserve for future work.

7 Conclusion

We present Rank-Contrast RNC), a framework that learns continuous representations for regression

by ranking samples according to their labels and then contrasting them against each other based on
their relative rankings. Extensive experiments on different datasets over various real-world tasks
verify the superior performance &NC, highlighting its intriguing properties such as better data

ef ciency, robustness to corruptions and spurious targets, and generalization to unseen targets.
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A Proofs

A.1 Proof of Theorem 1
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A.2 Proof of Theorem 2
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2Iogw im < 2log%() (21)
Sincey(x) = 2log “%p(x) x increases monotonically wher> 0O, we have i, < . Hence,

8i 2 [2N]; j;k 2 [2N]nfig,if dij = dik = Dim,jsij  Sik] im <
Next, we ShOV\Si;j >si + f di;j <djx whenLgyc <L ? +
From Eqgn. (4) we have

L N 1 XN W X o Dexp(si;j )
RETNEN D) . J ' exp(Sik )
i=1 m=1j2[2N]nfig; di;j =Dim k2[2N]nfig; dix =D im N
0 I = 1
L T » exp(six  Sij )

Iog %1 + k2[2N]nfi.Es dix >D im

k2[2N]nfig; dix =Dim

o ;
2NN 1)

exp(s; Sii
i=1 m=1j2[2N]nfig; dij =Dim PGk sij)

(22)
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and combining it with Eqn. (5) we have

0 P exp(s S )1
s S
, 1 XN 3 X k2[2NInf ig; dix >D im I N
Lrve L7+ oo log @1 + :

2N(2N 1) _ exp(Sik  Sij )

1=l m=1j2[2N]nfig; dij =Dim k2[2N]nfig; dix =Dim ' ’

1 exp(Sik  Sij )
>SL%+ ——— _log@l + P : d
2NEN 1) 9@ exp(sy Sy )

12[2N Inf ig; diy = dj;

(23)
8i 2 [2N]; ] 2 [2N]nfig;k 2 fk 2 [2N]nfigjdy <d 0.
WhenLgryc <L 7+ ,we already havgsi,  sij j< ,8diy = d;j , which derivessy sjj <
and thusexp(s;  sij ) < exp(). By putting this into Eqn. (22), we haéi 2 [2N]; | 2
[2N]nfig;k 2 fk 2 [2N]nfigjdi <dix g,

1 exp(Sik  Sij)
Lrie >L 7+ ———=——log 1+ ——< = 24
NG NEeN 1% T hy L exn() @4
whereri; 2 [M;]is the index such thdd;, , = d;; .
Further, giverLgyec <L 7+ <L 7+ m log 1+ nleﬁ , we have
’ 1
log 1+ expi  Sy) log 1+ (25)

Nir , €xp( ) i, exp( + 1)

which derivessij >six + 1,8/ 2 [2N]; j 2 [2NInfigik 2fk 2 [2N]nfigjdi <dix g.

Finally, 8i 2 [2N]; j;k 2 [2N]nfig, Sij < Six Lif dij > dix directly follows froms;; >
Sik t Lif di;j < di;k .

B Additional Theoretical Analysis

In this section, we present an analysis based on Rademacher Com3ékity §ubstantiate that
-ordered feature embedding results in a better generalization bound.

A regression learning task can be formulated as nding a hypothesigpredict the target from the
inputx. Suppose there ara data points in the training s& = f (xx; y«)0gL, - LetH4 be the class
of all possible functions from the input space to the target space.

If a -ordered feature embedding is guaranteed with an endodesippingxy to vi, the set of
candidate hypotheses can be reduced to athbnotonic” functiond(x) = g(f (x)), which satisfy
d(g(vi); 9(vi)) <d(g(vi);g(w)) forsij >six + £, d(g(vi);g(v;)) = d(g(Vi); g(vk)) for jsi;

Sik j < ,andd(g(vi); g(v;)) > d(g(vi); 9(vk)) forsij <six L foranyi;j andk. We denote the
class of all “ -monotonic” functions byH ,. Note that bottH; andH , contain the optimal hypothesis
h , which satis es8x;y;h (x) = v.

Further, for a hypothesis sék;, let A; = f(I1((X1;y1); h); 51 ((Xm;ym); h)) @ h 2 Hig be the
loss set for each hypothesislih with respect to the training s&, wherel is the loss function.
Let ¢ be the upper bound ¢if((x; y); h))j for all x;y andh 2 H;. We introduce the Rademacher
Complexity B9 of A;, denoted a®(A;). Then, the generalization bound based on Rademacher
Complexity says that with a high probability (at ledst ), the gap between the em&irical risk (i.e.,
2In4 =)
-

training error) and the expected risk (i.e., test error) is upper bound2e ;) + 4 ¢

SinceH, H 1, we haveA, A ; andc c1, and from the monotonicity of Rademacher
Complexity we haveR(A ) R(A1). Hence, with a -ordered feature embedding, the upper
bound on the gap between the training error and the test error will be reduced, which leads to better
regression performance.
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