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Abstract

The digital public square is increasingly
fragmented by affective polarization, re-
quiring computational systems capable of
identifying discursive strategies such as
dehumanization and vilification. This paper
presents Sagarmatha, the system developed
for SemEval-2026 Task 9. We propose a
heterogeneous ensemble architecture that
addresses the limitations of standard trans-
former fine-tuning across 22 languages.
Our approach integrates mDeBERTa-v3,
ReMBERT, LaBSE, mmBERT, and XLM-
RoBERTa, through two primary architectural
pillars:  learnable weighted layer pooling
and hierarchical task conditioning. While
our final submission (a broad ensemble, R3)
demonstrated high stability on the leader-
board, our primary architectural configuration
(Weighted Polyglot, R;) yielded superior
performance in complex multi-label tasks.
The system ranked 1st globally in English
and Hausa manifestation identification, and
Ist in Telugu detection (2nd in categoriza-
tion). All code and resources are avail-
able at https://github.com/SUJAL390/
Sagarmatha_ at_ Semeval task_9.git.

1 Introduction

Online polarization manifests as rhetorical strate-
gies (dehumanization, vilification) that go be-
yond lexical hostility (Iyengar et al., 2019; Lelkes,
2016). SemEval-2026 Task 9 (Naseem et al.,
2026a) formalizes polarization via a three-stage
taxonomy consisting of: (S1) presence detection,
(S2) type categorization, and (S3) manifestation
identification.

A central modeling challenge is that S3 labels
are semantically nested under S2, so naive mul-
titask training can suffer from gradient interfer-
ence and logical inconsistency (Ruder, 2017). We
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address this with two compact, practical contri-
butions that are broadly applicable: (1) learnable
weighted pooling across deep transformer layers to
recover mid-layer signals that encode rhetorical nu-
ance, and (2) hierarchical task conditioning (HTC),
a light-weight structured-conditioning mechanism
that approximates a conditional factorization of the
joint label space while preserving end-to-end opti-
mization stability. The overall Sagarmatha archi-
tecture is shown in Fig. 1.

Contributions. We summarize our contribu-

tions succinctly:

1. A practical heterogeneous-inductive-bias fu-
sion pipeline combining five multilingual
backbones and lightweight task conditioning.

2. Formalization and operationalization of Log-
ical Violation Rate (LVR) to audit taxonomic
consistency.

3. A compact set of inference aggregation strate-
gies (mean, power-mean, rank-avg, max) and
deterministic post-processing to enforce tax-
onomy.

4. Forensic analyses showing where weighted
pooling and HTC materially change errors
(see Table 1, Fig. 2 and Fig. 3).

2 Related Work

2.1 Socio-Linguistics and Polarization

Linguistic polarization is bifurcated into Ideologi-
cal Polarization and Affective Polarization (lyen-
gar et al., 2019). In online media, this manifests as
othering language where discourse delegitimizes
the out-group rather than persuading (Rathje et al.,
2021). Previous shared tasks like HatEval (Basile
et al., 2019) focused on toxicity, but Task 9 re-
quires deeper NLU for rhetorical framing across
multicultural contexts.
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Figure 1: Sagarmatha Architecture. Features are extracted via learnable weighted pooling of the final five hidden
states. The hierarchical head conditions Subtask 3 on detached (StopGrad) logits from Subtasks 1 and 2.

2.2 Architectural Advancements

The practice of extracting features from multiple
transformer layers, known as Weighted Layer Pool-
ing, was popularized by Kondratyuk and Straka
(2019) to capture both syntax and semantics simul-
taneously. Furthermore, multilingual models such
as mDeBERTa-v3 (He et al., 2021), which utilizes
disentangled attention, and ReMBERT (Chung
et al., 2020), which leverages a significantly ex-
panded vocabulary, have shown varying efficacy
across scripts. Our work unifies these backbones
into a coherent hierarchical pipeline.

3 Sagarmatha System Architecture

To overcome the 16GB VRAM limitation of the
Kaggle T4 GPU, the five large transformer back-
bones were not trained simultaneously. Instead,
each model was fine-tuned independently, and its
best checkpoint weights were saved. Throughout
this paper, we refer to three primary configura-
tions: R; (Weighted Polyglot), which evaluates
the standalone impact of learnable weighted layer
pooling on the individual backbones; Ry (Hierar-
chical), which extends R; independently by incor-

porating hierarchical task conditioning (HTC); and
R3 (Broad Ensemble), our final leaderboard sub-
mission, which represents the late-fusion inference
aggregation of these saved best-checkpoint mod-
els.

3.1 Heterogeneous Ensemble Strategy

The system utilizes an ensemble of five distinct
backbones. For our primary models, we focus
on backbones selected for unique inductive bi-
ases: mDeBERTa-v3 for disentangled attention
(He et al., 2021), ReMBERT for its 250k token
vocabulary (Chung et al., 2020), and LaBSE for
cross-lingual alignment. Additionally, we incorpo-
rate XLM-RoBERTa for its robust universal cross-
lingual baseline, and mmBERT to provide spe-
cialized morphological representations tailored for
highly inflected or under-resourced scripts, ensur-
ing balanced coverage across the 22 languages.

3.1.1 Ensemble Aggregation

Let p{™) denote the probability output of the m-th
individually trained model for a given task. Our
primary ensemble (R3) uses mean-probability ag-
gregation:
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Taxonomy Sequence [Original — Translation]

R3 (Ensem- Specialized Scientific Discovery

ble) Config.
Taxonomic 3l TeTETE weHiediet ufafAfeea 7+ avfenr afgemer @rey T fom Tafgsr Sy : 0 Ro: Rg3 suffers from Taxonomic Drift
U UTES | Trans: Systemic critique of health access for the poor. (Neg) S1:0,S3 :0 (hallucinated tactic). The Hierarchi-

Ss : 1 (Pos) (Consistent) cal variant (Rz) enforces logic via

task-dependency.

Semantic .‘()gégoés $FRDTPBTHE Fehoor D0Rgen HBLY,BocsERScéo eeersto. St : 1 (Pos) Ri: R3 smooths nuanced predictions.
Trans: They are acting with negligence. It is unfortunate that the farmers> Ss @ 0 S1:1,S3:1 The Weighted Polyglot variant (R1)
issues remain unresolved. (Neg) (Detail  Recov- recovers mid-layer signals of “ne-

ered) glect” and “pain.”

Script 95bl Lo & g0 05 lwsSh Lh) cw cclox Godwl 235w S loiyy bogexllae Sy : Other  Ry: Sa : Standard pooling in Rs misses

Sl S wlbs Gue LS Sho (S Wy Hgl Gioduw odwl pllas w aiunly - S3 : None
Trans: While addressing the ‘Jeevay Pakistan’ rally in Ubauro, Jamaat-e- Ri:  Ss
Islami Sindh leader Abdul Hafeez Bijarani emphasized that the nation’s sur-

Religious script-specific entities. R; demon-
. strates Morphological Resilience in

Ideological  Perso-Arabic scripts.

vival and security are inextricably linked to the implementation of an Islamic

system.

Table 1: Comparative Error Taxonomy of Sagarmatha Configurations. We analyze how our specialized variants
(R1, R2) mitigate the logical inconsistencies and semantic smoothing found in our final ranking ensemble (R3).

| M
A (m)
P=57 27 (1)
m=1
where M is the number of ensemble members.
In addition, we explored alternative aggregation
strategies such as Power Mean:

1 M
3 2 Pm)? 2)

m=1

and Rank Averaging:

M
1
A (m)
DPrank = U mE 1RankNorm(p ) 3

where RankNorm(-) converts probabilities to
normalized rank scores to reduce calibration bias
across heterogeneous backbones.  Ultimately,
mean-probability aggregation was selected for R3
because it acts as a robust regularizer against the
overconfidence of individual models, yielding the
most stable validation calibration without the dis-
proportionate penalty to minority predictions intro-
duced by rank averaging or the variance amplifica-
tion seen in power means.

3.2 Weighted Layer Pooling

The pooled representation /1,1 is a weighted sum
of the last n = 5 hidden states:

L
Ppool = Softmax(ag) - hy 4)
k=L—4

where «v are learnable scalar weights. The choice
of the final five layers (n = 5) optimally bal-
ances computational efficiency with the extraction

of both high-level semantic abstractions (final lay-
ers) and intermediate syntactic and rhetorical fea-
tures (lower layers) critical for detecting subtle po-
larization tactics.

3.3 Hierarchical Task Conditioning (HTC)

To model the logical taxonomy, the input to the
manifestation classifier (S3) is augmented with
predicted states of detection (S7) and categoriza-
tion (.S9):

X3 = [Drop(hpoot) © SG(§51) © SG(§s2)] (5)

The StopGrad (SG) operator is critical: it prevents
the highly sparse and complex loss landscape of
the manifestation classifier (S3) from backpropa-
gating into and destabilizing the foundational rep-
resentation spaces optimized for the primary detec-
tion (.51) and categorization (S2) tasks. At infer-
ence, we enforce taxonomic consistency via a de-
terministic constraint:

Ysz3 =0 (6)

This ensures category or manifestation labels are
not predicted for non-polarized sequences.

51 =0= 952 =0,

Parameter Value

Loss Function
Optimization

Cross-Entropy w/ Pos. Weighting
AdamW, LR 2 x 10~°, 8 Epochs

Hyperparams Batch 16, Max Len 128, Dropout 0.1
Validation 10% Stratified (Metric: Macro-F1)
Hardware Kaggle T4 GPU (Seed: 42)

Table 2: Experimental Setup.

4 Experimental Setup.

Training details and hyperparameters for all vari-
ants are in Table 2; model selection is based on vali-
dation macro-F}. We developed our models using
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the official POLAR benchmark dataset (Naseem
et al., 2026b).

4.1 Threshold Optimization

For Subtask 57, decision thresholds were opti-
mized on the validation set via grid search:

t* =arg max

Fmacro t 7
t€[0.3,0.7] ! ( ) @

using a step size of 0.02. Subtasks S5 and S5
used fixed thresholds of 0.35 based on validation
calibration.

5 Results and Detailed Analysis

The Sagarmatha system achieved elite rankings
across all 22 languages. Table 3 provides the com-
prehensive performance matrix. Our system estab-
lished a new benchmark for Telugu, ranking 1st
in Detection (F7 = 0.905) and 2nd in Catego-
rization (F7; = 0.465). In the most complex task
(S3), we achieved the Global Rank 1 in English
(F} = 0.511) and Hausa (F7 = 0.208).

5.1 Ablation and Component Analysis

To understand the contribution of each architec-
tural component, we compare the overall averages
of our configurations (Table 3). Removing the en-
semble aggregation (comparing R1 and R2 against
R3) reveals a surprising dynamic: while the broad
ensemble (R3) provides general leaderboard stabil-
ity, the standalone Weighted Polyglot architecture
(R1) actually outperforms the ensemble in Subtask
1 (0.790 vs 0.787) and Subtask 2 (0.575 vs 0.559).
This demonstrates that learnable weighted pooling
effectively captures nuanced mid-layer signals that
standard ensembling tends to over-smooth. Fur-
thermore, evaluating the impact of HTC (compar-
ing R2 to R1) shows that while HTC introduces
a strict structural constraint that slightly limits raw
multi-label recall, it is strictly necessary to prevent
the cascading taxonomic hallucinations detailed in
our LVR audit.

6 Interpretability and Forensic Audit

6.1 Cross-Lingual Performance Insights

A deeper analysis of language-specific perfor-
mance reveals distinct cross-lingual behaviors.
Our system achieved its highest peaks in Indic
languages, notably Hindi (S1: 0.951) and Telugu
(S1: 0.905). This strong performance is largely
attributable to the inclusion of ReMBERT and

LaBSE in our backbone pool, which possess ex-
tensive vocabularies that prevent severe token frag-
mentation in complex scripts. Conversely, the sys-
tem struggled with subtask 2 and 3 performance in
languages like Italian (S2: 0.230) and Bengali (5'3:
0.228). This degradation correlates with either lim-
ited training instances for specific manifestation
types or high morphological complexity where the
base models failed to align affective nuances. In
these under-resourced scenarios, the smoothing ef-
fect of the R3 ensemble actively hindered perfor-
mance compared to the localized feature extraction
of R1.

6.2 Taxonomic Consistency (LVR)

A critical contribution of this work is the mitiga-
tion of Logical Violations instances where a model
identifies a manifestation tactic (S3) despite clas-
sifying the sequence as non-polarized (S7). As
shown in Fig. 2, our Hierarchical Attention (Ry2)
configuration significantly reduced the Logical Vi-
olation Rate (LVR) compared to the base ensem-
ble (R3). While the ensemble exhibited LVRs as
high as 33% in languages like Italian, our hierarchi-
cal conditioning constrained the prediction space
to logically valid subspaces, ensuring taxonomic
integrity.

6.2.1 Formal Definition of Logical Violation
Rate (LVR)

We define Logical Violation Rate (LVR) as:

I (35 = 0 A llglh > 0

LVR =
N

®)

where J[] is the indicator function and ”@S?)) It
denotes the number of predicted manifestation la-
bels for sample i. LVR captures the proportion of
logically inconsistent predictions in which a man-
ifestation is detected despite absence of polariza-
tion.

6.3 Nuance Sensitivity in Multi-label
Detection

Fig. 3 illustrates the Nuance Sensitivity of our
architectures. Our Broad Ensemble (R3) and
Weighted Polyglot (R;) configurations consis-
tently identified a high number of manifestations
per post in high-context scripts like Urdu and
Hindi. While R3 maximizes raw recall, the Hierar-
chical (R2) configuration exhibits a more conser-
vative identification rate, effectively suppressing
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Fam. ISO Lang S1 (Detection) Sa (Type) S3 (Manifest.) Rank
Ry R2  Rs B Ry Rs R3 B Ry Rs R3 B [(51/52/S3)
dra te Telugu | .905 884 .892 .644 | 465 458 446 314 | 406 385 424 220 1/2/3
inc ur Urdu 878 812 816 .789 | .780 770 .779 712 | .808 .800 .799 .769 | 39/6/11
hi  Hindi 951 913 917 737 | 775 764 753 791 | .748 740 740 745 | 8/17/8
ne Nepali 914 914 907 879 | .789 768 778 — | .667 .667 658 609 | 12/12/6
pa Punjabi | .793 .790 .792 789 | 536 .520 .524 365 | .529 531 523 .384 4/2/4
or Odia .624 809 .829 776 | 468 468 468 560 | .280 278 277 131 | 34/14/5
bn Bengali | .833 .833 .836 .852 | .367 .324 333 288 | .229 213 228 .086 | 24/11/9
afa am Amharic| .839 .839 836 715 | .611 .604 593 371 | .532 523 524 443 | 21/8/8
ha Hausa 934 934 941 775 | 427 394 426 203 | .208 .170 207 .000 | 10/3/1
ar Arabic | .827 .826 .823 .795 | .605 598 .587 485 | .595 584 577 390 | 16/17/10
ine en English | .752 .826 .817 .780 | .511 .506 .503 .333 | .511 485 510 410 | 12/4/1
es Spanish | 772 783 763 .726 | .637 .622 .615 .593 | 515 508 495 456 | 21/18/6
de German | .728 728 724 671 | 570 577 551 407 | 498 474 498 348 | 15/10/4
it Italian 660 .660 652 .677 | 260 246 230 376 | — — — — | 31/19/—
fa Persian | 915 861 867 .842 | .600 .586 .579 463 | 470 460 461 200 | 6/12/4
pl  Polish 764 818 814 .724 | 564 551 551 449 | — — — — | 15/9/—
ru Russian | .672 731 .821 .745 | .565 .502 523 590 | — — — — | 27/13/—
sit zh Chinese | .883 .893 .879 869 | .750 .734 732 .669 | .536 .538 510 .531 | 30/20/18
my Burmese| .894 873 .864 .821 | .690 .675 674 477 | — — — — | 18/15/—
oth km Khmer | .918 918 913 659 | .629 .607 .601 .626 | .313 .341 337 234 | 42/17/8
tr Turkish | .775 776 .787 .696 | .561 .577 544 470 | 501 512 502 .673 | 26/20/6
sw Swahili | .800 .788 773 757 | 507 484 493 441 | 553 550 .528 508 | 7/8/10
AVG Overall | .790 789 787 741 | .575 571 559 446 | .492 486 489 352 | —

Table 3: Sagarmatha Performance Matrix. Variants: (R;) Weighted Polyglot, (R2) Hierarchical, (R3) Broad En-
semble, (B) Baseline. Language identifiers follow lowercase ISO 639-1 standards to distinguish from ISO 3166-1
country codes. Best scores are bolded; global peaks are in red.

the hallucinated marginal signals by strictly enforc-
ing the logical taxonomy.

6.4 Cross-Lingual Discursive Mapping

By auditing the raw predictions of our best con-
figuration, we generated a global correlation map
between polarization types and discursive tactics
(Fig. 4). Our analysis reveals that Racial/Ethnic
Polarization is uniquely characterized by a 0.91
correlation with Stereotyping, whereas Religious
Polarization shows the strongest link to Vilification
(0.85). Interestingly, Political Polarization demon-
strated its strongest correlations with Vilification
(0.84) and Extreme Language (0.76), highlighting
a highly aggressive discursive profile. This map-
ping provides a data-driven sociological profile
of how polarization manifests across 22 diverse
global cultures.

7 Conclusion

We present a compact, reproducible pipeline that
integrates heterogeneous backbones with learnable
layer pooling and hierarchical conditioning. Our
contributions are practical and generalizable: HTC
offers a light-weight way to enforce structural con-
straints in multi-label taxonomies, and weighted
pooling provides an inexpensive mechanism to re-

cover rhetorical nuance. Together, these design
choices yield strong multilingual performance and
improved taxonomic integrity (reduced LVR) on
the POLAR benchmark.

8 Limitations and Ethics

We explicitly note limitations: single-seed exper-
iments (seed 42) due to shared-task time con-
straints; some Romance languages have lower S2
performance likely because of limited training in-
stances. We caution against deployment without
human oversight: labeling is subjective, cultural
interpretation varies, and errors could harm tar-
geted groups. Recommended safeguards: human-
in-the-loop review, abstention thresholds for high-
uncertainty predictions, and further demographic
bias audits prior to deployment.
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Scientific Audit: Logical Violation Rate (LVR) per Language
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Figure 2: Logical Violation Rates (LVR) by Language. Base ensemble (R3) frequently predicts polar manifestations
for non-polarized text; Hierarchical (R2) and Weighted (R1) architectures enforce taxonomic integrity.

Nuance Sensitivity: Mean Manifestations Detected per Language
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Figure 3: Nuance Sensitivity Analysis. Mean number of manifestations identified per sequence. The Broad Ensem-
ble (R3) exhibits the highest sensitivity across high-context scripts (e.g., Urdu, Hindi, Ambharic), followed closely
by the Weighted Polyglot (R1) configuration. The Hierarchical (/22) model shows a more conservative identifica-
tion rate due to its strict taxonomic constraints.

Cross-Lingual Discursive Map: Categorical Correlation with Manifestation Tactics

abilty (P(ctic | Cat

Subtask 3: Manifestation Identification Tactics

Figure 4: Cross-lingual Discursive Map.
Heatmap shows conditional probabilities
P(Tactic|Category). High correlations (e.g.,
Racial — Stereotype, 0.91) reveal rhetorical
profiles of polarized discourse.
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