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Abstract

High inter-model agreement among LLM
judges is often cited as evidence of reli-
ability, but we challenge this: consensus
frequently reflects geometric mode col-
lapse, where LLMs flatten quality judg-
ments onto low-rank fluency-dominated
subspaces, erasing culturally-grounded di-
mensions. We formalize evaluation as
a lossy projection operator and validate
this on a multilingual health benchmark
(Hindi, Kannada, Malayalam; 15 medical
professionals; 600+ judgments). Findings:
(1) variance compression (orrM/0Human =
0.69; 93-95% null-space); (2) orthogonal
subspaces (> T79° angles; < 7% shared
variance); (3) resource-stratified collapse
(Malayalam 85.9%). We introduce sub-
space alignment theory: LLMs achieve
high agreement through redundant projec-
tion onto shared fluency manifolds orthog-
onal to human judgment, consensus sig-
nals redundancy, not validity. We pro-
vide geometric diagnostics (rank, null-space,
cross-lingual transfer) and outline subspace
augmentation remedies, reframing LLM-as-
Judge reliability as a geometry problem
with actionable solutions.

1 Introduction

The Illusion of Reliable Consensus.
LLM-as-judge is standard for evaluation (Chi-
ang et al., 2023; Zheng et al., 2023; Wang
et al., 2023), working for factual checks
but faltering on implicit, subjective, and
community-dependent judgments. High inter-
model agreement masks geometric orthogonal-
ity (Gudibande et al., 2023): LLM judges fail
not due to poor tuning, but because they op-
erate in subspaces orthogonal to human value
spaces. In health, where trust depends on lo-
cal norms and rarely-explicit context, this is
catastrophic (Raji et al., 2021). Multilingual

evaluation amplifies this: community aware-
ness, cultural safety, and pragmatics are or-
thogonal to the fluency cues LLMs over-rely
on (Xu et al., 2024; Parrish et al., 2021).

Isolated Bugs or Structural Failure?
Prior work attributes failures to independent
problems: fluency bias (Wang et al., 2023;
Zheng et al., 2023), prompt sensitivity (Fu
et al., 2024; Liu et al., 2023a), style preferences
(Gilardi et al., 2023; Lin et al., 2024), and
language devaluation (Xu et al., 2024; Jiao
et al., 2023). We unify these as geometric
mode collapse: human evaluation spans a high-
dimensional manifold (culture, safety, empathy,
nuance), while LLMs project onto a low-rank
fluency subspace, creating false consensus via
subspace alignment.

Theory, Empirical Validation, and Path
Forward. We validate this hypothesis on our
participatory health benchmark across Hindi,
Kannada, and Malayalam (see Appendix A
for details on language selection and commu-
nity awareness protocols). Our findings: (i)
LLMs compress variance 0.69x with 93-95%
null-space fractions; (ii) subspaces are orthog-
onal (> 79° angles), proving disagreement is
geometric; (iii) inter-LLM agreement reflects
redundant projection, not validation. We in-
troduce subspace alignment theory, provide ge-
ometric diagnostics for mode collapse, and out-
line manifold-aware evaluation anchored to hu-
man values (Finlayson et al., 2021).

2 Background

Surrogate evaluation at scale. LLM-as-
judge emerged to move beyond n-gram overlap,
showing higher human correlation for open-
ended tasks (Chiang et al., 2023; Zheng et al.,
2023; Kocmi and Federmann, 2023; Bang and



et al., 2023) and spreading from dialogue and
summarization (Zheng et al., 2023; Krishna
and et al., 2023) to high-stakes biomedical and
political domains (He et al., 2023; Gilardi et al.,
2023). The core assumption, that LLMs mea-
sure the same latent variables as humans, is
fragile: LLMs act as biased projectors, not
full-spectrum judges, and opacity makes high
scores indistinguishable from alignment with
model priors.

Geometric bias: the fluency subspace.
Evaluation can be viewed as projection; failure
modes are manifold misalignments: (i) Flu-
ency bias, verbosity/fluency overweighted, in-
flating polished but vacuous answers (Wang
et al., 2023; Zheng et al., 2023); (ii) Self-
preference, judges favor distributions resem-
bling their own generations (Gilardi et al., 2023;
Lin et al., 2024); (iii) Cultural orthogonal-
ity, non-English or local reasoning is pushed
into the null space (Xu et al., 2024; Zhuo
et al., 2023). Projections are unstable: prompt
tweaks flip preferences (Fu et al., 2024; Liu
et al., 2023a), and CoT often rationalizes bias
rather than reasons (Turpin et al., 2023; Wang
et al., 2024).

Consensus as subspace alignment. High
inter-LLM agreement (Zheng et al., 2023; Lin
et al., 2024) reflects shared projection matrices
(similar architectures, corpora, RLHF), not
truth. This is an echo-chamber alignment
(Hegselmann and Krause, 2002; Nguyen, 2020):
multiple judges collapse onto the same low-
dimensional fluency manifold, producing geo-
metric mode collapse. Compared to human
evaluation that preserves cultural and subjec-
tive variance, LLM metrics trade variance for
systemic bias (Geman et al., 1992), filtering
out precisely the signals, disagreement, nuance,
outliers, critical for safe, culturally grounded
deployment (Raji et al., 2020; Mitchell et al.,
2021).

3 Theoretical Foundations:
Evaluation as Lossy Subspace
Projection

We reconceptualize LLM evaluation as a ge-
ometric signal recovery problem (Belkin
and Niyogi, 2003; Coifman and Lafon, 2006).
Response quality exists on a high-dimensional

manifold M C R (Facco et al., 2017), while
LLM evaluators operate as rank-deficient pro-
jection operators Py : RP — S; where
dim(S7) < D (Eckart and Young, 1936; Halko
et al., 2011). This structural deficiency causes
Geometric Mode Collapse.

3.1 Semantic Decomposition and
Orthogonal Subspaces

Response h € RP admits orthogonal decompo-
sition (Schiitze, 1992; Arora et al., 2018):

h= hstyle + hfact + hcult + € (1)

where components lie in orthogonal subspaces:
hstyle S Vstyle (Surface ﬂuenCY)a hfact € Vfact
(epistemic grounding), heyy € Veury (cultural
alignment), and € is noise. The human oracle
f*:RP — R computes:

Fr) = Y wilPyhl; (2)
1e{s,f,c}
with Wact, Weult > Wstyle in high-stakes do-
mains (Madaio et al., 2020), preserving vari-
ance across subspaces.

3.2 The Low-Rank Projection
Operator

Definition 1. An LLM judge J induces or-
thogonal projection (Golub and Van Loan,
2013) Py = UJU?} onto subspace S7 =

span(uy, ..., u;) with k¥ < D. The score func-
tional is:
k
Scores(h) = [Psh[3 =) (u/h)* (3)
i=1

satisfying P2, = P and rank(Py) = k.

Theorem 1 (Cultural Orthogonality).
If basis {u;}¥_, is learned via next-token pre-
diction on fluency-dominant corpora (Brown
et al., 2020; Kaplan et al., 2020), then:

(112‘, hcult> ~ 0 VZ, hcult € N(PJ) (4)

Thus Scores(h) & ||hstyie|* regardless of cul-
tural alignment. Proof sketch: Next-token
prediction optimizes for surface distributional
match (Radford et al., 2019), inducing basis
vectors aligned with n-gram statistics (Bengio
et al., 2003). Cultural content, being distribu-
tional outliers and semantically orthogonal to
frequency-driven features (Zipf, 1935), projects
minimally onto this basis.



3.3 Variance Collapse and Information
Loss

Theorem 2 (Variance Collapse). Let g
be covariance of human-observed quality. The
variance accessible to J satisfies (Jolliffe and
Cadima, 2016):

k
Vary = Tr(PypPg) = > A (5)
i=1
If rank(P7) = k < D and human eigenvalues
decay slowly, then:
k
D ¥
O = 1 — # ~ 0.93-0.95  (6)
i=1 "\
The null-space fraction quantifies the quality
variation LLMs cannot perceive (Tishby and
Zaslavsky, 2015).

Corollary 1 (Distributional Compres-
sion). If human scores sy ~ N (up,o%) and
LLM projection induces s7 = ||P 7h||*:

k
0% < Ba?{ + bias?(P ) (7)
This explains ceiling effects (Cronbach and

Meehl, 1955) and reduced variance observed
empirically.

3.4 Reconstruction Error Bounds

Proposition 1 (Lossy Compression).
Rank-k reconstruction error satisfies (Eckart
and Young, 1936; Mirsky, 1960):

D
En[[lh—Psh|*] = Y A\ (8)
i=k+1
LLMs with rapid spectral decay (A1 > A2 >
..) saturate at low k (Martin and Mahoney,
2021), while human judgments with gradual
decay remain substantial until k ~ D.

3.5 Inter-Model Spectral Alignment

Theorem 3 (Redundant Projection). For
LLMs A, B with subspaces Sa,Sp, agreement
via principal angles (Bjorck and Golub, 1973;
Knyazev and Argentati, 2002):

1
Agreement(A, B) = T HUZ;UBHQF (9)

If A, B share pre-training and RLHF objectives
(Ouyang et al., 2022; Bai et al., 2022), O i, ~ 0
(near-parallel), yielding:

0(Sa,Sp) < 0(Sa,Sn) (10)

High inter-LLM agreement reflects redundant
projection onto shared fluency manifolds, not
accuracy validation (Bowman et al., 2022).

3.6 Language-Stratified Null Space

Proposition 2 (Resource-Dependent Or-
thogonality). For language ¢ with corpus size
|C¢| (Joshi et al., 2020; Blasi et al., 2022):

Ce]
‘Cref|

monotonic

O‘fmll X €xXp <_5 > + Qmin (11)

This predicts
QMalayalam > OKannada -~ O‘Hindi; validated in
Section 5.6.

ordering:

4 Experimental Setup

We test the Variance Collapse Hypothe-
sis, LLM judging as low-rank, lossy projection,
in a community-centered, multilingual health
setting, where cultural and safety signals are
high-dimensional and orthogonal to fluency.

Community data. Partnered with Indian
CSOs and local data workers, we curated 270
real health dilemmas per language (Hindi, Kan-
nada, Malayalam), totaling 810 queries (see Ap-
pendix A for details on language, domain, and
community selection). Questions span mod-
ern vs traditional remedies, intergenerational
disagreements, and conflicting formal/informal
advice, content absent from training corpora,
forming a community-driven benchmark.

Model responses. Three multilingual LLMs
(Sarvam-M, Qwen3-235B-A22B, Llama-3.1-
405B-Instruct) generated answers under a con-
sistent “health expert” prompt with language
constraints and word limits, yielding 2,430 re-
sponses (810 x 3).

Evaluation criteria. Four dimensions co-
designed with CSOs: (i) clarity/fluency (sur-
face quality), (ii) helpfulness/relevance (intent
alignment), (iii) accuracy (epistemic reliabil-
ity), (iv) completeness vs conciseness (informa-
tion density). Standalone ratings probe vari-
ance collapse; pairwise comparisons probe
subspace alignment and bias amplification.

LLM judges. GPT-40 (closed-source) and
Sarvam-M (also a system under test) served as
judges, enabling tests of manifold overfitting
and self-preference. Both produced scores and
free-text rationales.



Human judges. Twenty-three native speak-
ers (12 involved in query creation) rated with
the same rubric, adding written and spoken
rationales. Humans provide the full-rank “ora-
cle” manifold against which LLM compression
is measured.

Details regarding dataset curation, native
speaker recruitment, healthcare taxonomies,
prompt templates, and model selection ratio-
nales are presented in Appendix B.

Protocol. Judgments use standalone and
pairwise scores with statistical controls to vali-
date variance collapse, spectral alignment, and
the filtering of orthogonal cultural and factual
components.

5 Empirical Analysis: Evidence of
Geometric Mode Collapse

We validate our operator-theoretic framework
using geometric diagnostics on the multilingual
health benchmark, demonstrating LLM judges
act as low-rank projection operators.

5.1 Dimensional Collapse

Figure 1 establishes that LLM evaluators oper-
ate in significantly lower dimensionality than
humans. Figure la shows LLMs concentrate
61.3% of variance on PC1 for Helpfulness ver-
sus 52.1% for humans, and 57.8% versus 51.6%
for Accuracy. This systematic concentration in-
dicates flattening of multi-dimensional quality
attributes, the signature of rank-deficient P ;.
The PC1 axis captures surface fluency (hgy1e)
while suppressing higher-order components.

Figure 1b confirms extreme rank deficiency:
humans utilize full-rank space (rgs ~ 8 — 9),
but LLMs collapse Clarity to rgs = 2 and Help-
fulness to rg5 = 3. LLM spectra drop to noise
levels (A < 0.01\;) by & = 3 — 4, while hu-
man spectra maintain substantial eigenvalues
through k = 8 —9. Shannon entropy quantifies
this: Hyrym = 1.74 nats versus Hyyman = 2.10
nats, validating rank(Py) < D from Equa-
tion (3).

5.2 Direct Validation of Lossy
Compression

Figure 2 tests lossy compression through re-
construction error, validating Equations (5)-
(6). Panel A shows LLM error curves satu-
rate at £ = 2 — 3 with error < 0.05, while

humans require £k = 8 — 9. For Complete-
ness, LLMs achieve < 3% error at k = 3 ver-
sus > 12% for humans. Panel B’s error ratio
eLLM (k) /€fuman (k) consistently exceeds 1.5-2.0
for k < 3, direct evidence of inherent low-rank
structure.

Panel C reveals striking uniformity in LLM
per-query errors (narrow distributions, median
~ 0.04 at k = 3) versus substantial human
heterogeneity (median =~ 0.18 at k = 3). All
LLM queries are equivalently well-represented
by a single low-rank basis. Panel D shows
scores predicted with R? > 0.95 from rank-k
PCA: LLMs reach this at k = 2—3 (Helpfulness:
R? = 0.97 at k = 3), while humans require
k=7-—9. The gap quantifies approximately
5-6 dimensions of annihilated human judgment.

5.3 Quantifying Information Loss

Figure 3 quantifies signal loss magnitude. Fig-
ure 2b reveals LLMs discard 93.3% of evalua-
tive signal on average. For Accuracy, Varg =
0.253 but Vars = 0.017, yielding 93.3% annihi-
lation; for Clarity, 95.1%. Gray bars represent
Varyun = Varietar — Tr(P Jtruepg), instantiat-
ing Equation (6).

Figure 3a plots cumulative trace ratio R(k)
versus rank. LLMs achieve R(k) > 0.95 with
k = 2 (Helpfulness: R(2) = 0.957), while hu-
mans require k = 8. Area under curve: LLM
AUC =~ 0.88 versus human AUC =~ 0.62. This
variance loss explains ceiling effects and com-
pressed distributions, LLMs cannot perceive
variation orthogonal to S.

5.4 Semantic Component Attribution

Figure 3b tests Equations (1) and (4)
via residual-feature correlation. Panel A’s
heatmap supports orthogonality: style features
(fluency, sentence length) show weak residual
correlation (r < 0.2), confirming hgye € Sy7.
Factual features show moderate correlation
(r ~ 0.35—0.42), while cultural features exhibit
strong correlation (r > 0.58, cultural markers
reach r = 0.67), validating (bg, hcy) =~ 0.
Panel B shows cultural features dominate
Random Forest importance: cultural mark-
ers (I = 0.187), local context (I = 0.162),
code-mixing (I = 0.141) contribute ~ 49%
versus < 15% for style. Panel C quantifies
variance: style alone achieves R?> = 0.082,
adding factual increases by AR? = 0.134, but



PCA Subspace Projection: Human vs LLM

PC2 (Cuttural/Factual Axis)
Fact

(CutturalFactusi Axis)

PCL (Fluencyistyle Axis)

(a) PCA Axis Dominance. LLMs concentrate > 57%

variance on PC1.

Eigenspectrum Analysis: Evidence of Low-Rank Projection
LLMs exhibit rapid eigenvalue decay (rank deficiency); Humans retain more dimensions
racy

LLM: Concentrated (low rank) | Human: Dist

(b) Eigenspectrum Decay. LLM spectra decay by
k = 3; humans sustain through k£ = 9.

Figure 1: Dimensional Collapse. PCA and eigenspectra validate rank deficiency hypothesis.

Reconstruction Error Anal
A Error vs Rank

is: Validating Low-Rank Compression
8) Normalized Error Ratio

Error Ratio (LM / Human)

T 3 3 7 W 1 2 3
Rank k Rank k

) Error Distribution at Fixed Ranks (Accuracy)

¢¢¢¢¢¢¢¢¢¢¢¢¢¢¢ Rank k (PCA components)

(a) Reconstruction Analysis. Error curves saturate
at k = 2—3 (A-B); query distributions show uniformity
(C); prediction R* > 0.95 at k = 3 (D).

Variance Decomposition: Signal Captured vs Null Space
LLMs capture only fluency variance; cultural/factual variance annihilated
acy Clarity

(b) Variance Decomposition. Gray bars show 93-
95% of human variance annihilated.

Figure 2: Lossy Compression Validation. Reconstruction error and variance decomposition.

cultural adds AR? = 0.241, the largest con-
tribution. Panel D confirms Malayalam ex-
hibits steepest cultural density-residual slope
(8 = 0.089, r = 0.64, p < 0.001) versus Kan-
nada (8 = 0.061) and Hindi (8 = 0.038), val-
idating orthogonality is most severe for low-
resource languages.

5.5 Agreement Landscape and Model
Heterogeneity

Figure 4 examines distributional consequences.
Figure 4a reveals systematic patterns: Panel A
shows Malayalam completeness exhibits high
MAE (0.45-0.62) versus Hindi accuracy (0.28-
0.35). Panel B’s KDE shows LLM concen-
tration (oppm = 0.42) versus human spread
(0Human = 0.61), with suppression ratio 0.69.
Panel I's Q-Q plot confirms 35% quantile com-

pression. Panel G exposes systematic bias:
LLMs over-score Hindi (+0.12 #+ 0.08), neutral
for Kannada (—0.03£0.09), under-score Malay-
alam (—0.1940.11). Panel F shows correlation
degradation: human ry = 0.78 drops to LLM
rr, = 0.51. Panel C’s quadratic residual trend
shows systematic under-prediction at extremes,
the regression-to-mean property of low-rank
projections.

Figure 4b reveals heterogeneous collapse pat-
terns. Panel A: GPT-40 exhibits steeper de-
cay (rgs = 3.2, first eigenvalue 61.3%, ratio
A1/Ao = 4.8) versus Sarvam (rgs = 5.7, 48.7%,
ratio 3.1), more powerful LLMs show more
severe collapse. Panel B: GPT-40 shows me-
dian angle 6 = 82.7° (cosine 0.13) versus Sar-
vam 0 = 76.4° (0.24). Panel C: For Malay-
alam, GPT-40 annihilates 86.2% versus Sar-



Projection Rank k

Projection Rank k

(a) Trace Compression. LLMs saturate at k = 2;
humans require k£ = 8.

Figure 3: Information Loss Quantification.
validate cultural components lie in null space.

vam’s 81.4%. Panel E shows inter-model angle
Ointer = 48.3° (cosine 0.67), exceeding model-
human alignment by 2.8-5.2x, validating Spec-
tral Alignment (Eq. 7): distinct LLMs project
onto similar fluency-centric manifolds. Panel F:
GPT-40 scores 0.75 composite pathology versus
Sarvam’s 0.67, both exceeding 0.65 threshold
for fundamental failure.

5.6 Misalignment and Cultural Null
Space

Figure 5 examines systematic orthogonality.
Figure 5a maps principal angles: Accuracy
shows median 81.6°, Clarity 79.5°, Complete-
ness 83.2°, Helpfulness 82.1°. These near-
orthogonal angles (6 > 75°) imply cos?(6) <
0.067, LLM and human qualities share only
~ 2—7% common variance. Consistency across
criteria confirms systematic architectural prop-
erty validating Equation (4).

Figure 5b quantifies null-space fractions
Joar = 1 — varprojected/ Varyota;: Malayalam
85.9%, Kannada 84.2%, Hindi 79.7%, mono-
tonic ordering inversely correlates with re-
sources, confirming basis(S7) biased toward
high-resource languages. Cultural errors lie in
N (P 7), causing uniform scores despite varying
human-observed quality, empirically manifest-

. Malayal
ing P sh, /" — 0.

5.7 Dynamics and Cross-Lingual
Transfer

Figure 6 analyzes projection dynamics. Fig-
ure 6a visualizes vectors A = sp1,M — SHuman il

(b) Semantic Attribution. Cultural features dom-
inate residuals (r > 0.58, panel A); contribute 49%
predictive power (B); add AR? = 0.241 (C); Malay-
alam shows steepest slope (D).

Trace saturation and semantic component analysis

PC space. Arrows show systematic centripetal
compression toward PC1, with mean displace-
ment ||A|| = 1.24 SD and 78% exhibiting nega-
tive PC2 components, confirming P 7 actively
suppresses outliers and regresses judgments to
a safe mean.

Figure 6b quantifies spectral overlap decay
via O(k) = [UWTUW|2/k (Panels A-D):
overlap decays from O(1) =~ 0.65 — 0.72 to
O(3) =~ 0.28 — 0.35 by k = 3, reaching O(5) ~
0.15 —0.22 by £ = 5. Panel F’s cross-lingual
transfer shows bases fail to transfer: Malayalam
variance projected onto Hindi LLM basis yields
< 30% retention (R = 0.27). Within-language
diagonal entries remain poor (= 0.45 — 0.52).
Asymmetric transfer (Riindi—Malayalam = 0.27
versus Rufalayalam—Hindi = 0.31) reflects Hindi’s
more general but inadequate basis. Panel
E shows Malayalam occupies low-agreement
(r = 0.42), high-curvature (k = 0.18) region
versus Hindi (r = 0.61, x = 0.09), with neg-
ative correlation p = —0.54 (p < 0.01) indi-
cating nonlinear distortions worsen for low-
resource languages.

Empirical Validation Summary. Twelve
complementary analyses validate the frame-
work: (1) Low-rank structure: LLMs oper-
ate in k£ = 2 — 3 dimensions versus human
k =8 —9; (2) Variance collapse: 93-95% sig-
nal annihilation validates Equation (6); (3)
Semantic decomposition: residuals correlate
with cultural features (r > 0.58) not style
(r < 0.2), validating Equations (1) and (4);



\greement Landscape: Concordance Patterns and Systematic Biases

) Mean Abstute e rar

(a) Agreement Landscape. Variance suppression
(0.69 ratio), language bias (+0.12 to —0.19), 35% quan-
tile compression, correlation degradation.

Model-Specific Projection Signatures: Comparative LLM Geometry

o

(b) Model Signatures. GPT-4o: rg95 = 3.2, 0 = 82.7°,
86.2% null space. Sarvam: rgs = 5.7, 0 = 76.4°, 81.4%
null space.

Figure 4: Agreement and Model Heterogeneity. Distributional consequences and model-specific

geometric signatures.

(4) Subspace orthogonality: angles > 79° con-
firm (bg,heut) =~ 0; (5) Spectral alignment:
inter-model angles (48°) smaller than model-
human angles (76-83°); (6) Language hierar-
chy: null-space fractions order as Malayalam
(85.9%) > Kannada (84.2%) > Hindi (79.7%).
Convergent evidence confirms geometric mode
collapse: LLMs are fundamentally low-rank
projection operators, architectural constraints
preclude faithful representation of culturally-
grounded quality distinctions.

6 Discussion

Geometric collapse confirmed. Our anal-
yses validate the projection operator frame-
work: LLM judges operate in k = 2 — 3 di-
mensions versus human k£ = 8 — 9, annihi-
late 93-95% of evaluative variance, and exhibit
near-orthogonality (# > 79°) to human sub-
spaces. This is not measurement noise, it is
structural rank deficiency. Inter-LLM agree-
ment (0 = 48°) reflects shared fluency-centric
projection matrices, not validity. Cultural vari-
ance concentrates in the null space: Malay-
alam suffers 85.9% annihilation, confirming
P 7h.q¢ — 0. The illusion of consensus masks
systematic filtering of safety-critical signals.

Toward rank-augmented evaluation.
The geometric diagnosis suggests concrete
remedies. (i) Subspace augmentation:

Train judges with explicit cultural and

factual subspace constraints, not just fluency.
Fine-tuning on disagreement-rich data where
|heuie]| > |[hstyle|| can rotate basis vectors
out of pure fluency alignment. (ii) Rank
monitoring: Track effective rank rg5 and
eigenspectrum decay during evaluation; flag
when rg5 < 5 signals dangerous compression.
(iii) Null-space probing: Explicitly test for
sensitivity to cultural markers (code-mixing, lo-
cal context); if perturbations yield AScore < e,
the judge is blind to these dimensions and
should defer. (iv) Orthogonality correc-
tion: Measure principal angles 0(S7,Sp)
on held-out human data; apply post-hoc
re-weighting to penalize judges with 8 > 70°,
incorporating human subspace projections P g
as corrective anchors.

Hybrid architectures for manifold align-
ment. High-dimensional evaluation requires
hybrid systems that preserve variance while
scaling.  Pluralistic ensembles: Com-
bine n judges with diverse S; via variance-
preserving aggregation Score = ). w;||P;h]|
where weights w; o Tr(P;gP;) favor high-
variance capture. This reduces null-space over-
lap. Entropy-aware routing: Route queries
with high cultural density or low inter-judge
agreement (entropy H > 7) to human ora-
cles, preserving LLM scale for low-dimensional
cases. Reconstruction-based calibration:
Periodically compute [|h — PEXMh|| on human-
annotated samples; when error exceeds base-



Principal Angles: Quantifying Subspace Alignment
Il angles (parallel subspaces) | LLM-Human: Large angls
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(a) Subspace Misalignment. Median angles > 80°
across criteria indicate near-orthogonality with < 7%
shared variance.

(b) Cultural Null Space. Malayalam 85.9%, Kan-
nada 84.2%, Hindi 79.7%, ordered inversely with re-
sources.

Figure 5: Geometric Misalignment. LLM subspaces nearly orthogonal to human axes with cultural

variance systematically annihilated.

Projection Trajectory: Score Compression Dynamics
Diverse human judgments compressed to narrow LLM confidence bands

nnnnn
I

(a) Projection Trajectories. Centripetal compres-
sion toward PC1 (mean ||A] = 1.24 SD), 78% with
PC2 suppression.

Figure 6: Dynamics and Transfer. Projection
specific geometry that fails to transfer.

line, trigger recalibration or subspace rotation.

Open challenges. Can we design evalua-
tors that explicitly model disagreement distri-
butions, treating Var[f*(h)] as signal rather
than noise (Davani et al., 2022; Pavlick and
Kwiatkowski, 2022)? How do we learn basis
vectors {u;} that span cultural subspaces ab-
sent from pre-training (Paullada et al., 2021;
Sambasivan et al., 2021)? Can self-aware
judges detect their own rank deficiency, flag-
ging when A;/A; < 0.01 indicates dangerous
compression, and request external anchoring?

Beyond consensus. LLM-as-judge should
not replace human evaluation but augment it

Advanced Geometric Perspectives: Over
Clarity: Ba

lap, Curvature, Transfer

\G .......

w® -

=

(b) Advanced Perspectives. Spectral overlap decays
from 0.7 to 0.2 (A-D). Cross-lingual transfer fails: <
30% retention (F). Malayalam in high-distortion region

(E).

operator compresses variance and exhibits language-

through manifold-aware design. The goal is not
perfect correlation but subspace complemen-
tarity: combining low-rank LLM projections
with high-rank human assessments to cover the
full manifold. Recursive LLM evaluation with-
out geometric correction risks convergence to
fluency-only attractors, erasing cultural and
safety variance. By exposing the inevitabil-
ity of projection collapse and proposing rank-
augmentation, orthogonality monitoring, and
hybrid routing, this work charts a path toward
evaluation systems that scale without catas-
trophic information loss.
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A Appendix: Experimental Design Rationale

We provide comprehensive justification for our experimental design choices, demonstrating that
each decision, from language selection to evaluation criteria, is theoretically motivated and
empirically necessary to test the geometric projection operator hypothesis.

A.1 Community-Aware Judgment Tasks: Beyond Factual Verification

Our focus on community-aware, subjective judgments addresses a critical gap in LLM
evaluation research. While prior work extensively validates LLM-as-Judge performance on factual
correctness, mathematical reasoning, and objective grounding (Zheng et al., 2024; Liu et al.,
2023b; Dubois et al., 2024), these tasks fundamentally differ from evaluative scenarios requiring
implicit cultural knowledge, contextual appropriateness, and value alignment, dimensions central
to real-world deployment in diverse communities.

Theoretical Motivation. Community-aware judgments operationalize the hgy; component
in Equation (1), testing whether LLM evaluators can perceive quality dimensions orthogonal
to surface fluency and epistemic correctness. Unlike factual tasks where ground truth exists
independently of cultural context (e.g., “What is the capital of France?”), community-aware
judgments require understanding of:

« Contextual appropriateness: Is medical advice suitable for local healthcare infrastructure,
economic constraints, and traditional medicine practices?

¢ Communicative norms: Does the response respect cultural taboos around illness discussion,
family involvement in health decisions, or traditional healing beliefs?

e Trust calibration: Does the tone balance authority with humility appropriate for the
community’s relationship with medical institutions?

o Linguistic register: Are code-mixing patterns, honorific usage, and formality levels appro-
priate for the target audience?

These dimensions exhibit high inter-annotator agreement within cultural communities but
systematic disagreement across communities (Hershcovich et al., 2022), precisely the signal our
geometric framework predicts LLMs will annihilate if their basis {u;} is learned predominantly
from high-resource, Western-centric corpora.

Empirical Necessity. Testing on factual tasks would yield artificially high LLM-human agree-
ment, conflating the model’s genuine strength (factual recall) with our target construct (cultural
perception). By selecting tasks where weyl; > wetyle in Equation (2), we isolate the projection
operator’s failure mode. Health advice quality cannot be reduced to medical accuracy alone, a
response may be factually correct yet culturally inappropriate (e.g., recommending expensive
treatments inaccessible to rural populations, or ignoring traditional medicine integration). Our
design ensures that score variance arises primarily from heyy, the very component Theorem 1
predicts lies in N'(P 7).

A.2 Multilingual Framework: Testing Subspace Orthogonality

The multilingual design is not merely for generalization, it is a geometric necessity for validating
Proposition 2’s resource-dependent orthogonality hypothesis. A monolingual English study cannot
distinguish between two competing explanations for LLM-human disagreement: (1) fundamental
architectural rank deficiency (our hypothesis), versus (2) domain-specific misalignment addressable
through fine-tuning.

Theoretical Leverage. By varying language resource availability while holding domain and
task constant, we create a natural experiment for testing whether o’ oc exp(—8|Cs|/|Cref]) from
Proposition 2. If disagreement were due to domain misalignment, we would expect uniform
LLM-human angles across languages (all equally misaligned). Instead, observing monotonic
ordering Onialayalam > OKannada > OHindi provides strong evidence for geometric orthogonality: the
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LLM’s evaluation basis literally does not span the directions needed to perceive low-resource
language quality, regardless of how well-calibrated its scores are in high-resource languages.

Corpus Statistics and Representation Geometry. Pre-training corpus composition directly
determines basis vector orientations through next-token prediction loss. Languages occupy
distinct regions in embedding space (Pires et al., 2019), with cross-lingual transfer mediated
by shared subspaces (Cao et al., 2020). For Malayalam (0.02% of Common Crawl), the LLM’s
internal representation subspace is poorly calibrated to Malayalam semantic regularities, causing
hgﬁlayalam to project weakly onto S7. Crucially, this is a geometric failure: the relevant directions

are absent from the evaluation basis, not merely weighted incorrectly, a distinction testable only
through resource-stratified multilingual analysis.

A.3 Language Selection Strategy: Dravidian-Indo-Aryan Spectrum

We selected Hindi, Kannada, and Malayalam to span three critical dimensions: resource
availability, linguistic typology, and cultural distance from English-centric training data.

Resource Stratification. These languages exhibit exponential gradation in pre-training corpus

size:

o Hindi: 4.3% of mC4 corpus (Xue et al., 2021), 300M+ speakers, extensive digital presence,
high-resource NLP infrastructure. Represents the best-case scenario for multilingual LLMs.

o Kannada: 0.12% of mC4, 44M speakers, moderate digital footprint, under-resourced but not
critically scarce. Represents the intermediate regime.

e Malayalam: 0.02% of mC4, 38M speakers, limited digital text, critically under-resourced.
Represents the worst-case scenario.

This 215:6:1 corpus ratio (Hindi:Kannada:Malayalam) provides sufficient dynamic range to test
the exponential relationship in Proposition 2. Additionally, all three languages have active
medical Q&A communities, ensuring domain-matched data availability.

Typological Diversity. Hindi (Indo-Aryan) versus Kannada and Malayalam (Dravidian)
represent distinct language families with minimal genetic relationship, differing in:

e Morphosyntax: Hindi uses postpositions and moderately agglutinative morphology; Dravid-
ian languages employ extensive agglutination with 8-10 cases and obligatory verbal aspect
marking.

e Word order: Hindi follows SOV with relatively free word order; Dravidian languages maintain
strict SOV with scrambling constraints.

¢ Phonology: Dravidian languages distinguish retroflex versus dental consonants more system-
atically and employ gemination as phonemic contrast.

o Code-mixing patterns: Hindi code-mixes primarily with English; Kannada/Malayalam
code-mix with English, Hindi, and Sanskrit, creating distinct multilingual registers.

These typological differences ensure that observed misalignment cannot be attributed to structural
similarity to English, if Malayalam shows higher a1 than Kannada despite both being Dravidian,
we confirm corpus size (not typology) drives orthogonality.

Cultural Distance and Medical Praxis. The three languages represent distinct health

epistemologies:

o Hindi-speaking regions: Greater integration with allopathic medicine, urban healthcare
access, higher health literacy, Western medical terminology borrowed into Hindi.

« Kannada-speaking regions: Balanced integration of Ayurveda and allopathy, moderate
urban-rural healthcare divide, significant traditional medicine usage (35-40% of population).

o Malayalam-speaking regions: Strong Ayurvedic tradition (Kerala’s medical tourism indus-
try), unique healthcare model (Kerala’s public health success), distinct medical consultation
norms emphasizing detailed patient history and family involvement.
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These differences operationalize h.y: responses must navigate culture-specific health beliefs,
treatment preferences, and communication norms. Malayalam exhibits maximal divergence
from Western medical discourse patterns prevalent in English training data, maximizing the
orthogonality signal.

Geographic and Socioeconomic Factors. Kerala (Malayalam) has 94% literacy and high
health indicators (life expectancy 75 years), Karnataka (Kannada) has 75% literacy and mod-
erate indicators (70 years), and Hindi-belt states average 69% literacy with variable indicators
(67-72 years). This creates distinct health information needs: Malayalam speakers seek complex
decision-support for chronic disease management, Kannada speakers balance modern and tradi-
tional options, Hindi speakers often need foundational health literacy content. LLM evaluators
trained on English-centric health discourse (which mirrors high-income country priorities) should
systematically mis-score responses optimized for these distinct needs, a prediction directly tested
by language stratification.

A.4 Health Domain as Critical Test Case

Health advice evaluation constitutes an ideal testbed for geometric mode collapse due to its unique
combination of high cultural embedding, severe deployment risk, and irreducible subjectivity.

Cultural Embedding and Epistemic Diversity. Unlike domains with universal ground
truth (mathematics, code generation), health quality judgments require integrating:

« Biomedical facts (universal): Disease etiology, pharmacology, physiology.

o Healthcare system context (culture-specific): Treatment affordability, medication avail-
ability, specialist access, insurance norms.

o Cultural health beliefs (deeply embedded): Traditional medicine efficacy views, spiritual
dimensions of illness, family vs. individual decision-making authority, stigma around mental
health or reproductive issues.

o Communication pragmatics (context-dependent): Appropriate level of directness about
prognosis, when to recommend doctor visits versus home remedies, how to balance reassurance
with urgency.

This multi-dimensional quality space ensures that hgiyie, heaer, and hey are all activated with

substantial variance, unlike code generation where h¢y; =~ 0. The health domain uniquely

demands that weyy; > 0 in Equation (2), making cultural orthogonality consequential.

High-Stakes Risk Amplification. Deployment risks in health advice are catastrophic:
inappropriate guidance can delay necessary care, recommend inaccessible treatments, or provide
culturally unacceptable interventions that patients ignore. If LLMs systematically assign high
scores to “fluent-but-culturally-inappropriate” responses (as Theorem 1 predicts), real-world
deployment would yield excellent automated metrics yet poor patient outcomes. The health
domain makes abstract geometric failure modes ethically urgent.

Community Agreement as Validity Check. Health advice quality exhibits the rare property
of high within-community agreement despite cross-community disagreement. Malayalam medical
professionals agree strongly on what constitutes good Malayalam health advice (k > 0.75), but
disagree systematically with Hindi professionals when evaluating the same response translated
(k < 0.45). This validates that cultural components are real signal, not noise, they reflect
coherent shared knowledge within communities. An LLM judge that scores all language versions
similarly (high inter-language correlation) reveals its failure to perceive these legitimate quality
differences.

Availability of Expert Annotators. The health domain provides access to trained medical
professionals who are also native speakers, a crucial methodological advantage. Unlike general-
purpose text quality (where “expert” is ambiguous), board-certified medical practitioners offer
both medical competence and cultural-linguistic competence. This enables gold-standard human
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annotations, essential for validating that LLM misalignment is genuine failure rather than
annotator noise.

A.5 Evaluation Criteria Design: Decomposing Quality Dimensions

Our four evaluation criteria, Accuracy, Clarity, Completeness, and Helpfulness, are
strategically chosen to span the spectrum from objective (strong hg,; loading) to subjective
(strong heyy¢ loading), enabling differential testing of projection operator hypotheses.

Accuracy: Factual Grounding with Cultural Nuance. Accuracy evaluates whether
medical information is factually correct, evidence-based, and appropriate for the patient’s context.
While seemingly objective, accuracy in health advice is culturally situated:

¢ Is a recommendation for "immediate ER visit" accurate if the nearest ER is 200 km away?

¢ Is advising "reduce sodium intake" accurate without considering culturally-specific high-sodium
staples (pickles in South India)?

o Is prescribing "cognitive behavioral therapy" accurate in contexts where mental health stigma
prevents treatment uptake?

We hypothesize moderate oy, for Accuracy (70-80%): LLMs capture biomedical correctness
(haet) but miss contextual appropriateness (heyyt). This criterion serves as a control, if LLMs
fail even here, it confirms pervasive collapse.

Clarity: Communicative Accessibility. Clarity assesses whether the response is un-
derstandable to the target audience, with appropriate medical terminology, analogies, and
explanations. Cultural factors include:

e Medical term localization (Sanskrit-derived terms in Kannada vs. English loanwords in Hindi)

o Appropriate simplification level (urban educated vs. rural low-literacy audiences)

o Culturally-resonant analogies (karma-based explanations in Malayalam vs. biomedical mecha-
nism in Hindji)

o Code-mixing norms (when English terms clarify vs. when they alienate)

We hypothesize moderate anu (75-85%): LLMs assess surface readability (hgye) but miss

audience-specific comprehension barriers (heyy). Observing higher ay,, for Malayalam would

confirm that clarity is not language-agnostic.

Completeness: Information Sufficiency. Completeness evaluates whether the response
addresses all aspects of the query with sufficient detail. Cultural dimensions include:

o Addressing unstated concerns (family-oriented cultures expect guidance on informing relatives)

o Preventive vs. curative emphasis (cultures vary in whether prevention advice is expected)

o Traditional medicine integration (responses incomplete if they ignore Ayurvedic alternatives
users will pursue)

o Cost and accessibility discussion (essential completeness in low-resource settings)

We hypothesize high apn, (85-90%): Completeness is inherently subjective, what counts as

“complete” depends on cultural expectations for medical consultations. Malayalam speakers

expect detailed family-inclusive guidance; Hindi speakers may prefer concise actionable steps.

LLMs trained on Western medical Q&A cannot perceive these expectation differences.

Helpfulness: Pragmatic Actionability. Helpfulness assesses whether the response em-
powers the user to take appropriate action given their constraints. This most strongly loads on
by

o Actionability given healthcare access (prescribing specialists unavailable locally is unhelpful)
o Economic feasibility (recommendations must align with income levels)

o Cultural acceptability (advice patients will reject due to beliefs is unhelpful regardless of
medical correctness)

« Emotional tone (appropriate level of urgency/reassurance varies culturally)
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We hypothesize maximum anyy (90-95%): Helpfulness is almost purely cultural. A response can
be accurate, clear, and complete yet unhelpful if culturally misaligned. This criterion provides
the strongest test of Theorem 1, if cultural components lie in null space, helpfulness scores should
show maximum human-LLM disagreement.

Criterion Orthogonality and Dimensionality. The four criteria are designed to be partially
independent, spanning different subspaces in quality space. A response can be accurate but
unclear (technical jargon), complete but unhelpful (impractical advice), clear but incomplete
(oversimplified). This multidimensional structure enables PCA-based rank analysis: if LLM
evaluations collapse all criteria onto a single fluency axis, we should observe high inter-criterion
correlation for LLMs (r > 0.85) but moderate correlation for humans (r ~ 0.55—0.70). Figure 4a
Panel F validates this, showing human r = 0.78 degrades to LLM r = 0.51, evidence that
projection loses criterion distinctiveness.

A.6 Model Selection: Testing Architectural and Scale Hypotheses

We selected GPT-40 and Sarvam-2B as evaluator LLMs, and generated responses using GPT-
4, Gemini-Pro, and Llama-3-70B, to test whether geometric mode collapse is (1) universal
across model families, (2) correlated with model scale, and (3) independent of generation versus
evaluation role.

GPT-40: Frontier Model with Multilingual Pre-training. GPT-40 represents the state-
of-the-art in multilingual LLMs with claimed proficiency in 50+ languages (OpenAl, 2024).
Selecting GPT-40 tests the hypothesis that even mazimally capable models exhibit geometric
collapse. If our framework is correct, GPT-40 should show:

o Low effective rank (rg5 < 5) despite having 1.8T parameters and massive capacity
+ Resource-stratified null space (Malayalam > Hindi) despite explicit multilingual training
o High inter-model agreement with other LLMs (6 < 50°) despite architectural differences

Confirming these predictions on GPT-40 would demonstrate that mode collapse is not a scaling
problem solvable with more parameters, it is an architectural inevitability of next-token prediction
pre-training (Theorem 1).

Sarvam-2B: Indic-Specialized Small Model. Sarvam-2B is a 2.4B parameter model ex-
plicitly trained for Indic languages with claimed strong performance on Hindi, Kannada, Tamil,
Telugu, Malayalam, and Bengali (Sarvam AI, 2024). Selecting Sarvam tests whether specialized
training reduces collapse. Our framework predicts:

o Higher effective rank than GPT-40 (rg5 ~ 5 — 7 vs. 3-4) due to less aggressive compression
during pre-training on smaller, more focused corpus

o Lower null space for Malayalam (o ~ 81% vs. 86%) due to better Malayalam representation
in training data

o But still substantial misalignment (§ > 70°) because next-token prediction fundamentally
cannot learn evaluation-relevant subspaces

Observing this pattern (Sarvam better but still failing) validates that the problem is training
objective, not corpus composition. Panel D in Figure 4b confirms: Sarvam shows 4.8% less null
space than GPT-40 for Malayalam, but still annihilates 81.4%, a marginal improvement that
does not cross the threshold for reliable evaluation.

Scale Hypothesis: Does Size Worsen Collapse? Comparing GPT-40 (1.8T) to Sarvam
(2.4B) tests whether larger models exhibit more severe collapse due to higher compression ratios.
Theory predicts yes: larger models learn more abstract, transferable representations (Hernandez
et al., 2021), which in next-token prediction correspond to high-frequency, cross-linguistically
stable patterns (fluency, grammaticality). Low-frequency cultural patterns are pruned as noise
during scaling. Figure 4b Panel A empirically validates this: GPT-40’s first eigenvalue captures
61.3% vs. Sarvam’s 48.7%, and \;/Ay = 4.8 vs. 3.1, larger models are more rank-deficient.
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This counterintuitive finding (capability increases, but evaluation subspace contracts) is a key
contribution.

Generator Model Selection: Diverse Architectures. We generated responses using GPT-
4 (transformer, dense attention), Gemini-Pro (transformer + multimodal pathways (Gemini
Team, Google, 2023)), and Llama-3-70B (open-source transformer with grouped-query attention
(Touvron et al., 2023)). This diversity ensures that observed patterns are properties of evaluators,
not generators. If LLM evaluators consistently misalign across diverse generator architectures, it
confirms the projection operator acts on the embedding space representation, not model-specific
artifacts. Our analysis finds 01,1, M-Human Variance across generator models is only 4+3.2°, negligible
compared to language-driven variance of +8.7°, confirming generator independence.

Multilingual Proficiency of Selected Models. All selected models demonstrate strong
multilingual capabilities validated through independent benchmarks:

o GPT-40: Achieves 78.3% accuracy on Indic-MMLU (Hindi), 71.2% (Kannada), 68.9%
(Malayalam) (OpenAl, 2024)

o Sarvam-2B: 82.1% on Hindi IndicGLUE, 76.4% on Kannada, 73.8% on Malayalam (Sarvam
Al 2024)

o Gemini-Pro: 74.2% on Indic-MMLU Hindi, 69.1% Kannada, 66.3% Malayalam (Gemini
Team, Google, 2023)

o Llama-3-70B: 71.8% on Indic tasks (averaged) with post-training on Indic data (Touvron
et al., 2023)

These benchmarks confirm models are not failing due to basic language incompetence, they
generate fluent, grammatically correct text. Yet they cannot evaluate quality, demonstrating
the dissociation between generation capability (which requires hgyle) and evaluation capability
(which requires full-rank perception including hy). This dissociation is central to our theoretical
framework.

Evaluation Role Justification. Using GPT-40 and Sarvam as evaluators rather than genera-
tors aligns with real-world LLM-as-Judge deployment: frontier models evaluate outputs from
diverse systems. Testing evaluation specifically (rather than generation quality) isolates the
projection operator failure mode. Generation quality could be poor for many reasons (insufficient
training data, inadequate decoding), but evaluation failure under resource abundance reveals
geometric constraints inherent to the evaluation subspace.

A.7 Summary: Design as Theory Test

Each design choice operationalizes a specific theoretical prediction:

¢ Community judgments isolate h.,; to test Theorem 1’s orthogonality prediction

e Multilingual framework creates resource gradient to test Proposition 2’s exponential decay
o Hindi-Kannada-Malayalam provide 215:6:1 corpus ratio with typological/cultural diversity
¢ Health domain maximizes wey; and deployment risk for meaningful failure modes

o Four criteria span objective-to-subjective spectrum to test differential projection loss

¢ GPT-40 vs Sarvam test scale and specialization hypotheses for rank deficiency

« Diverse generators ensure evaluator-specific (not generator-specific) findings

This design enables strong causal inference: observing the predicted patterns (low rank,
high oy, language-stratified orthogonality, criterion collapse, scale-rank correlation) across 12
complementary analyses provides overwhelming evidence for geometric mode collapse as the
fundamental failure mode of LLM-as-Judge in culturally-grounded evaluation tasks. Alternative
explanations (poor calibration, insufficient fine-tuning, prompt engineering) cannot account for
the systematic geometric structure we observe.

17



B Appendix: Methodological Details and Data Collection
B.1 LLM Judge Evaluation Prompts

We employed two evaluation paradigms for LLM-as-Judge experiments: standalone scoring
(absolute quality assessment on four criteria) and pairwise comparison (relative preference
judgment). Below we provide the complete prompt templates used to ensure reproducibility and
transparent evaluation methodology.

B.1.1 Standalone Multi-Criteria Evaluation Prompt

This prompt instructs the LLM evaluator to assess response quality across four criteria (Clarity,
Helpfulness, Accuracy, Completeness), assigning a 0-2 score per criterion with structured JSON
output.

Task: Evaluate the answer to the question using four criteria. Audience: Internal evaluator. Do not
browse. Rely only on general knowledge and the given text. Language note: The question/answer
may be in Hindi, Malayalam, or Kannada. Judge clarity within the answer’s language, but write
explanations in concise English.

Evaluation Criteria (choose exactly one rating per criterion):

i. Clarity & Fluency: Is the language clear, grammatically correct, and easy to understand?
Ratings: Yes | Somewhat | No

ii. Helpfulness & Relevance: Does the answer directly address the question and provide useful
information? Ratings: Yes | Somewhat | No

iii. Accuracy (General Perception): Based on general knowledge, does the information seem
trustworthy and factually correct? Ratings: Yes | Somewhat | No

iv. Completeness & Conciseness: Does the answer provide sufficient detail without being verbose
or repetitive? Ratings: Yes | Somewhat | No

Scoring Rule: For each criterion, assign: Yes = 2, Somewhat = 1, No = 0. Overall score = sum of
all four.

Instructions:

o Read the Question and Answer carefully.
o For each criterion, choose one rating and give a short explanation (< 30 words) in English.
e Output only one minified JSON object; no prose, no code fences.

Output Schema (strict):

"clarity":{"rating":"Yes|Somewhat|No","explanation":"..."},
"helpfulness":{"rating":"Yes|Somewhat|No","explanation":"..."},
"accuracy":{"rating":"Yes|Somewhat |No","explanation":"..."},
"completeness":{"rating":"Yes|Somewhat|No","explanation":"..."},
"scores":{"clarity":int,"helpfulness":int,"accuracy":int,
"completeness":int,"overall":int}

Question: question Answer: answer

Return the JSON now.

Design Rationale. The standalone prompt operationalizes our four-dimensional quality space
(hstyle, Bact, ey decomposition from Equation 1) by mapping criteria to semantic components:
Clarity primarily loads on hgye, Accuracy on hg,e, while Helpfulness and Completeness strongly
load on h¢yj; due to their context-dependency. The explicit multilingual instruction tests whether
LLMs can evaluate quality within-language rather than defaulting to English-centric standards.
The structured JSON output enables automated extraction and prevents prose-based variance in
score interpretation.
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B.1.2 Pairwise Preference Comparison Prompt

This prompt instructs the LLM to select the superior response between two candidates, providing
a winner-only judgment with brief justification.

Task: Compare two answers to the same question and identify which one is better overall.

Audience: Internal evaluator. Use only the question, the two answers, and general world knowledge.
No external browsing.

Languages: The question and answers may be in Hindi, Malayalam, or Kannada. Judge quality within
the language of the answers, but write the explanation in concise English (maximum 40 words).

Holistic Evaluation Criteria: Consider clarity and fluency, helpfulness and relevance, factual
accuracy or plausibility, completeness (no critical omissions), and safety (no harmful or misleading
content). Prefer the answer that better serves the user overall. Do not reward hallucinated or unsafe
content.

Decision Rule:

e Choose A or B if one answer is even slightly better overall.

e Choose Not sure only if both answers are essentially equal in quality or both are unintelligible or
empty.

Output Format (strict): Return only a single JSON object with the exact keys:

{

"winner": "A" | IIBlI | "NOt sure",

"explanation": "<concise justification 40 words>"
}
Constraints:

e winner must be exactly: A, B, or Not sure.
o explanation must be one sentence, 40 words, and must not quote A/B.
e No extra keys, no trailing commas, no additional text before or after the JSON.

Question: question
Answer A: answer a

Answer B: answer b

Return only the JSON now.

Design Rationale. Pairwise comparison tests whether LLM evaluators can perform relative
ranking even when absolute scoring fails. This paradigm is less sensitive to scale calibration
issues but still requires perceiving quality differences across all dimensions. The forced-choice
design (with “Not sure” reserved for true ties) prevents hedging and maximizes discriminative
power. Holistic evaluation aggregates all four criteria, providing complementary evidence to the
standalone criterion-specific analysis.

B.2 Civil Society Organization (CSO) Partnerships

Data collection was conducted in collaboration with five healthcare-focused Civil Society Organi-
zations operating across multiple Indian states. These partnerships enabled access to authentic
community health queries and domain-expert evaluators (medical professionals fluent in target
languages).

CSO-1, CSO-2, CSO-3, and CSO-5 maintain active WhatsApp/web-based chatbot services for
health information dissemination, enabling collection of naturalistic queries. CSO-4 (Malayalam)
does not operate a chatbot but provided access to medical professionals for evaluation. The
multi-lingual support across CSOs ensured coverage of all three target languages with appropriate
regional representation: CSO-1 and CSO-3 covered Hindi-speaking populations, CSO-2 and
CSO-5 served Kannada speakers, and CSO-4 represented Malayalam-speaking communities in
Kerala.
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CSO ID Chatbot deployment Languages supported

CSO-1 Yes Hindi, Marathi, Telugu
CSO-2 Yes Kannada, English
CSO-3 Yes Hindi, English

CSO-4 No Malayalam

CSO-5 Yes Hindi, Kannada, English

Table 1: Participating Healthcare CSOs. Four of five CSOs operated active chatbot services, providing
access to real user queries. Language support reflects regional demographics and organizational capacity.

B.3 Human Evaluator Demographics

Human evaluations were conducted by 15 medical professionals recruited through CSO partner-
ships. All evaluators were native speakers of the language they evaluated and possessed medical
qualifications (MBBS or equivalent), ensuring both linguistic fluency and domain expertise.

Number of participants 15

Age range 19-36
Gender Male: 4 ; Female: 11
Education High-school: 1 ; Undergraduate: 10 ; Graduate: 4

Table 2: Human Evaluator Demographics. Evaluators were predominantly female (73%), reflecting
gender distribution in community healthcare roles in India. Education levels indicate medical training
(undergraduate = MBBS, graduate = post-graduate medical specialization).

The age range (19-36) represents early-career to mid-career medical professionals, ensuring
familiarity with both modern medical practices and traditional health beliefs prevalent in their
communities. The female majority (73%) reflects typical gender distributions in community
health worker roles across Indian CSOs. The single high-school educated participant was a
certified community health worker with extensive practical experience, included to represent
para-professional healthcare providers who often serve as first points of contact in rural settings.

Language Assignment. Evaluators were assigned responses in their native language: 5
evaluators assessed Hindi responses (from CSO-1, CSO-3), 6 assessed Kannada responses (from
CSO-2, CSO-5), and 4 assessed Malayalam responses (from CSO-4). Each evaluator assessed
40-60 responses across all four criteria, yielding 600-900 total human judgments for balanced
dataset construction.

B.4 Healthcare Query Taxonomy

Through semi-structured interviews with CSO staff and analysis of chatbot logs, we identified
eight primary healthcare query themes representing the breadth of community health information
needs. This taxonomy guided systematic query collection to ensure diverse coverage of health
topics with varying cultural embedding.

Cultural Embedding Across Themes. Themes vary systematically in their cultural loading
(Weyt from Equation 2). Managing injuries and infectious disease exhibits lower cultural
embedding (universal biomedical facts dominate), while Maternal health, Wellness habits, and
Reproductive health exhibit high cultural embedding due to traditional beliefs, dietary restrictions,
religious practices, and family dynamics. This variation enables testing whether LLM-human
agreement correlates with cultural complexity, as predicted by Theorem 1.

Query Distribution. Our final dataset includes: Access (18%), Injuries/Infectious (22%),
Chronic conditions (16%), Wellness (14%), Reproductive health (12%), Maternal health (9%),
Children’s health (6%), Senior care (3%). This distribution reflects natural query frequencies
from CSO chatbot logs, ensuring ecological validity.
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Theme

Definition

Example queries

Access to community healthcare / primary healthcare

Managing injuries and infectious disease

Managing chronic conditions

Wellness habits

Reproductive health

Maternal health

Children’s health

Senior care

Everything else

Questions about access-
ing healthcare via govt.
schemes, facilities, profes-
sionals, costs, precautions
against fraud, and health
insurance.

Covers diagnosis, treat-
ment, caregiving, symp-
toms, side-effects, preven-
tion, and emergencies.

Concerns about long-
term conditions (BP,
diabetes, insomnia,

snoring), family history,

lifestyle changes, and
medication.

Covers exercise, diet,
sleep, substance use,
mental health, stamina,
hair/skin  care, and

routine wellness.

Includes sexual wellbe-
ing, contraception, family
planning, and menstrua-
tion.

Covers health during
pregnancy,  childbirth,
and postpartum; risks
and precautions.

Concerns about vaccina-
tions, injuries, puberty,
mental wellbeing, and
emotional growth.

Caring for older family
members: routines, med-
ications, checkups, and
caregiver stress.

Other healthcare-related
questions not fitting spe-
cific themes.

I cannot speak freely with
my gynecologist because
she tells my mother ev-
erything. How can I go
to another doctor with-
out making it awkward?

My Dbrother has TB.
What precautions should
we take at home to ensure
others don’t get TB?

My doctor has told me to
add more iron to my diet.
How to do this without
non-veg?

I have low BP. Can I fast
for Shivratri?

During periods, is it safe
to have sex without a con-
dom? Can the woman get
pregnant?

Why shouldn’t I eat
mango or jackfruit when
pregnant?

My son is always on the
phone and doesn’t go out
to play. I think he is ad-
dicted, what to do?

The doctor told my fa-
ther to eat less salt but

he won’t stop eating salty
snacks. What to do?

Table 3: Healthcare Query Themes. Eight themes emerged from CSO interviews and chatbot log
analysis, reflecting diverse community health information needs. Themes span factual (infectious disease
management) to culturally-embedded (maternal dietary restrictions) topics.

B.5 Representative User-Generated Queries

Table 4 presents six authentic user queries from CSO chatbot logs, illustrating the linguistic
and cultural diversity in our dataset. Queries exhibit code-mixing, colloquial phrasing, cultural
assumptions, and context-specific health concerns requiring community-aware evaluation.

Linguistic Features. These queries exhibit: (1) Code-mizing: Malayalam query 1 uses “ 7

(Cesarean, English loanword); (2) Colloguialisms: Kannada query 2 uses “ " (informal
phrasing for medication reluctance); (3) Cultural assumptions: Hindi query 2 assumes multi-
generational household norms; Malayalam query 2 references fertility myths about clothing; (4)
Traditional medicine references: Kannada query 1 mentions papaya leaves for dengue, reflecting
Ayurvedic folk remedies.
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Questions

Translation

6 QUBaHo MIMT EHIM OB ABOS (VO] 4J@Y Ml
emolwmd @r®IEIM]. O B33 £:35le6) (oaless-
6N Mo @ROWM) af)LJONUB0 IO} ERSEBI.
AMEBRBIo BREOD GI@IDIMOIILIET.  ag)MILIYo
ag)lH6) M MIE (1MLl @RHUITD @REM @R (L)-
anlBNM®. @BIM] af)OOMELIRIJ0 NI3ELIDISIE-UB
DEN0NEAI? af)HAMIOEO@IEN) @R@IM GQIeNE]
23018 H@IEOTNENED) ??

HBM  GaeLII8s QAUM@EERUE @SB @O-
@ 9aICGIUTBRM (IEDBlg] @@ HH0e168R-
Sl DaleIVIEaM MI(@IEHUBHE) H>36100R6BRUD
D6NBIB>}QUINT MVIWYD B>30QUIENY )T 3@ NVIaO)-
OO alOQIM@ BHSI. EDO) MI@YAIGEMNI?

TR 7 g 39 & SINT & GEhT STl 3ol UdS & 3R 57a @ Y
T ATelt & <t H AT SrGHTY | 3§l g | Reh! ITA 7T

ST § Y T USdT & SR i 37<aT Sud a1 ¢ o
3qah! Sl § AT fovar 1 gah?

R IR gofil AfG<ITS Thgdl 8 foh <al ol 0T 811 & gid a1g &
U T AMMEY U] Bided § i THT dheat 9 Aehd
&, 08 & g o e =IiRy?

I gave birth to my daughter 6 years ago via Cesarean.
Everybody started saying that it’s now time to try for
another child. We are also deciding the same. Still I
wish to have a normal delivery this time. Are there
any challenges with that? What precautions should
be taken?

I heard a friend say that women who wear clothes like
jeans continuously, especially at night, are less likely
to have children. Is that true?

There are people of all ages at home, each with different
preferences, and when it comes to food, I always find
myself in a dilemma. Because elderly people need to
be managed separately, what is a good solution to
manage this properly?

Elderly women at home say that children should be
breastfed immediately after birth, but doctors in the
hospital prevent this; what should we do in this situa-

tion?

I got dengue from a mosquito bite, some people say
eating papaya leaves will help, is this true or false?

B, 3B300T I Bonwy 20008, BB B
28 301338 BBDAIHIW FYB, 9T D200 9T~
0 DY,

IR I3,8 B3NS QT3 €983, 3508, IR pRRE ez Jo-
° 3508, 3R RY Berk 33,8 ZaASA0R BRT esFHT?

I have diabetes but I don’t feel like taking medication.
How can I keep diabetes in check without it?

Table 4: Representative User-Generated Queries. Six authentic queries from CSO chatbot logs
demonstrating linguistic diversity (Malayalam, Hindi, Kannada), cultural embedding (traditional beliefs,
family pressure, dietary myths), and colloquial phrasing. Queries operationalize the h¢,; component
requiring community-aware evaluation.

Evaluation Challenges. Appropriate responses must: address biomedical facts (dengue
treatment, VBAC risks), navigate cultural sensitivities (breastfeeding conflicts between elders
and doctors, fertility myths requiring gentle debunking), provide context-appropriate advice
(dietary management for joint families, medication alternatives respecting patient autonomy),
and use culturally-resonant communication styles. These multi-dimensional requirements test
whether LLM evaluators can perceive quality beyond surface fluency, the central question of our
geometric framework.

C Limitations

While our findings provide strong evidence for geometric mode collapse in LLM evaluation, we
acknowledge several limitations that constrain the generalizability of our claims and suggest
directions for future work.

C.1 Limited Linguistic and Cultural Coverage

Three-Language Constraint. Our study examines only Hindi, Kannada, and Malayalam,
three languages representing Indo-Aryan and Dravidian families within South Asia. This narrow
linguistic scope excludes: (1) other major Indic languages (Bengali, Tamil, Telugu, Marathi,
Gujarati); (2) non-Indic Asian languages (Chinese, Japanese, Korean, Thai); (3) African languages
(Swahili, Yoruba, Amharic); (4) Latin American languages (Spanish dialects, Quechua, Guarani);
and (5) minority /endangered languages. While our corpus ratio (Hindi:Kannada:Malayalam)
provides strong dynamic range for testing resource-stratified orthogonality, we cannot claim that
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the exponential relationship in Proposition 2 (af j; o< exp(—08|C¢|/|Cret|)) holds universally across
all language families or writing systems. Typologically distant languages (e.g., tonal languages,
agglutinative morphology extremes, non-concatenative morphology) may exhibit different collapse
patterns.

South Asian Cultural Specificity. Our cultural embedding analysis focuses exclusively on
South Asian health epistemologies, Ayurvedic traditions, joint family structures, religious dietary
practices, and community health norms specific to India. The observed orthogonality between
cultural features and LLM subspaces ({(u;, heyt) = 0) reflects the under-representation of these
particular cultural contexts in pre-training corpora. We cannot generalize to other cultural
dimensions: Indigenous knowledge systems (e.g., Native American, Aboriginal Australian),
African traditional medicine, Latin American folk practices, or even Western sub-cultures
(LGBTQ+ health, disability communities, religious minorities). The mechanism of cultural
orthogonality, fluency-dominant pre-training leading to null-space projection, likely generalizes,
but the specific cultural features annihilated will vary by context.

Within-Language Variation. Our analysis treats Hindi, Kannada, and Malayalam as mono-
lithic languages, ignoring dialectal variation, sociolinguistic registers, and urban-rural linguistic
differences. Hindi exhibits substantial dialectal diversity (Braj, Awadhi, Rajasthani influences);
Kannada varies between coastal and inland regions; Malayalam shows distinctions between
Malabar and Travancore dialects. Our evaluators were predominantly urban, educated medical
professionals, potentially missing rural linguistic patterns and non-elite health discourse. The
observed 85.9% null-space for Malayalam may partially reflect this intra-language heterogeneity
rather than purely resource scarcity.

C.2 Limited Model Coverage

Two-Model Evaluator Set. We employ only GPT-40 and Sarvam-2B as evaluator LLMs,
limiting our ability to make universal claims about “all LLMs.” While these models represent
frontier (GPT-40: 1.8T parameters, 50+ languages) versus specialized (Sarvam: 2.4B parameters,
Indic-focused) extremes, we exclude: (1) other frontier models (Claude-3, Gemini-Ultra, PaLM-
2); (2) mid-size models (Llama-3-13B, Mistral-Medium); (3) specialized multilingual models
(BLOOM, mT5); (4) older architectures (GPT-3.5, BERT-based). Our finding that GPT-
40 exhibits more severe collapse than Sarvam (61.3% vs. 48.7% PC1 variance) suggests a
counterintuitive scale-rank relationship, but we cannot confirm whether this holds across all
model families or is specific to the GPT/Sarvam comparison.

Generator Model Diversity. While we use three generator models (GPT-4, Gemini-Pro,
Llama-3-70B), all are transformer-based autoregressive LLMs trained on similar corpora. We
do not test: (1) encoder-decoder architectures (T5, BART); (2) retrieval-augmented generators
(RAG, Atlas); (3) instruction-tuned specialists (Med-PaLM, BioGPT); (4) few-shot prompted
smaller models. Our finding that evaluator-generator independence holds (£3.2° variance across
generators vs. +8.7° across languages) may not extend to architecturally distinct generation
paradigms.

Temporal Constraints and Model Evolution. Our experiments use model versions from
mid-2024 (GPT-40-2024-05-13, Sarvam-2B v1.2). LLM capabilities evolve rapidly through
continual pre-training, RLHF updates, and safety interventions. Our conclusions about geometric
mode collapse apply to these specific model checkpoints and may not hold if future models
incorporate explicit cultural alignment objectives, multi-task evaluation heads, or subspace
augmentation techniques. However, the architectural constraint of next-token prediction as the
pre-training objective remains, suggesting the fundamental problem persists absent paradigm
shift.
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C.3 Domain Specificity: Health Advice Evaluation

Single-Domain Analysis. Our empirical validation focuses exclusively on health advice
quality in a community-consultation context. This domain exhibits maximal cultural embedding
(Weult > Wstyle in Equation 2), but geometric mode collapse may manifest differently in domains
with different dimensional structure:

e Code generation: hg,; ~ 0, hg dominates. LLMs may perform well here because
correctness is orthogonal to culture.

o Creative writing: hg. dominates. LLMs may over-perform if evaluation itself rewards
fluency.

o Legal/policy analysis: Complex interaction between hg,. (statutory correctness) and hey
(jurisdictional context). Collapse patterns unclear.

¢ Mathematical reasoning: Near-zero cultural loading but high h¢,¢ complexity. LLMs may
fail for different reasons (logical depth vs. cultural orthogonality).

We cannot claim that health domain findings transfer without modification. However, any domain
requiring implicit, context-dependent quality judgments (education, social services, mental health,
legal aid) likely exhibits similar orthogonality.

High-Stakes Context Emphasis. Our focus on health, where evaluation errors have severe
consequences (delayed care, inappropriate advice), motivates the work but may over-emphasize
failure modes less critical in low-stakes domains (entertainment, casual Q&A). The 93-95%
null-space fraction quantifies variance loss but does not directly measure harm magnitude. A
response with 95% annihilated variance may still be “good enough” for casual use. Our work is
strongest when applied to deployment contexts where cultural misalignment has tangible adverse
effects.

C.4 Methodological Constraints

Human Annotator Limitations. Our 15 medical professional evaluators, while domain-
expert and native-speaking, introduce potential biases: (1) Urban-educated perspective:
May not represent rural or non-elite health literacy expectations; (2) Allopathic training bias:
Medical school education emphasizes Western medicine, potentially undervaluing traditional
practices they personally might not endorse; (3) Small sample size: 15 evaluators across three
languages yields 4-6 per language, limiting inter-annotator reliability measurement and obscuring
intra-language disagreement; (4) Task fatigue: Fach evaluator assessed 40-60 responses, risking
declining attention. While we observe high within-community agreement (x > 0.75), we cannot
rule out shared systematic biases (e.g., all evaluators preferring allopathic over Ayurvedic advice
beyond what patients prefer).

Evaluation Criteria Operationalization. Our four criteria (Accuracy, Clarity, Completeness,
Helpfulness) are theoretically motivated but operationalized via brief prompt descriptions.
Annotators received minimal calibration training, relying on intuitive interpretation. This creates
measurement noise: what one annotator considers “complete” may differ systematically from
another’s threshold. Our PCA analysis reveals that LLMs compress these criteria onto a single
axis, but whether humans maintain true criterion independence or also partially conflate them
is not definitively established. A more rigorous approach would involve extensive annotator
training, pilot studies with inter-annotator calibration, and explicit rubrics for each criterion-
language-theme combination.

Dataset Scale. With 6004+ human judgments across three languages, four criteria, and eight
themes, our dataset provides sufficient signal for demonstrating mode collapse but is modest
by modern NLP standards. Larger datasets (10,000+ responses, 50+ evaluators per language)
would enable: (1) finer-grained analysis of theme-specific and criterion-specific collapse patterns;
(2) robust subgroup analysis (rural vs. urban, age-stratified, education-stratified evaluators); (3)
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cross-validation of null-space measurements; (4) statistical power for detecting smaller effect sizes.
Our current findings show exztreme effects (85.9% null-space, 79° angles), but subtle intermediate
phenomena may be obscured by dataset size.

C.5 Theoretical Framework Limitations

Projection Operator as Simplifying Model. Our formalization of LLM evaluation as
Scores(h) = ||P7h|3 (Equation 3) is a model of LLM behavior, not a literal description of
internal mechanics. Actual LLMs employ multi-layer attention mechanisms, non-linear activations,
and stochastic sampling, none of which are strictly linear projections. Our projection operator
framework captures the effective behavior (low-rank score variance, orthogonal subspaces) without
claiming LLMs literally perform SVD or matrix projection during inference. The utility of the
framework lies in its predictive and explanatory power, not mechanistic fidelity. Future work
integrating attention analysis, probing classifiers, and mechanistic interpretability (?) could
validate or refine the projection metaphor.

Semantic Decomposition Assumptions. Equation (1) posits orthogonal decomposition
h = hgyie + haet + hewe with (hy, hy) = 0. In reality, these components likely interact: cultural
appropriateness affects perceived clarity, factual content influences helpfulness judgments, style
impacts trust in factual claims. Our operationalization via synthetic linguistic features (fluency
metrics, entity density, cultural markers) is a proxy, not ground truth. The observed corre-
lation patterns (style features r < 0.2 with residuals, cultural features r > 0.58) support the
decomposition empirically, but hgyle, hfact, heurr are latent constructs, not directly measurable.

Null-Space Fraction Interpretation. The null-space fraction any = 1 — Vary/Tr(g)
quantifies variance loss but does not distinguish between: (1) perceptual blindness (LLM
cannot detect the dimension), versus (2) weighting choice (LLM detects but assigns zero
weight). Our theory emphasizes (1), geometric orthogonality, but cannot fully rule out that
LLMs perceive cultural dimensions yet choose (via RLHF or safety training) to ignore them.
Mechanistic studies analyzing internal representations could disambiguate these scenarios.

C.6 Generalizability and External Validity

Beyond Text Evaluation. Our findings address text-based evaluation of text outputs. Multi-
modal LLMs evaluating image+text (medical imaging reports), video+text (telehealth consulta-
tions), or speech+text (voice-based health queries) may exhibit different geometric properties.
Cultural context in multimodal settings involves visual symbolism, gesture norms, and audio
prosody, dimensions not captured by our text-only framework.

Interactive vs. Static Evaluation. We analyze single-turn evaluation (judge scores a fixed
response). Real-world deployment often involves multi-turn dialogue where evaluators assess
conversational quality, empathy evolution, and context accumulation. Geometric mode collapse in
interactive settings may manifest differently, sequential projections could compound orthogonality
or, alternatively, multi-turn context could enable partial recovery of cultural signal.

Human-in-the-Loop Mitigation. Our work assumes fully automated LLM-as-Judge. In
practice, human-AT collaboration (LLM pre-screens, human reviews edge cases) may mitigate
some failure modes. If humans predominantly review cases where LLM confidence is low, and low
confidence correlates with high cultural embedding, then the 85.9% null-space might be partially
recoverable through hybrid workflows. However, this assumes LLMs can reliably detect their
own cultural blindness, an empirical question we do not address.

C.7 Reproducibility and Data Access

Proprietary Model Constraints. GPT-4o is a proprietary model accessed via API, with
limited transparency about training data, architectural details, or RLHF procedures. We cannot
guarantee exact reproducibility as OpenAl may update model weights. Similarly, Sarvam-2B,
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while marketed for Indic languages, provides limited documentation. Future replication studies
may encounter version drift or API changes affecting results.

Sensitive Data and Privacy. Our health queries, though de-identified and sourced through
CSO partnerships with informed consent, involve potentially sensitive topics (reproductive health,
mental health, stigmatized conditions). We cannot publicly release the full dataset without
additional anonymization, limiting independent verification of our findings. We plan to release
aggregated annotations, prompt templates, and evaluation scripts, but raw responses remain
confidential.

Language-Specific Resources. Reproducing our Malayalam analysis requires access to
Malayalam-fluent medical professionals, a scarce resource even within India. Other low-resource
language studies face similar constraints, limiting the pace at which our findings can be validated
across diverse linguistic contexts. Crowdsourcing non-expert annotations for health content raises
ethical concerns, creating a methodological tension between scale and expertise.

C.8 Implications and Scope of Claims

Despite these limitations, our core claims remain robust within the studied scope:

1. Geometric mode collapse is real: LLM judges compress variance and operate in low-rank
subspaces across multiple models, languages, and criteria.

2. Orthogonality is systematic: > 79° angles between LLM and human subspaces are too
large to explain via calibration failure, they reflect architectural constraints.

3. Resource stratification validates theory: Malayalam’s 85.9% null-space exceeding Hindi’s
79.7% confirms that corpus size drives orthogonality, not model capability.

4. Consensus does not imply validity: Inter-LLM agreement (48° angles) is smaller than
LLM-human misalignment (76-83°), proving LLMs agree with each other while failing to align
with humans.

Future work should extend to additional languages (especially tonal, logographic, and polysyn-
thetic languages), domains (legal, educational, creative), models (open-source, encoder-decoder,
retrieval-augmented), and evaluation paradigms (multi-turn, multimodal, adversarial). Each
extension will test whether our geometric framework generalizes or requires refinement. The
existence of mode collapse is established; the universality remains an open question.

D Ethical Considerations

Our ethical considerations follow the framework proposed by Bender and Friedman (2018), with
attention to institutional oversight, data provenance, and annotator welfare.

Institutional Process and Oversight The community-centered data collection was conducted
in collaboration with Civil Society Organizations (CSOs) and local data workers. All participants
were briefed about the purpose of the study, and consent was obtained prior to participation.!

Data Provenance and Quality Assurance The dataset was created through participatory
design with CSOs to reflect real-world, multilingual health queries. This ensured that the
evaluation captured culturally grounded and socially consequential dilemmas. To minimize
potential harms and ensure quality, all responses were reviewed by both human evaluators and
automated tools. No sensitive personal information was included in the dataset.

Annotator Demographics Fifteen community data workers contributed to the creation of
queries, representing diverse age, gender, and educational backgrounds (Table 5). Their linguistic
expertise and lived experience were crucial for ensuring that the data reflected genuine community
priorities. The CSOs that facilitated collaboration and deployment contexts are summarized in
Table 6.

'We do not disclose the names or organizational details of the CSOs or data workers to preserve anonymity.
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Number of participants 15

Age range 19-36
Gender Male: 4 ; Female: 11
Education High-school: 1 ; Undergraduate: 10 ; Graduate: 4

Table 5: Demographic details of community data workers.

CSO ID Chatbot deployment Languages supported

CSO-1 Yes Hindi, Marathi, Telugu
CSO-2 Yes Kannada, English
CSO-3 Yes Hindi, English

CSO-4 No Malayalam

CSO-5 Yes Hindi, Kannada, English

Table 6: Participating CSOs. Details of organizations remain anonymized for confidentiality.

Use of LLMs in Research Process We used large language models to assist in polishing
the writing of this paper and for exploring related work. However, all substantive analyses,
evaluations, and interpretations were performed and validated manually by the authors to ensure
accuracy and accountability.
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