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Abstract
Textual Emotion-Cause Pair Extraction in Con-
versations (TECPE) requires identifying emo-
tion utterances, their categories, and the textual
cause spans that explain them. Although re-
cent systems improve aggregate scores, clean
supervision can induce evidence bias: models
exploit explicit emotion cues, cause–emotion
proximity, and speaker/discourse priors rather
than evidence sufficient for causal explana-
tion. We introduce SAAM-EC, a sufficiency-
aware adversarial evidence masking framework
for span-grounded TECPE. SAAM-EC adver-
sarially masks high-impact conversational ev-
idence units during training, but treats mask-
ing as a semantic intervention rather than a
label-preserving perturbation. When masking
removes the cause span or necessary bridge
context, the span may become unextractable
or the relation unsupported. SAAM-EC there-
fore combines adversarial masking with a suffi-
ciency gate and an extractability guard, training
masked examples to recover the original span
only when the remaining dialogue still supports
the emotion–cause relation and preserves the
annotated span; otherwise, it trains the model
with an unanswerability objective. All auxiliary
components are discarded at inference, leaving
the backbone unchanged. Experiments on span-
level TECPE and utterance-level ECPE bench-
marks show consistent performance gains over
clean backbones and masking-based alterna-
tives. Diagnostics further show better recov-
ery on distant and cross-speaker causes and
stronger abstention under destructive masks.
Our code is available at https://github.
com/0LeePriest/SAAM-EC.

1 Introduction

Textual Emotion-Cause Pair Extraction in Conver-
sations (TECPE) identifies all emotion–cause pairs
in a dialogue, linking each emotion utterance and
category to its textual cause span (Wang et al.,
2024b; Li et al., 2023). Unlike utterance-level emo-
tion recognition, TECPE must determine not only

U1  Alice: Did the client approve the launch?

U2  Bob: No,they withdrew the contract this morning.

U3  Bob: The launch is cancelled.

U4  Alice: Because I sent the wrong file?

U5  Bob: No, your file was fine.

U6  Alice: I’m devastated.

Find the cause span for Sadness in U6.

•

•

•

Emotion: Sadness in U6

Gold cause:U2  “they withdrew the contract this morning”

Distractor: U4  “I sent the wrong file”

Clean Training: Shortcut Evidence Bias

U1  Alice: Did the client approve the launch?

U2  Bob: No, they withdrew the contract this morning.

U3  Bob: The launch is cancelled.

U4  Alice: Because I sent the wrong file?

U5  Bob: No, your file was fine.

U6  Alice: I’m devastated.
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same speaker
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speaker prior
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Predicted cause: “I sent the wrong file”

Shortcut cues dominate → spurious cause

SAAM-EC: Mask Shortcuts, Use Causal Context

U1  Alice: Did the client approve the launch?

U2  Bob: No, they withdrew the contract this morning.

U3  Bob: The launch is cancelled.

U4  Alice: [EV_MASK] I sent the wrong file?

U5  Bob: No, your file was fine.

U6  Alice: I’m [EV_MASK].

shortcut cues

masked

actual causal

event

bridge

consequence

distractor

rejected

causal context

Predicted cause:“they withdrew the contract this morning”

Shortcut path broken → causal evidence used

U2 U3 U5U6 U4 U4 U6

Figure 1: Evidence bias and shortcut masking in TECPE.
Clean supervision may associate shortcut cues, such as
explicit emotion words, local causal templates, prox-
imity, or speaker priors, with a plausible but spurious
cause span. SAAM-EC masks cue-bearing units during
training to break these paths, encouraging reliance on
causally grounded evidence: the triggering event, dis-
course bridge, and rejection of nearby distractors.

which emotion is expressed but also the textual
evidence that accounts for it (Pereira et al., 2025).
It also goes beyond utterance-level cause predic-
tion by requiring span-level grounding, making the
task inherently answerability-sensitive: most can-
didate emotion–cause utterance pairs contain no
extractable answer, whereas valid pairs require pre-
cise causal evidence from multi-turn conversational
context (Bhat and Modi, 2023; Zou et al., 2024).

Recent TECPE systems typically decompose
the task into subtasks or cast cause extraction as
reading comprehension over candidate utterances
(Guo et al., 2024; Zhang et al., 2024; Ghahra-
mani Kure et al., 2024). Although these mod-
els improve aggregate performance (Levchenko
et al., 2024), clean supervision can still induce ev-
idence bias: models exploit predictive conversa-
tional cues that are insufficient for span-grounded
causal explanation (Du et al., 2024; Zhou et al.,
2024). These cues include explicit emotion words,
cause–emotion proximity, candidate-utterance pri-
ors, same-speaker histories, and local causal tem-
plates. While often useful, such cues become unre-

22394

mailto:leep87233@gmail.com
mailto:chenqian@sxu.edu.cn
https://github.com/0LeePriest/SAAM-EC
https://github.com/0LeePriest/SAAM-EC


liable when causes are distant, cross-speaker, im-
plicit, or mediated by intervening turns (Wang et al.,
2024a; Ma et al., 2026). Models that rely on these
shortcuts may therefore produce confident predic-
tions even when the textual evidence required to
justify the extracted span is absent (Yuan et al.,
2024). Figure 1 illustrates this failure: a clean
model may select the nearby same-speaker distrac-
tor, whereas SAAM-EC masks cue-bearing units
to favor causal/discourse evidence.

A natural way to reduce shortcut reliance is to
mask salient conversational evidence during train-
ing. However, directly applying standard adversar-
ial or importance-based masking to span-grounded
TECPE is unsafe (Lyu et al., 2024). Many super-
vised robustness methods implicitly assume label
preservation, training perturbed examples toward
the original target (Tran and Kretchmar, 2024). Ev-
idence deletion in TECPE violates this assumption
in many cases. Masking a peripheral utterance may
preserve the original cause span, whereas masking
the annotated span, candidate cause utterance, or a
necessary bridge turn can make the answer unex-
tractable from the remaining dialogue (Lavi et al.,
2026). Forcing the model to recover the original
start and end positions in such cases introduces
false span supervision rather than robust learning.
Therefore, a masked example should preserve the
original target only when the remaining dialogue
is semantically sufficient for the emotion–cause re-
lation and the annotated span remains textually ex-
tractable. Otherwise, the target is NO_ANSWER: the
annotated span is not extractable from the masked
input, though the causal event may still be true.

We propose SAAM-EC, a sufficiency-aware
adversarial evidence masking training frame-
work for span-grounded TECPE. During training,
SAAM-EC builds span-, utterance-, speaker-, and
discourse-level evidence units for each positive
query. An adversarial masker removes high-impact
evidence units, while a sufficiency gate estimates
whether the masked dialogue still supports the
original emotion–cause relation. An extractabil-
ity guard further blocks span supervision when the
annotated cause span is no longer visible. Masked
examples that remain sufficient and extractable
train the backbone to recover the original span,
whereas insufficient or non-extractable examples
train the answerability head to predict NO_ANSWER.
The masker, sufficiency gate, and teacher-based sig-
nals are used only during training, so SAAM-EC
adds no inference-time modules beyond the un-

derlying TECPE backbone. Experiments on span-
level TECPE and utterance-level ECPE bench-
marks show consistent gains over clean backbones
and masking-based alternatives; diagnostics show
better recovery on distant/cross-speaker causes and
stronger destructive-mask abstention. Our contri-
butions are threefold:

• We identify evidence bias in span-grounded
TECPE and formalize why label-preserving
masking can introduce false supervision when
evidence deletion changes span extractability.

• We formulate evidence masking as a
sufficiency-aware semantic intervention prob-
lem and introduce SAAM-EC, which couples
adversarial conversational evidence masking
with sufficiency estimation and an extractabil-
ity guard.

• We conduct controlled evaluations on span-
level TECPE and utterance-level ECPE bench-
marks, showing consistent gains over clean
and masking-based baselines and more appro-
priate recovery and abstention behavior.

2 Related Work

Emotion-cause analysis identifies textual evidence
explaining expressed emotions (Hu et al., 2024;
Gu et al., 2024; Peng et al., 2025). Early emotion
cause extraction conditions on a given emotion,
whereas emotion-cause pair extraction jointly iden-
tifies emotions and causes (Xia and Ding, 2019; Yu
et al., 2025). In conversations, this objective is com-
plicated by speaker histories, multi-turn dynam-
ics, cross-speaker dependencies, and implicit dis-
course relations (Xu et al., 2024; Shen et al., 2025;
Zhang and Tan, 2025). Complementary work has
introduced FOCUS, a Chinese customer-service
dialogue summarization dataset with fine-grained
aspect, sentiment, opinion, emotion, and customer-
oriented summary annotations (Chen et al., 2026).
Textual Emotion-Cause Pair Extraction in Conver-
sations (TECPE) requires finer-grained supervision
by requiring each prediction to include an emotion
utterance, an emotion category, and a textual cause
span, making it a span-grounded and answerability-
sensitive task rather than utterance-level relation
extraction. Recent TECPE models adopt pipeline,
multi-stage, or machine reading comprehension
formulations (Levchenko et al., 2024; Tian et al.,
2025; Feng et al., 2026); they provide effective
span-level backbones, but are typically optimized
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on clean dialogues with standard supervision (Zhou
et al., 2024; Yu et al., 2024; Hua et al., 2024).

Such training may reward shortcuts over suffi-
cient causal evidence, including explicit emotion
words, proximity between causes and emotions,
priors over candidate utterances, same-speaker his-
tories, and local causal templates (Xu et al., 2024;
Shen et al., 2025; Zhang and Tan, 2025). These
cues are predictive but not necessarily explanatory,
especially for distant, cross-speaker, implicit, or
discourse-mediated causes (Tian et al., 2025; Feng
et al., 2026). Adversarial training and masking-
based regularization improve robustness by per-
turbing inputs under label-preserving assumptions
(Formento et al., 2024; Wang et al., 2025; Barkan
et al., 2024), but span-grounded TECPE violates
this assumption when masking removes the anno-
tated span, the candidate cause utterance, or bridge
context needed to justify the relation. SAAM-EC
therefore treats masking as a semantic intervention
whose target depends on sufficiency and extractabil-
ity (Guo et al., 2025): if the masked dialogue still
supports an extractable span, the model recovers it;
otherwise, it learns NO_ANSWER, indicating that the
original span is no longer extractable rather than
that the causal event is false. This makes SAAM-
EC complementary to existing TECPE backbones
and distinct from label-preserving adversarial or
masking-based training.

3 Methodology

Overview. We propose SAAM-EC, a training-
time framework for textual emotion-cause pair
extraction in conversations (TECPE). SAAM-EC
keeps the test-time model identical to a question-
answering (QA)-style TECPE backbone, but aug-
ments training with an adversarial evidence masker
Mϕ and a sufficiency gate Sψ. The key idea is to
treat evidence masking as a semantic intervention:
after masking, the original span should be recov-
ered only when the remaining dialogue is still suf-
ficient and the annotated span remains extractable;
otherwise, the masked query should be trained
as NO_ANSWER. The masker, gate, and exponential
moving average (EMA) teacher are discarded at
inference. Figure 2 summarizes the framework.

3.1 Task and QA-style Backbone

A dialogue is D = {(si, ui)}ni=1, where si is the
speaker and ui = (wi,1, . . . , wi,Ti) is an utterance.
Let E be the emotion set and E0 = E ∪ {NONE}.

TECPE predicts

Y = {(i, ei, j, cj)}, cj = (wj,a, . . . , wj,b),
(1)

where ui expresses emotion ei ∈ E and span cj in
utterance uj is its textual cause.

For each candidate emotion utterance ui, emo-
tion category e, and candidate cause utterance uj ,
we form a query q = qi,e,j asking whether uj
contains a cause span for emotion e in ui. The
packed input xq = Pack(D, q) contains the full di-
alogue, speaker and utterance markers, an emotion-
utterance marker around ui, a candidate-cause
marker around uj , and the emotion query. The
backbone encoder givesHq = Eθ(xq) and predicts

pemo
θ (e | D, i), pansθ (z | D, q),
pstθ (a | D, q), pendθ (b | D, q),

(2)

where z = 1 means answerable and z = 0 de-
notes NO_ANSWER. Start and end distributions are
restricted to tokens in uj .

LetQ+ be gold answerable queries andQ− sam-
pled unanswerable queries. For q ∈ Q+, z⋆q = 1
with span (a⋆q , b

⋆
q); for q ∈ Q−, z⋆q = 0. The clean

loss is

Lclean = −
∑n

i=1
log pemo

θ (e⋆i | D, i)
+
∑

q∈Q+∪Q− ℓqa(D, q),
(3)

where

ℓqa(D, q) = − log pansθ (z⋆q | D, q)
+ z⋆q

[
− log pstθ (a

⋆
q | D, q)

− log pendθ (b⋆q | D, q)
]
.

(4)

Negative queries supervise answerability only.
Non-emotion utterances are supervised by the
NONE label when available and do not create posi-
tive cause-span queries.

3.2 Sufficiency-aware Evidence Intervention
For each positive query q = qi,e,j , SAAM-EC
builds conversational evidence units

Gq = {g1, . . . , gL}. (5)

These are semantic groups rather than isolated to-
kens, including the gold cause span, candidate
cause utterance, emotion utterance, neighboring
turns, same-speaker history, bridge turns, explicit
emotion cues, and local causal templates. Cause
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1.  QA-style TECPE backbone Fθ 2.  Conversational evidence intervention 3.  Sufficiency estimation 4.  Masked supervision decision

Mini dialogue  D

U₁ Alice I failed my exam today.

U₂ Bob Oh no, that’s tough.

Alice I feel so disappointed.

U₄ Bob What do you think went wrong?

Alice I didn’t study enough

because I had to work.

U₆ Bob That explains it.

emotion utterance uₑ (i.e., disappointment)

candidate cause utterance uⱼ

Query (uₑ,uⱼ)

Does uⱼ contain a cause span for
emotion eᵢ in uₑ?

𝑭𝜽
(QA-style TECPE backbone)

Emotion

𝑷𝐞𝐦𝐨

Answerable?

𝑷𝐚𝐧𝐬

Start / End span
(over dialogue tokens)

s e

Evidence units 𝑮𝜽 (semantic units)

cause

span

cause

utterance

emotion

utterance

neighbori

ng

turns

same-

speaker

history

bridge

turns

emotion

cues

local 

causal

templates

Adversarial masker 𝑴𝝓 (expert)

outputs scores 𝒂𝒌 ∈ 𝟎 𝟏 for each unit ො𝒆

0.92 0.71 0.30 0.30 0.74 0.66 0.10 0.47

Top-K selection
keep the K highest-scoring units

Masked dialogue ෩𝓓 (structural markers preserved)

U₁ Alice I failed my exam today.

U₃ Bob Oh no, that’s tough.

Alice [EV_MASK]

U₄ Bob What do you think went wrong?

Alice I didn't [EV_MASK] enough

because I had to work.

U₆ Bob That explains it.

lexical evidence replaced by [EV_MASK]

Clean input

𝓓 𝒚𝒔,𝐚𝐥𝐥

Masked input

෩𝓓 𝒚𝒔,𝐦𝐚𝐬𝐤

EMA teacher ෩𝑭𝜽

(frozen)

(training

only)

Teacher feats 𝒉𝐜𝐥𝐞𝐚𝐧

Head probs ෝ𝒑𝐜𝐥𝐞𝐚𝐧

Teacher feats 𝒉𝐦𝐚𝐬𝐤

Head probs ෝ𝒑𝐦𝐚𝐬𝐤

Sufficiency gate ො𝒔𝒈 (classifier)

decides mask quality ො𝒔𝒈 ∈ 𝟎 𝟏

Sufficient

ො𝒔𝒈 ≥ 𝝉𝐡𝐢𝐠𝐡

Ambiguous

𝝉𝐥𝐨𝐰 < ො𝒔𝒈 < 𝝉𝐡𝐢𝐠𝐡

Insufficient

ො𝒔𝒈 ≤ 𝝉𝐥𝐨𝐰

Ambiguous cases are excluded from

gate BCE (neither positive nor 

negative).

Extractability

(visibility)

𝜿𝒒 ∈ 𝟎 𝟏

1 (visible) 0 (not visible)

Sufficiency

(from gate)

ො𝒔𝒈 ∈ 𝟎 𝟏

0 1

Supervision weight

𝒘𝒒 = 𝜿𝒒 ⋅ ො𝒔𝒈

𝜿𝒒 = 𝟏

and
ො𝒔𝒈 ≥ 𝝉𝐦𝐢𝐧

otherwise

𝜿𝒒 = 𝟎 𝐨𝐫 ො𝒔𝒈 < 𝝉𝐦𝐢𝐧

Recover original span

on masked input ෩𝓓

I didn't [MASK] enough ...

gold span

Train span heads

(start/end)

Loss: 𝓛𝐫𝐞𝐜

Predict NO_ANSWER

on masked input ෩𝓓

Answer: 

NO_ANSWER

Train answerability head

(predicting z = N)

Loss: 𝓛∅

NO_ANSWER means the original span is

not extractable from the masked input,

not semantic falsity.

Training objective / Backbone-Gate

𝓛 = 𝓛𝐜𝐥𝐞𝐚𝐧 + 𝝀𝓛𝐦𝐚𝐬𝐤 + 𝜷𝓛𝐠𝐚𝐭𝐞

Backbone/loss: minimize 𝓛𝐜𝐥𝐞𝐚𝐧 + 𝝀𝓛𝐦𝐚𝐬𝐤 + 𝜷𝓛𝐠𝐚𝐭𝐞

Adversarial masker update

𝐦𝐚𝐱
𝑴𝝓

𝑱𝐚𝐝𝐯 = 𝐄෩𝓓 ො𝒔𝒈 ⋅ 𝓛𝑭𝑩

Masker 𝑴𝝓 is updated to adversarially select

hard-to-predict units.

Inference
Inference: discard training modules;

use only QA-style backbone.

𝓓 𝒆𝒊 ⟶ 𝐩𝐫𝐞𝐝𝐢𝐜𝐭 𝒆, 𝒔, 𝒂 𝒃 𝐰𝐢𝐭𝐡 𝑭𝜽

Training-only modules

(discard at inference)

𝑴𝝓 (adversarial masker)

ො𝒔𝒈 (sufficiency gate)

෩𝑭𝜽 (EMA teacher)

𝑷𝐬𝐭, 𝑷𝐞𝐧𝐝

Figure 2: Overview of SAAM-EC: sufficiency-aware adversarial evidence masking for textual emotion-cause pair
extraction in conversations.

spans and cause utterances are critical units because
masking them can invalidate the original extractive
target.

For each unit gℓ, the masker computes

rℓ = [Poolt∈gℓ(ht); etype(gℓ); fℓ],

αℓ = w⊤
ϕ tanh(Wϕrℓ + bϕ),

(6)

where ht is the contextual token state, etype(gℓ) is
a learned unit-type embedding, and fℓ contains
metadata such as turn distance, speaker match, unit
length, and cue indicators. The masker selects
exactly K units using a straight-through top-K
(ST-TopK) operator:

zq = ST-TopKK(α),

zq ∈ {0, 1}L, ∥zq∥0 = K.
(7)

Let S be unmaskable structural positions, includ-
ing speaker, utterance, separator, query, emotion-
utterance, and candidate-cause markers. The token
mask is

mq,t = I[t /∈ S]
[
1−

∏L

ℓ=1
(1− zq,ℓI[t ∈ gℓ])

]
.

(8)
The masked dialogue D̃ = Mask(D,mq) is pro-
duced by replacing masked lexical tokens with a
single neutral evidence mask token:

x̃q,t =

{
[EVI_MASK], mq,t = 1,

xq,t, mq,t = 0.
(9)

We do not expose unit types to the backbone
through mask tokens; unit-type information is used
only byMϕ and Sψ. Replacement, rather than dele-
tion, preserves token alignment and span indices.

The sufficiency gate estimates whether the
masked dialogue still supports the original pair:

sq = Sψ(D, D̃, q, zq)

= σ
(
w⊤
ψ tanh(Wψgq + bψ)

)
, (10)

with

gq = [h0; h̃0; |h0 − h̃0|; fmask; eT ], (11)

where h0 and h̃0 are clean and masked aggre-
gate states, fmask summarizes mask coverage, and
eT contains EMA-teacher answerability and span-
overlap features.

After clean warm-up, we initialize an EMA
teacher Fθ̄ ← Fθ and update

θ̄ ← ρθ̄ + (1− ρ)θ. (12)

The teacher predicts answerability ẑT =
argmaxz p

ans
θ̄

(z | D̃, q) and, when answerable,
a span ĉT (D̃, q). For q ∈ Q+, define

κq = I
[∑

t∈cq mq,t = 0
]
,

δq = I
[∑

t∈cq (1−mq,t)=0

∨∑t∈uj (1−mq,t)=0

]
,

(13)

where cq is the gold cause span of q. Thus κq = 1
means the full gold span remains visible, while
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δq = 1 means the full gold span or full candidate
cause utterance has been removed. The weak suffi-
ciency label is

s⋆q =





1, κq = 1 ∧ ẑT = 1

∧ IoU(ĉT (D̃, q), cq) > 0,

0, δq = 1 ∧ ẑT = 0,

⊥, otherwise.

(14)

Here, IoU denotes span intersection over union.
This conservative rule labels only high-precision
sufficient or insufficient cases; ambiguous masks
are excluded from the gate binary cross-entropy
(BCE) loss to avoid noisy binary targets.

3.3 Learning Objective
For a masked positive query, define

s̃q =

{
s⋆q , s⋆q ∈ {0, 1},
sg(sq), s⋆q = ⊥,

(15)

where sg(·) stops gradients. Since the backbone
is extractive, semantic sufficiency is not enough:
the original span can be supervised only when its
annotated text remains visible. We therefore use
the extractability-guarded weight

ωq = κq s̃q. (16)

Here NO_ANSWER means the original span is not
extractable from the masked input, not that the
causal event is false.

The masked recovery and no-answer losses are

Lrec(θ; D̃, q) = − log pansθ (1 | D̃, q)
− log pstθ (a

⋆
q | D̃, q)

− log pendθ (b⋆q | D̃, q), (17)

L∅(θ; D̃, q) = − log pansθ (0 | D̃, q). (18)

The masked objective is

Lmask = Eq∈Q+ [ωqLrec(θ; D̃, q)
+ (1− ωq)L∅(θ; D̃, q)].

(19)

The gate is trained only on non-ambiguous weak
labels:

Lgate =
1

max(1, |Qg|)
∑

q∈Qg
BCE(sq, s

⋆
q),

Qg = {q ∈ Q+ : s⋆q ̸= ⊥}.
(20)

The backbone and gate minimize

min
θ,ψ

Lclean + λmaskLmask + βgateLgate. (21)

Here λmask controls the strength of masked su-
pervision, while βgate controls the strength of the
auxiliary sufficiency-gate supervision. The masker
is updated adversarially with θ and ψ fixed:

max
ϕ

Jadv(ϕ) = Eq∈Q+ [sg(ωq)Lrec(θ; D̃, q)],

∥zq∥0 = K.
(22)

Thus the masker is rewarded for difficult masks
only when the remaining input is both sufficient
and extractable. Destructive masks train abstention
through L∅ but do not become successful adversar-
ial examples. Since Eq. (7) fixes the unit budget
and Eq. (22) down-weights destructive masks, we
use no budget, entropy, or degeneracy regularizer.

3.4 Training and Inference

Training first warms up Fθ on Lclean and initializes
Fθ̄ ← Fθ. For each minibatch, we construct Q+

and Q−, build evidence units for q ∈ Q+, select
K units, construct D̃, assign s⋆q , compute ωq, up-
date (θ, ψ) and ϕ by Eqs. (21)–(22), and update the
EMA teacher by Eq. (12). Appendix A.6 gives the
algorithm.

At inference, Mϕ, Sψ, and Fθ̄ are removed. For
each utterance ui, we keep non-NONE emotions
satisfying pemo

θ (e | D, i) ≥ τe. For each retained e
and candidate cause utterance uj , we keep qi,e,j if
pansθ (1 | D, qi,e,j) ≥ τz . The span is decoded as

(â, b̂) = arg max
1≤a≤b≤Tj
b−a+1≤Lmax

pstθ (a | D, q)

pendθ (b | D, q).
(23)

Thresholds τe, τz and optionalLmax are selected on
the development set and fixed for test evaluation.

4 Experiments

We evaluate SAAM-EC on span-level TECPE and
utterance-level ECPE. For TECPE, we use ECF
2.0 from SemEval-2024 Task 3 Subtask 1 (Wang
et al., 2024b) with UIC Two-Step QA (Chan-
dakacherla et al., 2024) and THOR-ECAC (Rus-
nachenko and Liang, 2024). For ECPE, we use
RECCON-DD/IE (Poria et al., 2021) under the
ECPE-D-DD/ECPE-D-IE protocol with PRG-MoE
(Jeong and Bak, 2023) and CENTER (Wang et al.,
2024a); RECCON-DD is used for training and in-
domain testing, and RECCON-IE only for cross-
domain testing. We report official ECF weighted
strict F1 (w-SF1) and weighted proportional F1
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Method w-SF1 w-PF1

UIC Two-Step QA 18.39 24.42
+SAAM-EC 19.62 26.27
∆ +1.23 +1.85

THOR-ECAC 12.79 24.32
+SAAM-EC 13.74 25.56
∆ +0.95 +1.24

Table 1: Span-level TECPE results on ECF 2.0. ∆
denotes the absolute gain of SAAM-EC over each repro-
duced backbone; w-PF1 is the primary metric. Scores
are percentages.

RECCON-DD RECCON-IE

Method P R F1 P R F1

PRG-MoE 58.95 55.67 57.26 51.95 20.02 28.90
+SAAM-EC 59.71 57.36 58.51 52.47 23.08 32.06
∆ +0.76 +1.69 +1.25 +0.52 +3.06 +3.16

CENTER 64.94 60.24 62.50 43.55 67.50 52.94
+SAAM-EC 65.52 61.78 63.60 44.95 68.32 54.22
∆ +0.58 +1.54 +1.10 +1.40 +0.82 +1.28

Table 2: Utterance-level ECPE results on RECCON.
RECCON-DD and RECCON-IE evaluate in-domain
and cross-domain generalization, respectively; pair F1
is the primary metric. Scores are percentages.

(w-PF1), using w-PF1 as primary, and RECCON
pair-level precision, recall, and F1 (P/R/F1), using
pair F1 as primary. Results are averaged over three
seeds on a single NVIDIA A100; Appendix B gives
backbone configurations, masked-target definitions,
and hyperparameters.

4.1 Main Results

Tables 1 and 2 show controlled comparisons under
fixed data splits, candidate construction, and infer-
ence decoders, so differences isolate the SAAM-
EC training intervention. SAAM-EC improves ev-
ery backbone–evaluation setting. On ECF 2.0, it
raises w-PF1 by 1.85 points for UIC Two-Step QA
and 1.24 for THOR-ECAC, with w-SF1 gains of
1.23 and 0.95; the strict-F1 gains indicate better
span grounding rather than only partial-overlap re-
covery. On RECCON-DD, pair F1 improves by
1.25 with PRG-MoE and 1.10 with CENTER; on
RECCON-IE, it improves by 3.16 and 1.28. The
larger PRG-MoE gain on RECCON-IE is mainly
recall-driven (+3.06 R vs. +0.52 P), suggesting
better recovery of valid cross-domain pairs. Since
the masker, sufficiency gate, and teacher are dis-
carded at test time, these gains reflect training-time
supervision, not extra inference.

4.2 Ablation Studies
Setup. Unless otherwise stated, ablations use
UIC Two-Step QA on ECF 2.0 and PRG-MoE on
RECCON-DD/IE. We report ECF w-SF1/w-PF1
and RECCON pair-level P/R/F1 as percentages.
All masking variants share the same evidence-unit
inventory, mask budget, replacement token, train-
ing schedule, and inference decoder, differing only
in mask selection and masked-target assignment.

Masking ablation. Table 3 jointly evaluates
mask selection and masked-target assignment.
Force-label variants preserve the original span
or positive-pair label after masking, whereas
sufficiency-aware variants recover the original tar-
get only when the remaining input is sufficient
and visible; otherwise they train NO_ANSWER or
NO_PAIR. ImportantMask-Force ranks evidence
units by the drop in the EMA-teacher gold-target
score under leave-one-out masking and masks the
top K units. Force-label masking yields only
marginal gains, and AdvMask-Force remains be-
low SAAM-EC despite using the same adversarial
selector, showing that selection alone is insufficient.
RandomMask-SAAM outperforms all force-label
variants, identifying target reassignment as the
dominant factor. SAAM-EC further improves over
RandomMask-SAAM, indicating that adversarial
selection is useful when coupled with sufficiency-
aware supervision. On RECCON-IE, force-label
variants mainly trade precision for recall, consistent
with label noise from preserving positive targets
after destructive masking.

Component ablation. Table 4 evaluates the
core components of SAAM-EC. The extractability
guard is most critical: removing it drops ECF w-
PF1 and RECCON-DD F1 by 1.03 and 1.00 points,
showing that original targets should be preserved
only when the span or cause utterance remains vis-
ible. Removing the abstention-objective branch
also hurts consistently, confirming that destructive
masks should train abstention rather than be dis-
carded. The learned gate outperforms rule-only
assignment, whereas EMA-teacher features mainly
stabilize gate decisions. Discourse evidence is also
useful: removing bridge-turn and same-speaker
units reduces RECCON-IE F1 by 1.29 points, es-
pecially under cross-domain shifts.

Sensitivity to masking strength. We vary the se-
mantic mask budget K and masked-loss weight
λmask in Figure 3. The default setting K =
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Variant Mask selector Masked target ECF RECCON-DD RECCON-IE

w-SF1 w-PF1 P R F1 P R F1

Clean Backbone – clean label 18.39 24.42 58.95 55.67 57.26 51.95 20.02 28.90
RandomMask-Force random units original target 18.51 24.70 58.72 56.18 57.42 50.87 20.78 29.51
ImportantMask-Force teacher leave-one-out

(LOO) units
original target 18.28 24.50 58.21 56.62 57.40 49.92 21.35 29.91

AdvMask-Force adversarial units original target 18.14 24.45 57.76 57.14 57.45 48.61 21.55 29.86
RandomMask-SAAM random units sufficiency-aware 19.08 25.79 59.18 56.89 58.01 51.83 22.35 31.23
SAAM-EC adversarial units sufficiency-aware 19.62 26.27 59.71 57.36 58.51 52.47 23.08 32.06

Table 3: Masking ablation over selector and target assignment. Force-label variants preserve original targets after
masking, whereas SAAM variants use sufficiency-aware target reassignment.

Variant Changed component ECF RECCON-DD RECCON-IE

w-SF1 w-PF1 P R F1 P R F1

SAAM-EC full model 19.62 26.27 59.71 57.36 58.51 52.47 23.08 32.06
w/o sufficiency gate rule-only target assignment 19.24 25.87 59.34 56.82 58.05 51.74 22.32 31.19
w/o abstention objective drop destructive masks; no abstention loss 18.86 25.36 58.68 56.74 57.69 49.61 22.68 31.13
w/o extractability guard ignore span or cause-utterance visibility 18.57 25.24 58.23 56.81 57.51 48.73 22.81 31.07
w/o EMA features gate uses contextual and mask features only 19.45 26.09 59.54 57.04 58.26 52.18 22.63 31.57
w/o bridge units remove bridge-turn evidence units 19.20 25.82 59.12 56.72 57.90 51.88 22.18 31.07
w/o same-speaker units remove same-speaker history units 19.36 25.96 59.39 56.83 58.08 52.30 22.46 31.42
w/o discourse units remove bridge and same-speaker units 19.07 25.65 58.96 56.47 57.69 51.51 21.94 30.77

Table 4: Component ablation of SAAM-EC by removing gating, supervision, or evidence units.
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Figure 3: Hyperparameter sensitivity of SAAM-EC.
Values show gains over clean training; ECF metrics are
reported on the percentage scale. Panel A varies K and
λmask, while Panel B compares stable, default, and over-
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2, λmask = 0.3 gives the best primary metrics,
yielding +1.85 ECF w-PF1, +1.25 RECCON-DD
F1, and +3.16 RECCON-IE F1 over clean training.
Moderate settings are stable, whereas over-masking
(K = 4 or λmask = 1.0) degrades performance.

4.3 Evidence Intervention Diagnostics

Ablations establish the value of sufficiency-aware
target reassignment, but not whether models be-
have appropriately under explicit evidence deletion.
We therefore conduct an ECF-only diagnostic with
UIC Two-Step QA, inspecting span recovery when
shortcuts are removed but the gold span remains,

and abstention when causal evidence is removed.

Intervention setup. For the clean backbone,
AdvMask-Force, and SAAM-EC, we create two
evaluation-only masks for each positive ECF query.
A sufficient mask removes shortcut evidence, in-
cluding explicit emotion cues, local causal tem-
plates, or nearby non-gold distractors, while keep-
ing the gold span visible; its target remains the
original span and recovery is measured by w-PF1.
A destructive mask removes the full gold span
or candidate cause utterance, making NO_ANSWER
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Intervention-relevant dialogue excerpt

Model uses full dialogue; only intervention-relevant

turns are shown.
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So

I was thinking 
wecould get one of those signs 

andhang it over our bed .
gold

cause

U8

Chandler

Because that is you and
I together . bridge

U9
Chandler

" Merge . " shortcut

U10

Monica

Oh , my God , I love that ! distractor

same-speaker

distractor

U11

Chandler
Really ?

neutral

prompt

U12

Monica

" No ! " target emotion:

anger

Evidence intervention states

1 Clean Mask ratio 0.000
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SAAM-EC recovers the U7 gold cause under the sufficient mask and outputs NO_ANSWER under the destructive mask.

In contrast, the Clean Backbone relies on shortcut or bridge cues, while AdvMask-Force over-preserves the original label and hallucinates an answerable span when the gold evidence is removed.

Figure 5: Qualitative evidence-intervention case. The sufficient mask removes shortcut/distractor cues while
preserving the U7 gold span; the destructive mask removes U7 evidence, making NO_ANSWER the correct target.
Each cell reports the top prediction and answerability score ptop; the case visualization uses τa = τz = 0.50.

the correct target. Unsupported prediction is
measured by the hallucination rate (HR), HR =
|Ddes|−1

∑
x∈Ddes

I[ẑ(x) = 1], where Ddes is the
destructive-mask set and ẑ(x) = 1 denotes an an-
swerable prediction; lower HR is better.

Overall intervention behavior. Figure 4A
shows the desired asymmetry. Under sufficient
masks, SAAM-EC reaches 25.3% recovery w-
PF1, compared with 21.7% for the clean backbone
and 22.9% for AdvMask-Force. Under destruc-
tive masks, it reduces hallucination from 60.7%
and 67.2% to 27.2%. Figure 4B further shows
improved answerability behavior: SAAM-EC an-
swers 90.1% of recoverable inputs, achieves 28.1%
conditional span PF1, and raises destructive-mask
NO_ANSWER recall to 72.8%. Thus, the model does
not simply answer more often; it better separates
extractable from non-extractable inputs.

Sufficient versus destructive masks. Fine-
grained results support the same conclusion. In
Figure 4D, SAAM-EC improves recovery across
all sufficient-mask types, including emotion cues,
causal templates, and nearby distractors, indicating
stronger use of the remaining causal context. Fig-
ure 4E shows the opposite effect for destructive in-
terventions: AdvMask-Force hallucinates on 71.8%
of span-removal cases and 62.6% of candidate-
utterance-removal cases, both worse than the clean

backbone. SAAM-EC reduces these rates to 30.9%
and 23.6%, confirming that destructive evidence
deletion should train abstention rather than forced
span recovery.

Hard cases and remaining errors. Figure 4C
shows larger gains when shortcut cues are
less reliable: +0.93/+1.86 w-PF1 for same-
utterance/adjacent causes versus +4.26/+3.11 for
distant/cross-speaker causes, where broader con-
versational evidence is required. Figure 4F further
shows that SAAM-EC reduces residual candidate-
location hallucinations relative to AdvMask-Force
(35.7% vs. 51.9%); nearest non-gold distractors
account for a similar 36.1% of SAAM-EC’s remain-
ing hallucinations. Overall, the diagnostic confirms
that evidence masking in TECPE is not inherently
label-preserving: training should recover the origi-
nal span only when the masked input remains suffi-
cient and extractable, and abstain otherwise.

4.4 Case Study
Figure 5 shows an ECF 2.0 test case for the target
emotion ANGER in U12. The gold cause is the
distant cross-speaker span in U7: “I was thinking
we could get one of those signs and hang it over our
bed.” The case is challenging because U8 provides
bridge context, U9 forms a local shortcut, and U10
is a nearby same-speaker affective distractor. All
models receive the full dialogue; the figure shows
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Setting Backbone / stage
Train
ratio Latency

Inf.
ratio

Extra
params

ECF 2.0 UIC / SpanBERT
QA

1.67× 146.2 /
146.5

1.00× 0

RECCON-DD/IE PRG-MoE / pair cls. 1.62× 41.8 / 42.0 1.00× 0

Table 5: Efficiency of SAAM-EC relative to clean train-
ing. Train ratio takes clean training as 1.00×; latency
is reported as clean/+SAAM-EC milliseconds per dia-
logue; extra parameters are inference-time parameters.

only intervention-relevant turns.
The clean backbone relies on local evidence: it

selects U10 on the clean input (ptop = 0.735),
shifts to U8 under the sufficient mask (ptop =
0.668), and still predicts an answerable U8 span af-
ter destructive masking (ptop = 0.579). AdvMask-
Force moves toward the gold candidate under the
sufficient mask, selecting U7 (ptop = 0.816), but
recovers an incomplete span and hallucinates an
answer at the masked U7 location under the destruc-
tive mask (ptop = 0.681). In contrast, SAAM-EC
predicts the correct U7 span on the clean and suf-
ficient inputs (ptop = 0.873/0.903) and outputs
NO_ANSWER after destructive masking, lowering an-
swerability to 0.159. This case illustrates the in-
tended behavior of sufficiency-aware supervision:
recover causes when sufficient evidence remains
and abstain when extractive evidence is removed.

4.5 Efficiency

Table 5 shows that SAAM-EC increases training
time but leaves deployment effectively unchanged.
Training takes 1.67× as long on ECF 2.0 with UIC
and 1.62× as long on RECCON with PRG-MoE,
due to masked inputs, gate updates, adversarial
masking, and EMA-teacher scoring. At inference,
the masker, sufficiency gate, and EMA teacher
are discarded, so SAAM-EC adds no parameters
and keeps latency nearly identical: 146.2/146.5
ms on ECF and 41.8/42.0 ms on RECCON for
clean/SAAM-EC-trained models.

5 Conclusion

We presented SAAM-EC, a sufficiency-aware ad-
versarial evidence masking framework for span-
grounded TECPE. By combining adversarial mask-
ing with a sufficiency gate and an extractabil-
ity guard, SAAM-EC trains span recovery only
when the original cause remains supported and
visible, and otherwise trains abstention. Experi-
ments on span-level TECPE and utterance-level
ECPE benchmarks show consistent gains over

strong backbones without adding inference-time
modules, especially for long-distance and cross-
speaker causes. Overall, these results indicate that
aligning masked supervision with both semantic
sufficiency and span extractability leads to more ro-
bust evidence-grounded emotion-cause extraction.

Limitations

This work evaluates SAAM-EC on established
text-based conversational emotion-cause bench-
marks, covering span-level extraction on ECF 2.0
and utterance-level classification on RECCON-
DD/IE with multiple representative backbones.
These benchmarks provide a controlled and
widely used setting for studying evidence-grounded
TECPE/ECPE. A natural next step is to examine
whether the same sufficiency-aware training ob-
jective brings similar benefits in broader dialogue
settings, such as multilingual conversations or mul-
timodal interactions that include acoustic and vi-
sual cues.

Our formulation follows the supervision avail-
able in standard emotion-cause datasets: textual
cause spans or cause utterances are treated as the
target evidence for an expressed emotion. This
keeps the method aligned with benchmark defini-
tions and avoids introducing additional annotation
assumptions. Future work may explore richer dis-
course structures or domain-specific evidence units,
while the present study intentionally uses a com-
pact and interpretable evidence inventory that can
be applied to different backbones without changing
their inference architectures.

Ethical Considerations

This work studies text-based emotion-cause ex-
traction in conversations using publicly released
research benchmarks cited in the paper. We do
not collect new private conversations, solicit new
human annotations, or attempt to identify speak-
ers beyond the information already present in the
benchmark data. Our experiments follow the es-
tablished train/dev/test protocols of the datasets,
and the method is evaluated offline as a research
contribution rather than as a deployed affective-
computing system.

The task concerns emotions and their textual
causes, which can be sensitive in real-world appli-
cations. Predictions produced by TECPE or ECPE
systems should not be interpreted as definitive psy-
chological judgments about speakers, nor should
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they be used for high-stakes decisions such as hir-
ing, education, clinical assessment, law enforce-
ment, or workplace monitoring without informed
consent, domain validation, and human oversight.
SAAM-EC explicitly encourages abstention when
the original evidence is no longer extractable, but
this mechanism does not eliminate all unsupported
or biased predictions.

The datasets and labels used for emotion-cause
analysis may reflect the linguistic, cultural, and
annotator-specific assumptions under which they
were created. Models trained on these resources
can therefore inherit biases in emotion expression,
speaker behavior, dialogue genre, or cause attribu-
tion. We report controlled benchmark results and
diagnostic analyses to characterize model behavior,
but we do not claim that the learned associations are
universal across languages, cultures, demographic
groups, or interaction settings. Users adapting the
method to new domains should examine dataset
composition, annotation policy, error patterns, and
group-level impacts before deployment.

SAAM-EC adds computation during training
due to masked inputs, sufficiency estimation, and
teacher scoring, but all auxiliary components are
removed at inference. The experiments are run
on a single NVIDIA A100 GPU, and the method
does not require external LLM-based verification
or user-facing text generation. We cite the original
datasets and backbones, use them for their intended
research purposes, and document implementation
details to support reproducibility while respecting
the licenses and usage terms of the underlying re-
sources.
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A Additional Method Details

A.1 Query Construction
For a dialogue with gold tuples Y , positive queries
are

Q+(D) = {qi,e,j : (i, e, j, cj) ∈ Y }. (24)

Each positive query stores its gold span cq = cj
and boundaries (a⋆q , b

⋆
q). For each gold emotion

instance (i, e), define its cause-utterance set

Ci,e = {j : (i, e, j, cj) ∈ Y }. (25)

Negative queries are sampled from

Ni,e = {qi,e,j : j ∈ {1, . . . , n}, j /∈ Ci,e}. (26)

We sample at most r|Ci,e| negatives per emotion
instance. The sampler prioritizes hard negatives
from nearby turns and same-speaker turns, then
samples uniformly from the remaining candidates.
If the candidate pool is small, we use all negatives.
Negative queries supervise answerability only.

At inference, the model enumerates all candi-
date cause utterances for each predicted non-NONE

emotion unless a dataset-specific pruning rule is
explicitly stated. If multiple predicted spans share
the same (i, e, j), we keep the highest-scoring span.
The optional tuple score is

S(i, e, j, ĉ) = pemo
θ (e | D, i)pansθ (1 | D, q)

pstθ (â | D, q)pendθ (b̂ | D, q).
(27)

A.2 Conversational Evidence Units
Evidence units are constructed only for posi-
tive queries used in masked training. Duplicate
units are merged, structural markers are excluded
from masking, and overlapping lexical tokens are
masked by union as in Eq. (8). The default inven-
tory is shown in Table 6.

The budget K is a semantic-unit budget rather
than a token budget. This is intentional: SAAM-
EC intervenes on conversational evidence groups.
To reduce hidden length bias, unit length and cov-
erage statistics are included in fℓ and fmask, and
all masking baselines use the same evidence-unit
inventory and K.

A.3 Straight-through Top-K and
Embedding-level Masking

The forward pass of Eq. (7) uses hard top-K:

zhardq,ℓ = I[αℓ is among the top K scores]. (28)

Unit type Construction

Cause span Gold span cq for q ∈ Q+; the most
specific critical unit.

Cause utterance All lexical tokens in candidate cause
utterance uj .

Emotion utterance All lexical tokens in ui, excluding
structural markers.

Emotion cues High-precision emotion lexicon
matches or cue phrases, especially in
ui.

Neighbors Existing turns in
{ui−1, ui+1, uj−1, uj+1}.

Same-speaker
history

Previous utterances uk with k < i and
sk = si, clipped to the nearest B
turns.

Bridge turns Each utterance uk with
min(i, j) < k < max(i, j);
optionally an aggregate bridge unit.

Causal templates Local spans around cue patterns such
as because, since, when, and event
predicates.

Table 6: Default conversational evidence units for a
positive query qi,e,j .

For back-propagation, we use a differentiable re-
laxation

z̄q = SoftTopKK(α; τST), (29)

and the straight-through estimator

zSTq = zhardq + z̄q − sg(z̄q). (30)

The hard and relaxed token masks are

mhard
q,t = I[t /∈ S]

[
1−

L∏

ℓ=1

(1− zhardq,ℓ I[t ∈ gℓ])
]
,

(31)

m̄q,t = I[t /∈ S]
[
1−

L∏

ℓ=1

(1− z̄q,ℓI[t ∈ gℓ])
]
.

(32)

During the masker update, hard replacement is
implemented with an embedding-level straight-
through mask:

mST
q,t = mhard

q,t + m̄q,t − sg(m̄q,t),

ẽq,t = (1−mST
q,t )eq,t +mST

q,t emask.
(33)

Thus the forward input corresponds to hard neutral-
token replacement, while gradients to Mϕ follow
the soft relaxation. The temperature τST is an-
nealed from 1.0 to 0.5 after warm-up; all compared
variants use the same schedule.
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A.4 Gate Features and Weak Labels
The mask metadata vector is

fmask = [rc; ru; rD; btype; |i− j|; I[si = sj ]],
(34)

where
rc =

1

|cq|
∑

t∈cq
(1−mq,t),

ru =
1

|uj |
∑

t∈uj
(1−mq,t),

rD =
1

|D|
∑

t∈D
mq,t,

(35)

and btype is a histogram over selected unit types.
The EMA-teacher feature vector is

eT = [pcT ; p
m
T ; p

c
T − pmT ; oT ; ℓcT − ℓmT ], (36)

where

pcT = pansθ̄ (1 | D, q), (37)

pmT = pansθ̄ (1 | D̃, q), (38)

oT = I[ẑT = 1] IoU(ĉT (D̃, q), cq), (39)

ℓcT = log pθ̄(y
⋆
q | D, q), (40)

ℓmT = log pθ̄(y
⋆
q | D̃, q). (41)

For y⋆q = (z = 1, a⋆q , b
⋆
q),

log pθ̄(y
⋆
q | D, q) = log pansθ̄ (1 | D, q)

+ log pstθ̄ (a
⋆
q | D, q)

+ log pendθ̄ (b⋆q | D, q),
(42)

with the analogous definition on D̃. These features
are inputs to the gate only. If a minibatch contains
no non-ambiguous weak labels, Lgate is set to zero
for that minibatch.

A.5 Why the Extractability Guard is
Necessary

A masked dialogue may still imply that an event
caused an emotion, but an extractive QA head can-
not recover the original textual span if some gold
span tokens have been replaced. Applying start/end
supervision in this case creates label noise. The
guard

ωq = κq s̃q (43)

therefore enforces a stricter condition: span recov-
ery is trained only when the original annotated
span remains fully visible and the masked dialogue
is judged sufficient. When κq = 0, the masked
query is trained as NO_ANSWER for the extractive
head, meaning that the original span is no longer
extractable from the masked input.

A.6 Training Algorithm

Algorithm 1 SAAM-EC Training
1: Input: training dialogues, backbone Fθ , maskerMϕ, gate
Sψ , budget K, weights λmask, βgate, EMA decay ρ.

2: Warm up Fθ on Lclean for Nwarm steps.
3: Initialize Fθ̄ ← Fθ .
4: for each minibatch do
5: Build Q+ and Q−; compute Lclean on clean inputs.
6: for each q = (i, e, j) ∈ Q+ do
7: Construct Gq and score units with Mϕ.
8: Select K units with ST-TopK and construct D̃ by

neutral replacement masking.
9: Run Fθ̄ on (D, q) and (D̃, q).

10: Assign s⋆q ∈ {0, 1,⊥} by Eq. (14).
11: Compute sq , s̃q by Eq. (15), and ωq by Eq. (16).
12: end for
13: Update (θ, ψ) by minimizing Eq. (21), with ϕ fixed.
14: Update ϕ by maximizing Eq. (22), with (θ, ψ) fixed.
15: Update EMA teacher: θ̄ ← ρθ̄ + (1− ρ)θ.
16: end for
17: Inference: discard Mϕ, Sψ , and Fθ̄; use only Fθ .

During the masker update, backbone and gate
parameters are frozen. During the backbone/gate
update, the sampled hard mask is treated as fixed.
This avoids second-order optimization and keeps
training comparable to standard adversarial data
augmentation.

A.7 Hyperparameters and Controlled
Variants

The main method-level hyperparameters are the se-
mantic masking budget K, the masked-loss weight
λmask, and the gate-loss weight βgate. The EMA
decay ρ, negative-sampling ratio r, warm-up length
Nwarm, SoftTopK temperature τST, maximum span
length Lmax, and decoding thresholds τe, τz are se-
lected on the development set and fixed for test eval-
uation. Unless stated otherwise, the main model
uses no entropy regularizer, budget penalty, degen-
eracy penalty, LLM verifier, or adversarial parame-
ter perturbation.

Variant Purpose

Backbone Clean QA-style TECPE baseline.
Random unit masking Tests whether generic masking suffices.
Adversarial masking, force label Tests the failure of label-preserving

masking.
SAAM-EC w/o gate Uses rule-only s̃q labels; tests interpolation.
SAAM-EC w/o abstention
objective

Tests abstention training for insufficient
masks.

SAAM-EC w/o extractability
guard

Sets ωq = s̃q ; tests whether span visibility
matters.

SAAM-EC w/o bridge units Tests long-range evidence.
SAAM-EC w/o same-speaker
units

Tests speaker-history reliance.

Full SAAM-EC Main model.

Table 7: Controlled variants used in the SAAM-EC
ablation study.

22407



B Experimental Setup Details

B.1 Backbone Configurations
Table 8 summarizes the backbone configurations
used for reproduction. SAAM-EC is inserted only
into the cause-span or pair-decision training stage.
The upstream emotion recognizer, candidate con-
struction rule, and inference-time decoder of each
backbone are kept unchanged for the corresponding
clean and SAAM-EC runs.

For ECF, we follow each backbone’s original
development-set construction: UIC holds out 20%
of the official training data for development, while
THOR uses its 9:1 train/dev construction. For REC-
CON, models are trained on RECCON-DD with an
80/10/10 train/dev/test split; RECCON-IE is never
used for tuning and serves only as the cross-domain
test set. Published scores are reported only as exter-
nal references; comparisons involving SAAM-EC
are based on the reproduced backbone under the
same split and decoder.

B.2 Task-Specific Masked Supervision
SAAM-EC uses the native output space of each
backbone. For extractive QA backbones, a masked
positive example keeps the original span target only
when the remaining input is both sufficient and
extractable:

ωq = κq s̃q, κq = I


∑

t∈cq
mq,t = 0


 ,

where cq is the gold cause span and mq,t = 1
means that token t is masked. If ωq = 1, the
masked example is trained toward the original
start and end positions. If ωq = 0, it is trained
as NO_ANSWER. This target means that the original

annotated span is no longer extractable from the
masked input; it does not mean that the underlying
causal event is false.

THOR-ECAC is treated differently because its
cause module is sequence-to-sequence classifica-
tion over emotion labels plus NEUTRAL, followed by
rule-based span correction. For sufficient masked
inputs, the original THOR-cause-rr target is pre-
served. For destructive masked inputs, the target
is changed to NEUTRAL. No start/end span head is
added to THOR.

For PRG-MoE and CENTER, the output is an
emotion-cause utterance pair. We therefore use an
utterance-level extractability guard:

κpairq = I


∑

t∈uj
(1−mq,t) > 0


 ,

ωpair
q = κpairq s̃q.

where uj is the gold cause utterance. If ωpair
q = 1,

the masked example keeps the positive pair label.
Otherwise, it is trained as NO_PAIR, i.e., the exist-
ing negative pair label. Thus SAAM-EC does not
introduce a new RECCON label space.

B.3 SAAM-EC Hyperparameters
Table 9 gives the default SAAM-EC hyperparam-
eters. The selected setting is intentionally conser-
vative: K = 2 removes two evidence units while
avoiding the regime where most positive examples
become destructive; λmask = 0.3 keeps clean su-
pervision dominant; and βgate = 0.1 prevents weak
sufficiency labels from overwhelming the main ex-
traction objective.

Thresholds are selected on the corresponding
development set and then fixed for test evaluation.

Backbone Reproduction configuration SAAM-EC attachment

UIC Two-Step QA RoBERTa-base emotion classifier with weighted cross-entropy, AdamW, learning rate
5 × 10−5, weight decay 0.01, 500 warm-up steps, and 20 epochs. Cause extraction
uses SpanBERT-base-cased initialized from the SQuAD 2.0 fine-tuned checkpoint,
maximum sequence length 400, batch size 12, learning rate 2 × 10−5, and 5 epochs.

Applied to the SpanBERT cause-span QA
stage. The RoBERTa emotion classifier is
kept unchanged.

THOR-ECAC Flan-T5-base with THOR-state pre-tuning and THOR-cause-rr fine-tuning. We keep the
original context window k = 3, 9:1 train/dev construction from the training file,
AdamW optimizer, learning rate 2 × 10−4, batch size 32, temperature 1.0, and
rule-based span correction.

Applied to THOR-cause-rr input masking.
Since THOR predicts an emotion/no-cause
label before rule-based span correction,
destructive masked examples are mapped to
the existing NEUTRAL target rather than to a
new extractive head.

PRG-MoE bert-base-cased utterance encoder, Adam optimizer, 40 epochs, exponential learning-rate
decay 0.05, learning rate 5 × 10−5, a batch size of 5 dialogues, dropout 0.5, window
size 3, and loss weights λemo = 0.2, λpair = 0.8.

Applied to pair classification. The original
window-constrained pair construction is kept.

CENTER bert-base-cased with hidden size 768. We keep Adam with learning rate 10−3, 40
epochs, center-event influence radius βcenter = 3, pair-reasoning radius δ = 2,
center-event annotation threshold α = 2, and task weights
γe = γc = γce = γpair = 1.

Applied to final pair classification after the
original CED, CEA, and CER modules. No
center-event graph component is changed.

Table 8: Backbone reproduction settings. SAAM-EC changes the training objective and masked-input construction,
but not the inference-time architecture.
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Hyperparameter Value Scope

Semantic mask budget K 2 all SAAM-EC
runs

Masked-loss weight λmask 0.3 all SAAM-EC
runs

Gate-loss weight βgate 0.1 all SAAM-EC
runs

EMA decay ρ 0.999 all SAAM-EC
runs

Clean warm-up Nwarm larger of 1 epoch and 10% of
updates

before masking

SoftTopK temperature τST 1.0 → 0.5 after warm-up
Masker/gate hidden size 256 all SAAM-EC

runs
Unit-type embedding size 32 all SAAM-EC

runs
Masker/gate dropout 0.1 all SAAM-EC

runs
Masker/gate optimizer AdamW, learning rate 10−4,

weight decay 0.01
all SAAM-EC
runs

QA negative ratio r 3 negatives per positive candidate-QA
only

Maximum decoded span
length Lmax

30 subword tokens extractive QA
only

Emotion threshold τe dev-tuned ECF emotion
filtering

Answerability threshold τz dev-tuned ECF QA
filtering

Pair threshold τp dev-tuned RECCON pair
filtering

Number of random seeds 3 reported means
GPU single NVIDIA A100 all experiments

Table 9: Default SAAM-EC hyperparameters. We use
λmask and βgate to avoid confusion with backbone-
specific symbols such as CENTER’s βcenter.

For ECF, τe and τz are tuned by development w-
PF1. For RECCON, τp is tuned by RECCON-DD
development F1 and reused for both RECCON-DD
and RECCON-IE test evaluation.

B.4 Mask Replacement and Tuning Policy

The notation [EVI_MASK] denotes neutral evidence
replacement. In implementation, it is mapped to
the native mask or sentinel token of the backbone
tokenizer: [MASK] for BERT/SpanBERT-style en-
coders and <extra_id_0> for Flan-T5. We replace
lexical tokens rather than deleting them, so token
alignment and span boundaries remain valid for
extractive QA. Speaker names, utterance IDs, sep-
arators, query tokens, emotion-utterance markers,
candidate-cause markers, and other structural to-
kens are never masked.

Only the two most important method-level hyper-
parameters are tuned in the main sensitivity study:

K ∈ {1, 2, 3, 4},
λmask ∈ {0.1, 0.3, 0.5, 1.0}.

This grid is run on ECF with UIC Two-Step QA and
selected by development w-PF1. After selection,
the same K and λmask are used for THOR-ECAC,

PRG-MoE, and CENTER. All other values in Ta-
ble 9 are fixed unless an ablation explicitly changes
them.

During the backbone/gate update, the sampled
hard mask is treated as fixed. During the masker
update, backbone and gate parameters are frozen.
The main model uses no entropy regularizer, budget
penalty, degeneracy penalty, LLM verifier, or adver-
sarial parameter perturbation. This keeps SAAM-
EC close to adversarial data augmentation while
isolating the effect of sufficiency-aware target reas-
signment.

C Additional Ablation Details

This appendix reports compact derived statistics for
the ablation studies in Section 4.2. The full metric
tables are given in Tables 3 and 4; here we focus
on primary-metric deltas, which make the contribu-
tion of each design choice easier to compare. ECF
scores are reported on the percentage scale, and
RECCON scores are pair-level percentages.

Table 10 shows that force-label masking pro-
vides only small gains over clean training, even
when the masked units are selected by teacher im-
portance or by the adversarial selector. In contrast,
RandomMask-SAAM gives substantially larger im-
provements, indicating that sufficiency-aware tar-
get reassignment is more important than mask-
ing alone. Full SAAM-EC further improves over
RandomMask-SAAM on all three primary met-
rics, showing that adversarial evidence selection is
useful when it is coupled with sufficiency-aware
supervision.

The largest drops in Table 11 come from re-
moving the extractability guard and the abstention-
objective branch. This matches the motivation
of SAAM-EC: after masking removes the anno-
tated span or the gold cause utterance, preserving
the original target creates false supervision. The
EMA-teacher features have a smaller but consis-
tent effect, suggesting that they mainly stabilize
sufficiency estimation. Discourse units also mat-
ter: removing bridge and same-speaker evidence
hurts RECCON-IE most, which is consistent with
the stronger need for conversational context under
cross-domain shift.
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Variant
∆ ECF
w-PF1

∆ DD
F1

∆ IE
F1

RandomMask-Force +0.28 +0.16 +0.61
ImportantMask-Force +0.08 +0.14 +1.01
AdvMask-Force +0.03 +0.19 +0.96
RandomMask-SAAM +1.37 +0.75 +2.33
SAAM-EC +1.85 +1.25 +3.16

Table 10: Primary-metric gains over the clean backbone
in the masking ablation. ECF gains are absolute w-PF1
points; DD and IE denote RECCON-DD and RECCON-
IE pair F1.

Variant
∆ ECF
w-PF1

∆ DD
F1

∆ IE
F1

w/o sufficiency gate -0.40 -0.46 -0.87
w/o abstention objective -0.91 -0.82 -0.93
w/o extractability guard -1.03 -1.00 -0.99
w/o EMA features -0.18 -0.25 -0.49
w/o bridge units -0.45 -0.61 -0.99
w/o same-speaker units -0.31 -0.43 -0.64
w/o discourse units -0.62 -0.82 -1.29

Table 11: Primary-metric drops from full SAAM-EC
in the component ablation. Negative values indicate
degradation relative to the full model.

D Detailed Evidence-intervention
Diagnostics

This appendix gives the exact diagnostic tables be-
hind Figure 4. The analysis uses ECF 2.0 with UIC
Two-Step QA and compares the clean backbone,
AdvMask-Force, and SAAM-EC. The diagnostic
is evaluation-only: it does not change the trained
models.

D.1 Diagnostic Set Construction

Quantity Count

Test conversations 341
Positive emotion-cause pair instances 2,256
Unique positive query groups 2,241
Multi-span query groups 15
Positive instances in multi-span groups 30

Table 12: Positive-query pool used for ECF evidence-
intervention diagnostics.

For each positive query, the sufficient intervention
masks shortcut evidence while keeping the gold
cause span visible. The destructive interventions
remove either the full gold span or the full candi-
date cause utterance. Under destructive masking,
NO_ANSWER is the correct extractive target because
the original annotated span is no longer recoverable
from the input.

Intervention Masking operator, target, and purpose n

Sufficient
mask

Shortcut evidence masked while the
gold span remains visible; target:
original span; purpose: span recovery.

2,256

Destructive
mask

Full gold cause span removed; target:
NO_ANSWER; purpose: abstention.

2,256

Destructive
mask

Full candidate cause utterance
removed; target: NO_ANSWER; purpose:
abstention.

2,256

Destructive
pooled

Span removal plus candidate-utterance
removal; target: NO_ANSWER; purpose:
hallucination analysis.

4,512

Table 13: Intervention instances in the ECF diagnostic.

Sufficient-mask subtype # instances Share

Explicit emotion cue masked 628 27.84%
Local causal template masked 599 26.55%
Nearby non-gold distractor
masked

1,029 45.61%

Total 2,256 100.00%

Table 14: Subtype counts for sufficient masks.

D.2 Recovery Under Sufficient Masking

Model n
Recovery / answerable /

conditional PF1 SD
∆

C / A

Clean
Backbone

2,256 21.68 / 84.13 / 25.77 0.28 0.00 / –

AdvMask-
Force

2,256 22.89 / 86.22 / 26.54 0.26 +1.21 /
0.00

SAAM-EC 2,256 25.29 / 90.06 / 28.08 0.16 +3.61 /
+2.40

Table 15: Recovery under sufficient masking on ECF.
Metric triples report recovery w-PF1, answerable rate,
and conditional span PF1, respectively. Deltas are rela-
tive to Clean Backbone and AdvMask-Force; scores are
percentages except counts.

Table 15 shows that SAAM-EC improves recov-
ery when shortcut evidence is masked but the gold
span remains visible. The gain comes from both an-
swerability and span localization: SAAM-EC pre-
dicts more recoverable examples as answerable and
also obtains higher conditional span PF1 among
answerable predictions.

The subtype results show that the recovery gain
is not confined to one shortcut family. SAAM-EC
improves after masking explicit emotion cues, local
causal templates, and nearby non-gold distractors.
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Mask subtype n Answerable /
conditional /

recovery

Clean Backbone
Explicit emotion cue 628 84.60 / 26.06 / 22.05
Local causal template 599 81.80 / 25.62 / 20.96
Nearby non-gold distractor 1,029 85.20 / 25.68 / 21.88

AdvMask-Force
Explicit emotion cue 628 87.30 / 26.63 / 23.25
Local causal template 599 84.10 / 26.63 / 22.40
Nearby non-gold distractor 1,029 86.80 / 26.44 / 22.95

SAAM-EC
Explicit emotion cue 628 91.20 / 28.06 / 25.59
Local causal template 599 88.80 / 27.97 / 24.84
Nearby non-gold distractor 1,029 90.10 / 28.16 / 25.37

Table 16: Recovery under sufficient masks by shortcut
subtype. Metric triples report answerable rate, condi-
tional span PF1, and recovery w-PF1, respectively; all
scores are percentages.

D.3 Hallucination Under Destructive Masking

Model n
Hallucination / SD /
NO_ANSWER recall

Median
answerable ∆ Clean

Clean
Backbone

4,512 60.68 / 0.89 / 39.32
2,738 /
4,512 0.00

AdvMask-
Force

4,512 67.18 / 0.87 / 32.82
3,031 /
4,512 +6.50

SAAM-
EC

4,512 27.24 / 0.97 / 72.76
1,229 /
4,512 -33.44

Table 17: Hallucination under destructive masking.
Lower hallucination and higher NO_ANSWER recall are
better. Rates are percentages.

AdvMask-Force hallucinates more often than the
clean backbone under destructive masking, which
is consistent with its label-preserving training ob-
jective. By contrast, SAAM-EC substantially in-
creases NO_ANSWER recall and reduces unsupported
answerable predictions.

SAAM-EC reduces hallucinations at residual
candidate locations relative to AdvMask-Force.
The remaining errors are still often associated with
nearby non-gold distractors, indicating that distrac-
tor suppression remains an important failure mode.

Destructive operator n Answerable count /
hallucination / mean p

Clean Backbone
Full gold span removed 2,256 1,478 / 65.51 / 64.10
Full candidate utterance
removed

2,256 1,260 / 55.85 / 58.60

AdvMask-Force
Full gold span removed 2,256 1,619 / 71.76 / 70.20
Full candidate utterance
removed

2,256 1,412 / 62.59 / 64.10

SAAM-EC
Full gold span removed 2,256 696 / 30.85 / 35.20
Full candidate utterance
removed

2,256 533 / 23.63 / 28.20

Table 18: Hallucination by destructive operator. Result
triples report answerable count, hallucination rate, and
mean answerability probability; the latter two are per-
centages.

Hallucinated source type Count Share

Clean Backbone
Residual candidate-location span 1,179 43.1%
Nearest non-gold distractor span 883 32.3%
Emotion-utterance cue span 411 15.0%
Other / unstable span 265 9.7%

AdvMask-Force
Residual candidate-location span 1,574 51.9%
Nearest non-gold distractor span 822 27.1%
Emotion-utterance cue span 397 13.1%
Other / unstable span 238 7.9%

SAAM-EC
Residual candidate-location span 439 35.7%
Nearest non-gold distractor span 444 36.1%
Emotion-utterance cue span 216 17.6%
Other / unstable span 130 10.6%

Table 19: Source breakdown of hallucinated answers
under destructive masks.

D.4 Hard-case Bucket Results

Bucket Definition n Overlap note

Same-
utterance

i = j 1,132 distance partition

Adjacent |i− j| = 1 675 distance partition
Distant |i− j| ≥ 2 449 distance partition
Cross-speaker si ̸= sj 743 overlaps with distance

buckets

Table 20: Hard-case bucket definitions for ECF diagnos-
tics.

The bucket results show a clear difficulty pattern.
SAAM-EC gives smaller gains on same-utterance
cases, where local evidence is often sufficient, and
larger gains on distant and cross-speaker cases,
where the model must rely on broader conversa-
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tional evidence rather than proximity or speaker
shortcuts.

Bucket n
w-PF1

C / A / S
∆

S–C / A–C 95% CI

Same-
utterance

1,132 27.93 / 27.61 / 28.86 +0.93 / -0.32 [+0.24, +1.65]

Adjacent 675 24.31 / 24.55 / 26.17 +1.86 / +0.24 [+0.94, +2.71]
Distant,
|i − j| ≥ 2

449 15.48 / 16.41 / 19.74 +4.26 / +0.93 [+3.06, +5.51]

Cross-
speaker

743 20.76 / 20.92 / 23.87 +3.11 / +0.16 [+2.09, +4.19]

Table 21: Main hard-case bucket gains. C/A/S de-
notes Clean Backbone, AdvMask-Force, and SAAM-
EC; scores and intervals are percentage points.

Bucket n
Clean
S / P

AdvMask
S / P

SAAM-EC
S / P

∆ SAAM
S / P

Same-
utterance

1,132 21.51 / 27.93 21.02 / 27.61 22.09 / 28.86 +0.58 / +0.93

Adjacent 675 18.38 / 24.31 18.05 / 24.55 19.37 / 26.17 +0.99 / +1.86
Distant,
|i − j| ≥ 2

449 10.48 / 15.48 11.25 / 16.41 13.89 / 19.74 +3.41 / +4.26

Cross-
speaker

743 14.56 / 20.76 14.68 / 20.92 17.69 / 23.87 +3.13 / +3.11

Table 22: Hard-case bucket results with strict (S) and
proportional (P) F1. Each cell reports w-SF1 / w-PF1;
scores are percentages.

Bucket n
w-PF1

C / A / S ∆ S–C

Distance = 0 1,132 27.93 / 27.61 / 28.86 +0.93
Distance = 1 675 24.31 / 24.55 / 26.17 +1.86
Distance = 2 243 17.58 / 17.12 / 20.53 +2.95
Distance ≥ 3 206 13.03 / 15.57 / 18.80 +5.77
Same-speaker 1,513 26.22 / 26.18 / 27.45 +1.23
Cross-speaker 743 20.76 / 20.92 / 23.87 +3.11

Table 23: Expanded bucket results. C/A/S denotes
Clean Backbone, AdvMask-Force, and SAAM-EC;
scores are percentages.

E Additional Sensitivity Results

Table 24 provides the full sensitivity grid over
the semantic mask budget K and masked-loss
weight λmask. The clean references are ECF w-
SF1/w-PF1 = 18.39/24.42, RECCON-DD P/R/F1
= 58.95/55.67/57.26, and RECCON-IE P/R/F1
= 51.95/20.02/28.90. ECF uses UIC Two-Step
QA, and RECCON-DD/IE use PRG-MoE.

K λmask

ECF
w-SF1 / w-PF1

RECCON-DD
P / R / F1

RECCON-IE
P / R / F1

1 0.1 19.02 / 25.57 59.31 / 56.59 / 57.92 52.10 / 21.43 / 30.37
1 0.3 19.30 / 25.91 59.53 / 56.98 / 58.23 52.34 / 22.30 / 31.27
1 0.5 19.17 / 25.78 59.38 / 56.84 / 58.08 51.88 / 22.68 / 31.56
1 1.0 18.74 / 25.19 59.12 / 56.25 / 57.65 50.86 / 22.72 / 31.41
2 0.1 19.36 / 26.04 59.49 / 57.06 / 58.25 52.42 / 22.47 / 31.46
2 0.3 19.62 / 26.27 59.71 / 57.36 / 58.51 52.47 / 23.08 / 32.06
2 0.5 19.50 / 26.13 59.60 / 57.19 / 58.37 52.06 / 23.00 / 31.90
2 1.0 18.95 / 25.47 59.22 / 56.46 / 57.81 50.94 / 22.82 / 31.52
3 0.1 19.19 / 25.85 59.37 / 56.79 / 58.05 52.06 / 22.16 / 31.09
3 0.3 19.44 / 26.08 59.56 / 57.09 / 58.30 52.21 / 22.72 / 31.66
3 0.5 19.26 / 25.92 59.43 / 56.91 / 58.14 51.69 / 22.85 / 31.69
3 1.0 18.69 / 25.16 58.98 / 56.07 / 57.49 50.32 / 22.43 / 31.03
4 0.1 18.87 / 25.44 59.11 / 56.39 / 57.72 51.53 / 21.80 / 30.64
4 0.3 19.06 / 25.61 59.26 / 56.55 / 57.87 51.65 / 22.29 / 31.14
4 0.5 18.81 / 25.32 59.00 / 56.10 / 57.51 50.62 / 22.13 / 30.80
4 1.0 18.42 / 24.69 58.63 / 55.48 / 57.01 49.38 / 21.56 / 30.02

Table 24: Full hyperparameter sensitivity grid. Slash-
separated scores follow the metric order shown in each
column header; all scores are percentages. The high-
lighted default is K = 2, λmask = 0.3.

The best cell improves over clean training by
+1.85 ECF w-PF1, +1.25 RECCON-DD F1, and
+3.16 RECCON-IE F1. Moderate masking is sta-
ble, especially for K ∈ {1, 2, 3} and λmask ∈
{0.1, 0.3, 0.5}. Performance declines when mask-
ing becomes too aggressive, such as K = 4 or
λmask = 1.0, supporting the design choice that
evidence intervention should disrupt shortcut re-
liance without making most positive examples in-
sufficient.

F Qualitative Case Details

This appendix gives the numerical details for the
qualitative case in Figure 5. The example is from
the ECF 2.0 / TECPE test set and targets the emo-
tion instance U12_anger.

F.1 Case Metadata and Dialogue

Field Value

Dataset ECF 2.0 / TECPE test set
Conversation ID 1727
Target emotion U12_anger
Emotion speaker Monica
Gold cause utterance U7
Gold cause speaker Chandler
Case type distant + cross-speaker +

bridge-mediated
Distance |12− 7| = 5
Gold causes for
target

1

Table 25: Metadata for the qualitative evidence-
intervention case.
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Turn Speaker Role Text

U7 Chandler gold cause You know? So [GOLD] I
was thinking we could get
one of those signs and hang
it over our bed. [/GOLD]

U8 Chandler bridge context Because that is you and I
together.

U9 Chandler local shortcut “Merge.”
U10 Monica nearby

same-speaker
distractor

Oh, my God, I love that!

U11 Chandler local prompt Really?
U12 Monica target emotion:

anger
“No!”

Table 26: Intervention-relevant dialogue excerpt. The
model receives the full dialogue; only the relevant turns
are shown here.

The gold cause is the distant cross-speaker U7
span. The example is difficult because U8 pro-
vides bridge context, U9 supplies a local shortcut
phrase, and U10 is a nearby same-speaker affective
distractor.

F.2 Intervention States and Model Outputs

Intervention Mask state, visibility, and target /
purpose

Ratio

Clean No evidence masked; gold span
visible: yes; original test input; target:
original span.

0.000

Sufficient
mask

U9 “Merge.” and U10 “I love that!”
masked; gold span visible: yes; U7
remains extractable; target: original
span.

0.123

Destructive
mask

Full U7 candidate utterance masked;
gold span visible: no; extractive gold
evidence removed; target: NO_ANSWER.

0.198

Table 27: Intervention states for the qualitative case.
Mask ratio is computed over dialogue lexical tokens.

Model
ptop /

candidate Predicted output; outcome

Clean target: original span
Clean
Backbone

0.735 /
U10

I love that!; wrong: nearby
same-speaker distractor

AdvMask-
Force

0.798 /
U8

that is you and I together.; wrong:
bridge span, non-gold for
U12_anger

SAAM-EC 0.873 /
U7

I was thinking we could get one of
those signs and hang it over our
bed; correct

Sufficient mask target: original span
Clean
Backbone

0.668 /
U8

that is you and I together.; wrong:
bridge span, non-gold for
U12_anger

AdvMask-
Force

0.816 /
U7

get one of those signs and hang it
over our bed; partial recovery

SAAM-EC 0.903 /
U7

I was thinking we could get one of
those signs and hang it over our
bed; correct

Destructive mask target: NO_ANSWER
Clean
Backbone

0.579 /
U8

Because that is you and I together.;
hallucinated answer

AdvMask-
Force

0.681 /
U7

[EVI_MASK]; hallucinated
masked-location answer

SAAM-EC 0.159 /
none

NO_ANSWER; correct abstention

Table 28: Final model outputs for the qualitative inter-
vention case. ptop is the maximum answerability score
over candidate cause utterances for U12_anger; the vi-
sualization threshold is τz = 0.50.

On this case, the clean backbone follows nearby or
bridge-like shortcuts (U10/U8), while AdvMask-
Force recovers U7 under the sufficient mask but
still answers after its evidence is removed. SAAM-
EC separates the regimes, recovering U7 when
visible and outputting NO_ANSWER after destructive
masking.

F.3 Candidate-score Values

Model
Candidate scores

U7 / U8 / U10 / U12 Decision

Clean
Clean Backbone 0.612 / 0.671 / 0.735 / 0.704 U10
AdvMask-Force 0.775 / 0.798 / 0.736 / 0.688 U8
SAAM-EC 0.873 / 0.594 / 0.512 / 0.408 U7

Sufficient mask
Clean Backbone 0.541 / 0.668 / 0.162 / 0.636 U8
AdvMask-Force 0.816 / 0.743 / 0.151 / 0.591 U7
SAAM-EC 0.903 / 0.521 / 0.103 / 0.345 U7

Destructive mask
Clean Backbone 0.438 / 0.579 / 0.551 / 0.533 U8
AdvMask-Force 0.681 / 0.641 / 0.598 / 0.562 U7
SAAM-EC 0.118 / 0.159 / 0.142 / 0.131 NO_ANSWER

Table 29: Candidate-score values for the qualitative
case, ordered U7/U8/U10/U12.
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