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Abstract

A portrait comparison expresses a preference for people as they appear in par-
ticular photographs. We study whether a compact personal scorer can preserve
those choices while becoming less sensitive to the photograph. Our estimator
fits a linear Bradley—Terry score to two-portrait comparisons and penalizes score
variation between training photographs of the same person. We derive an exact
photograph-substitution interpretation and a logistic-loss bound. A prospective
single-observer study uses 52 photographs, 24 personalization comparisons, 12
held-out comparisons, and four reversed repeats. Tongdak Cheonsa is the pre-
specified target, excluded from personalization. With the primary frozen encoder,
consistency reduces within-person test-score variance from 0.670 to 0.404, but
matches only 3/11 decisive held-out choices, versus 2/11 for the matched abla-
tion and 9/11 for an identity-only control. The observer selects the target in all
four scheduled comparisons; the primary model matches none and ranks her 12th
of thirteen panels. Different framing and encoder choices substantially alter the
prediction. The results separate optimization of photograph consistency from suc-
cessful preference transfer: the proposed penalty controls its fitted objective, but
this case does not establish a reliable personal beauty ranking.

1 Introduction

What would it mean for a system to learn that one person finds a particular face beautiful? A generic
image score can reproduce a broad visual prior, yet miss the individual’s preference. A personal
model can fit a handful of choices, yet learn lighting, expression, hairstyle, or the event at which
a photograph was taken. These are separate difficulties: agreement with an observer and stability
under a change of photograph.

We study them through a concrete target case. The participant compares portrait panels of twelve
actresses. A shared score is learned from these choices and then applied to different photographs,
including Tongdak Cheonsa, whose photographs and preference labels are entirely excluded from
personalization. The central question is whether choices among other people support a transferable
preference for this target, and how strongly that answer depends on the photographs used to represent
her. The target is therefore part of the prediction problem, rather than a label inserted into the training
objective.

The proposed estimator pairs a small preference head with an explicit consistency prior. Each can-
didate is represented by the mean features of two photographs. In addition to matching observed
pairwise choices, the model penalizes different scores for two training photographs of the same per-
son. This is an established form of graph-based regularization applied to a specific portrait-learning
problem. We derive its exact connection to photograph substitution, then compare it with the identi-
cal scorer with the consistency term removed.

Preprint.
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Figure 1: The study asks whether preferences learned from other people transfer to Tongdak
Cheonsa. Each response compares two photographs of one person with two of another. Training
includes twelve actresses; the target appears only at evaluation. The final thirteen-candidate ranking
is a model prediction, checked only against the scheduled human comparisons.

Consistency alone is insufficient: a constant score is perfectly stable and predicts no preference.
Conversely, a model may gain agreement by retaining expression or styling differences that the par-
ticipant actually values. The study therefore keeps preference accuracy and photograph stability as
distinct outcomes. It also separates new photographs of known candidates from the more demanding
excluded-target case. A complete model ranking is reported as a prediction, with only the scheduled
held-out choices serving as human validation.

Our contribution is a fully specified estimator and analytical interpretation, together with a prospec-
tive individual experiment that makes the preference—stability tradeoff inspectable. The observed
outcome is a transfer failure: a lower photograph-variation penalty coexists with poor prediction of
the observer’s new-photo choices. The small sample supports a detailed case study, not a population
ranking or a claim that twenty-four comparisons are universally sufficient.

2 Related work

Personalized aesthetic judgments. Learning an individual’s visual preferences has a substantial
history. Altwaijry and Belongie [Altwaijry and Belongie, 2013] learn a personal RankSVM from an
ordering of facial images and evaluate on different faces. Their problem is a direct predecessor to
ours; personal facial ranking itself is not a new task. Ren et al. [Ren et al., 2017] adapt a generic aes-
thetic predictor through compact aesthetic and content features. These approaches motivate learning
a small preference head rather than attempting to train a visual encoder from a few choices. How-
ever, personalization does not automatically improve individual predictions. Goree et al. [Goree
et al., 2023] collect personal enjoyment comparisons and show that average adaptation performance
can obscure substantial differences between observers. We therefore use this participant’s own held-
out choices, retain ties and skips, and compare errors on exactly the same trials.

Preference representations and pairwise fitting. CLIP [Radford et al., 2021] supplies a shared
visual-language representation; a text similarity is a useful coordinate, but it is not a calibrated
measurement of beauty. Recent personalization systems use richer shared training and supervision.
ViPer [Salehi et al., 2024] learns from comments about visual attributes, PreferThinker [Xu et al.,
2026] constructs and reasons over preference profiles, and Kim et al. [Kim et al., 2026] study per-
sonalized photographic processing using pairwise preferences. Personalize at Test Time [Bai et al.,
2026], a recent preprint, is particularly close in using a regularized Bradley—Terry utility over a com-
pact shared basis. Our linear likelihood model therefore builds on established machinery [Bradley
and Terry, 1952]; we do not present a new pairwise learning principle. The distinction investigated



here is whether a same-person, different-photograph constraint helps a compact scorer transfer from
displayed training panels to different portraits and one excluded target identity.

Photograph variation and consistency. Different photographs of the same person can change an
observer’s impressions [Todorov and Porter, 2014]. The magnitude depends on the judgment: in
their first experiment, attractiveness exhibited more between-person than within-person variance, al-
though image selection could still reverse particular rankings. This motivates measuring photograph
sensitivity rather than assuming that either all variation is identity or all variation is nuisance. Our
penalty is a small graph regularizer [Belkin et al., 2006]: the two training portraits of a known per-
son are connected, and a linear scorer is discouraged from assigning different scores along that edge.
The resulting objective is generalized ridge regression with a logistic preference loss. Its aesthetic
assumption is testable and potentially wrong: expression, styling, or photographic presentation can
be part of what the participant likes.

The present work contributes an explicit two-portrait estimator, an exact interpretation of its regu-
larizer under photograph substitution, and a controlled individual case study. It does not establish
state-of-the-art performance on existing aesthetics benchmarks. Those studies use different par-
ticipants, images, supervision, and outcomes; their published accuracy figures are not comparable
scores for this experiment.

3 Learning a preference that survives photograph changes

3.1 From photographs to a panel score

For candidate 4, let ;, be photograph v, e(z;,,) € R>'? its unit-normalized frozen visual embedding,
and t;, ¢, a fixed positive/negative text contrast. We define
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The sixteen contrasts cover expression, visible facial form, styling, pose, and photographic presen-
tation. They are fixed text probes, not independently validated facial attributes. The mean pj, and
standard deviation oy, use only the 24 training portraits. Neither target photographs nor other held-
out photographs enter this normalization.

A displayed panel contains two photographs of the same candidate. Its feature vector and utility are
mi = 3(zi1 + 2i2), si=w'm;, p(i = j) = sigmoid(w " (m; —my)). 2

The two photographs are not treated as two independent preference labels. One panel comparison
produces one response. This mean defines the object being ranked: the person as represented by this
particular pair of photographs. A higher score predicts this participant’s preference under the study
conditions; it is not an absolute attractiveness rating.

3.2 A penalty on within-person score variation

For each of I training identities, define §; = z;; — z;2 and
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A left preference has y = 1, a right preference y = 0, and a tie y = 1/2. A skipped response
contributes no supervised term. All prespecified training photographs still define the feature normal-
ization and S.
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Colors show actual frozen B/32 text similarities standardized on training portraits. Scores remain symbolic here; the target
contributes no row to this penalty.

Figure 2: Two uses of the same photographs. Preference fitting compares panel means; consistency
penalizes the score difference between views of each training person. The colored coordinates are ac-
tual standardized text similarities for two training portraits, with color saturation at +2; no personal
weights are represented by the colors. One linear head is shared across photographs and identities.
Coordinate definitions appear in Table 10.

Since S is positive semidefinite and A > 0, the objective is strictly convex and has a unique mini-
mizer. The penalty matrix is A/ +2+.S: directions that change a person’s score substantially between
training photographs receive stronger shrinkage. We solve the objective with L-BFGS and check the
gradient norm. A sixteen-coordinate head is computationally small, but not fully identified by the
comparisons alone: differences among twelve fixed panel means span at most eleven dimensions.
Regularization and the feature representation therefore materially influence the fitted score.

Exact substitution interpretation. Write u;, = w ' z;, and V; = (u;; — u;2)%/4. Then

1
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If a training identity is chosen uniformly and two of its photographs are drawn independently with
replacement, the expected squared change in score is 2W. Thus the consistency term is exactly a
penalty on a specified photograph-substitution sensitivity, rather than a generic preference for small
coefficients.

The same quantity bounds a related logistic-loss perturbation. Replace each two-photograph panel
by one of its two photographs, independently and uniformly. For a fixed comparison i, j, the new
margin is s; — s; + €;5, where Eg;; = 0 and Esfj = V; + Vj;. Because logistic cross entropy has
second derivative at most 1/4,

OSEe(si_Sj+5ij»y)_€(si_sj7y)< u (6)
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For the complete 24-comparison training schedule, where every identity appears four times, the
average upper bound is /4. Appendix A gives the proof and the unequal-degree version applicable
after skips. This bound keeps the original panel label fixed. It does not assert that a person would
give the same response after a photograph change, nor does it guarantee performance on unseen
photographs or the excluded target.



3.3 Selection and matched comparisons

We select A € {0.1,1,10} and v € {0.1,1,10} using leave-one-training-comparison-out cross
entropy. This estimates prediction of another edge among the known training identities; it is not an
unseen-identity validation scheme. Ties in mean validation loss are resolved deterministically by
stronger ridge, then weaker consistency. The primary encoder and grids are fixed before collection.

The decisive ablation retains the same features, choices, and selected A and sets v = 0. A second
semantic baseline tunes its own ridge without consistency. Together, they distinguish the effect
of the added penalty at a matched ridge from comparison with an independently tuned alternative.
Additional controls include a generic beauty-text contrast, a signed pair-difference centroid, identity-
only Bradley—Terry, and a visual-embedding Bradley—Terry head. Their definitions and transfer
assumptions appear in Table 2.

4 An individual portrait-comparison study

Candidates and target. We assemble four independently sourced photographs for each of twelve
adult actresses and four user-supplied photographs of Tongdak Cheonsa, for 52 images and thir-
teen identities. The actress pool was chosen at the participant’s request before any responses were
collected. An earlier Korean-celebrity setup, containing no human responses, was archived and re-
placed; neither a preference result nor model performance prompted this revision. The final image
files, source groups, prompts, split, trial order, and model settings were then locally timestamped
and hash-frozen. This is a local prospective specification, not an external preregistration.

Tongdak Cheonsa is the prespecified target case. She contributes no photograph to feature normaliza-
tion or the consistency penalty and no comparison to preference fitting or hyperparameter selection.
Her two primary photographs are used for four held-out comparisons; the remaining two are re-
served for a source-substitution diagnostic. This exclusion concerns personalization. We cannot
establish that her identity or any actress was absent from the encoder’s original pretraining data.

Photographs and viewing conditions. Source metadata records the photographer or credited au-
thor, Commons revision, license, date, source group, and file hash. Every actress has four distinct
source groups. Source separation within a person does not by itself imply that all public events
are globally separated between splits. The complete manifest permits inspection of that distinction.
Each original is EXIF-oriented, converted to RGB, and cropped to a face-centered 4:5 rectangle
using a fixed landmark-padding rule. The display copy is 512 x 640 pixels. We apply no retouch-
ing, generative editing, or face warping; known editing already present in a source is retained in its
provenance record. The participant sees these canonical portraits; the encoder’s official processor
resizes them to 224 x 280 and takes a 224 x 224 center crop. Thus the human and model receive
the same underlying source, with a narrower field of view for the model. Appendix H illustrates the
exact sequence.

Direct human responses. One participant completes forty browser comparisons in Korean. The
instruction asks which side feels more attractive when considering both photographs together, focus-
ing on the faces and personal judgment. Each side contains two photographs of one person. The
interface hides names and train/test membership, randomizes left/right placement and photo order,
and offers left, right, similar, and skip. Names being hidden does not make famous faces unrecog-
nizable. The participant is the requester of the study and has an existing interest in the target, so this
is a deliberate personal-preference case rather than a blinded population sample.

The schedule contains 24 training comparisons, eight comparisons of the same twelve identities in
different photographs, four comparisons involving the excluded target, and four reversed repeats.
The training graph is connected and four-regular. Non-target test pairs are different identity pairs
from the training edges, and target comparisons are balanced two per screen side. Repeats reproduce
earlier training panels with left and right reversed and are never added to fitting. Figure 13 shows
the complete scheduled graph.

Frozen predictions before evaluation. Feature extraction uses two pinned CLIP checkpoints, ViT-
B/32 as primary and ViT-B/16 as a prespecified representation check. Training reads only the 24
training-phase response fields. It saves every model’s scores, selected penalties, tuning losses, di-



Table 1: Choice prediction with the primary ViT-B/32 encoder. Each accuracy entry is the number
correct over decisive, non-skipped human choices. Fixes/regressions are paired against Semantic
BT at the matched ridge.

Method Train Other Target Alltest Test CE Fix/reg.
Generic text 12/22 1/7 0/4 1/11 - 12
Pair centroid 18/22 477 2/4 6/11 - 5/1
Identity BT 18/22 6/7 3/4 9/11 0.600 8/1
Visual BT 19/22 477 2/4 6/11 0.696 51
Semantic BT, tuned 18/22 2/7 0/4 2/11 0.784 1/1
Consistency scorer 18/22 3/7 0/4 3/11 1.074 1/0
Semantic BT, matched 18/22 2/7 0/4 2/11 1.283 0/0

Human ties contribute target 1/2 to cross entropy (CE) but not to accuracy. The uncalibrated generic-text and centroid
likelihoods are omitted from this comparison; their raw values remain in the records. A tied model prediction counts as
incorrect for a decisive human choice.

agnostic penalty path, and bootstrap fits, then hashes these files before the evaluation script opens
held-out answers. This separation reduces the opportunity for test-driven changes [Kapoor and
Narayanan, 2023]; it does not turn a small purposive candidate pool into a representative sample.

Outcomes and sensitivity analyses. The primary outcome is the count of correct predictions
among non-tied, non-skipped held-out choices. We report all twelve scheduled trials, the eight non-
target trials, and the four target trials separately. Exact zero model margins predict a tie and count as
incorrect for a decisive human response. Cross entropy includes human ties with target 1/2; skips
are omitted. We report paired fixes and regressions against the matched semantic baseline rather than
relying only on aggregate percentages. Generic text and centroid scores have uncalibrated scales, so
their raw likelihood values are not treated as comparable calibrated probabilities.

The model-induced ranking averages the two test-portrait scores for each of thirteen candidates. It
is only partially checked by the twelve held-out choices; we do not possess a complete human rank-
ing of thirteen people. We enumerate all 2'3 = 8192 single-photograph substitutions, replace the
target’s primary panel with its two alternate photographs, and compare portrait crops with original
framing. Framing is studied both by refitting the complete pipeline and by transferring the portrait-
fitted head and normalization unchanged. Human reference labels remain those for the canonical
panels in either diagnostic. Finally, 1000 bootstrap fits resample the observed training comparisons
while fixing the features, photographs, and selected penalties. Their rank ranges describe condi-
tional fitting sensitivity. They are not population confidence intervals, new human judgments, or
uncertainty over candidate selection. Test trials share identities and all responses come from one
person; we therefore report finite-set counts without an independent-binomial significance claim.

S Empirical results

Response accounting and the primary comparison. All forty responses were completed: train-
ing contains 22 decisive choices and two ties; held-out testing contains eleven decisive choices and
one tie; no trial was skipped. All four reversed repeats select the same identity as their original trial.
These four agreements describe the repeated questions, not a general reliability estimate. Predictions
for every method, framing diagnostic, and bootstrap fit were frozen before held-out response fields
were opened.

Training-pair validation selects A = 0.1, v = 10 for the primary scorer, with mean validation cross
entropy 0.5426. The matched ablation retains A = 0.1 and sets v = 0; the independently tuned
semantic baseline selects A = 1. Table 1 reports the resulting predictions. Consistency matches
3/11 decisive held-out choices, compared with 2/11 for either semantic baseline, 6/11 for the visual
head, and 9/11 for the identity-only control. The improvement over the matched ablation is one fix
and zero regressions: the held-out preference for Scarlett Johansson over Ana de Armas. Figure 3
exposes all twelve trials, including the tie.



Every held-out choice, compared on the same photographs

Semantic BT Semantic BT Consistency

Generic text Pair centroid Identity BT Visual BT (tuned ridge) (matched ridge) scorer
Elizabeth Olsen > Lily Collins 0 (1] 1 0 0 1 1
Keira Knightley > Ana de Armas 0 0 1 0 0 0 0
Gal Gadot > Emma Watson 0 1 0 1 1 1 1
Emma Watson > Natalie Portman 1 1 1 1 0 0 0
Keira Knightley > Natalie Portman 0 0 1 0 0 0 0
Emma Stone > Anne Hathaway 0 1 1 1 0 0 0
Scarlett Johansson > Ana de Armas 0 1 1 1 1 0 1
Alexandra Daddario = Margot Robbie = = = = = = =
Tongdak Cheonsa > Lily Collins 0 1 1 0 0 0 0
Tongdak Cheonsa > Elizabeth Olsen 0 1 1 1 0 0 0
Tongdak Cheonsa > Ana de Armas 0 0 0 0 0 0 0
Tongdak Cheonsa > Alexandra Daddario 0 0 1 1 0 0 0
111 6/11 911 6/11 211 2Mm 3M
1 agrees with decisive choice 0 disagrees = human tie — skipped

Figure 3: Every held-out response, using the primary encoder. Row labels give the actual human
preference; cells show agreement with a decisive choice, while the purple row records a human tie
excluded from the accuracy denominator. The consistency scorer repairs one matched-baseline error
and still misses all four target choices. Identity BT’s target predictions use a fixed neutral utility, not
the target’s visual appearance.

The consistency head’s test cross entropy is 1.074, below the matched ablation’s 1.283 but above the
independently tuned semantic head’s 0.784. Thus a single corrected sign does not establish better
probability prediction than the separately tuned baseline. Identity BT correctly predicts 6/7 decisive
non-target choices and 3/4 target choices. Its latter result arises by comparing the target’s fixed zero
utility with learned opponent utilities; it cannot be interpreted as successful visual recognition of the
target’s personal appeal.

Consistency is controlled most strongly where it is fitted. For the matched and consistency
heads respectively, W}, i, falls from 0.3254 to 0.000472, whereas Wit falls from 0.6704 to 0.4036.
The latter is a 39.8% reduction in raw score variance, measured across all thirteen test panels. The
weight norm changes only from 0.988 to 0.942. Individual test-photo gaps nevertheless increase
for several candidates (Figure 6). The regularizer therefore changes the direction of the fitted head
and tightly controls observed training views; its much weaker and nonuniform transfer does not
imply an improvement in human agreement. Exact substitution-loss diagnostics in Table 4 satisfy
the analytical bound.

The target case: observed preference and predicted ranking diverge. The observer prefers
Tongdak Cheonsa to each of the four scheduled opponents: Lily Collins, Elizabeth Olsen, Ana
de Armas, and Alexandra Daddario. The primary scorer predicts the opposite in all four cases
(Figure 4). It ranks the target 12th among thirteen test panels, with nearly identical primary-photo
scores, —1.310 and —1.355. Replacing her panel by alternate sources B and C leaves the rank at
12; enumerating all 8192 single-photo configurations yields ranks 12—13. Stability here preserves a
prediction that conflicts with the observed choices.

This four-opponent result does not establish that the observer ranks the target first among all thirteen
candidates. The complete model ordering, including its highest-scored candidate Scarlett Johansson,
is shown with every portrait score in Figure 5. A decomposition of the unasked target—Scarlett
margin is available in Figure §; it explains the computed score, not a collected human comparison
or a causal reason for attraction.
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Figure 4: The excluded target and every scheduled opponent. Photographs show the canonical pan-
els actually judged. Points are fitted Bradley—Terry probabilities for preferring the target, with a
decision threshold at 0.5. The primary portrait head misses all four preferences. Transferring that
head to original frames also misses all four; refitting on original framing matches three. These diag-
nostic conditions use the same original human labels, without claiming that full-frame preferences
were separately observed.

Representation and photograph diagnostics. The second encoder, ViT-B/16, also yields 3/11
overall and 0/4 target choices for its portrait consistency head, ranking the target 13th. Framing
produces larger changes: a B/32 refit on original frames yields 5/11 overall, 3/4 target choices, and
target rank 2, whereas the B/16 original-frame refit yields 0/11 and target rank 13 (Table 6). Replac-
ing only the target by alternate photographs changes even the B/32 original-frame refit from rank 2
to rank 6 and from three to one positive predictions against the four scheduled opponents. Holding
the portrait-fitted weights and normalization fixed while changing only framing is a different diag-
nostic; its B/32 target rank is 13. Selecting the favorable full-frame result after inspection would
conceal this representation sensitivity, so the prespecified portrait model remains primary.

The complete consistency-strength path is reported in Figure 7; it is not used to retune on test labels.
Conditional resampling of the observed training comparisons gives a primary target-rank median of
12 and 5th-95th percentiles of 10—13, with no first-place fit among 1000 samples (Figure 10). These
ranges keep features, photographs, and selected penalties fixed. They quantify fitting sensitivity
within the case, not uncertainty over new observers or candidate collections.

6 Discussion and limitations

The experiment separates three outcomes: fitting personal comparisons, controlling score variation
on observed photographs, and transferring to new photographs or a new person. The primary head
attains 18/22 decisive training choices and nearly eliminates training-view variation, yet reaches
only 3/11 on held-out choices. Its target score is stable across the two primary photographs but dis-
agrees with every observed target preference. This is direct evidence that the optimized consistency
criterion is insufficient for the requested transfer in this case.

The gap between training-pair validation and test performance is also informative. Validation with-
holds an edge among fixed panel means, while the test changes the photographs and introduces the
target. Better leave-one-edge-out loss need not select a representation that survives either shift. The
strong identity-only result on known candidates suggests that a useful component of this observer’s
ordering persists across the new photos; it does not supply a visual explanation of target preference.
The source and representation limitations remain confounded in this small design.

The portrait collection is purposive. The participant requested the actress pool and has an existing
interest in the target; photographs also vary in year, expression, styling, capture conditions, and



resolution. Publicity or event photographs of actresses and the user-supplied target photographs are
not controlled acquisitions. Cropping reduces some framing differences but does not isolate facial
geometry or erase these source differences. Excluding target inputs from personalization does not
remove such distribution shifts or make the participant blind to identity.

A single observer, four target comparisons, and four repeats cannot establish general human agree-
ment or robust transfer to other people. The twelve test trials share candidates and are not inde-
pendent population draws. The thirteen-way ordering contains many comparisons never asked of
the participant. A broader study would require additional observers, additional excluded identities,
independent portrait acquisition, and a new untouched evaluation set. Those extensions should test
the same claimed tradeoff rather than choose candidates after seeing favorable rankings.

7 Conclusion

Two-portrait comparisons and a within-person score penalty give a compact, inspectable estimator
with an exact substitution interpretation. In the completed individual study, that estimator reduces
score variation without reliably transferring personal choices to new portraits or recovering the ob-
served preference for Tongdak Cheonsa. The distinction is substantive: learning a stable score is not
sufficient to learn this observer’s beauty preference. Further development requires a representation
and validation design tested on new photographs and excluded identities, followed by a fresh human
evaluation.
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A Properties of the consistency penalty

For the two training photographs of identity 4, let us, = w' 24, U; = (ui1 + us2)/2, and V; =
(ui1 —ui2)?/4. A uniform draw K € {1, 2} has mean @; and variance V;. Independent draws K, K’
therefore satisfy

E(uix —uig')? = 2V;. @)

Averaging uniformly across identities gives 2w ' Sw. If the two draws must be different, the squared
difference is instead exactly 4V}, with mean 4w " Sw.

For a comparison of ¢ and 7, independent single-photo substitution has margin perturbation
Eij = (uzK 71_17;) *(ujL 711]'), Eeij :0, ]Eé‘?j :‘/;4*‘/3 (8)

The loss ¢(a,y) = log(1 + e*) — ya is convex and has curvature o(a)(1 — o(a)) < 1/4. Jensen’s
inequality yields the lower bound in Eq. 6. The smoothness inequality

la+e,y) <la,y)+(a,y)e+ %52 9)

and zero-mean perturbation yield the upper bound. Let Lgingle photo denote the loss averaged over
comparisons and expected over the independent uniform photograph draws, while Lp,ne1 uses the
panel means. The nonnegative difference concerns this expectation, not each individual substitution
configuration. For M usable comparisons and identity degrees d;, averaging gives

1
0 < Lsingle photo — Lpanel < m Z d?‘/v (10)

With M = 24, I = 12, and all d; = 4, the right-hand side is W/4. Skipping comparisons changes
the degrees, so the general expression must be used. These statements concern the fixed observed
training photographs and fixed panel labels. Photograph replacement may change the participant’s
real preference, and none of these identities ensures transfer to a new photograph or person.

The objective Hessian is
1
V2L = TDT diag(py(1 — p¢))D + M + 278 = . (11)

Strict convexity follows for every positive ridge in our grid. The visual baseline can be fitted effi-
ciently in the row span of its training-difference matrix: an orthonormal basis preserves logits and
the Euclidean ridge norm, while any orthogonal component increases the penalty without changing
the supervised loss. The basis obtained from all training differences also contains each leave-one-
pair-out fold’s row span. This equivalence applies to the ridge-only visual baseline; it is not assumed
for the semantic model with an additional consistency matrix. Numerical tests check the reduction,
analytical gradients, tie/reversal symmetry, and training-only normalization.

B Baseline definitions, selected fits, and numerical diagnostics

Table 2 specifies each method and the assumption it makes when applied to the excluded target. Ta-
ble 3 retains the selected settings for both encoders and both framing refits. All choices were made
using training-pair validation; none was chosen from the held-out results. Numerical optimiza-
tion completed for the saved models, but optimization convergence is not evidence of successful
preference transfer. The primary consistency model’s expected training-loss increase after uni-
form single-photo substitution is 0.0001020, below the bound 0.0001180. For the matched head
the corresponding values are 0.04459 and 0.08135. These are exact finite enumerations over the
four photographic outcomes for each training pair with its label fixed. Their calculation checks the
interpretation of the fitted regularizer and does not enlarge the empirical human sample.

The primary scatter matrix has rank 12 in sixteen dimensions, using an eigenvalue cutoff of 10719
times its largest eigenvalue. Its four-dimensional nullspace contains 96.12% of the fitted head’s
squared norm. Directions in this space assign equal scores to each observed training-photo pair but
need not do so for new photos. This post-hoc geometric diagnostic describes the saved solution; it
neither selected the model nor establishes a causal explanation for its errors.
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Table 2: Prespecified comparison methods. All personalized methods use the same training re-
sponses. )\, is selected jointly with consistency for the proposed scorer. The independently tuned
semantic baseline is retained as a second control.

Method

Representation Fitting and transfer assumption

Generic text contrast Four
beauty/neutral
prompt pairs

Pair centroid

Identity BT

Visual BT

Semantic BT, tuned

No personal labels; raw cosine contrast.

512 visual Unit-length mean signed training-pair difference; ties contribute
coordinates Zero.

12 one-hot Ridge-tuned utilities; the unseen target receives neutral utility
identities zero.

512 standardized Ridge-tuned shared linear head; numerical row-span reduction
visual preserves the ridge solution.

coordinates

Semantic BT, matched  Same 16

Consistency scorer

contrasts

Same 16
contrasts

16 text contrasts

Same A, same inputs; set v = 0.

Independently selected ridge; no consistency term.

Select A, v from training pairs; penalize score variation between

two training portraits of each person.

Table 3:

Selected penalties and numerical convergence.
comparison-out cross entropy only

prediction files.

Selection uses leave-one-training-

. The full tuning grid and fold losses are retained in the frozen

Encoder Framing Model A v LOOCE ||VL|so
B/32 portrait  Identity BT 0.1 0.0 06237 1.8e-10
B/32 portrait ~ Visual BT 10.0 0.0 0.6346  3.8e-08
B/32 portrait ~ Semantic BT, tuned 1.0 00 0.6249  1.3e-08
B/32 portrait  Consistency scorer 0.1 10.0 0.5426  5.7e-07
B/32 full Identity BT 0.1 0.0 06237 1.8e-10
B/32 full Visual BT 100 0.0  0.6107  2.6e-08
B/32 full Semantic BT, tuned 0.1 0.0 0.5893 2.2e-08
B/32 full Consistency scorer 0.1 10.0 0.5945  3.0e-07
B/16 portrait  Identity BT 0.1 0.0 0.6237  1.8e-10
B/16 portrait  Visual BT 100 0.0  0.6320 1.5e-07
B/16 portrait ~ Semantic BT, tuned 0.1 0.0 0.6059 6.7¢-08
B/16 portrait  Consistency scorer 0.1 0.1 0.6109  9.7e-08
B/16 full Identity BT 0.1 0.0 06237 1.8e-10
B/16 full Visual BT 100 0.0 0.6144  9.5e-07
B/16 full Semantic BT, tuned 1.0 0.0 0.6160  4.6e-09
B/16 full Consistency scorer 1.0 0.1 0.6176  9.8e-09

Table 4: Exact diagnostics of the saved portrait-fitted heads. With/without refers to the consistency
term at matched ridge. The final columns enumerate the four single-photo outcomes for each training
pair while keeping its original human panel label fixed.

Encoder Consistency ||w]|2 Wirain~ Whest A¢  Bound
B/32 Without 0.988 0.3254 0.6704 0.04459 0.08135
B/32 With 0.942 0.0004718 0.4036 0.000102 0.000118
B/16 Without 1.121 0.8647 1.136 0.1412 0.2162
B/16 With 0.911 0.2077 0.7912  0.04095 0.05192

W is the mean within-person variance of the two saved scores. The nonnegative expected loss increase is bounded by Eq. 6;
this numerical identity does not add human judgments or establish transfer to new photos.
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C Complete predicted ranking and photo sensitivity

Two held-out portraits per candidate Personalized utility and photograph variation
/‘9 E Scarlett Johansson e @ e
a Anne Hathaway o _—Y —
-
H Elizabeth Olsen — - I .
I -
E—' C,E Natalie Portman ° o— e
S PO
g Ana de Armas ° ® e
E § Emma Stone ° @ . e
. ﬂ Keira Knightley ° . @ . o
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] @ Emma Watson o -@ e
—éO -1‘5 —1‘0 —65 0.0 0‘5 1‘0 1‘5

Model utility (arbitrary units)

Large dot: two-photo mean. Small dots: individual photographs. Rank columns compare consistency with its matched y = 0 ablation
The full model ranking is only partially validated by the twelve held-out human comparisons

Rank

With

Without

2

Figure 5: All thirteen test panels under the primary consistency head. Large dots are two-photo
means; small dots are individual-photo utilities, joined only to show their difference. Right columns
compare ranks with and without consistency at the same ridge. Utilities have no universal beauty
scale. The target—Scarlett comparison and many other pairs were never asked of the participant, so

the entire ordering is not an observed human ranking.
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Table 5: Tongdak Cheonsa as the excluded target. Ranks use thirteen candidates; one is highest.
Alternate photos replace only the target panel. The single-photo range enumerates all 8192 choices

of one primary test photo per candidate.

Alternate rank

Single-photo range Target choices

Method Primary rank
Generic text 12.0
Pair centroid 11.0
Identity BT 7.0
Visual BT 9.0
Semantic BT, tuned 11.0
Consistency scorer 12.0
Semantic BT, matched 12.0

11.0 5-13
11.0 8-13
7.0 -7
8.0 7-13
13.0 9-13
12.0 12-13
12.0 9-13

0/4
2/4
3/4
2/4
0/4
0/4
0/4

The alternate panel and single-photo configurations have no additional human labels

not additional accuracy observations.

Stability on the fitted photographs does not transfer uniformly

Train
with consistency

Train
without consistency

Alexandra Daddario 0.097 0.013

Ana de Armas 0.062 0.091

Anne Hathaway 0.259 0.016

Elizabeth Olsen 0.055

Emma Stone 1.415 0.100

Emma Watson 0.837 0.005

Gal Gadot 0.033 0.023

Keira Knightley 0.596 0.003

Lily Collins 0.363 0.005

Margot Robbie 0.599 0.004

Natalie Portman 1.155 0.013

Scarlett Johansson 0.008
Tongdak Cheonsa excluded excluded

Test
without consistency

Test
with consistency

0.730 0.993
0.694 1.135
0.874 1.326
0.709 1.405
0.320 0.093
0.335 0.532
1.100 0.361
0.763 0.046

Primary B/32 model and matched-ridge ablation. Each cell is an exact difference of the two saved image scores
The target has no training photographs; low variation is not evidence of agreement with the observer.

S I R
(4] o (4] o (4] o
Absolute score difference between the two portraits

i
o
o

. Their ranks are sensitivity diagnostics,

Figure 6: Exact absolute differences between the two photograph scores for each candidate. All cells
use the same primary B/32 representation and matched-ridge ablation. Training-view differences
mostly shrink sharply, while held-out differences can increase. The target is excluded from the
training columns; her small test-photo gap coexists with four incorrect preference predictions.

D Framing, representation, and regularization paths

The two original-framing experiments answer different questions. A full refit changes training nor-
malization, panel differences, within-person scatter, and the selected head. A fixed-head transfer
preserves the portrait-fitted normalization and weights. Both are evaluated against the original
canonical-portrait labels, because no separate full-frame judgments were collected.
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Table 6: Representation and framing sensitivity. “With/without” denotes the consistency term; the
no-consistency head uses the matched ridge in each fit. The fixed-head middle condition preserves
the portrait normalization and weights.

Encoder Fit/ evaluated input Consistency All test Target Rank Alt. rank
B/32 Portrait fit / portrait input Without 2/11 0/4 120 12.0
B/32 Portrait fit / portrait input With 3/11 0/4 120 12.0
B/32 Portrait fit / original input Without 1/11 0/4 120 11.0
B/32 Portrait fit / original input With 3/11 0/4  13.0 13.0
B/32 Original fit / original input Without 3/11 1/4 9.0 9.0
B/32 Original fit / original input With 5/11 3/4 2.0 6.0
B/16 Portrait fit / portrait input Without 2/11 0/4  13.0 13.0
B/16 Portrait fit / portrait input With 3/11 0/4  13.0 13.0
B/16 Portrait fit / original input Without 0/11 0/4  13.0 13.0
B/16 Portrait fit / original input With 2/11 0/4  13.0 13.0
B/16 Original fit / original input Without 0/11 0/4  13.0 13.0
B/16 Original fit / original input With 0/11 0/4  13.0 13.0

Every diagnostic is compared with the same canonical-portrait human answers. Rank columns use primary and alternate
target photographs. Refitting changes the training representation and selected penalties; it is distinct from transferring a fixed
head.

A Held-out decisive choices matched B Within-person variance on test portraits
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13- @ - * - .
0 0.01 0.1 1 10 100 0 0.01 0.1 1 10 100
Consistency strength y (ridge fixed within encoder) Consistency strength y (ridge fixed within encoder)

Stars mark penalties chosen only by training-pair validation. The full path was specified before responses; test performance does not select y
Smaller variance can arise through score shrinkage and is interpreted alongside choice accuracy, not as success by itself.

Figure 7: The prespecified diagnostic consistency path at the selected ridge for each encoder. Stars
mark the training-validation choices. All test outcomes were computed only after predictions were
frozen; the displayed paths do not select a new model. Reduced raw score variance can coexist
with poor held-out agreement and low target rank. The final panel shows supervised training loss,
excluding both penalty terms.

E Inspecting the fitted head

The linear form permits an exact additive decomposition. For the target and highest-ranked non-
target panel, the margin is ), wr(Mtarget,k — Mother,k). Figure 8 displays all sixteen terms, or-
dered by their absolute contribution. The largest negative term is the straight-versus-wavy-hair text
contrast. This is a property of the fitted representation and coefficients; it neither validates those text
probes as independent attributes nor reveals the participant’s reason for a choice. In particular, no
target—Scarlett human comparison was collected.
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A Fitted text-contrast coefficients B Target margin against the top other candidate
Straight / wavy hair
Soft / defined
Bangs / uncovered forehead
Simple / elaborate styling
Frontal / profile
Casual / professional photo
Smiling / neutral
Relaxed / serious
Rounded / angular
‘Warm / cool expression
Expressive / reserved
Short / long hair
Natural / glamorous
Gentle / intense
Subtle / dramatic makeup
Candid / posed

-0.2 0.0 0.2 -1.50 -1.25 -1.00 -0.75 -0.50 -0.25 0.00 0.25

-0.6 -0.4
Contribution to target minus competitor utility

Weight per training-standardized coordinate

Competitor: Scarlett Johansson. Sum of all contributions = -2.1907. Order follows absolute contribution, without dropping coordinates.
These are exact terms in the fitted score, not measured facial attributes or causal explanations of the participant's choice.

Figure 8: Exact coefficients and score contributions for the primary head. Left: coefficient per
standardized coordinate. Right: each coordinate’s contribution to the target-minus-Scarlett margin.
Terms sum to —2.1907, and none is omitted. The displayed comparison is a model diagnostic

without a corresponding human label.

A Fitted objective on a coefficient plane B Fit and consistency favor different directions
W Without oonswstency\
@  With consistency

Preference + ridge + consistency
Coefficient along v

Coefficient along u

Plane contains both fitted 16-dimensional heads; A = 0.1, y = 10. Solid contours: preference + ridge; dashed contours: consistency.
Surface coordinates are coefficient directions, not image features or a recorded optimization trajectory.

Figure 9: The actual primary training objective on an orthonormal plane containing the matched
and consistency heads. The first direction follows the matched head; the second is the orthogonal
component of the consistency head. Left: total selected objective. Right: preference-plus-ridge
contours and consistency contours, with the two saved optima marked. Their connecting segment is

a geometric comparison, not a recorded training trajectory.
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F Conditional training-resampling sensitivity

Each resample draws 24 training comparisons with replacement. The same feature representation,
normalization, photographs, and selected penalties are retained; only the fitted weights change. The
procedure preserves the target’s exclusion from preference fitting. Its distributions describe sensitiv-
ity to this resampling convention, rather than independently sampled people, test trials, or observers.

A Conditional rank sensitivity, all candidates B Tongdak Cheonsa
i
Scarlett Johansson - © 057 H
Anne Hathaway - = <O ™
Elizabeth Olsen - < T
0.4 -
Natalie Portman - T 2% T
Ana de Armas - - o < .
)
Emma Stone - ‘ o g 03-
=3
Keira Knightley - . o ! . 3
s
Alexandra Daddario - ™ O ™ - g
i 0.2-
Margot Robbie - . O .
Lily Collins - * O *
Gal Gadot - . ™ O 0.1-
Tongdak Cheonsa - O
Emma Watson - <
‘ | | | | ‘ ‘ E——1 1 |
1 3 5 7 9 " 13 1 3 5 7 9 1" 13
Rank under training-comparison resampling Target rank
—e=— 5th-95th percentiles; dot is median & Fitto all observed training comparisons

Features, portraits and selected penalties are fixed. These ranges measure conditional fitting sensitivity, not population confidence intervals.

Figure 10: All candidate rank distributions across 1000 conditional training resamples. Bars span
the 5th—95th empirical percentiles, circles mark medians, and diamonds show the original fit. The
target histogram retains all observed ranks, including rare tails; its median is 12. These are sensitivity
summaries, not population confidence intervals.

G Response ledger and reproducibility

The complete response sequence is listed below, including ties and all reversed repeats. The target
trials are shaded. Recorded sides are screen positions rather than identity labels; the evaluator re-
solves the selected identity through the frozen schedule. Timing is retained to document collection
and never used to exclude a response.

Both feature extractors and all preference fits ran on CPU. Feature extraction for the two framing
variants of all 52 images took 9.718 seconds for B/32 and 22.633 seconds for B/16 in the recorded
environment. Fitting all baselines, tuning folds, framing conditions, and 1000 conditional resam-
ples per encoder took 18.470 seconds. These are local run times, not hardware-independent perfor-
mance guarantees. The pinned checkpoint revisions, Python package versions, model-asset hash,
file hashes, and regeneration commands are included in the distributed materials.

The original sources and recorded crop rectangles regenerate all 104 canonical and full-frame JPEGs
byte-for-byte under the recorded image-library version. Numerical checks cover the loss gradient,
the within-person variance identity, the visual baseline’s orthonormal reduction, response reversal,
and train-only normalization. The paper’s plots are derived from the saved predictions and evalua-
tion; their editable sources and export manifests accompany the PDF. The participant supplied the
preferences; coding, literature synthesis, and manuscript preparation used Al assistance.
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Table 7: The fixed collection schedule. A response compares two two-photograph panels. Pho-
tographs are separated within each actress; all target photographs are excluded from personalization.
Repeat answers are never training labels.

Phase Pairs  Portraits Purpose

Personalization 24 24 Twelve identities, two photos each; four comparisons per identity.

New-photo test 8 24 Same twelve identities, different photos and different comparison
edges.

Target test 4 2 target Target vs. four prespecified opponents using their test panels.

Reversed repeats 4 Reused Check four earlier choices after reversing screen position.

Target source swap 0 2 target Additional photographs for model sensitivity, with no new human
labels.

Total 40 52 unique One participant; thirteen candidate identities.

Table 8: Provenance pointers. SHA-256 prefixes are shown for readability; complete hashes and all
frozen file relationships are distributed in the linked manifests.

Artifact

SHA-256 prefix

Final protocol 88754a9c5b4160ae
Input freeze d67a445e998761da
Human responses cfaf481649d3d2£f3
Prediction freeze 398999cb183ed297
Evaluation bcc2b9cb08ae30cc
Table 9: Complete response ledger in collection order. Screen sides and trial phases are
reconstructed from the frozen protocol; phases were hidden in the participant interface.

No. Phase Left candidate Right candidate Response  Seconds

1 Train Alexandra Daddario Natalie Portman right 742.0

2 Target test Lily Collins Tongdak Cheonsa right 1.8

3 Train Margot Robbie Keira Knightley right 3.1

4 Train Elizabeth Olsen Scarlett Johansson right 2.0

5 Train Alexandra Daddario Scarlett Johansson right 2.0

6 Other test Lily Collins Elizabeth Olsen right 1.7

7 Train Alexandra Daddario Ana de Armas right 1.6

8 Other test Keira Knightley Ana de Armas left 3.6

9  Other test Gal Gadot Emma Watson left 3.7

10 Train Keira Knightley Emma Stone left 2.5

11 Train Ana de Armas Lily Collins left 2.5

12 Target test Tongdak Cheonsa Elizabeth Olsen left 1.8

13 Train Ana de Armas Margot Robbie right 12.6

14 Train Scarlett Johansson Margot Robbie left 1.3

15  Other test Emma Watson Natalie Portman left 1.7

16 Train Gal Gadot Margot Robbie right 2.6

17 Repeat Natalie Portman Alexandra Daddario left 24

18 Train Natalie Portman Elizabeth Olsen tie 32

19 Train Natalie Portman Emma Stone right 1.7

20 Train Emma Stone Gal Gadot right 59

21  Train Ana de Armas Anne Hathaway left 5.5

22 Other test Natalie Portman Keira Knightley right 2.6

23 Train Gal Gadot Alexandra Daddario left 1.4

24 Other test Emma Stone Anne Hathaway left 8.1

25 Repeat Keira Knightley Margot Robbie left 1.7

26 Train Scarlett Johansson Lily Collins left 1.6




No. Phase Left candidate Right candidate Response  Seconds

27 Other test Ana de Armas Scarlett Johansson right 2.0
28 Train Emma Watson Emma Stone right 1.6
29  Train Emma Watson Elizabeth Olsen left 2.3
30 Train Gal Gadot Anne Hathaway right 2.7
31 Train Natalie Portman Lily Collins tie 22
32 Train Lily Collins Emma Watson right 33
33 Repeat Scarlett Johansson Elizabeth Olsen left 1.8
34  Train Elizabeth Olsen Keira Knightley right 4.7
35 Target test Ana de Armas Tongdak Cheonsa right 1.5
36 Train Keira Knightley Anne Hathaway left 2.3
37 Other test Alexandra Daddario Margot Robbie tie 2.5
38 Train Anne Hathaway Emma Watson right 2.0
39 Target test Tongdak Cheonsa Alexandra Daddario left 0.8
40 Repeat Scarlett Johansson Alexandra Daddario left 2.1

Browser elapsed time includes any time spent away from the page and is not a controlled response-
time measure. No choice is excluded using a time or repeat-consistency threshold.

H Portrait preprocessing and full input collection

Detection and deterministic cropping. MediaPipe Face Landmarker [Google AI Edge, 2026]
is used only to locate a crop. We run its image mode with at most five detected faces and detec-
tion/presence thresholds of 0.5. Detection images have a maximum dimension of 1600 pixels. If
the full frame yields no face, a fixed cascade tries upper-center windows with normalized bounds
(.125,0,.875,.65) and (.25,0,.75,.5). A source is rejected if no face is detected, if the second-
largest landmark box exceeds 30% of the largest box’s area, or if either native dimension of the
selected landmark box is below 120 pixels. The retained foreground face is visually checked before
collection; this check is not an attractiveness filter.

For a landmark box of width f,, height f}, and center (cm,cy), the desired crop height is
h = max(1.72f,1.80f,/0.8), width 0.8h, and center (c;,c, — 0.12f3,). The rectangle is re-
duced uniformly if needed to fit the original, translated within image bounds, rounded to integer
coordinates, and resized with Lanczos to 512 x 640. These coordinates and both source and out-
put hashes are retained. No rotation alignment or facial deformation is applied. The encoder then
uses its official resize and center-crop operations, as illustrated in Figure 11. The original-frame
diagnostic starts from an aspect-preserving image whose maximum dimension is 1024 pixels.

Source selection before responses. The candidate pool contains Anne Hathaway, Natalie Port-
man, Scarlett Johansson, Margot Robbie, Ana de Armas, Emma Watson, Emma Stone, Alexandra
Daddario, Keira Knightley, Lily Collins, Elizabeth Olsen, and Gal Gadot. Wikimedia Commons
supplies four files from distinct recorded source groups per actress. Source records include a pinned
Commons page revision, original-file SHA-1 and SHA-256, metadata dates, credited creator, li-
cense, and adult-at-capture check. A video still is allowed when its stated source has a compatible
license. Two initial international-panel files were replaced because they failed the fixed detection
or prominent-face criteria; their source revisions and rejection reasons are retained. This occurred
before the final protocol freeze and before any human responses.

The source collection mixes years, events, photographers, image quality, expressions, and prior
source edits. It is not a controlled acquisition dataset. Within-person source separation and exact-file
independence are verified; photographer independence and global event separation are not assumed.
The four target files retain the provenance of the requester’s earlier photo collection. Their reuse
does not transfer the earlier study’s labels or outcomes to this experiment.
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A Original photograph B Fixed portrait crop C Official encoder input

—_—
224 x 224 center crop
512 x 640 px shown to the user Resize to 224 x 280 first
1750 x 3488 px No retouching or face warping Central square of the same source
Landmark box + fixed padding 4:5 display aspect ratio

Source: https://www.flickr.com/photos/greg2600/; CC BY-SA 2.0. Same source image; the encoder uses a narrower central view.

Figure 11: Exact preprocessing illustrated on a retained source. Orange marks the fixed face-
centered crop in the original photograph; purple marks the encoder’s central square within the dis-
played portrait. Aspect ratios are preserved in this diagram. The human sees the complete canonical
portrait, while CLIP receives its central square. The source record and license appear in Table 11.

Different photographs for personalization and evaluation

Personalization: 2 portraits Held-out panel: 2 new portraits

Anne Hathaway

lllustrative candidate

Natalie Portman
lllustrative candidate

Scarlett Johansson
lllustrative candidate

Tongdak Cheonsa No target portraits
Prespecified target or target comparisons in training

Four distinct source groups per actress. The target has no training photograph. This design holds out photographs within known
people and one target identity.

Figure 12: Photo-level separation for three illustrative actresses and the target. Every actress con-
tributes two training and two test photographs. Tongdak Cheonsa contributes no training portrait;
primary test photographs A and D are separate from alternate diagnostic photographs B and C. The
full collection follows in Figures 15 and 16.
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I Comparison schedule and frozen feature geometry

A Training comparisons: 24 B Held-out comparisons: 12

Alexandra Alexandra
Daddario Daddario
Scarlett ® . Anade Armas Scarlett @® Anade Armas

Johanssgl/ Johan&on

Natalie o Natalie

@ Anne Hathaway
Portman

Elizabeth

Margot Robbie @ ol
sen

Tongdak Cheonsa
Lily Collins @

Lily Collins @ @ Emma Stone

e ¢ o )
KrF e:::e Emma Watson KnKe;:tTe @ Emma Watson
! [
gntey Gal Gadot ghtley Gal Gadot

12 people; 4 comparisons per person 8 other pairs + 4 target pairs

Edges show the frozen question schedule, not observed preference or model predictions. The four reversed repeats are excluded
from both graphs.

Figure 13: The complete scheduled comparison graphs. Edges denote questions, without expressing
a response or a prediction. The training graph has degree four at every identity; the twelve held-
out comparisons include four target edges. Names and phase membership are hidden in the human
interface. The reversed-repeat trials are kept outside both graphs and outside fitting.

The sixteen prompt contrasts in Table 10 were chosen before responses. All models use their com-
plete assigned representation; the feature display does not guide pruning or penalty selection. Fig-
ure 14 describes the primary encoder’s actual frozen training features. Their correlations explain
why a coefficient should be read conditional on the other probes. The 24 training differences have
numerical rank 11, consistent with their construction from twelve panel means. Increasing the num-
ber of questions among those same twelve means would not remove this algebraic rank bound.

A Correlation among frozen text contrasts B Geometry before personal labels

01 Smiling / neutral - 10- —@— Pair-design singular values
02 Gentle /intense - ~ - Within-person scatter eigenvalues
- 1.00
03 Relaxed / serious -
04 Expressive / reserved - -0.75
05 Rounded / angular —.
050 g 3
06 Soft/ defined - = S
° «
07 Natural / glamorous - -025 £ ©
8 S
08 Subtle / dramatic makeup -| = °
-000 £ r
09 Short/ long hair - 5 >
& s
10 Straight / wavy hair - --025 2 o
£ >
11 Bangs / uncovered forehead - 5 2
--0.50 — >
12 Candid / posed -
13 Frontal / profile - --0.75
15 Simple / elaborate styling - --1.00 .
00- -y a2 nwa
16 Casual / professional photo - -
12 3 4 5 6 7 8 9 10 11 12 13 14 15 16 1 4 8 12 16

Ordered component

These descriptions use only the fixed training photographs. Correlated prompts are not independent attributes; the 24-pair design has rank at most 11
No dimension was removed and no model was selected using this display.

Figure 14: Structure of the fixed primary representation before personal labels. Left: Pearson corre-
lations among sixteen text-contrast coordinates over the 24 training portraits. Right: singular values
of the scheduled panel-difference matrix and eigenvalues of the within-person scatter, each divided
by its own largest value. These are separate spectra, not a common-coordinate decomposition. No
held-out photograph or response enters this description.
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Table 10: The sixteen fixed text contrasts. Unless the full prompt is shown, the shared prefix is “a
portrait of a woman with” and a period is appended. The protocol contains every prompt verbatim.

ID

Positive text

Negative text

01
02
03
04
05
06
07
08
09
10
11
12
13
14
15
16

a smiling face

a gentle expression

a relaxed expression

an expressive face

rounded facial features

soft facial features

a natural appearance

subtle makeup

short hair

straight hair

bangs

a candid portrait of a woman
a front-facing portrait of a woman
a warm expression

simple styling

a casual snapshot of a woman

a neutral expression

an intense expression

a serious expression

a reserved expression

angular facial features

sharply defined facial features
a glamorous appearance
dramatic makeup

long hair

wavy hair

her forehead uncovered

a posed portrait of a woman

a profile portrait of a woman
a cool expression

elaborate styling

a professional portrait of a woman

Coordinates subtract negative from positive text-image cosine similarity, then use training-portrait standardization. A coeffi-
cient is conditional on these correlated probes; the labels are not validated measurements of facial traits.
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J Complete portrait plates

The plates display all 52 canonical portrait files, including the four target photographs. Names here
identify the sources; they are absent from the comparison screen. Image suffixes join each portrait to
the credit table and machine-readable manifest. Dates reproduce available source metadata at year
precision; “n.d.” means the date is not recorded. The two target alternatives are diagnostic inputs,
without new human labels.

The portrait collection
Every displayed file is fixed before choices; image IDs link to full credits and source hashes.

train test test

Alexandra Daddario

04 01 02 03
2022 2015 2016 2017
train train test test
Ana de Armas 04 02 01 03
2024 2025 2017 2018
train train test test
Anne Hathaway 03 04 02 01
2024 2014 2011 2023
train train test test
Elizabeth Olsen 03 02 01 04
2024 2019 2013 2025
train train test test
Emma Stone 01 04 02 03
2010 2024 2018 2024
3 train train test test
Emma Watson 04 02 01 03
2017 2012 2010 2013

Figure 15: Complete collection, part 1 of 2. Each row contains two training and two held-out
photographs of one actress. Colors indicate assigned input roles, not a preference or model outcome.
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The portrait collection
Every displayed file is fixed before choices; image IDs link to full credits and source hashes.

train test
Gal Gadot 02 o1
¥ 2018 2017
train train test
Keira Knightley 03 02 04
| 2012 2011 2008
train train test
Lily Collins 03 04 o1
2019 2013 2013
train train test
Margot Robbie 01 03 04
2013 2018 2026
train test
Natalie Portman 02 03
2011 2025
test
Scarlett Johansson 03
B 2016
alternate test
Tongdak Cheonsa B D
n.d. i n.d.

Figure 16: Complete collection, part 2 of 2. The target row contains alternate sources B and C and
primary sources A and D. All other rows contain two training and two held-out photographs.

24



K Photograph credits

Table 11: Photograph sources. Image suffixes match the complete portrait plates. Dates are
source metadata and can be publication dates rather than camera-capture dates. Canonical
crops are adaptations of the credited originals.

Candidate / image Date Credit License Source
Alexandra Daddario / 01 2015-04-04 Gage Skidmore CCBY-SA 2.0 record
Alexandra Daddario / 02 2016-10-15 DannyB Photos CCBY 2.0 record
Alexandra Daddario / 03 2017-05-17 Eva Rinaldi CCBY-SA 2.0 record
Alexandra Daddario / 04 2022-09-27 Pansvalnac CCBY-SA 4.0 record
Ana de Armas /01 2017-07-22 Gage Skidmore from Peoria, AZ, CCBY-SA 2.0 record
United States of America
Ana de Armas / 02 2025-04-03 Gage Skidmore from Surprise, AZ, CCBY-SA 2.0 record
United States of America
Ana de Armas /03 2018-03-01 Eric Longden CCBY 3.0 record
Ana de Armas / 04 2024-09-07 Jay Dixit / WikiPortraits CCBY-SA 4.0 record
Anne Hathaway / 01 2023-02-16 Harald Krichel CCBY-SA 3.0 record
Anne Hathaway / 02 2011-02-27 Mingle MediaTV CCBY-SA 2.0 record
Anne Hathaway / 03 2024-10-08 Jay Dixit CCBY-SA 4.0 record
Anne Hathaway / 04 2014-04-26 Mingle MediaTV CCBY-SA 20 record
Elizabeth Olsen / 01 2013-07-20 Gage Skidmore CCBY-SA 20 record
Elizabeth Olsen / 02 2019-04-10 https://wuw.flickr.com/photos/ CCBY-SA2.0 record
greg2600/
Elizabeth Olsen / 03 2024-09-08 John Sears / WikiPortraits CCBY-SA 4.0 record
Elizabeth Olsen / 04 2025-09-27 Kevin Paul CCBY 4.0 record
Emma Stone / 01 2010-10-15 Promiflash.de CCBY-SA 3.0 record
Emma Stone / 02 2018-09-13 Patrick L. CCBY-SA 2.0 record
Emma Stone / 03 2024-05-18 Ariela Ortiz-Barrantes / WikiPortraits CCBY-SA 4.0 record
Emma Stone / 04 2024-10-05 Bryan Berlin CCBY-SA 4.0 record
Emma Watson / 01 2010-11-15 Joella Marano CCBY-SA 2.0 record
Emma Watson / 02 2012-04-21 David Shankbone CCBY 3.0 record
Emma Watson / 03 2013-05-29 Georges Biard CCBY-SA 3.0 record
Emma Watson / 04 2017-06-12 Mars Movies CCBY 3.0 record
Gal Gadot / 01 2017-11-14 Mark Neyman / Government Press CCBY-SA 3.0 record
Office of Israel
Gal Gadot /02 2018-07-21 Gage Skidmore from Peoria, AZ, CCBY-SA 2.0 record
United States of America
Gal Gadot /03 2016-07-23 Gage Skidmore from Peoria, AZ, CCBY-SA 2.0 record
United States of America
Gal Gadot / 04 2015-07-11 Gage Skidmore from Peoria, AZ, CCBY-SA 2.0 record
United States of America
Keira Knightley / 01 2015-02-02 The Standard CCBY 3.0 record
Keira Knightley / 02 2011-09-10 GabboT CCBY-SA 2.0 record
Keira Knightley / 03 2012-09-04 Paul Bird CCBY 2.0 record
Keira Knightley / 04 2008-02-11 Chloe from Reading, England CCBY 2.0 record
Lily Collins / 01 2013-03-30 Gage Skidmore CCBY-SA 2.0 record
Lily Collins / 02 2015-04-23 We Day, Free The Children CCBY-SA 4.0 record
Lily Collins / 03 2019-05-07 Montclair Film CCBY 2.0 record
Lily Collins / 04 2013-07-19 Gage Skidmore CCBY-SA 3.0 record
Margot Robbie / 01 2013-08-08 P. Lovell CCBY-SA 2.0 record
Margot Robbie / 02 2016-07-23 Gage Skidmore from Peoria, AZ, CCBY-SA 2.0 record
United States of America
Margot Robbie / 03 2018-01-23 Eva Rinaldi from Sydney Australia CCBY-SA 2.0 record
Margot Robbie / 04 2026-02-02 Ondine Goat CCo record
Natalie Portman / 01 2019-07-20 Gage Skidmore from Peoria, AZ, CCBY-SA 2.0 record
United States of America
Natalie Portman / 02 2011-02-26 LG Electronics CCBY 2.0 record
Natalie Portman / 03 2025-05-16 Martin Kraft CCBY-SA 4.0 record
Natalie Portman / 04 2015-02-07 Siebbi CCBY-SA 3.0 record
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https://commons.wikimedia.org/wiki/File:Alexandra_Daddario_April_2015.jpg?oldid=1045608098
https://commons.wikimedia.org/wiki/File:Alexandra_Daddario_2016.jpg?oldid=1045608088
https://commons.wikimedia.org/wiki/File:Baywatch_Movie_Launch,_Alexandra_Daddario_(cropped).jpg?oldid=1016968105
https://commons.wikimedia.org/wiki/File:Alexandra_daddario_2022_(cropped).jpg?oldid=940064434
https://commons.wikimedia.org/wiki/File:Ana_de_Armas_2017_crop.jpg?oldid=1053401316
https://commons.wikimedia.org/wiki/File:Ana_de_Armas_(54461784607)_(cropped).jpg?oldid=1065912013
https://commons.wikimedia.org/wiki/File:Ana_De_Armas.png?oldid=850575902
https://commons.wikimedia.org/wiki/File:Ana_de_Armas_at_the_2024_Toronto_International_Film_Festival_02_(cropped).jpg?oldid=1232003893
https://commons.wikimedia.org/wiki/File:Anne_Hathaway-68408.jpg?oldid=1249432657
https://commons.wikimedia.org/wiki/File:Anne_Hathaway_2011.jpg?oldid=1249014616
https://commons.wikimedia.org/wiki/File:Anne_Hathaway_at_The_Apprentice_in_NYC_03_(cropped).jpg?oldid=1250478126
https://commons.wikimedia.org/wiki/File:Anne_Hathaway_2014_(cropped).jpg?oldid=1250478231
https://commons.wikimedia.org/wiki/File:Elizabeth_Olsen_by_Gage_Skidmore_02_(cropped).jpg?oldid=1227942243
https://www.flickr.com/photos/greg2600/
https://www.flickr.com/photos/greg2600/
https://commons.wikimedia.org/wiki/File:Elizabeth_Olsen_(47645926591).jpg?oldid=1227941992
https://commons.wikimedia.org/wiki/File:Elizabeth_Olsen_at_the_2024_Toronto_International_Film_Festival_3_(Cropped).jpg?oldid=1283461389
https://commons.wikimedia.org/wiki/File:Elizabeth_Olsen_-_Los_Angeles_Comic_Con_2025.jpg?oldid=1209219263
https://www.promiflash.de/
https://commons.wikimedia.org/wiki/File:Emma-Stone-Photo-Call.jpg?oldid=1264060377
https://commons.wikimedia.org/wiki/File:Emma_Stone_at_Maniac_UK_premiere_(cropped).jpg?oldid=1196075245
https://commons.wikimedia.org/wiki/File:Emma_Stone_after_Kinds_of_Kindness_press_conference_at_2024_Cannes_Film_Festival_3_(cropped_2)_(cropped).jpg?oldid=1238269554
https://commons.wikimedia.org/wiki/File:Emma_Stone_at_the_2024_New_York_Film_Festival_2.jpg?oldid=1256430870
https://commons.wikimedia.org/wiki/File:Emma_Watson,_November_2010.jpg?oldid=1187783406
https://commons.wikimedia.org/wiki/File:Emma_Watson_2012_Shankbone_(cropped).JPG?oldid=1232260927
https://commons.wikimedia.org/wiki/File:Emma_Watson_2,_2013.jpg?oldid=1232264394
https://commons.wikimedia.org/wiki/File:3_Emma_Watson_Circle.png?oldid=1188882258
https://commons.wikimedia.org/wiki/File:Gal_Gadot_2017.jpg?oldid=1225469622
https://commons.wikimedia.org/wiki/File:Gal_Gadot_(28823128627)_(cropped).jpg?oldid=1003064408
https://commons.wikimedia.org/wiki/File:Gal_Gadot_(27976790524)_(cropped).jpg?oldid=1266170284
https://commons.wikimedia.org/wiki/File:SDCC_2015_-_Gal_Gadot_(19685887476)_(cropped).jpg?oldid=1043877790
https://commons.wikimedia.org/wiki/File:KeraK_(cropped).jpg?oldid=939629978
https://commons.wikimedia.org/wiki/File:Keira_Knightley_at_the_premiere_of_A_Dangerous_Method,_Toronto_Film_Festival_2011_(cropped).jpg?oldid=1139281141
https://commons.wikimedia.org/wiki/File:Keira_Knightley_2012.jpg?oldid=1155970108
https://commons.wikimedia.org/wiki/File:Keira_Knightley.jpg?oldid=958601396
https://commons.wikimedia.org/wiki/File:Lily_Collins_WonderCon_2013.jpg?oldid=1274512107
https://commons.wikimedia.org/wiki/File:Lily_Collins_on_stage_at_We_Day_Seattle_2015_(cropped).jpg?oldid=1190016856
https://commons.wikimedia.org/wiki/File:Lily_Collins_at_Tolkien_event_(47748800552)_(crop).jpg?oldid=1238239838
https://commons.wikimedia.org/wiki/File:Lily_Collins_by_Gage_Skidmore.jpg?oldid=1165257621
https://commons.wikimedia.org/wiki/File:Margot_Robbie_at_Somerset_House_in_2013_(cropped).jpg?oldid=1249457286
https://commons.wikimedia.org/wiki/File:Margot_Robbie_(28601016915)_(cropped_2).jpg?oldid=1158970751
https://commons.wikimedia.org/wiki/File:SYDNEY,_AUSTRALIA_-_JANUARY_23_Margot_Robbie_arrives_at_the_Australian_Premiere_of_%27I,_Tonya%27_on_January_23,_2018_in_Sydney,_Australia_(28074883999)_(cropped_2).jpg?oldid=1249485533
https://commons.wikimedia.org/wiki/File:Margot_Robbie_Wuthering_Heights_premiere.jpg?oldid=1282908423
https://commons.wikimedia.org/wiki/File:Natalie_Portman_(48470988352)_(cropped).jpg?oldid=909028824
https://commons.wikimedia.org/wiki/File:Natalie_Portman,_2011.jpg?oldid=907584396
https://commons.wikimedia.org/wiki/File:MKr380590_Natalie_Portman_(Arco,_Cannes_2025).jpg?oldid=1254682921
https://commons.wikimedia.org/wiki/File:Natalie_Portman_Berlin_2015_3_(cropped).jpg?oldid=1231944395

Candidate / image Date Credit License Source

Scarlett Johansson / 01 2012-04-19 Paul Bird CCBY 2.0 record
Scarlett Johansson / 02 2013-07-20 Gage Skidmore CCBY-SA 3.0 record
Scarlett Johansson / 03 2016-09-11 GabboT CCBY-SA 2.0 record
Scarlett Johansson / 04 2017-03-16 Dick Thomas Johnson; derivative work: CC BY 2.0 record
Minerva97
Tongdak Cheonsa / A n.d. User-supplied photograph Unverified rights —
Tongdak Cheonsa /B n.d. User-supplied photograph Unverified rights —
Tongdak Cheonsa / C n.d. User-supplied photograph Unverified rights —
Tongdak Cheonsa / D n.d. User-supplied photograph Unverified rights —

Full URLs, license links, revision identifiers, source groups, adult-at-capture checks, original hashes,
and crop coordinates are retained in the machine-readable manifest. The target files are supplied by
the requester; a Creative Commons license is not inferred for them.
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https://commons.wikimedia.org/wiki/File:Scarlett_Johansson_2,_2012.jpg?oldid=1246977849
https://commons.wikimedia.org/wiki/File:Scarlett_Johansson_SDCC_2013_by_Gage_Skidmore_1.jpg?oldid=1165266544
https://commons.wikimedia.org/wiki/File:Scarlett_Johansson_(29479903050).jpg?oldid=1195861267
https://commons.wikimedia.org/wiki/File:Ghost_In_The_Shell_World_Premiere_Red_Carpet,_Scarlett_Johansson_(cropped).JPG?oldid=1272852429
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