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Supplementary Material

A. Dataset Statistics

Eye Gaze Estimation: For the eye-gaze experiments, we
use four public datasets: ETH-XGaze [30], Gaze360 [27],
MPIIFaceGaze (MP2) [29], and EyeDiap [8]. ETH-
XGaze [30] comprises more than 1 million images, with
data collected from 80 subjects who vary in age, gen-
der, glasses-wearing, lighting conditions, and other factors.
Gaze360 [27] covers a broad range of participant ages and
genders (58% female, 42% male), and includes 238 par-
ticipants, of which 53 are indoor (5 scene types) and 185
are outdoor (2 scene types); we use the official training set
(129K images) and testing set (26K images), and only retain
samples with valid face-detection annotations while strictly
following the original split. Images of MPIIFaceGaze come
from 15 subjects; after the pre-processing described in [4],
each participant contributes roughly 3k images. Following
[27, 28], we crop the original images to face patches and
resize them to 224 x 224, use only samples with valid face-
detection annotations, and keep the training/test split con-
sistent with the original protocol. EyeDiap offers a total of
94 video clips from 16 subjects, who perform different eye
movements while looking at a screen or a physical target.
Following [27], we sample images os of the screen-target
sessions by selecting one frame every 15 frames, resulting
in a processed set of 16,674 images. In our setup, ETH-
XGaze and Gaze360 are used exclusively for training, while
MPIIFaceGaze and EyeDiap are held out for cross-dataset
evaluation without any fine-tuning on these target domains.
Head-Pose Estimation: For head-pose estimation, we
use three standard benchmarks dataset i.e., 300W-LP [33],
AFLW2000 [32], and the BIWI Kinect Head Pose
dataset [7]. 300W-LP is a large-pose extension of the 300W
collection, it aggregates several in-the-wild face alignment
datasets (AFW [2], LFPW[1], HELEN[12], IBUG [20])
into a unified set of ~122k images with 68-point land-
marks and head poses spanning roughly —90° to 90° in
yaw. AFLW2000 consists of the first 2,000 images from the
AFLW dataset, each annotated with 68 facial landmarks;
the images exhibit large pose variation, occlusions, and di-
verse illumination, and are widely used as a challenging
evaluation benchmark. The BIWI Kinect Head Pose dataset
contains ~15k RGB-D frames of 20 subjects (6 female, 14
male, with 4 subjects recorded twice) captured at a reso-
lution of 640 x 480, with ground-truth head poses cover-
ing about +75° yaw and £60° pitch. In our experiments,
we follow common practice [9, 24] and use 300W-LP as
the primary supervised training source, while AFLW2000

and BIWI are held out for cross-dataset evaluation. For
all three datasets, we convert the provided annotations to
a common yaw—pitch—roll representation (in degrees) fol-
lowing [9, 24]. All the images were resized into 224 x 224.

Crowd Counting: For crowd counting, we evaluate on
four benchmark datasets: UCF-QNRF [11], UCF-CC-50
[10], ShanghaiTech Part A [31], and JHU-CROWD++ [23].
UCF-QNRF contains 1,535 high-resolution images with
1,251,642 head annotations; the official split has 1,201
training and 334 test images, with per-image counts rang-
ing from 49 to 12,865 (mean ~ 815). UCF-CC-50 is a
small but extremely dense dataset of 50 web images with
63,974 annotated heads; crowd counts range from 94 to
4,543 (mean = 1,279), and we follow the standard 5-fold
cross-validation protocol. ShanghaiTech Part A comprises
482 congested crowd images (300 train, 182 test) collected
from the Internet, with 241,677 head annotations in total, an
average count of about 501 people per image, and a maxi-
mum count of 3,139. JHU-CROWD++ is a large-scale un-
constrained dataset with 4,372 images and approximately
1.51M head annotations; counts span from empty scenes to
extremely dense crowds with up to 25,791 people (average
/2 346), and the images cover a wide range of scenes and
weather conditions (rain, snow, haze).

1D Ordinal Tasks: we use four benchmarks: MORPH
IT [18] and Adience [6] for age estimation, Crowd-
Beauty [21] for image aesthetic quality prediction, and the
Historical Color Image (HCI) dataset [16] for historical
image dating. MORPH II contains 55,134 mugshot-style
face images from 13,618 individuals with ages from 16 to
77 years; following common practice [14, 15, 19, 22], we
use only 5,492 images of Caucasian descent from 2,193
individuals to minimise cross-race interference, and per-
form experiments under a standard 80/20 random split with
five-fold cross-validation. The Adience dataset comprises
26,580 colour images of 2,284 subjects captured “in the
wild”, each assigned to one of eight age groups (0-2,
4-6, 8-13, 15-20, 25-32, 38-43, 48-53, 60+); we fol-
low the recent works [17, 26] report results under five-
fold, cross-validation as there is no fixed train/test split.
CrowdBeauty consists of 13,929 Flickr photos across four
categories (nature, animal, urban, people), each annotated
with an ordinal aesthetic score on a five-level scale: unac-
ceptable”, flawed”, ordinary”, professional”, and “excep-
tional”; we treat these as ordered labels, use the median
score per image as the ground truth, and adopt the common
80%/20% train/test split with five-fold cross-validation fol-



lowing [5, 25]. The HCI dataset contains historical colour Table Sup2. Concept definitions for head pose. Yaw, pitch, and
photographs from five decades (1930s-1970s), with 265 roll are in degrees.
images per decade (1,325 images in total); each image is la-

belled by its decade index (1-5). Following recent ordinal- Concept Yaw condition  Pitch condition  Roll condition

regression works [5, 17] on HCI, we randomly split the 265 Face facing camera lyaw| < 8 |pitch| < 8 [roll] <5

images of each decade into 210 training, 5 validation, and Face turned left yaw < —8 [pitch| < 25 [roll] < 10

50 ) d perf 5-fold lidati Face turned right yaw > 8 |pitch| < 25 [roll] < 10

. test samples, and perform 5-fold cross-validation, report- Head tilted upward lyaw| < 25 pitch > 8 |roll] < 10

ing the mean performance across folds. Head tilted downward lyaw| < 25 pitch < —8 |roll] < 10
Head rolled left any any roll > 5
Head rolled right any any roll < =5

B. Concepts Utilization & Hyperparameter

For concept utilisation, we manually define a small set of
high-level semantic concepts for each task. The design goal graph: “vintage”, “old”, and “recent”.
is to cover all plausible coarse categories for that task with
as few concepts as possible, so that every training sample
can be associated with one meaningful concept without re-
quiring fine-grained manual labelling. We map each sam-

Table Sup3. Concept definitions for crowd density. ¢ denotes the
ground-truth person count for an image.

ple to exactly one concept using the rules in Tables Supl— Concept Count condition
Sup6. There is no standard protocol for defining such con- Very sparse crowd c < 300

cept ranges in these tasks, so we adopt simple hand-crafted Sparse crowd 300 < ¢ < 1000

thresholds that reflect intuitive coarse categories (e.g., near- Moderate crowd 1000 < ¢ < 3500
frontal vs peripheral gaze, low vs high crowd density). Dense crowd 3500 < ¢ < 10500
These ranges were chosen once using dataset statistics to Very dense crowd ¢ > 10500

avoid extreme class imbalance and were kept fixed across
all experiments, without any task-specific tuning.

For eye gaze, we use five @r@tlogal concepts th.at]omtl’?/ Table Sup4. Concept definitions for age estimation. a is age in
cover both yaw and pitch variation: “a person looking left”, years (MORPH II) and g is the Adience age-group label.

LEINT3 LEINT3

“a person looking right”, “a person looking centre”, “a per-
son looking up”, and ““a person looking down”. For head
pose, we use seven concepts that capture both in-plane

Concept Condition

and out-of-plane rotations: “face directly facing camera”, Child MORPH II: a < 15;

“face turned left”, “face turned right”, “head tilted upward”, Adience: g € {0-2, 4-6, 8-13}

“head tilted downward”, “head rolled left”, and “head rolled Young MORPHII: 15 < a < 30;

right”. Adience: g € {15-20, 25-32}
Adult MORPH II: 30 < a < 53;

Table Supl. Concept definitions for eye gaze. Pitch and yaw are Adience: g € {38-43, 48-53}

in degrees. Elderly MORPH II: a > 53;

Adience: g = 60+

Concept Pitch condition Yaw condition

Center —8 <pitch<8 -8 <yaw <38 . o i
Left —8 < pitch < 8 yaw < —8 Table Sup5. Concept definitions for historical image dating (HCI).
Right 8 < pitch < 8 yaw > 8 d denotes the decade label (1-5).
Up pitch > 8 —8 <yaw <8 —
Down pitch < —8 —8 < yaw <8 Concept Decade condition
Vintage d € {1,2} (1930s-1940s)
For crowd estimation, we encode scene-level density Old de{3,4}  (1950s-1960s)
with five ordinal concepts: “image of a very sparse crowd”, Recent d=5 (1970s)
“image of a sparse crowd”, “image of a moderate crowd”,
“image of a dense crowd”, and “image of a very dense For image aesthetic quality, we directly reuse the five
crowd”. For age estimation, we use four broad age-related ordinal labels provided in the CrowdBeauty dataset as aes-
concepts: ‘“child”, “young”, “adult”, and “elderly”. For thetic concepts, namely “unacceptable”, “flawed”, “ordi-
historical image dating, we employ three temporal con- nary”, “professional”, and “exceptional”’. These concepts

cepts that describe the overall visual style of the photo- are applied across the different semantic categories present



Table Sup6. Concept definitions for image aesthetic quality in

CrowdBeauty. r € {1,...,5} denotes the original ordinal rat-
ing.

Concept Rating condition

Unacceptable r=1

Flawed r=2

Ordinary r=3

Professional r=4

Exceptional r=>5

in the dataset (for example, nature images, people images,
urban scenes), and are used as high-level aesthetic descrip-
tors in our concept-guided pre-training stage.

B.1. Hyperparameters Selection:

We empirically selected the hyperparameter values. Ta-
ble Sup7 reveals synergy between variance and semantic
alignment. At low variance (A, = 1), concepts provide
minimal benefit (13.69° vs 14.45°), as collapsed embed-
dings lack diversity for semantic organization. As vari-
ance increases (\,: 5—15—25), semantic alignment be-
comes progressively effective: at A\, = 15, doubling
As yields 13-15% gains; at A\, = 25, progressive A
increases (0.25—1.0) provide 29% cumulative improve-
ment (9.03°—6.59°). This interplay reflects complemen-
tary roles: variance creates high-dimensional diverse space
(preventing collapse), concepts organize that space using
pretrained DistilBERT structure (requiring only Ay = 1
due to pretrained semantic knowledge). Small \g val-
ues (0.25-1.0) yield 29% gains because pretrained Distil-
BERT already encodes rich semantic relationships. No-
tably, variance regularization alone (A, = 25,A; = 0)
achieves only 9.03°, and progressively increasing semantic
alignment (A\;: 0—0.25—0.5—0.75—1.0) yields consis-
tent gains (9.03°—8.44°—7.39°—6.63°—6.59°), demon-
strating that neither component suffices independently but
together they create the structured diversity essential for re-
gression as shown in Figure 1.

C. Additional Results

Results on UDA Settings for Gaze: Following prior work
[13, 28], we additionally evaluate our method under an
unsupervised domain adaptation (UDA) protocol, where a
small number of unlabeled samples from the target domain
are incorporated during fine-tuning (as indicated by Dt). As
shown in Table Sup8, our method consistently surpasses ex-
isting approaches. In the zero-shot setting (Dt = 0), our ap-
proach already achieves noticeable improvements over both
PureGaze and CLIP-Gaze, demonstrating stronger general-
isation under domain shift. More significantly, when 100
unlabeled target samples are introduced during fine-tuning,

UMAP Visualisation on Gaze Estimation
without Concept Alignment

UMARP Visualisation on Age Estimation
without Concept Alif

_1{ @ looking {5
@ looking right G'L*

-2{ © looking centre 'y

O looking up

-31 @ looking down

05 00 o5 10 15 20 - o5 00 05 10
UMAP-1 UMAP-1

UMAP Visualisation on Age Estimation UMAP Visualisation on Gaze Estimation

e child
08 young
e adult
06 e elder

@ looking left
—04{ @ looking right
© looking centre
061 O looking up
@ looking down

04 06 o8 10 02 0o 02 04 06 08 1o 12
UMAP-1 UMAP-1

Figure 1. UMAP plot of learned representations of Gaze Estima-
tion and age with or without concept alignment.

Table Sup7. Ablation of loss-weight hyperparameters on perfor-
mance. Results are reported as average MAE for Eye Gaze (an-
gular error) and average MAE for Age Estimation. Best results
are obtained with A\, = 25, A\ = 1, As = 1, which are therefore
adopted for all remaining experiments.

Ao Ae  As | EyeGaze (|l MAE?) MORPHII (| MAE)
1 1 05 13.69 457
1 5 1 14.45 4.18
1 5 05 14.63 424
5 1 05 10.32 3.85
5 1 1 10.29 3.32
15 1 05 9.81 2.98
15 1 1 8.51 2.53

25 1 0 9.03 2.92

25 1 025 8.44 242

25 1 05 7.39 2.18

25 1 075 6.63 191

25 1 1 6.59 1.89

our method yields a substantial performance gain, achieving
an average MAE of 4.52, outperforming the (CLIP-Gaze)
by a clear margin. This consistent advantage across source
to target pairs highlights the robustness of our representa-
tion and its effectiveness in leveraging limited unlabeled tar-
get data, confirming the superior adaptability of our model
under cross-domain scenarios.
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