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Abstract

We describe our system for SemEval-2026
Task 10, Subtask 1: Conspiracy Marker Ex-
traction (Samory et al., 2026), which involves
identifying spans of five marker types (Actor,
Action, Effect, Evidence, and Victim) in En-
glish social media text. Standard token-level
classifiers predict each position independently,
which can cause span fragmentation and ig-
nores inter-marker dependencies. We present
a Span-Consistency Network (SCN) built on
DeBERTa-v3-large designed to address these
issues. First, a Span Consistency Layer (SCL)
propagates span-level signals to constituent to-
kens via a min-over-span, max-over-position
mechanism. Second, Cross-Marker Attention
(CMA) models co-occurrence patterns between
marker types through a learned correlation ma-
trix. Third, we adopt a recall-biased Tver-
sky loss augmented with Span Count Regu-
larization (SCR), which penalizes mismatches
between predicted and gold span counts, pe-
nalizing diffuse probability distributions in fa-
vor of discrete spans. We ensemble five mod-
els trained via stratified cross-validation with
probability averaging. Our system achieved
a Macro F1 of 0.24 on the test set, placing
second among participating teams. Ablation
experiments on the development set show that
SCR has a large effect: its removal leads to pre-
diction collapse for three of five marker types,
and that the Tversky loss outperforms binary
cross-entropy. We additionally provide a la-
tency analysis of CMA, an analysis of how
SCL handles cross-type overlapping spans, and
an ablation on SCR warm-up scheduling.

1 Introduction

Conspiracy theories have become a pervasive fea-
ture of online discourse, influencing public opin-
ion on topics ranging from public health to elec-
toral integrity. Understanding the rhetorical struc-
ture of conspiracy narratives is relevant to content
moderation, media literacy, and social science re-

search (Da San Martino et al., 2019). SemEval-
2026 Task 10 (Samory et al., 2026) operationalizes
this as a structured span extraction task over En-
glish social media text: given a document, systems
must identify character-level spans corresponding
to five marker types grounded in evolutionary psy-
chology: Actor (who is responsible), Action (what
they are doing), Effect (the consequences), Evi-
dence (the cited justification), and Victim (who
is harmed). The task is evaluated using overlap-
based Macro F1, where predicted and gold spans
are matched via greedy IoU alignment, and perfor-
mance is averaged equally across all five types.

This task presents three challenges that stan-
dard token classification approaches handle poorly.
First, token-level classifiers predict each position
independently, which produces fragmented spans
when adjacent tokens receive inconsistent scores;
this is particularly acute for long markers like Evi-
dence and Effect that can span entire clauses. Sec-
ond, the five marker types tend to co-occur: Actor
mentions typically accompany Actions, and Evi-
dence spans tend to appear alongside the Actions
they justify. Independent per-marker prediction
ignores these dependencies. Third, the class distri-
bution is heavily skewed toward the negative class
(most tokens are not part of any marker), causing
standard losses like binary cross-entropy to favor
conservative, low-recall predictions.

We present a Span-Consistency Network (SCN)
designed to address these challenges. A Span Con-
sistency Layer (SCL) encourages coherent span
boundaries by propagating span-level confidence
signals back to individual tokens. Cross-Marker
Attention (CMA) models inter-marker correlations
through a learned dependency matrix. A recall-
biased Tversky loss with Span Count Regulariza-
tion (SCR) directly penalizes span fragmentation
and penalizes the model for distributing probability
mass diffusely across tokens.

Our system achieved a Macro F1 of 0.24 on the
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held-out test set, placing second among participat-
ing teams. Ablation experiments on the 100-sample
development set reveal that SCR is the most im-
pactful component: removing it causes three of five
marker types to receive zero predictions entirely, as
the model’s sigmoid outputs never cross the clas-
sification threshold. The Tversky loss provides
consistent gains over binary cross-entropy, and the
full system outperforms a DeBERTa+MLP base-
line by 8 points Macro F1. This paper additionally
contributes: (i) a latency benchmark isolating the
cost of CMA from that of SCL; (ii) an analysis of
how SCN handles overlapping spans, both mech-
anistically and empirically; (iii) an SCR warm-up
ablation showing that delayed activation harms per-
formance; (iv) a CRF baseline comparison; and (v)
a discussion of generalizability concerns around
manually configured priors.

2 Background

2.1 Task Setup and Evaluation

SemEval-2026 Task 10 targets conspiracy marker
extraction from English-language social media
posts (Samory et al., 2026). Each document may
contain zero or more spans for each of five marker
types: Actor (individual or group agents), Action
(what the actor is doing), Effect (consequences),
Victim (individuals or groups harmed), and Evi-
dence (claims supporting the theory). Spans are
defined by character-level offsets. Notably, spans
of different types may overlap (the same fragment
can be both Actor and Victim), requiring multi-
label predictions at each position.

The training set consists of 4,316 annotated posts
containing 21,965 marker annotations. Marker fre-
quencies are imbalanced: Actor is most frequent
(6,416) while Victim is least (3,315), nearly 2:1.
Span lengths vary substantially: Actor and Victim
spans are short (mean ~13 characters, typically
noun phrases), while Effect and Evidence spans
are long (mean ~35 characters, often full clauses).
The development set contains 100 samples. Gold
labels for the test set were not released at the time
of writing.

The official metric is overlap-based Macro F1.
For each marker type, predicted and gold spans are
matched greedily by descending IoU. A matched
prediction is a true positive; unmatched predictions
are false positives and unmatched gold spans false
negatives. Per-type F1 scores are averaged equally
to produce Macro F1. This metric rewards partial

overlap but penalizes both boundary imprecision
and missed spans.

2.2 Related Work

Span extraction has been widely studied in named
entity recognition (Devlin et al., 2019; Lample
et al., 2016), with recent work exploring span enu-
meration (Eberts and Ulges, 2020), biaffine scor-
ing (Zhong and Chen, 2021; Yu et al., 2020), and
unified sequence-to-sequence formulations (Raf-
fel et al., 2023). For class-imbalanced sequence
labeling, Li et al. (2020) demonstrated Dice loss
as a differentiable F1 surrogate. The Tversky
loss (Salehi et al., 2017; Tversky, 1977) general-
izes Dice with asymmetric false-positive and false-
negative weighting, originally for medical image
segmentation. Generalized Dice loss (Sudre et al.,
2017) addresses class imbalance through per-class
weighting. Our Span Count Regularization extends
these set-based losses with a structural constraint
on the number of predicted spans. Cross-marker
interaction has been explored in joint entity and
relation extraction, though typically through shared
encoders rather than explicit correlation modeling.

3 System Overview

Our architecture follows a token classification
paradigm with three extensions for multi-label span
extraction. The pipeline is illustrated in Figure 1
and proceeds as: (1) a pretrained encoder produces
contextualized representations, (2) per-marker scor-
ing heads produce token-level logits, (3) a Span
Consistency Layer propagates span-level signals,
(4) Cross-Marker Attention refines predictions via
inter-marker dependencies, and (5) thresholded de-
coding produces character-level spans.

3.1 Encoder and Token Scoring

We use DeBERTa-v3-large (He et al., 2023) as
the backbone encoder, producing contextualized
representations h; € R (d=1024). DeBERTa’s
disentangled attention, which separately encodes
content and position, has been effective across NLP
tasks.

For each marker type m € M, a dedicated scor-
ing head maps encoder output to a scalar logit:
r™ = MLP,,(h;) € R. Each MLP,, has two
hidden layers (512, 256) with GELU activations
and dropout (p=0.1). Separate heads allow each
marker type to learn different boundary patterns.

3241



Input tokens

DeBERTa-v3-large

Token Scorers
MLP,, (h;), m=1...5
in-over-spa
sition

a=0.3, €T 5= "~ =

507 1 Tversky 1 Span Consistency
5~ p+ 1__tASCR _! Layer (SCL)

correlation C € R®
+ gated MLP

Cross-Marker
Attention (CMA)
Threshold 7,,,
— Spans

Characier-level spans

Figure 1: SCN architecture. Dashed box shows the
training loss. SCL propagates min—max span signals
to tokens. CMA refines predictions via inter-marker
correlations.

3.2 Span Consistency Layer

A known limitation of token-level classification
(Lample et al., 2016) is that predictions at adjacent
positions are made independently, producing frag-
mented spans. The Span Consistency Layer (SCL)
addresses this by computing span-level confidence
signals and propagating them back to constituent
tokens.

For each marker m with maximum span width
prior W, (set from data statistics; e.g., Wacior=6,
Wevidence=14), SCL computes the minimum to-
ken score within each window of width w €
{2,..., Wn}:

(m) _
a,a+w—1

: (m)
1
kG[afI;}&—nw—l} "k M

C

This weakest-link indicates span coherence: if all
tokens score high, the minimum is high. Span-
level signals are weighted by learnable width pref-
erences 7("™) = softmax(£(™) € RW, allowing
the model to learn that certain widths are more
probable per marker. These are scattered back to
tokens by taking the maximum over all covering
spans:

boost™ = max Wl(,T()l i -c((:;) ()

t (a,b):a<i<b
2<b—a+1<Wp,

The boosted score combines original and span-level
signals via a learnable gate ,,:

(m) _ (m)
im = Tim

+ Ym - boost(m) 3)

T i

An important property is that f*gm) depends on
scores of tokens other than i through min and max.
If surrounding tokens all score highly (forming a

plausible span), the boost is high, encouraging span
inclusion; isolated tokens receive no boost. This is
intended to reduce span fragmentation.

Independence across marker types. The SCL
operates independently per marker type: each m
has its own W,,,, its own width logits r(m), its own
gate v,,,, and its own min/max computation over
the type-specific logits ™. Crucially, the min
in Equation (3) never crosses marker types, so a
position identified as belonging to a span of type m
exerts no suppressive influence on type m/'. This is
what enables overlapping spans of different types
to share the same character offsets, a property we
analyze empirically in Section 5.4.

3.3 Cross-Marker Attention

Conspiracy markers tend to co-occur: Actor typi-
cally appears with Action, and Evidence accompa-
nies the Action it supports. Cross-Marker Attention
(CMA) models these dependencies by allowing pre-
dictions across types to influence each other.

Given stacked boosted logits R € RN*M
(M=5), CMA computes per-token marker prob-
abilities, applies a learnable correlation matrix
C € RM*XM (initialized to 0.5T), and passes the
result through a gated MLP:

R’ = R+ 0(g) - MLPeyos (O‘(R) - C) @

where g is a learnable gate (initialized to 0.3) and
o denotes sigmoid. The MLP projects to a 64-
dimensional hidden space with GELU and back
to M dimensions. C learns, e.g., that high Actor
probability should boost Action at the same posi-
tion. Importantly, CMA is a per-token operation
that mixes type predictions but not spatial context,
so it preserves the per-type independence of SCL
while injecting type-coupling signals.

3.4 Loss Function

Tversky Loss. Standard BCE treats each token
equally, which on imbalanced data favors the ma-
jority negative class. Following Salehi et al. (2017),
we adopt asymmetric parameters a=0.3, 5=0.7:

£(m) _ TP,, + ¢

=1 5
T TPm+a-FPm+B-FNm+e()

where TP, FP, FN are soft counts from sigmoid
probabilities pgm) = o(R},,). The asymmetry
(8>a) penalizes false negatives more heavily, en-

couraging broader coverage.
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Span Count Regularization. Tversky loss on
soft probabilities can be minimized by distributing
activation diffusely (e.g., 0.3 on 20 tokens) rather
than forming discrete spans (0.9 on 3 tokens). Both
yield similar soft TP values, but only the latter
survives thresholding. We formalize this below;
further analysis (SCR as total variation constraint,
consistency of B)isin Appendix B.

Proposition 1 (Tversky admits diffuse minimizers).

Lety € {0,1}" have K positive tokens (K <
N ). The uniform prediction p; = c for all i yields
Tversky loss:

cK +¢€

cK +ac(N-K)+ p(l—c)K + ¢
(6)

Setting 0L /0c = 0 gives a minimizer ¢* € (0, 1).

For typical span detection where N—K > K, c*

is small (e.g., 0.2-0.4). Under threshold decoding

with T > c*, this produces zero predicted spans

despite low loss.

,CT(C) =1-

SCR prevents this by constraining the total varia-
tion of the prediction sequence. The predicted span
count is:

=

-1

1
(m) _ —
B 2

i

m m 1 m
pz(—l-l) —p§ )‘ = iTV(p( ))

(7
The diffuse solution has TV = 0, so Lgcr =
(B*)? > 0 whenever gold spans exist, penaliz-
ing it. For binary sequences, B equals the exact
span count; for soft probabilities, it is a consis-
tent underestimate (Appendix B), so minimizing
SCR pushes p toward sharper transitions. With
gold count B*("™) from label transitions, the SCR
penalty is L’,ggl){ = (B™ — B*(m)2_ The total
loss:

1

B Zm Cm

where A=0.15 and per-marker weights c,, up-
weight rarer types (Cvictim=1.20, cactor=0.85) for
Macro F1 optimization.

L ®)

3.5 Ensemble and Decoding

We train five models via stratified 5-fold cross-
validation (Breiman, 1996), where stratification
uses a binary encoding of marker type presence.
At inference, sigmoid probabilities are averaged
element-wise across all five models. Per-marker
classification thresholds are tuned on the develop-
ment set via grid search using the full model, then

held fixed across all ablation configurations. Con-
secutive above-threshold tokens are grouped into
spans and converted to character offsets via the
tokenizer’s offset mapping.

4 Experimental Setup

Training. Each fold model trains on ~3,453 sam-
ples (80%) for 12 epochs. The held-out 20% is not
used for early stopping or model selection. We use
AdamW (Loshchilov and Hutter, 2019) with dif-
ferential learning rates: 2x10~° for the pretrained
encoder and 1x 10~ for task-specific parameters.
Effective batch size is 16 (micro-batch 2, accumu-
lation 8). Cosine LR schedule with 10% linear
warmup. FP16 mixed precision. Max sequence
length is 256 tokens.

Evaluation. All ablation results use the official
overlap-based Macro F1 on the 100-sample dev set.
Per-marker thresholds are tuned via grid search on
the full model and held fixed across all configu-
rations, so differences reflect model quality, not
threshold optimization.

Software. PyTorch 2.0, HuggingFace Transform-
ers (Wolf et al., 2020). Training takes ~2 hours per
fold on a single NVIDIA RTX 2080 Ti (11 GB).
Full hyperparameters in Appendix A.

5 Results

5.1 Official Results

Our system achieved a Macro F1 of 0.24 on the
held-out test set, placing second among participat-
ing teams. On the development set, the full system
achieves 0.40 Macro F1. The gap (0.16 points)
likely reflects distribution differences between the
splits and the small dev set size (100 samples); we
discuss this further in Appendix C.

5.2 Ablation Study

We train variants that each remove one component
while keeping others fixed. All use the same hyper-
parameters. Thresholds are tuned on the full model
and held fixed for all configurations. Results are in
Tables 1 and 2.

SCR has a large effect. Removing Span Count
Regularization causes a large drop from 0.40 to
0.17 Macro F1. Three markers (Effect, Evidence,
and Victim) receive exactly zero predictions: sig-
moid probabilities never reach the tuned thresholds.
Table 3 is consistent with this explanation: without
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Configuration F1 P R

Full SCN 040 039 044
w/o SCR (A=0) 0.17 0.18 0.17
w/o Tversky (BCE) 034 041 029
DeBERTa+CRF (BIO) 034 - -

DeBERTa+MLP+BCE (baseline) 032 036  0.28

Table 1: Ablation results on the 100-sample dev set
(Macro F1). All configurations use thresholds tuned on
the full model. Baseline uses the same encoder with
independent MLP heads and BCE. The CRF baseline
uses one linear-chain CRF per marker type over BIO
tags.

Act. Actr. Eff. Evi. Vic.

Full 34 S50 34 32 46
w/o SCR .36 51 .00 .00 .00
w/o Tvk 32 52 29 17 39

CRF 32 51 23 23 43
Baseline .30 46 21 .19 42

Table 2: Per-marker F1 on dev. Without SCR, Effect,
Evidence, and Victim collapse to zero predictions. The
CRF baseline matches the non-SCN models on short
markers (Actor, Victim) but trails the full SCN on long-
span markers (Effect, Evidence) by 9-11 points.

SCR, the soft boundary count Bm) collapses to
near zero for these markers (Effect: 0.08, Evidence:
0.20, Victim: 0.00), meaning the model forms no
span-like probability transitions at all. With SCR,
B rises to 0.86, 0.71, and 0.65 respectively, match-
ing the expected span structure. The Tversky loss
alone can be minimized by distributing activation
diffusely rather than forming discrete spans; SCR
encourages sharper predictions by penalizing this
mismatch.

Effect of Tversky loss on recall. Replacing the
recall-biased Tversky loss (a=0.3, 5=0.7) with
BCE reduces F1 from 0.40 to 0.34, accompanied
by recall dropping from 0.44 to 0.29. Evidence
suffers the largest per-type drop (0.32 — 0.17), as
this marker is both rare and spans long fragments
that BCE-trained models tend to under-predict.

Comparison with structured baselines. A
DeBERTa-v3-large + per-marker linear-chain CRF
over BIO tags reaches only 0.34 Macro F1 (Ta-
ble 1), tying with the BCE ablation and trailing the
full SCN by 6 points; the gap is concentrated on
long-span markers (Effect, Evidence) where SCL’s
soft span-level smoothing helps most.

Act. Actr. Eff. Evi. Vic.

Full SCN 1.17 140 0.86 0.71 0.65
w/oSCR 1.03 144 0.08 020 0.00

Table 3: Mean soft boundary count Bm) per marker
on dev. Without SCR, Effect/Evidence/Victim form no
span boundaries.

Configuration Latency (ms/sample)
Full SCN (with CMA) 32.09 £ 0.33
SCN — CMA 32.46 +1.40
DeBERTa+MLP (no SCL, CMA) 24.45 +£1.23
A from CMA —0.38ms (—1.17%)
A from SCL4+-CMA +7.63ms (+31.2%)

Table 4: Inference latency, batch size 1, RTX 2080 Ti.
Mean = standard deviation across the dev set after five
warm-up runs.

Full system vs. baseline. The complete SCN out-
performs DeBERTa+MLP+BCE by 8 points (0.40
vs. 0.32) across all five types. Ablation of SCL,
CMA, and class weights yielded differences within
the noise margin on 100 samples and are omitted.
The 5-fold ensemble improved performance on the
held-out test set.

5.3 Computational Complexity of CMA

A reviewer asked whether the cross-marker atten-
tion introduces significant inference overhead rel-
ative to a standard transformer head. We mea-
sured per-sample latency on the 100-sample dev
set, batch size 1, on a single NVIDIA RTX
2080 Ti, averaged over the dev set with five
warm-up runs (Table 4). The full SCN runs at
32.09 + 0.33 ms/sample. Removing CMA changes
this only marginally to 32.46 4+ 1.40 ms/sample;
CMA itself accounts for —0.38 ms (—1.17% of the
model without it), within measurement noise. By
contrast, removing both SCL and CMA (the De-
BERTa+MLP baseline) reduces latency to 24.45 +
1.23 ms, a 7.63 ms reduction (31.2% of baseline).
The interpretation is that CMA is essentially free
at inference: it performs a single M x M matrix
multiplication (with M =5) and a small two-layer
MLP over per-token marker probabilities, both of
which are negligible relative to the encoder for-
ward pass. The non-trivial overhead comes from
SCL, where the per-marker min-over-windows of
widths 2 to W), requires ) . W,, unfold opera-
tions. Optimizing SCL via a single fused kernel is
a natural direction for future work, but the current
implementation already runs end-to-end at roughly
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30 samples/sec on commodity hardware.

5.4 Handling Overlapping Spans

Reviewers asked how the min-over-span mech-
anism handles instances where different marker
types share the same character offsets. We address
this in two parts: (i) the architectural mechanism,
and (ii) an empirical analysis on dev data.

Mechanism. As noted in Section 3.2, the SCL
is applied independently per marker type. Each
marker m has its own scoring head, its own width
logits 7(™), its own gate 7,,, and its own W,,,, and
the min in Equation (3) only ranges over scores
™ of the same type m. As a result, when char-
acters [a, b] are simultaneously a Victim span and
an Effect span, the two SCLs run on two disjoint
logit streams, each of which can independently
produce a high boosted score at every position in
[a,b]. The CMA layer then mixes the per-type
probabilities through the learned correlation C,
which can encourage co-activation when types are
jointly likely (e.g., the Effect-Victim pairing). Cru-
cially, CMA does this at the same token position
without smoothing across positions, so it does not
reintroduce fragmentation. The final decoder ap-
plies thresholding per marker type independently,
so two co-located spans of different types both pass
through.

Empirical analysis. On dev, 30 cross-type over-
lap pairs involve 55 of 456 gold spans (12.1%);
on train, 1,934 pairs. The most common pairs
(in train, descending) are Effect+Victim, Ac-
tion+Effect, Action+Victim, Action+Evidence, and
Actor+Evidence (each >200 instances). On dev,
the dominant pairs are Action+Victim (10) and Ef-
fect+Victim (6).

We then asked whether the model handles over-
lapping spans better or worse than non-overlapping
spans. Restricting to dev gold spans matched by
the ensemble: among the 55 gold spans that over-
lap some other-type gold span, recall is 0.636 (35
detected); among the 401 non-overlapping gold
spans, recall is 0.434 (174 detected). Overlapping
spans are therefore detected ~1.5x more reliably
than non-overlapping ones. This is consistent with
the CMA story: when two marker types are jointly
active over the same span, the learned correlation
C provides mutually reinforcing evidence, raising
both scores above their thresholds.

SCR schedule (single fold) Best dev Macro F1
SCR on from epoch 1 0.564 (epoch 5)

SCR on from epoch 3 0.230 (epoch 1, before SCR)
SCR on from epoch 6 0.255 (epoch 11)

Table 5: Effect of delayed SCR activation, single fold.
Numbers are single-fold (not ensemble) and so are not
directly comparable to the 0.40 ensemble dev F1. De-
laying SCR strongly harms training.

5.5 Does SCR Need Warm-up?

A reviewer asked whether SCR requires a warm-up
phase to prevent the model from collapsing to a
zero-span trivial solution early in training. This
concern follows naturally from Proposition 3 (Ap-
pendix B): since B is a consistent underestimate of
the true span count, an early model that has not yet
learned to localize spans could in principle mini-
mize SCR by maximally suppressing all positives.

We tested this directly. Fixing all other hyperpa-
rameters and using a single fold, we trained three
variants in which SCR is enabled starting from
epoch 1, epoch 3, or epoch 6, and compare best
dev Macro F1 (Table 5). The result is the oppo-
site of what one might expect: SCR-from-epoch-1
reaches 0.564, while delaying SCR to epoch 3 or
6 collapses dev F1 to 0.230 and 0.255 respectively,
with Effect and Victim never recovering above 0.05
once SCR is activated.

The mechanism is the diffuse-minimizer dy-
namic of Proposition 1. When SCR is off, Tversky
training quickly drives the model toward the diffuse
fixed point c*, where the loss landscape is locally
flat in the direction of sharpening. Once there, the
gradient signal for forming discrete transitions is
small, and turning on SCR is insufficient to es-
cape: the model remains stuck in a low-variance
regime. Enabling SCR from step 1 prevents the
diffuse minimizer from being learned in the first
place, so the model never has to climb out of it. We
therefore recommend SCR-from-epoch-1 as the de-
fault schedule and do not employ warm-up in our
final system.

A per-type error analysis (Appendix E) shows
that Action spans are over-predicted with large end-
boundary errors, that Actor and Victim achieve
tight boundaries, and that Evidence and Effect are
the hardest types. The dev type confusion ma-
trix (Appendix D, Table 10) reveals an asymmetric
Action—Effect coupling: 37 of 71 gold Effects are
matched by predicted Actions, vs. 6 in the reverse
direction.
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Ethical Considerations

Automated conspiracy marker extraction has poten-
tial dual-use risks: it can support content moder-
ation and media literacy research, but could also
be misused to target individuals or generate more
persuasive conspiratorial content. We release our
system for research purposes. The training data
consists of publicly available social media posts
collected and annotated by the task organizers.

Limitations

Our ablation analysis is limited by the 100-sample
development set; small differences between config-
urations cannot be distinguished from noise. The
gap between dev (0.40) and test performance (0.24)
suggests distribution differences between splits;
we observe this is consistent with a different span
length distribution and topical mix on dev (Ap-
pendix C).

Generalizability of manual priors. Our system
relies on two manually configured sets of values:
the per-marker maximum span widths W, (e.g.,
6 for Actor, 14 for Evidence) and the per-marker
class weights ¢, (e.g., 1.20 for Victim, 0.85 for
Actor). We selected both from training-set statis-
tics for this dataset specifically, and they are un-
likely to transfer to span extraction tasks with dif-
ferent marker inventories or different length distri-
butions. A natural next step would be to learn W,,,
as part of the model: one option is to parameterize
width preferences continuously over a maximum
bound (e.g., Wi,ax=30) and rely on the softmax
over learnable width logits 7("™) already present
in SCL to drive unhelpful widths to zero, allow-
ing the effective W,,, to emerge from training. For
class weights, one could replace fixed ¢, with a
gradient-based macro-F1 surrogate or a learned
uncertainty-weighted combination (Kendall et al.,
2018). We did not pursue these extensions because
of compute limitations (each variant requires a full
five-fold retrain), but flag them as the most direct
route to making the architecture transfer to other
span extraction tasks.

Subtask 2 not addressed. Our system targets
Subtask 1 (Marker Extraction) only. We did not
adapt the architecture for the Subtask 2 detection
challenge.
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A Hyperparameters and Data Statistics

Tables 6 and 7 list all hyperparameters and per-
marker training statistics.

B Theoretical Analysis of SCR

Proposition 1 in the main text shows that Tversky
loss admits diffuse minimizers. Here we provide
two further results. The superscript (m) is dropped
for clarity.

Proposition 2 (SCR as total variation constraint).
The soft boundary count B = %TV(p) where

TV(p) = Ef\;_ll |piv1 — pi| is the discrete total

Parameter Value

Encoder DeBERTa-v3-large
Max length 256

Batch size (effective) 16 (2 x 8)

LR (encoder / heads) 2x107%/1x107*
Weight decay / Epochs 0.01/12

Warmup / Schedule 0.1/ Cosine
Tversky o/ B 0.3/0.7

SCR A /SCL ~ 0.15/1.5

SCR schedule On from epoch 1
CMA gate / hidden 0.3/64

Scorer dims / Dropout 512,256/0.1
Folds 5

Threshold 7 (tuned on full)  0.45-0.50
Precision FP16

Table 6: Full hyperparameter specification.

Marker Count Wt. Avglen MaxW
Action 4,841 1.00 26.7 ch 12
Actor 6,416 0.85 13.0ch 6
Effect 3,739 1.10 35.4 ch 14
Evidence 3,654 1.12 35.1ch 14
Victim 3,315 1.20 12.5ch 6

Table 7: Training set statistics per marker type.

variation. The SCR penalty (B — B*)2 is therefore

equivalent to:
2
- B *> ©)

Lscr = <TV(p)
2
This constrains the total variation to be close to
2B*, the TV of any binary sequence with B* con-
tiguous spans. The diffuse solution from Propo-
sition 1 has TV = 0 (constant p), so Lscrg =
(B*)? > 0 whenever gold spans exist, penalizing
the diffuse minimizer.

Proposition 3 (B is a consistent underestimate).
For any p € [0,1], lety = 1[p > 7] be the
thresholded prediction. Then B(p) < B(y), with
equality when p; € {0, 1} for all i.

Proof. For binary y, each transition |y;+1 — yi| €
{0,1}. For soft p, if p; transitions gradually
from below 7 to above 7 over multiple posi-
tions, > [pi+1 — pi| across the transition sums to
|Dhigh — Plow| < 1, which equals the single binary
transition. Intermediate values cannot increase TV
beyond the binary case. O O

This means SCR with target B* pushes B(p) up-
ward toward B*, which (by the consistency propo-
sition) requires p to have sharper transitions, ap-
proaching the binary span structure needed for
threshold decoding.
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C Distribution Statistics Across Splits

The 0.16-point gap between dev (0.40) and test
(0.24) Macro F1 prompted us to compare per-split
statistics. The dev set is a 100-sample slice of the
same overall distribution, but at small n the marker
mix and topical mix vary noticeably (Table 8). Av-
erage span length on dev (29.7 characters) is longer
than on train (23.4), and the type distribution dif-
fers as well: Effect and Evidence together make
up 31% of dev gold spans vs 34% of train, while
Victim is over-represented on dev (16% vs 15%).
Topically, the dev set is more diverse than train:
top dev subreddits (conspiracy, stupidpol,
Christianity, Africa) include several with
no equivalent train mass. Without test-set gold
labels we cannot directly attribute the gap to a spe-
cific shift.

Statistic Train Dev
Thdocs 4,316 100
mean chars 418.0 421.6
mean words 69.9 68.7
mean spans/doc 5.1 4.6
mean span length 234 29.7

Per-type span counts

Action 4,841 104
Actor 6,416 136
Effect 3,739 71
Evidence 3,654 73
Victim 3,315 72

Table 8: Train vs. dev distribution statistics.

D Error Taxonomy and Type Confusion

For each of the 456 dev gold spans, we classified
the corresponding ensemble prediction into one
of: Correct (IoU > 0.5 and matching type), Partial
(IoU € (0, 0.5) and matching type), Confused (IoU
> 0.3 but mismatched type), Missed (IoU < 0.3
for any prediction), or Hallucinated (predictions
with no matching gold span; counted per-type). Ta-
ble 9 summarizes the result. Action exhibits the
highest hallucination rate, consistent with its recall-
precision profile (Table 11). Confusion is heav-
ily asymmetric: 37 gold Effect spans are matched
by predicted Actions, but only 6 gold Actions are
matched by predicted Effects.

Type confusion matrix. For each of the 456 gold
spans, we also recorded which type the model pre-
dicted at the same character offsets (using greedy
IoU matching across all predicted spans of any
type, loU > 0.3). Table 10 reports the resulting

Type Correct  Partial Confused Missed Halluc.
Action 22 39 3 40 110
Actor 59 12 19 46 41
Effect 10 15 32 14 35
Evidence 10 13 24 26 32
Victim 24 5 17 26 20
Total 125 84 95 152 238

Table 9: Error taxonomy on the 100-sample dev set,
full ensemble. “Correct” requires IoU > 0.5 and type
match; “Confused” requires IoU > 0.3 but a type mis-
match.

Gold-vs-Predicted matrix. The CMA’s effective
learned cross-type dependencies, read off as the
dominant off-diagonal entries, are: Effect — Ac-
tion (37), Evidence — Action (16), Actor — Ac-
tion (11), and Victim — Action (11). The re-
verse direction is markedly weaker (Action — Ef-
fect: 6; Action — Evidence: 4), confirming that
the learned coupling is asymmetric: predictions
of long-span causal types (Effect, Evidence) are
absorbed into the broader Action category, while
short noun-phrase types (Actor, Victim) are largely
diagonal. We treat this as a proxy for the learned
correlation matrix C, since C acts on per-token
sigmoid probabilities and its effect is most read-
able through downstream prediction co-occurrence
patterns.

Gold \ Pred Act. Actr. Eff. Evi. Vic. none

Action 52 1 6 4 1 40
Actor 11 70 3 5 1 46
Effect 37 0o 17 3 0 14
Evidence 16 7 1 22 1 26
Victim 11 3 3 1 28 26

Table 10: Type confusion on dev. Rows are gold span
types; columns are predicted types (or “none” if no
prediction matched at IoU > 0.3). Diagonal in bold;
the dominant off-diagonal absorption into Action shown
in italics.

Per-document Macro F1 ranges from O to 1
(mean 0.38, median 0.36, std 0.28); 21 of 100
documents have F1=0 and 7 of 100 have F1>0.8.
Per-document F1 correlates most strongly with the
number of distinct marker types present (Pearson
r = 0.51, p < 10~%) and the overall marker den-
sity (Pearson r = 0.47), suggesting the model
fares better on richly annotated documents than
on sparsely annotated ones.

E Per-type Error Analysis

We examined dev predictions to identify system-
atic patterns. Table 11 summarizes per-type error
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counts and boundary precision for the full system.

P R TP FP |A] |A]

Action 24 56 58 179 207 379
Actor S8 52 71 52 3.1 1.9
Effect 30 38 27 62 260 158
Evidence .33 30 22 44 8.1 15.7
Victim 49 43 31 32 32 22

Table 11: Per-type error analysis on dev. |Ag], |A.|:
mean absolute boundary error in characters for start and
end of matched spans.

Action over-prediction and boundary asymme-
try. Action has the highest recall (0.56) but low-
est precision (0.24), with 179 false positives. Its
boundary errors are the largest: predicted start po-
sitions deviate by 20.7 characters on average and
end positions by 37.9 characters, indicating the
model over-extends Action spans into surrounding
context. The asymmetry (end errors nearly double
start errors) suggests the model correctly identi-
fies where Actions begin but struggles to determine
where they end, often including subsequent clauses
that describe Effects rather than Actions.

Actor and Victim have tight boundaries. These
short noun-phrase markers achieve boundary errors
of only 2-3 characters on average, consistent with
their constrained linguistic form. Actor achieves
the highest F1 (0.55) and is least sensitive to abla-
tion changes. The small boundary errors suggest
that when the model detects these markers, it iden-
tifies their extent accurately.

Evidence and Effect are hardest. These types
have the lowest F1 across all configurations. Evi-
dence spans have moderate boundary errors (8-16
chars) but low recall (0.30), suggesting the model
misses many Evidence spans entirely rather than
detecting them imprecisely. Effect spans have
larger boundary errors (26 chars start, 16 chars
end), likely due to semantic overlap with Action
spans where the boundary between an action and
its consequence is ambiguous.
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