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Abstract

Regression is a fundamental problem in computer vision,
underpinning tasks such as gaze estimation, head pose pre-
diction, age assessment, aesthetic quality evaluation, crowd
counting and historical image dating. We introduce Con-
Sel (Concept-Aware Self-Supervised Regression), a unified
framework that learns to predict continuous values by pro-
gressing from coarse semantic concepts to fine-grained nu-
meric precision. ConSel follows a two-stage curriculum:
(1) concept-aware self-supervised pretraining, which aligns
visual embeddings with conceptual guidance through vari-
ance—covariance regularization without access to ground-
truth labels, and (2) fine-tuning for precise continuous pre-
diction. Unlike prior approaches that are optimized only for
1D ordinal regression, ConSel generalizes to both ordinal
and multi-dimensional continuous tasks. Evaluated on 15
benchmark datasets spanning 6 domains, ConSel surpasses
both domain-specialized and ordinal methods by 15-35%
while using only 25% of labeled data (4x less than prior
methods).

1. Introduction

In computer vision, regression aims at predicting con-
tinuous numerical values directly from images, serving
as a foundation for diverse computer-vision tasks such
as gaze [0, 8, 89] and head-pose [84] estimation for
human—computer interaction, bone-age [52] and disease-
severity [81] assessment in healthcare, aesthetic-quality
prediction [29] for content scoring in digital media streams,
crowd-density estimation [54, 69] in video surveillance, and
historical-image dating [49] in historical and archival col-
lections. Regression approaches in computer vision can be
broadly categorized into two types. (1) Direct regression
methods and (2) Vision-language regression methods.
Direct regression optimizes convolutional/transformer
encoders with standard losses such as Mean-Squared Error
(MSE) or smooth-L1. These methods [17, 47, 56, 58, 78,
85], neglect the intermediate semantic representations un-
derlying continuous variation. While conceptually simple
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Figure 1. Comparison between (a) Direct regression, (b) VLM-
based regression and (c) our proposed (ConSel) regression
paradigm.

and widely used, these methods are prone to overfitting with
limited data and generalize poorly to unseen conditions. Re-
cent advances in Vision—Language-Models (VLMs) (e.g.,
CLIP [53], BLIP [34], ALIGN [28]), which have demon-
strated remarkable performance on classification [9, 14] and
segmentation tasks [39, 75], have inspired an alternative
paradigm to regression problem. Vision—language regres-
sion methods [13, 37, 73, 79], particularly approaches like
OrdinalCLIP [37] and L2RCLIP [73], convert each label
or rank into a dedicated, learnable prompt (e.g., “age 25
years”, “age 26 years”). This allows VLMs to align visual
features with the semantic order of labels in the text space.
These approaches address the known issues in direct regres-
sion, such as overfitting and poor generalization, especially
where training data is limited. However, converting each
label into a textual description is not scalable, especially
in dense/continuous regression tasks. For example, in tasks
like eye gaze estimation or head pose prediction, where pre-
cision could matter at a scale of 0.5° or less, one would need



to generate a very large number of fine grained prompts.

Building upon this, methods such as L2RCLIP [73] and
NumCLIP [13] apply the VLMs, particularly CLIP [53], to
ordinal regression tasks like age estimation and historical
image dating . These approaches take advantage of the natu-
ral ordering [21, 71] present in such tasks by grouping labels
into broader, progressive categories, such as child, young,
and adult and by using rank or order-aware losses.While,
these methods excel when the target space exhibits a natural
one-dimensional ranking (e.g., age groups: child < young
< adult), the presupposition of global and natural ordinal-
ity [21, 51, 71] renders them unsuitable for regression tasks
where such ranking does not exist, e.g. gaze direction, head
orientation, or crowd density estimation as shown in Fig 2.
Empirically, we find that in such settings, ordinal regression
methods underperform by 15-32% compared to models
designed specifically for those tasks (see results of Num-
Clip, 12RCLIP, CLOC and Ordinal-CLIP in Table 1, 2, 5).

This performance degradation is primarily due to two
reasons: 1) ordinal losses enforce discrete rank-aware mar-
gins [51, 73] that are incompatible with manifold or contin-
uous regression. 2) Additionally, contrastive learning treats
neighboring labels as negatives, for example, pushing apart
representations for 24° and 25°. This directly contradicts
the smoothness prior which is essential to regression [83],
especially in multi-dimension and continuous tasks. More-
over, occlusion and real-world variation disrupt the progres-
sion assumed by group-aware ordinal losses, limiting their
robustness to real world challenges (See Tables 6, 7).

To address the limitations stated above, we propose a
novel strategy to solve regression problems by reformu-
lating them in a concept base curriculum learning [2, 74]
framework'. We first aim to learn high level conceptual
semantics and then progressively refine the model towards
fine-grained target prediction, as illustrated in Figure 1. In-
stead of discretizing labels into ordered bins or enumerating
a prompt for each label, our approach organizes continu-
ous targets into broader concepts, which are refined through
successive curriculum stages. Specifically, our regression
framework follows a two-stage learning process: (a) Con-
cept Learning with Self-Supervised Regularization (pre-
training), and (b) Fine-Grained Prediction (fine-tuning).

In Stage 1, we pair input images with coarse concep-
tual prompts (e.g., “person looking left,” “person looking
right,” “person looking at center”) that serve as soft regular-
ization anchors during self-supervised pre-training. A cus-
tomized self-supervised loss aligns these soft anchors with
image embeddings while enforcing three representational
constraints: (i) consistency to augmentations of the same
sample, (ii) variance preservation across samples to prevent
collapse, and (iii) covariance minimization across feature

'Our concept-based curriculum learning is inspired by Definition 3
(Generalized Curriculum Learning) of [74].

dimensions to encourage decorrelation (See Section 3.1 for

details).

In Stage 2, the visual encoder from stage 1 is frozen,
and a lightweight MLP is trained using only 25% continu-
ous labels (e.g., age values, gaze angle, or crowd density)
refining numeric precision while preserving the learned se-
mantic structure. This version of curriculum learning mir-
rors human learning: understanding “left” vs “right” before
predicting precise regression value such as 15.3° yaw and
17.7° pitch.

In a nutshell, our main contributions are as follows:

* We propose a conceptual curriculum learning paradigm
for regression. Our two-stage approach first learns coarse
semantic concepts without exposure to exact numeric la-
bels, then fine-tunes for precise continuous values, im-
proving both performance and generalization.

* We introduce a novel self-supervised pre-training frame-
work for regression that learns semantic structure without
imposing ordinal or rank-aware constraints. A concept-
conditioned variance regularizer links semantic alignment
with statistical consistency, making the approach applica-
ble to both ordinal-style and multidimensional regression.

* We demonstrate strong performance across 6 diverse re-
gression tasks spanning 15 benchmark datasets, surpass-
ing previous methods and achieving consistent gains un-
der distribution shifts and real-world challenges while us-
ing only 25% of the labeled data for fine-tuning.

2. Related work

2.1. Direct and Vision-Language Regression

Traditional regression approaches directly optimize vi-
sual encoders for continuous prediction through end-to-
end learning with standard losses (MSE, MAE). For or-
dinal regression, methods like CORAL [3], POE [50],
and SORD [12] employ ranking losses to encode order-
ing constraints. Task-specific architectures have been de-
veloped for age estimation [56], gaze prediction [85], and
crowd counting [38]. While effective with abundant la-
beled data, these methods lack semantic structure and strug-
gle with limited supervision or distribution shift. Recent
CLIP-based methods for ordinal regression such as Ordinal-
CLIP [37] and L2RCLIP [73] learn rank-specific prompts;
NumCLIP [13] discretizes targets into 10-20 bins with lin-
guistic descriptions; CLOC [51] employs contrastive rank-
ing losses. While effective, they assume natural 1D order-
ing, making them ill-suited for multi-dimensional tasks like
gaze and head pose estimation where angular relationships
form 2D/3D topological structures [91] rather than linear
progressions as illustrated in Figure 2.

2.2. Curriculum Learning

Curriculum learning improves efficiency by presenting
training examples from easy to hard [2, 74]. Most prior
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Figure 2. Taxonomy of regression tasks by dimensionality and ordering. Age and image dating are 1D with natural ordinal structure; gaze
and head pose are multi-dimensional without inherent ordering. While most Ordinal methods fails on tasks (b) and (c), we show that our

proposed method (ConSel) handles all these tasks very well.

work focuses on sample-level ordering [31, 77] or dynamic
data selection [19], maintaining fixed loss functions while
varying sample selection. We position our method within
definition 3 of [74], varying the training criterion across
stages, an area still under-explored for regression. Our
concept-level curriculum changes the learning objective be-
tween stages: Stage-1 employs self-supervised learning
with semantic language supervision for concept formation,
while Stage-2 uses supervised regression for numeric pre-
cision. Unlike NumCLIP’s training with discretized natural
bins as target and rank aware contrastive optimisation [13],
we use semantic concepts solely for self-supervised struc-
tural learning, never as classification targets, avoiding dis-
cretization artifacts while establishing concept learning rep-
resentations.

3. Methodology

Our proposed paradigm teaches regression concepts
through a two-stage curriculum that progresses from con-
ceptual understanding to fine-grained prediction. Stage-1
performs concept-aware self-supervised pretraining by us-
ing our novel concept-conditioned variance regularization.
These semantics act as soft anchors that organize the space
into meaningful regions while preserving intra-concept di-
versity. Stage-2 regression fine-tuning specializes these rep-
resentations for fine-grained continuous prediction. Figure
1(c) illustrates the overall pipeline of our framework.

3.1. Stage I: Concept Aware Self-Supervised Pre-
training

Following the standard practice in non-contrastive self-
supervised learning [1, 4, 20, 82], we employ a Siamese
architecture with weight-shared encoders as shown in Fig 3
. Given an input image x, we generate two augmented views
1 = t1(z) and x93 = to(z) using augmentations t1,to ~
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Figure 3. Overview of Stage I pretraining. Note that task relevant
Concepts can be generated automatically or manually.

T, where T includes random crops, color jittering, gaus-
sian blur, and horizontal flips. Both views are processed
through an encoder and projector fy : R¥*XWx3 _ Rd
to produce embeddings z1 = fp(z1) and z0 = fy(z2),
where d is the embedding dimension. We manually de-
fine a minimal, semantically complete concept set C =
{¢1,c¢a,...,cK} tailored to each regression task. For in-
stance, for directional regression tasks, we define the con-
cept set C = {Looking(left, right, up, down, centre) }.; for
age estimation, we use C = {infant, child, young, adult}
(Concept usage and design details are in supplementary
Section-B). These concepts are designed to capture coarse-
grained semantic variations relevant to the target regression
variable, acting as soft semantic anchors in the represen-
tation space. The concept set C remains fixed throughout
training, providing consistent semantic structure across the
dataset.

3.1.1. Loss Formulation

Our pretraining objective integrates conceptual guidance
with three complementary regularization terms that prevent
representational collapse:



Consistency Loss. Enforces consistent representations be-
tween augmented views:

N
com = N Z ‘Zi - Z%”% (1)

where N is the batch size.

Variance Loss. To prevent complete collapse where all em-
beddings map to a constant vector, we maintain diversity
across the batch by penalizing low variance for each branch
(21, 22 ) following [1]:

d
1
Evar = E § - l’IlaX(O, V=
j=

where Z; denotes the j-th embedding dimension across the
batch, v = 1 is the target variance threshold, and ¢ = 107
ensures numerical stability consistent with [1].
Covariance Loss. To prevent dimensional collapse where
information concentrates in few dimensions, we decorrelate
embedding dimensions:

»Ccov =

Var(Z;) +€) (2

LS lcovz) G
i#j
where Cov(Z) € R%*9 is the covariance matrix of batch
embeddings. This term is particularly important for our cur-
riclulum based regression, as it ensures the learned repre-
sentations span a rich, high-dimensional space that supports
fine-grained continuous predictions.
Conceptual Alignment Loss. We align visual embeddings
with semantic concept embeddingS'

concept Z HZ7 Sz,

where z; = (2% + 2%)/2 is the mean embedding of both
augmented views. This loss acts as a soft semantic anchor,
structuring the representation space according to human-
interpretable concepts without requiring hard clustering or
negative samples. The complete Stage I objective combines
all terms:

“4)

ﬁStageI = Einv + )\vﬁvar + )\cﬁcov + )\sﬁconcept (5)

where A\, = 25, A\ = 1.0, and A\; = 1.0 are hyperpa-
rameters balancing the loss components (See Supplemen-
tary Section-B for selection details).

All hyperparameters remain fixed throughout training
and are not learned or adapted. The selected values transfer
well across different regression tasks (see Table 1-5).

Unlike VICReg [1] which applies variance regu-
larization uniformly, our framework achieves concept-
conditioned variance regularization through the interplay
of Lyar and Leoneepr: Maintaining high intra-concept diver-
sity while ensuring inter-concept separability. This cre-
ates semantically structured embeddings where continuous
regression attributes organize around linguistic concepts,

without requiring contrastive negatives or ordinal ranking
constraints.

Implicit Ordinal Structure Without Ranking Loss: Our
method learns ordinal relationships implicitly through the
interplay of conceptual alignment and variance-covariance
regularization, without the need for explicit ranking-aware
losses. First, for 1D ordinal regression (e.g., age, im-
age aesthetic), semantic concepts from pretrained language
transformer inherently encode ordering e.g., {infant, child,
young, adult} which have natural sequential relationships
in text embedding space. By aligning visual embeddings
to these ordered concept anchors via Lconcept, images are
pulled towards semantically ordered clusters while Lon €n-
sures smooth transition between concepts through augmen-
tation invariance. Specifically, the continuous nature of the
L2 alignment loss (Eq. 4) allows representations to interpo-
late smoothly between concept anchors rather than forming
discrete clusters, supporting fine-grained regression within
and across ordinal categories. For multi-dimensional re-
gression (e.g., gaze with pitch-yaw coordinates), the frame-
work’s effectiveness stems from Loy and Leoncepr €NSUI-
ing embedding dimensions remain decorrelated [27]. Con-
cepts like {left, right, up, down, center} anchor different
regions of the multi-dimensional embedding space, where
L, maintains high within-concept variance to preserve
fine-grained discriminability along each axis. Thus, our ap-
proach handles both ordinal 1D and multi-dimensional re-
gression through semantic guidance and statistical regular-
ization alone. Figure 4 depicts the learned representation
spaces for age and eye gaze using UMAP. We report ab-
lation study results comparing the role and importance of
different losses with respect to conceptual loss. We also
perform ablation for evaluating the effect of curriculum in-
spired paradigm as compared to direct and vision language
regression (See Tables 8,9).

3.2. Stage II: Regression Fine-tuning

After pretraining converges, we freeze the encoder parame-
ters 0* and attach a lightweight regression head hy, : R? —
R. The frozen encoder serves as a powerful feature extrac-
tor that has learned both semantically-structured and fine-
grained visual representations during Stage I.

The regression head consists of a 3-layer MLP with hid-
den dimension 1024, ReLU activation, and dropout (p =
0.2). Given a labeled dataset Doy = {(z;,yi) ., where
y; € R are continuous target values, we optimize:

1 M
EStage = M Z (hw(fQ* (11)) - yi)2 (6)
=1

This design enables effective transfer learning even when
M < N, where N is the pretraining dataset size.



4. Experiments

We have performed several experiments for evaluating of
the overall performance, generalization/transferability and
robustness across real world challenges like occlusion and
noise. Note that our results reported in this paper were ob-
tained using only 25% of the labeled data during the fine-
tuning stage, while the pretraining stage was never exposed
to actual labels. Despite using just a quarter of the la-
beled data compared to competing methods, our approach
achieved stronger performance across all evaluated tasks.

4.1. Datasets

We used several benchmark datasets; specifically, ETH-
XGaze [87], Gaze360 [30], MPIIGaze [86], and EYE-DIAP
[18] for eye gaze estimation, while 300W-LP [93] BIWI
[16] and AFLW2000 [92] were used for head pose estima-
tion. For the latter, we trained our framework on 300W-
LP and tested on BIWI and AFLW2000 following previ-
ous work [23]. For crowd counting, we utilized four
benchmark datasets: UCF-QNRF [26], UCF-CC-50 [25],
ShanghaiTech Part A [88], and JHU-CROWD++ [64]. We
adopted standard train/test splits and reported Mean Abso-
lute Error (MAE) as the primary evaluation metric follow-
ing [44] . To evaluate generalization of our method, we
additionally performed a cross-domain evaluation by train-
ing on UCF-QNRF and ShanghaiTech Part A and testing
on the remaining datasets. For 1D Ordinal regression
tasks we used the MORPH II [55] and Adience [15] for age
estimation, Crowd Beauty[60] for image aesthetic quality
prediction and HCI dataset [49] for Historical Image Dat-
ing (HID). Following [35, 37, 57, 61] only 5,492 images
of Caucasian descent were used from MORPH II to mini-
mize cross-race interference. The Adience dataset contains
26,580 color images of 2,284 subjects, each assigned to one
of eight age groups; we evaluated on it using 5 folds as there
is no original train/test split. More details on the statistics
and preprocessing of all datasets are provided in the supple-
mentary material Section-A.

4.2. Implementation Details

For all regression tasks, we used the same two-stage
training procedure with manually created task-specific
concept vocabularies (e.g., “looking left/right” for gaze,
“crowded/sparse” for crowd counting, “young/elderly” for
age). We randomly initialized ResNet-18 [22] to avoid
domain-specific biases from ImageNet pretraining, en-
abling task-agnostic concept learning particularly beneficial
for tasks requiring spatial reasoning (crowd counting) or
fine-grained analysis (age/gaze) rather than object recogni-
tion. In the first stage, we employ OREPA [24] for efficient
training of ResNet-18 alongside frozen DistilBERT [59],
which provides semantic concept representations. We stan-
dardized both visual and textual feature dimensions to 1024

Table 1. Comparison with the state-of-the-art methods on eye gaze
as well as with ordinal classification methods using domain gener-
alization. The best results are in bold and the second-best are un-
derlined. E:ETH-XGaze, G:Gaze360, M:MPIIGaze and D:EYE-
DIAP. Results are reported as angular error (| lower is better).
Results marked with * were obtained using authors’ code.

Train — Test

Methods Avg
E—-M E—-D G—»M G-—D
PureGaze [7] 7.08 7.48 9.28 9.32 8.29
CLIP-Gaze[80] 641  7.51 6.89 7.06 697
LG-Gaze [79] 645 722 6.83 6.86 6.84
CDG [76] 6.73 7.95 7.03 727  7.25
CoOp [90] 7.44 7.42 741 715 736
CLOC [51] 9.87 11.27 993 10.89 10.49
MoCo-v3 [5] 943 10.78 9.12 1001 9.84
DINOV2 [48] 8.02 10.14 8.17 9.36 892
VICReg [1] 7.93 8.02 7.45 854 7.99

Ordinal-CLIP* [37] 8.08 10.56  9.10 991 941
Num-CLIP* [13] 8.03 10.07  8.05 926  8.85
L2RCLIP* [73] 8.51 9.94 8.31 9.08 8.96
Ours 6.19 697 641 682  6.59

for effective alignment and trained for 200 epochs with
batch size 32 and all images were resized to 224x224. Once
concept learning converges, we froze the learned ResNet-
18 visual encoder and trained only a lightweight 3-layer
MLP regressor head for continuous value prediction, isolat-
ing concept grounding from task-specific regression. The
second stage is trained for 50 epochs and with just 25% of
stratified labeled data from training set. Early stopping is
used to ensure optimal generalization.

4.3. Comparison on Multi-Dimensional Regression

For gaze estimation, ETH-XGaze (E) and Gaze360 (G)
served as training datasets, and MPIIGaze (M) and EYE-
DIAP (D) were used for testing to ensure fairness with prior
cross-domain evaluation protocols [7, 79, 80]. Accord-
ingly, results were evaluated across four cross-domain set-
tings (E—M, E—D, G—M, G—D). Table 1 reports cross-
domain gaze estimation results using mean angular error in
degrees (MAE; lower is better).

Our method achieved the lowest average error (6.59°)
across all four train—test settings, outperforming both spe-
cialized gaze models [7, 76, 79, 80] and state-of-the-art
VLM/CL based ordinal regression methods [13, 37, 51,
73, 90]. Table 1 also shows that VLM/CL-based ordi-
nal regression networks underperform on eye-gaze estima-
tion compared to domain-specific methods (e.g., LG-Gaze
model [79]). The same holds true when compared against
our method, where VLM/CL networks Ordinal-CLIP [37],
Num-CLIP [13] and CLOC [51] underperform by a mar-
gin of 42.8%, 34.3%, and 59.2%, respectively. Beyond
cross-dataset evaluation, we compared with PureGaze [7]
and CLIPGaze [80] to assess performance under unsuper-
vised domain adaptation (UDA), where the model is trained



Table 2. Head pose estimation on BIWI and AFLW2000. The best
is in bold and the second-best is underlined. Results marked with
* were obtained using authors’ code.

Table 3. Combined results on MORPH II, Adience, and HCI. The
best is in bold; the second-best is underlined. Blue numbers =
relative (%) improvement over the second-best.

Method BIWI (MAE |) AFLW2000 (MAE |)
Yang [78] 4.61 5.34
RankPose [10] 4.40 3.74
Valle [68] 3.66 3.83
Hempel [23] 3.78 3.61
Nguyen [46] 9.00 7.23
Musti [45] 6.72 7.82
Tourani [67] 4.47 5.28
VICReg [1] 421 4.30
MoCo-v3 [5] 4.62 4.27
DINOv2 [48] 441 4.22
CLOC[51] 4.55 4.30
Num-CLIP* [13] 6.05 7.13
L2RCLIP* [73] 7.34 7.89
Ours 3.12 3.27

on labeled source data and a small set of unlabeled tar-
get samples. Our approach outperforms all UDA methods

(See Supplementary Section-C). For headpose estimation,
following the cross-dataset protocol of [23], we trained on
300W-LP and evaluated on BIWI and AFLLW2000 as shown
in Table 2.  Our method achieved 3.12° MAE on BIWI
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Figure 4. UMAP plot of learned representations. Left Age em-
beddings show smooth progression from young to elderly, vali-
dating implicit ordinal structure. Right: Gaze embeddings form
a wave pattern capturing the continuous topology of directional
space guided by semantic concepts. More visualizations in sup-
plementary.

and 3.27° MAE on AFLW2000 surpassing other competi-
tors. Valle [68] obtained 3.66° on BIWI, while Hempel
[23] achieved 3.61° on AFLW2000. Self-supervised ap-
proaches including MoCo-v3 [5] and DINOv?2 [48] ranged
from 4.2-4.6° MAE. Vision-language methods using or-
dinal representations (NumCLIP [13], L2ZRCLIP [73]) ob-
tained 6-7.9° MAE.

4.4. Comparison on 1D-Regression Tasks

Age-Estimation: Table 3 (col: 2, 3) show results on
MORPH II and Adience dataset. Our method achieved 1.89
MAE on MORPH 1II (9% better than NumCLIP). On Adi-
ence, we obtained 76.0% Accuracy and 0.32 MAE, exceed-
ing the best prior accuracy (69.4% from NumCLIP), and re-
ducing MAE compared to the strongest prior methods (0.36
from L2RCLIP) by 0.04 (9.8% better). Notably, our method
achieved these results despite being designed to handle both
single-dimensional (age, aesthetics) and multi-dimensional

Method MORPH II Adience HCI (HID)
MAE]  Acct MAE| Acct MAE]

DRC-ORID [32] 2.26 - - - -

POE [36] 2.35 60.5 047 5468  0.67
PML [11] 231 - - - -

MWR [62] 2.13 626 045 5780  0.58
CNNPOR [42] - 574 055 5012 0.82
GP-DNNOR [43] - 574 054 4660  0.76
SORD [12] - 59.6 049 5340  0.70
GOL [33] - 625 043 5620  0.55
RnC [83] - 468 086 5664  0.72
CoOp [90] 2.39 606 050 5190 0.76
VICReg [1] 2.26 683 046 6853  0.38
MoCo-v3 [5] 2.29 632 051 5753  0.72
DINOV2 [48] 2.26 659 049 6231  0.66
OrdinalCLIP [37]  2.32 612 047 5644  0.67
CLOC [51] 227 63.0 041 6208 0.5
L2RCLIP [73] 2.11 662 036 6722 043
NumCLIP [13] 2.08 - - 69.61  0.35
Ours 1.89 760 032 7851 026

+9.13% +11.27% +11.11% +12.79% +25.71%

(gaze, head pose) tasks with the same framework, whereas
prior methods demonstrated their performance only on 1D
ordered outputs.

Image Quality Estimation: For image quality estimation,
we evaluated on two different ordinal tasks 1)image dat-
ing (HCI dataset) and 2) aesthetics scoring (CrowdBeauty).
These tasks also benefited from our semantic concept guid-
ance, as concepts naturally encode ordering (e.g., old vs.
recent for dating). Our method achieved 78.51% accuracy
and 0.26 MAE on HCI (See Table 3; col 4), significantly
outperforming NumCLIP (69.61% accuracy, 0.35 MAE).
This represents an 8.90% point accuracy gain and 25.7%
MAE reduction, demonstrating that semantic concepts (an-
cient, vintage, modern, recent) provide ordinal structure
without explicit ranking loss. On CrowdBeauty (Table 4),
we achieved 79.62% overall accuracy and 0.209 MAE, im-
proving over NumCLIP (76.53%, 0.236) by +3.09 points
and 11.4% MAE reduction. Category-wise, our method
excelled on Nature (83.12%), Urban (81.47%), and Ani-
mal (76.39%) categories, validating that semantic guidance
transfers across diverse visual domains. Performance on
People (77.52%) remains competitive, though slightly be-
hind specialized method. Recently, Wang et al. [72] re-
ported results on ordinal tasks (HCI, Crowd Beauty, and
Adience). Despite using 100% of the training data (4 times
ours), their performance on HCI and Crowd Beauty remains
below ours, though they achieve a superior 0.12 MAE on
the Adience age-group classification task.

4.5. Comparison on Crowd Estimation

For crowd estimation, we compared against specialized
crowd density estimators (P2R [41], P2PNet [65], DM-



Table 4. Category-wise results on Image Aesthetic Quality Task. Accuracy (%) 1 and MAE |.

Accuracy (%) T MAE |
Method Nature Animal Urban People Overall ‘ Nature Animal Urban People Overall
CNNPOR [42] 71.86 6932 69.09 69.94 70.05 | 0294 0322 0325 0.321 0.316
SORD [12] 7359 7029 7325 7059 7203 | 0271 0308 0276 0.309 0.290
POE [36] 73.62 71.14 7278 7222 7244 | 0273 0299 0281 0.293 0.287
GOL [33] 73.80 7240 7420 69.60 72.70 | 0.270 0.280 0.260 0.310 0.280
CoOp [90] 72774 7146 7214 6934 7142 | 0285 0298 0294 0.330 0.302
OrdinalCLIP [37] 73.65 7285 7320 7250 73.05 | 0273 0279 0277 0.291 0.280
Ord2Seq [37] 78.09 7574 7283 69.24 7443 | 0225 0257 0275 0319 0.264
L2RCLIP [73] 7351 7526 7776 78.69 76.07 | 0267 0253 0216 0.246 0.245
NumCLIP [13] 7520 7524 7949 76.17 76.53 | 0249 0.250 0.208 0.238 0.236
Ours 83.12 76.39 8147 77.52 79.62 | 0.187 0.213 0.199 0.239 0.209

Count [70] ). Table 5 shows that on four dataset, Shang-
haiTech Part A (A), UCF-QNRF (B), UCF-CC-50 (C), and
JHU-CROWD++ (Q), our method attained the lowest MAE
(lower is better): 46.8 (A), 65.8 (B), 200.1 (C), and 51.4
(Q) respectively. While purely ordinal regression (Ordinal-
CLIP) methods perform poorly across splits, bin-based
adaptations (Num-CLIP, CoOp) close some of the gap but
still lag behind specialized methods (e.g., P2R, MPCount)
and also lag behind our method. Moreover, we also per-
formed cross-domain evaluation surpassing the prior meth-
ods (see supplementary section-C).

Table 5. Crowd counting results (MAE; | lower is better) using
standard splits: ShanghaiTech Part A (A), UCF-QNRF (B), UCF-
CC-50 (C), and JHU-CROWD++ (Q). Best is in bold; second best
is underlined.

Methods A(Shang) B(UCF) C(50) Q@HU)
BL [44] 62.8 88.7 2293 -
P2R [41] 51.02 83.2 - 58.83
P2PNet [65] 52.74 85.3 - 61.25
SASNet [66] 67.0 - 258.4 -
ChfL [63] 57.5 80.3 - 57.0
MAN [40] 56.8 713 - 53.4
DMCount [70] 59.7 85.6 211.0 -
Ordinal-CLIP [37] 59.9 82.8 244.4 60.5
Num-CLIP [13] 54.2 73.7 221.3 61.3
CLOC [51] 67.9 94.8 255.9 67.2
CoOp [90] 64.0 75.2 219.1 62.5
Ours 46.8 65.8 200.1 51.4

3

?

Figure 5. Grad-CAM++ visualisation on challenging samples of
eye-gaze. Row 1: after Stage 1 (concept pretraining). Row 2: after
Stage 2 (fine-tuning on precise labels).

4.6. Robustness to Distribution Shift

Cross-domain evaluation on eye gaze and crowd count-
ing validates the generalizability of our method across di-

Table 6. MAE] under distribution shift on MORPH II. Best is
bold, second-best is underlined.

number of reduced classes — %age of reduced samples/ class

Method 10-80 10-90 20-80 20-90 30-80 30-90 40-80  40-90
CoOp [90] 271 285 298 351 3.06 336 299 3.30
OrdinalCLIP [37] 2.61 2.67 277 3.06 286 321 284 3.12
L2RCLIP 228 230 237 243 251 261 268 2.79
(Ours) 203 212 214 219 224 228 233 241

verse regression tasks. To further assess robustness un-
der distribution shift, we conducted experiments on MOR-
PHII for age estimation. Following the protocol of [37],
we randomly selected several age ranges (labels) and re-
moved a large portion of samples from those ranges, creat-
ing an imbalanced training distribution that differs signifi-
cantly from the test distribution. Table 6 shows our method
consistently outperformed baselines across all distribution
shift scenarios. Under severe imbalance (40 classes re-
duced by 90%), our approach achieved 2.41 MAE com-
pared to L2RCLIP’s 2.79 and OrdinalCLIP’s 3.12, repre-
senting 13.6% and 22.8% improvement respectively. Even
under extreme shifts (10 classes, 90% reduction), we main-
tained 2.12 MAE versus 2.30 for LZRCLIP. Our robustness
emerges from two synergistic factors: semantic anchors en-
code generalizable structure agnostic to training distribu-
tion, while covariance regularization maintains rich, high-
dimensional representations that generalize effectively to
underrepresented ranges.

4.7. Robustness to Real-World Challenges

We evaluated robustness on natural variations: gaze esti-
mation with accessories (glasses/caps) excluded from train-
ing, and age estimation with 10% facial occlusion. Ta-
ble 7 demonstrates substantial advantages: 5.80° gaze
error versus NumCLIP’s 13.76° (57.9% improvement),
and 4.45/3.38 years MAE on occluded age tasks versus
6.01/5.81 (26-42% better). Figure 5 depicts GradCAM++
attention on challenging samples with hand and glasses oc-
clusions, showing that our two-stage curriculum enables the
model to focus on discriminative regions despite these real
world challenges.



Table 7. Robustness results: for gaze estimation, we evaluated
on glasses/cap subset (angular MAE in degrees) after fine-tuning
without those samples. For age estimation, we applied a 10%
central-face occlusion on MORPH II and Adience. Results marked
with * are obtained using authors’ code.

Method Gaze (deg) | MORPHII (y) | Adience |
Ours 5.80 4.45 3.38
CLOC [51] 16.98 6.32 5.33
NumCLIP* [13] 13.76 6.01 5.81
L2RCLIP* [73] 14.01 6.77 5.30
Ordinal-CLIP* [13] 14.54 7.33 6.11

Table 8. Ablation on loss components in the curriculum paradigm.
Eye Gaze (G=-M) is mean angular error (}°); Age (MORPH II)
and HID are MAE (]). Blue Numbers are the relative improve-
ment vs the row above. Results are mean-+std over 3 seeds.

Configuration Eye Gaze (1°) Age () HID (})

10.244+1.97 4.21£0.73 0.69+0.35

Consistency loss only

— (—) (—)
7.63+£1.18  2.30+£0.41 0.42+0.27

+ Concept loss (+25.5%) (+45.4%)  (+39.1%)
7.454+0.35  2.2640.23 0.38+0.14

+ Var/Cov (no concept) (+2.4%) (+1.7%) (+9.5%)
6.19+0.27 1.89+0.15 0.2610.06

Full (+16.9%) (+16.4%)  (+31.6%)

4.8. Ablation Studies

We conducted ablation studies to validate our design
choices, analyzing both loss components (Table 8) and
training paradigms (Table 9). We evaluated on three di-
verse tasks: multi-dimensional gaze regression, 1D ordinal
age regression (MORPH II), and on HCI. We systematically
added loss terms to understand their individual and syner-
gistic effect within the curriculum learning framework.

Using only Lcons yielded the weakest performance
(10.24° gaze error, 4.21 years age MAE, 0.69 HID MAE),
as the model lacked both semantic structure and collapse
prevention mechanisms. Without variance-covariance regu-
larization, representations may suffer from dimensional col-
lapse; without conceptual guidance, the learned space has
no semantic organization.

Introducing Leoncept produced substantial gains: 25.5%
improvement on gaze, 45.4% on age, and 39.1% on HID.
The particularly large gain on age estimation validates
our core claim that semantic concepts (infant— adult) pro-
vided implicit ordinal structure without explicit ranking
losses. For HID image dating, temporal concepts (an-
cient—modern) similarly encode natural ordering.

Replacing conceptual alignment with Ly, and Loy ( Ta-
ble 8 row 3) yielded comparable performance to concept-
only (row 2) on age and HID, but slightly better on gaze
(7.45° vs. 7.63°). This suggests that for multi-dimensional
regression, decorrelating embedding dimensions is crucial
for encoding independent axes (pitch vs. yaw), while for
1D ordinal tasks, semantic structure dominates.

Full Model (All Losses): Combining all four terms
achieved the best performance across all tasks, with ad-

Table 9. Ablation across training regimes. Eye Gaze (G=M) is
reported as mean angular error (/°); MORPH II as MAE (| years).
Aprev is the relative improvement vs the row above. Results are
mean=std over 3 seeds.

Training Eye Gaze (| Err, ©) MORPHII (| MAE)
MAE Err AprenT MAE AprenT
Direct 10.07 + 2.58 - 5.87 & 1.04 -
+Text (E2E)  8.04+ 139  +20.16% 3.89+0.95 +33.73%
+Cur (Ours)  6.19+£027  +23.01% 1.89+0.15 +51.41%

Definitions: Direct (Single Stage) = no curriculum, no text guidance.
+Text (E2E) = end-to-end with textual concepts and task labels. +Cur
(Ours) = two-stage with concept guidance in Stage-1.

ditional gains of 16.9% (gaze), 16.4% (age), and 31.6%
(HID) over the previous configuration. This demonstrates
that conceptual alignment and variance-covariance regular-
ization are complementary rather than redundant: concepts
provide semantic structure while var-cov prevents collapse
and maintains high-dimensional expressivity.

Training Paradigm Analysis (Table 9): Progressive en-
hancements demonstrate clear cumulative benefits: Direct
regression (no text) produced scattered embeddings with
no structure; +Text guidance improved results by 20-34%;
+Curriculum (ours) gained additional 23-51% with the
most structured embeddings; eye gaze forming clear pro-
gressive clusters and age showing smoothest ordinal pro-
gression (Fig. 4).Furthermore, the significantly lower stan-
dard deviation (£0.27° vs. +£2.58°) indicates enhanced train-
ing stability. We also conducted experiments with irrele-
vant concepts (semantically valid but task-unrelated) and
LLM-generated concepts (automatically produced via GPT-
4). Results confirmed that LLM-generated concepts also
achieved good performance demonstrating automation po-
tential (See Supplementary Section-C).

5. Conclusion

We introduced ConSel, a new framework designed
to handle ordinal and non-ordinal regression through
language-guided regularization. ConSel first learned con-
ceptual representations via non-contrastive self-supervised
pretraining with language alignment, allowing it to build
meaningful ordinal structures from semantic language
features without the need for explicit ranking losses.
This approach enabled ConSel to achieve strong per-
formance on both ordinal and non-ordinal tasks. The
effectiveness of ConSel is dependent on the choice of
concepts.  Strong results are obtained when the con-
cepts are semantically relevant for the task. Notably,
ConSel demonstrated significant advantage in low-data
regimes, outperforming its competitors while using 4x
less training data. This highlights ConSel’s potential for
efficient learning in scenarios with limited data availability.
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