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BLOCK 1 - MOTIVATION

From Binary to Ordinal Semantics

The evolution of the Word-in-Context task

Binary Word-in-Context
Pilehvar et al. (2019)

TRUE / FALSE

° “She hurt her arm.” vs. “They arm the soldiers.”

° “She sat on the bank.” vs. “My money is in the bank.”

&

This forces same/different dichotomy which oversimplifies the
semantic continuum.
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Ordinal Word-in-Context

Schlechtweg et al. (2025)

4-point DURel scale

° “She hurt her arm.” vs. “The statues arm got
damaged.”

° “The blood bank is out of blood.”
vs. “My money is in the bank.”

y

A meaningful ordering of the semantic continuum is needed.



BLOCK 1 - MOTIVATION

The DURel Scale

A linguistically grounded 4-point ordinal scale for semantic proximity

Identical

“...opened a vein in her little arm...” vs. “...within reach of his arm...”
Identity
Closely Related “...the disembodied arm of the Statue of Liberty...” (replica; non-prototypical body
Context Variance part)
Distantly Related

“...overlooking an arm of the sea...” (metaphorical extension (not always))
Polysemy
Unrelated

“...taxed to pay for the arms, ammunition...” (weapons; no semantic relation)
Homonymy

Target word: arm - examples from Schlechtweg et al. (2025)
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BLOCK 1 - MOTIVATION

Sentence-BERT
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BLOCK 1 - MOTIVATION

State of the Art & the Thresholding Gap

XL-DURel (Yadav & Schlechtweg, 2025) — the current best OGWiC model

THE GAP
Sentence pair Bi-Encoder s Discrete class
thresholds
4 4 4
Us, Uz cosine-sim € [-1,1] Optimization on dev 1/2/3/4
Why this is a problem

[ | Structural disconnect: training optimizes a continuous ranking objective, inference requires discrete ordinal classes.

[ | Calibration depends on labeled development data — unavailable in zero-shot deployment on new domains or
languages.

[ | Thresholds are heuristic post-hoc fixes, not learned alongside the representation.

Alp Mujko - OGWIiC with Cumulative Link Models - Defense



BLOCK 2 - THEORY

The Cumulative Link Model

McCullagh (1980)

Structural rank consistency via a latent score and ordered thresholds

Latent variable formulation

y*x = f(x)

continuous latent score (classifier output)

Py < qlz) = g(by — y*)

cumulative probability via link g(-)

glu)=o(u)=1/(1+e-v)

example g(-): Sigmoid Function

Ply=gqlr) =Ply<q —Ply<q-—1)

absolute class probability
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BLOCK 3 - METHODOLOGY

Ordinal Loss Functions

Why cross-entropy fails on ordinal data — and what to use instead

Both models below have ground truth y = 4 (Identical). Cross-entropy penalizes them identically:

Model A: predicts class 3 Model B: predicts class 1
= [0.1, 0.1, 0.7, 0.1] P=1[0.7, 0.1, 0.1, 0.1]

CE loss: —log(0.1) = 2.30 CE loss: —log(0.1) = 2.30

Near miss: Context Variance # Identical Catastrophic: Homonymy # Identical

Distance-aware alternatives evaluated in this thesis

Ordinal Log-Loss (OLL) Squared Earth Mover's Distance (EMD?2)
" Loti—a(P,y) Z log(1 — p;) d(y,i)* " EMD?(p, t) Z (CDF;(p) — CDF;(t))?
=1
proportion to their distance from the true class. cumulative distributions, with larger penalties when
[ | Hyperparameter a controls penalty steepness. probability mass is shifted farther from its correct positions.
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BLOCK 3 - METHODOLOGY

The Four-Architecture Progression

A controlled experiment: each architecture varies exactly one structural component

Bi-Encoder

Continuous output

needs post-hoc
thresholding

Continuous
Cross-Encoder

+ cross-attention

needs post-hoc
thresholding

Nominal
Cross-Encoder

+ direct 4-class output

no post-hoc
thresholding

Cumulative Link
Cross-Encoder

+ ordinal structure

no post-hoc
thresholding

One-change-at-a-time principle: every transition isolates a single structural component — joint encoding (A1—A2), discrete output

(A2—A3), ordinal structure (A3—A4) — so observed performance shifts can be causally attributed.
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BLOCK 3 - METHODOLOGY

From Architecture 1 to Architecture 2

Bi-Encoder Continuous Cross-Encoder
4.0utput 4.0utput
[1,1] [1,1]
A A
3. Similarity Calculation 3. Similarity Calculation
cosine-similarity(u,v) cosine-similarity(u,v)
A A A A
Contextualized Embedding Contextualized Embedding
u \' u \'
A A A A
2. Pooling Phase 2. Pooling Phase
Mean Pooling / Mean Pooling / )
Target Pooling Target Pooling Target Pooling
A A A A
1. Encoding Phase |1. Encoding Phase
XLM-RoBERTa-large / XLM-RoBERTa-large / g g ;
InfoXLM-large InfoXLM-large XLM-RoBERTa-large / InfoXLM-large
Sentence A Sentence B Sentence A Sentence B
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BLOCK 3 - METHODOLOGY

From Architecture 2 to Architecture 3

Continuous Cross-Encoder

4.0utput

['11 1]

A

Nominal Cross-Encoder

5. Output

[-o0,

o] |[-o0, ][ |[-o0, ]| [[-o0, o]

A

3 A A A

3. Similarity Calculation

cosine-similarity(u,v)
A A

4. Logit Calculation

Classifier

R

Contextualized Embedding

u \'
A A

2. Pooling Phase

Target Pooling

1. Encoding Phase

XLM-RoBERTa-large / InfoXLM-large

T T

Sentence A Sentence B
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T T
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BLOCK 3 - METHODOLOGY

From Architecture 3 to Architecture 4

Nominal Cross-Encoder

5. Output

[Foo, oo]| |[Foo, 0] |[[-o0, ]| [[-c0, 0]

Cumulative Link Cross-Encoder

6. Output

o] [e3] [ea] e

A A A A

4. Logit Calculation

Classifier

A

3. Feature Calculation

CLS / Concat / Diff / Prod / All / DeepChange

5. Cumulative Link Layer

P(y=q)=P(ysq-P(y<sqg-1)

Cutpoints Calculation

£ £ 7
| Posaw=gbe-re) |
) ) )
by-y' bz-y' bg-y

A A

2. Pooling Phase

CLS-Token / Target Pooling

4. Latent Scalar Calculation

Projector / Identity (for Cosine)

A A

1. Encoding Phase

3. Feature Calculation

CLS/ Concat / Diff / Prod / All
DeepChange / Cosine

XLM-RoBERTa-large / InfoXLM-large

T T

Sentence A Sentence B
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BLOCK 4 - EXPERIMENTAL SETUP

Research Questions & Contributions

Three RQs answered through a controlled four-architecture progression

Research Questions

m Does joint encoding (Cross-Encoder) outperform independent encoding (Bi-Encoder)?

m Does direct nominal classification improve the Cross-Encoder?

m Does explicit ordinal modeling via a Cumulative Link Model outperform the other architectures?
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BLOCK 4 - EXPERIMENTAL SETUP

Data

Three role-specific dataset categories

Primary Data Auxiliary Training Data Zero-Shot Evaluation
Ordinal supervision Binary supervision (label-mapped) Held-out ordinal benchmarks
m  CoMeDi (DURel 1-4) m  Original WiC, MCL-WiC, m  EN(DWUG), ES (DiaWUG),
u 7 languages: DE, EN, ES, NO, RU, XL-LEXEME (whole & subset), NL (DWUG-NL), SL (Slovenian),
SV, ZH
SPCD, SweWiC, DanWiC JA (Japanese LSCD)

n 47k train / 8k dev / 15k test

Preprocessing

[ | Target words got marked with <t> & </t>.

[ | Label mapping: Binary — Ordinal
o  Binary 0 (Different Meaning) — Ordinal 2 (Polysemy)
o  Binary 1 (Similar Meaning) — Ordinal 4 (Identical)
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BLOCK 4 - EXPERIMENTAL SETUP

Krippendorff's a for Evaluation

Ordinal-aware, chance-corrected agreement

Formula

observed disagreement

SRS

expected disagreement under chance

Penalizes severity: 1—4 worse than 3—4.

Chance-corrected: no reward for always predicting majority
class.

] Robust to extreme class imbalance (63% Class 4 in CoMeDi).
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Interpretation

a =1 — perfect agreement.
o =0 — chance level.

a =0.66 — roughly %3 as many and %3 as severe errors as
random.
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BLOCK 5 - RESULTS

Results on CoMeDi

Architectures Performances on CoMeDi Test

Alpha Score

0.70

mmm  Trained with Primary Data

=== Primary Data and Auxiliary Data

0.681
0.68 0.677
0.670
0.66
0.64
0.620
0.62
0.60 —_—
XL-DURel Bi-Encoder

SOTA (continuous)
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0.684

0.666

0.664

0.656

Cross-Encoder Cross-Encoder

(nominal) (ordinal)
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BLOCK 5 - RESULTS

Results in Zero-Shot Scenario

Mean Zero-Shot Performance on Unseen Data (EN, DU, ES, SLO, JP)

mmm  10% Dev Split (Lemma Level)
mmm 33% Dev Split (Lemma Level)

0.700

0.675 0.669

0.650

0.625

0.600

Alpha Score

0.575

0.550

0.525

0.500
Bi-Encoder

(continuous)
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0.624
0571 I

0.681

Cross-Encoder
(continuous)

0.606

Cross-Encoder
(nominal)

0.566

0.555

Cross-Encoder
(ordinal)
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Understanding Zero-Shot Results

Predicted vs. True Class Distribution and Fitted Thresholds — Phase 4 (+
Dev Split: 33% of lemmas
B Predicted distribution (filled) =21 True distribution (dashed outline) mmm Threshold band: class regions on cosine 0-1

Bi-Encoder (continuous) Cross-Encoder (continuous) Cross-Encoder (nominal)
+ SweWiC + SweWiC + All Aux
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BLOCK 6 - DISCUSSION

Discussing the Results

On CoMeDi (withing distribution)

Cumulative Link Model: Achieves the highest CoMeDi performance (o = 0.684) and derives semantically meaningful
thresholds.

Bi-Encoder & Continuous Cross-Encoder: Maintain strong, comparable performance driven by their training ranking
objectives.

Nominal Cross-Encoder: Yields the weakest results; treating labels as independent classes prevents the architecture
from learning necessary ordinal relationships.

On Unseen Data (out of distribution)

Top OOD Performer: Architectures 1 and 2 achieve the highest zero-shot performances when dev data is sufficient
(up to a = 0.681).

Poor Ordinal Generalization: The Cumulative Link Model fails to generalize to unseen data, dropping to the lowest
performance among all architectures.

Calibration Dependency: Continuous models rely heavily on dev set size, showing dramatic gains when the split
increases from 10% to 33%.
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BLOCK 6 - DISCUSSION

Answering the Research Questions

Each RQ admits a more nuanced answer than initially anticipated

RQ1 Does joint encoding (Cross-Encoder) outperform independent encoding (Bi-Encoder)? Tentatively Yes
° Cross-Encoder shows a small but consistent advantage,

° However, the gain is modest and the Cross-Encoder is more vulnerable when calibration data is scarce.

RQ 2 Does direct nominal classification improve the Cross-Encoder? Not really
° Without auxiliary training data, Architecture 3 is the weakest model (Aa = —0.030 vs. A2).

° With it, it largely catches up, but does not surpass Architecture 2.

RQ Does explicit ordinal modeling via a Cumulative Link Model outperform the other
3 architectures?
° Within same data distribution, the CLM achieves the highest best-run score (0.684).

Conditionally Yes

° Outside that regime, its learned thresholds become a liability: It ranks last on zero-shot generalization.
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BLOCK 6 - DISCUSSION

Conclusion & Future Work

The thresholding gap is reframed, not closed

The principal takeaway
e Continuous Models: Require calibration data at deployment, which can be beneficial if available.

e Discrete Models: Do not require calibration, but are constrained by training data.

e The Takeaway: Choose based on the data you have available in your target scenario.

Contributions Future Work
[ | Comparison of four different Al architectures [ | Class-balanced training
n First application of CLM to contextual semantic tasks n Post-hoc threshold recalibration for CLM

- Characterization of the thresholding gap ] Instead of set thresholds, use calculated ones per inference
[ | Hybrid architectures: Bi-Encoder + ordinal heads

[ Improvement of the SOTA model for OGWiC task . . . )
[ Comparison to continuous Architectures with global set

thresholds
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BLOCK 6 - DISCUSSION
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BLOCK 5 - RESULTS

Detailed Results on CoMeDi1

Cross-Architecture Synthesis — Mean a across seeds
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Cross-Architecture Synthesis — Best run a (selected by mean a)
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BLOCK 5 - RESULTS

Detailed Results in Zero-Shot Scenario

Zero-Shot Krippendorff's a on Unseen Data

Phase 3 (Train on COMEDI only) Phase 4 (+ Auxiliary Data)
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BLOCK 5 - RESULTS

Understanding Zero-Shot Results

Predicted vs. True Class Distribution and Fitted Thresholds — Phase 4 (+ Auxiliary Data)
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+ SweWiC

SemRel :
(English) -
[ EEN oo
— =
s} -
DiaWuG 1
(Spanish) : .
TN _-_. S

DWUG NL
(Dutch) - ———y
— .,

Slovenian
(SemChange) —
|

JaSemChange -

0 ) »
PSS e, IO |

— )

Alp Mujko - OGWIiC with Cumulative Link Models - Defense

Cross-Encoder (continuous)
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