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Abstract

Large language models (LLMs) can achieve
strong performance on discourse relation pre-
diction through fine-tuning. Yet it remains un-
clear whether such performance reflects a ro-
bust modelling of inter-sentential relations or
a reliance on shallow lexical cues. This paper
presents a behavioural audit of fine-tuned mod-
els across explicit and implicit settings. In ex-
plicit discourse relation prediction, we find that
fine-tuned models rely heavily on connectives
as categorical triggers, rather than integrating
argument semantics. More surprisingly, in im-
plicit discourse settings, we observe a severe
performance degradation when masking seman-
tically light function words from the arguments,
suggesting that models may also exploit subtle
surface-level cues beyond explicit connectives.
Consequently, these results suggest that high
accuracy alone is insufficient to demonstrate
robust discourse processing. To address this
limitation, we propose an intervention-based
diagnostic framework that measures whether
model predictions are grounded in linguisti-
cally meaningful evidence. Our metric pro-
vides a complementary perspective to standard
accuracy-based evaluation and establishes a rig-
orous auditing toolkit for future work on dis-
course relation prediction.

1 Introduction

Discourse relations describe how sentences or
clauses are logically and rhetorically connected
in a text. In explicit discourse relations, connec-
tives such as because or however provide clear
clues about the intended relation, as shown in Ex-
ample (1). However, a robust interpretation should
still depend on the meaning of the two arguments,
rather than on the connective alone. In implicit dis-
course relations, as in Example (2), no connective
is present, so the relation has to be inferred mainly
from the meaning of the arguments.

(1) [Friday’s sell-off was a good thing,]Arg1

because [it deflated a lot of crazy takeover
speculation.]Arg2

(2) [People think of the steel business as an old
and mundane smokestack business,]Arg1
(Implicit=However) [They’re dead
wrong.]Arg2

Recent studies have shown that large language
models (LLMs) can perform well on discourse rela-
tion prediction (DRP) (Fan et al., 2026; Wang et al.,
2025b). However, high accuracy alone can lead to
a wrong assessment of performance. In particular,
it remains unclear whether fine-tuned LLMs learn
to capture the semantic relation between the two ar-
guments or rely on shallow lexical cues associated
with relation labels. This vulnerability is critical:
models that exploit lexical shortcuts will feed in-
correct semantic information to downstream tasks
such as summarisation or essay scoring (Liu et al.,
2025; Liu and Strube, 2025a,b), causing unreliable
results when exposed to textual variations.

In this paper, we systematically examine this
question by analysing fine-tuned LLMs in both
explicit and implicit discourse relation prediction.
For explicit relations, discourse connectives pro-
vide strong clues, but they may also lead models
to ignore the arguments. We therefore test whether
model predictions remain consistent when connec-
tives are removed or replaced. Our results show
that fine-tuned models rely heavily on connectives:
masking them leads to a large drop in performance,
and replacing them can substantially change model
predictions even when the argument content re-
mains unchanged. These findings suggest that mod-
els often treat connectives as categorical triggers for
relation labels, rather than as interpretative clues
that should be processed alongside the semantic
content of the arguments.

We further show that this reliance on surface
cues is not limited to explicit discourse relations.
In implicit relation prediction, where no connective
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is present, models still appear to rely on subtle lex-
ical patterns. In particular, masking semantically
light function words (e.g., “in”, “of”) from the ar-
guments results in a clear drop in performance,
suggesting that models may rely on subtle surface-
level cues beyond explicit discourse connectives.
This finding challenges the assumption that strong
performance on implicit DRP necessarily reflects a
robust performance of the relation between the two
arguments.

These findings raise a broader concern about
standard accuracy-based evaluation. If a model pre-
dicts the correct label for the wrong reason, high
accuracy may overestimate its discourse modelling
capabilities. To reveal this problem, we propose
a diagnostic evaluation framework that measures
whether model predictions are supported by lin-
guistically meaningful evidence. This metric com-
plements standard accuracy and F1 scores by evalu-
ating not only whether the prediction is correct, but
also whether it is supported by the relevant parts of
the input. Our contributions are as follows:

• We introduce an intervention-based diagnos-
tic framework that provides a fine-grained
quantification of asymmetric dependencies be-
tween discourse arguments. Aligning token-
level attributions with structural perturbations
complements standard accuracy-based evalua-
tions.

• We conduct a multi-level behavioural audit of
fine-tuned LLMs for discourse relation pre-
diction by using this framework, uncovering
their heavy reliance on explicit connectives
and function-word shortcuts.

• We provide empirical evidence across multi-
ple architecture families, demonstrating that
high fine-tuned accuracy stems from surface
anchoring rather than compositional semantic
processing.

2 Related Work

Ambiguity and the Accuracy Trap Discourse
model performance is traditionally measured via ac-
curacy and F1 scores (Liu et al., 2023a). However,
explicit connectives are inherently ambiguous in us-
age, sense, and scope (Webber et al., 2019a). While
early work used syntax to resolve specific types
of ambiguity (Pitler and Nenkova, 2009), modern
research largely focuses on achieving high classi-
fication scores (Liu and Strube, 2023; Fan et al.,

2026). Since simple classifiers can exceed 90% ac-
curacy on PDTB 2 (Prasad et al., 2008) and PDTB
3 (Webber et al., 2019b), researchers may overlook
ambiguous cases. This reliance on traditional met-
rics has been criticised for masking model fragility
(Collot et al., 2026), leading to models being “right
for the wrong reasons.”

Shortcut Learning and Heuristics A major con-
cern in modern NLP is the tendency of models
to rely on “shortcuts” rather than actual reason-
ing (Geirhos et al., 2020). These shortcuts can be
categorised into occurrence, style, and concept bi-
ases (Zhou et al., 2024). In tasks such as Natural
Language Inference (NLI), state-of-the-art models
have been found to rely on lexical overlap and syn-
tactic heuristics rather than on semantic processing
(McCoy et al., 2019). In discourse relation predic-
tion tasks, models often learn simple one-to-one
mappings between connectives and labels, failing
to capture the underlying semantic links. This issue
persists in LLMs (Yuan et al., 2024), which remain
highly sensitive to prompts (Habba et al., 2025)
and perform poorly with simple word-level pertur-
bations such as spelling errors or missing words
(Alahmari et al., 2025; Wang et al., 2025a; Agrawal
et al., 2025; Lou et al., 2024).

Behavioural Testing and Model Auditing Re-
searchers introduce "behavioural testing", also
known as black-box testing (Beizer and Wiley,
1996), which validates system capabilities by ex-
amining input-output behaviour, to systematically
expose these hidden shortcuts without assuming
knowledge of internal structure. Such methods
reveal that high-accuracy models often remain frag-
ile under linguistic perturbations (Ribeiro et al.,
2020). Consequently, there is growing inter-
est in auditing LLMs, a systematic diagnostic
process for tracing the rationale behind predic-
tions, to determine whether they capture critical
semantic cues or follow surface-level heuristics
(Chataigner et al., 2026; Amirizaniani et al., 2024;
Mökander et al., 2023; Pucci and Ranaldi, 2025).
Recent work shows that LLMs rely heavily on
surface-level lexical patterns rather than abstract
linguistic competence, showing high sensitivity to
meaning-preserving lexical substitutions (Kostić
et al., 2026).

Specific Evidence in Discourse Analysis Spe-
cific studies in discourse relation prediction have
already hinted at these hidden shortcuts. For in-
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stance, an ablation study on Japanese discourse
models found that removing the second argument
(Arg2) resulted in little performance loss, whereas
removing the first argument (Arg1) caused a sig-
nificant drop (Sato et al., 2025). Since the core of
the task is to identify the relationship between two
segments, this imbalance strongly suggests that the
fine-tuned model relies on a single-sided shortcut
rather than processing the interaction between both
arguments. Moreover, Kim et al. (2020) found that
while simple fine-tuning models can achieve good
performance, they overrelied on lexical cues, and a
simple lexical perturbation with no semantic effect
can cause a performance drop. This finding raises a
concern about whether models predict the relation
by capturing the semantic relation or by matching
shallow patterns.

Motivation for This Study Inspired by these
findings, our work bridges the gap between high
accuracy and robust performance. While previous
research has identified shortcuts in NLI and other
tasks (Geirhos et al., 2020; McCoy et al., 2019),
a systematic audit of the internal consistency and
argument balance in discourse relation prediction
remains lacking. Building on the principles of be-
havioural testing (Ribeiro et al., 2020) and evidence
of argument imbalance in Japanese discourse stud-
ies (Sato et al., 2025), we propose a multi-level
auditing framework. Unlike traditional evaluation
that relies solely on classification scores, our ap-
proach quantifies the degree of reliance on surface-
level markers versus deep semantic content. While
previous work has identified shortcuts, our frame-
work provides the first systematic measurement of
asymmetric dependency. This allows us to move
beyond simple observation and explore whether
performance gains stem from robust reasoning or
shallow heuristics.

3 Experiment Setting

We evaluate on the PDTB 2 (Prasad et al., 2008),
PDTB 3 (Webber et al., 2019b), and eng.pdtb.gum
(Liu et al., 2024b) datasets. The eng.pdtb.gum
dataset from the 2025 DISRPT shared task (Braud
et al., 2025) is annotated with 15 text genres based
on the GUM corpus (Zeldes, 2017), allowing us to
validate our framework beyond standard news cor-
pora. Note that we only use the implicit discourse
data from eng.pdtb.gum dataset. The models we
use are Llama-3-8b, Qwen3-4b, and Qwen3-8b
(Grattafiori et al., 2024; Yang et al., 2025) from

Huggingface1. All experiments were run using
simple instructions and inputs, including two argu-
ments and the connective. The motivation is to min-
imise the effect of other words in the prompt. The
prompt we use is shown in Appendix D. The pre-
diction is obtained by selecting the label with the
highest probability among all label candidates. We
use LoRA to fine-tune the model (Hu et al., 2022),
with alpha set to 128 and rank to 64. The learning
rate is set to 3e-5 or 5e-5, and the number of train-
ing epochs is set to 5, with early stopping to pre-
vent overfitting. All results are averaged over three
runs. For simplicity, since the results for PDTB 2.0,
PDTB 3.0, and eng.pdtb.gum are similar, we report
the results on PDTB 3.0 and eng.pdtb.gum in the
paper. Detailed results on PDTB 2.0 are provided
in Appendix A.

4 Evaluation of Explicit Discourse
Prediction

In explicit discourse relations, the presence of
a connective (e.g., "but", "because") provides a
strong lexical cue. But whether the LLM considers
the semantic information conveyed by the entire in-
put, or simply predicts the discourse relation based
on the connective, needs to be verified. In this
section, we audit whether the model’s prediction
is genuinely grounded in the semantic interaction
between arguments or merely anchored in surface-
level heuristics (Chataigner et al., 2026; Amirizani-
ani et al., 2024; Mökander et al., 2023; Pucci and
Ranaldi, 2025). Besides, we explore during fine-
tuning where the performance gains come from and
how the model improves.

4.1 Prediction Transition Analysis

We first evaluate the pre-trained LLMs in a zero-
shot setting to establish baseline connective re-
liance. Since connectives strongly hint at the labels,
we can assess, based on performance, whether the
models can perform well when only pre-trained.
Following fine-tuning, we examine which of these
zero-shot errors are most corrected, thereby im-
proving performance. Specifically, we identify the
Top Corrected Patterns by tracking label transi-
tions between the zero-shot and fine-tuned settings
to reveal whether different pre-trained models show
a uniform bias toward a single or multiple relations.

1https://huggingface.co/
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Top Level
Models WP CP No.

Temporal Expansion 661
Llama-3-8b Temporal Comparison 325

Temporal Contingency 205
Temporal Expansion 725

Qwen3-4B Temporal Comparison 404
Temporal Contingency 212
Temporal Expansion 721

Qwen3-8B Temporal Comparison 404
Temporal Contingency 207

Second Level
Cause Conjunction 557

Llama-3-8b Contrast Concession 287
Cause Asynchronous 165
Manner Conjunction 520

Qwen3-4B Contrast Concession 291
Manner Asynchronous 119
Cause Conjunction 433

Qwen3-8B Contrast Concession 316
Contrast Conjunction 125

Table 1: The top three corrected pattern results on the
PDTB 3 across three different models. WP: wrong
prediction in zero-shot setting. CP: corrected prediction
in fine-tuned setting. No.: corrected numbers.

4.2 Focus Dynamics

After assessing the model’s performance in zero-
shot settings, we want to explore whether the fine-
tuning process guides predictions from blind bias
toward a more precise distinction, or whether the
model shifts to the opposite extreme by relying
heavily on the connective signal.

We use a Leave-One-Out (LOO) perturbation
approach to analyse the importance of individual
input components. This method isolates the in-
fluence of each component i ∈ {A1, C,A2} by
defining a marginal contribution ϕi:

ϕi = max(0, P (yg | x)− P (yg | x\i)) (1)

where x\i denotes the input with component i
masked. The value ϕi measures the drop in pre-
diction probability for the correct label yg when
component i is removed. This metric identifies
which parts of the text drive the final classifica-
tion outputs. To provide a stable and continuous
measure of component reliance, we introduce the
Normalised Connective Focus (NF ):

NF =
ϕC

ϕC + ϕctx
(2)

where ϕctx = (ϕA1 + ϕA2)/2 yields the mean con-
textual contribution. This formulation includes a

division by 2 to compute the mean contextual con-
tribution. This normalisation is a critical design
choice to maintain dimensional alignment between
the connective and the argument context. The math-
ematical intuition is provided in Appendix F. This
metric bounds the relative attention within a stable
range between 0 and 1. A value of 0.5 represents a
perfectly balanced focus between the explicit con-
nective and the contextual arguments. Values ap-
proaching 1.0 signify an absolute reliance on the
connective trigger. This formulation removes the
dependence on an arbitrary stability term and en-
ables reliable statistical comparisons across differ-
ent relations.

4.3 Robustness Test
Having tested whether the models rely heavily on
connectives, we next measure accuracy without ex-
plicit markers to assess whether the models can pre-
dict the correct relation using only the arguments.
We calculate Accrv via a connective ablation test:

Accrv =
1

N

N∑

i=1

1 (ŷ\C, i = yg, i) (3)

Accrv ranges from 0 to 100%. Since the label shift
phenomenon occurs when connectives are removed
in explicit cases, the robustness score should ideally
be around 67% in PDTB 2 and 70.4% in PDTB 3
(Liu et al., 2024a).

4.4 Adversarial Stress Metrics
Finally, we measure the sensitivity under adversar-
ial conditions. We use intervention-based metrics
to reveal whether shortcut learning exists. Signal
Sensitivity measures vulnerability to adversarial
connective substitution using x′ = {A1, Cadv, A2}:

Sensitivity =
1

N

N∑

i=1

1
(
f(x′i) ̸= ygi

)
(4)

Scores range from 0 to 100%, with higher sen-
sitivity indicating that the system processes con-
nectives as categorical triggers rather than inter-
pretative clues. A common counter-argument is
that connective substitution naturally alters rhetor-
ical intention, justifying a label shift. While this
holds true for semantically loose sentences, adver-
sarial substitution often creates severe physical and
temporal contradictions (Semantic Incompatibil-
ity) (van Leusen, 2004) that a robust model should
detect. Examples are illustrated in Appendix G.
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Top Level Second Level

Models Accft Acczs Accrv NF SS Accft Acczs Accrv NF SS

Llama-3-8b 95.13 24.79 51.33 48.98 76.12 89.55 13.12 39.93 70.31 99.77

Qwen3-4B 94.85 19.75 50.37 73.40 75.72 90.37 14.57 35.64 84.57 99.71

Qwen3-8B 95.19 20.43 50.65 79.29 75.66 90.13 16.25 36.97 84.29 99.88

Table 2: Results on PDTB 3.0. Alongside fine-tuned (Accft) and zero-shot (Acczs) accuracies, we report connective
ablation robustness (Accrv), Signal Sensitivity (SS), and Normalised Connective Focus (NF). A robust parser should
achieve Accrv around 70.4%. Conversely, high SS and NF values expose the model’s high reliance on connectives
rather than contextual semantics.

4.5 Results and Analysis

Our evaluation results show a disconnect between
standard classification accuracy and LLMs’ robust-
ness to discourse prediction. Tables 1 and 2 provide
empirical evidence on the transition patterns, struc-
tural robustness, and shortcut dependencies of the
fine-tuned models.
Analysis of Prediction Transitions Table 1
presents the top corrected labels from the zero-shot
to the fine-tuned setting. The pre-trained models
show strong systematic biases before fine-tuning.
For instance, all the models demonstrate a uniform
bias toward the Temporal label at the top level. This
indicates that without fine-tuning, the models de-
fault to a simple time-based sequence and fail to
use the connective signal. In second-level predic-
tion, pre-trained models often fail to predict Cause
and Contrast labels. These two relations normally
have strong connective signals, such as “because”,
“therefore” and “but”. These results suggest that
LLMs, even after pre-training, may still fail to cap-
ture important lexical cues. While the fine-tuning
process adjusts the surface label distributions, fur-
ther metrics are necessary to verify whether this
adjustment reflects genuine semantic learning.
The Accuracy Trap and Structural Robustness
As shown in Table 2, fine-tuned accuracy (Accft)
exceeds 94% (top) and 89% (second-level) across
models, while zero-shot accuracy (Acczs) remains
below 25% and 17%, respectively. This gap indi-
cates that the underlying parameters lack a robust
processing of discourse relations. The robustness
test under connective ablation (Accrv) shows this
vulnerability. When connectives are masked, the
top-level performance drops sharply to around 50%
for all models. This result falls short of the ideal
linguistic distribution baseline of 70.4% (Liu et al.,
2024a). At the second level, the robustness scores
drop further, falling below 40%. These empirical
drops demonstrate that the fine-tuned models can-
not use the argument context to predict once the

explicit markers are masked.

Quantifying Shortcut Mechanics The Nor-
malised Connective Focus (NF ) and Signal Sensi-
tivity (SS) indicate the mechanics of this reliance
on shortcuts. The high NF scores at the second
level indicate that the internal allocation of atten-
tion is heavily toward explicit connectives rather
than arguments. The SS scores provide additional
evidence of shortcut learning. The SS scores reach
nearly 100% across models, prompting arguments
that connective substitution naturally alters the re-
lation. However, our independent implicit experi-
ments (Section 5) refute this defence: arguments
alone achieve over 72% accuracy, demonstrating
that contextual semantics are sufficient. When an
adversarial connective contradicts the underlying
event logic, a robust parser should detect the se-
mantic conflict and show predictive uncertainty.
Instead, the unconditional output flip provides evi-
dence of shortcut bias (McCoy et al., 2019), demon-
strating that fine-tuning forces the model to treat
connectives as categorical triggers while bypassing
compositional semantics. We note that Llama-3-8b
shows a low NF and a high SS for top-level label
prediction. This indicates the model’s necessary
condition: both the connective and the argument
context are required for high confidence, as mask-
ing either reduces the probability. The high SS
suggests the explicit connective can override the
final decision; replacing it introduces a semantic
contradiction.

Takeaway: Highly fine-tuned accuracy in explicit
discourse relation prediction can be an artefact of
surface cue anchoring. Fine-tuned systems do not
process the compositional meaning of arguments.
Instead, the fine-tuning process establishes a frag-
ile, one-to-one mapping between explicit connec-
tives and relation labels, leaving the system highly
vulnerable to structural perturbations. As previous
research indicates, connectives can be ambiguous
(Webber et al., 2019a); blindly mapping them to
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labels can yield unreliable models. As discourse
relations play an important role in many down-
stream tasks, such as essay scoring (Liu and Strube,
2025a,b), reading comprehension (Mihaylov and
Frank, 2019), and text summarisation (Liu et al.,
2023b, 2025), this right-for-wrong-reasons phe-
nomenon can raise serious concerns.

5 Evaluation of Implicit Discourse
Prediction

While explicit connectives act as dominant short-
cuts, implicit settings lack these salient triggers.
This absence raises a question about whether the
model genuinely predicts based on semantic rea-
soning. To make our framework and results con-
vincing, we include our test results for the im-
plicit discourse relation test on both PDTB 3.0 and
eng.pdtb.gum in this section. Our results show that
the fine-tuned models fail to transition to semantic
integration in different text genres. Instead, the
models treat function words (e.g., prepositions) as
alternative structural shortcuts.

5.1 Semantic Attribution

We define an input as a pair of arguments x =
{A1, A2}, where the model f predicts a rela-
tion label ŷ ∈ L. To understand which to-
kens are most helpful or harmful to the model’s
prediction, we measure the Impact Φk =∑

t∈Tokensk max(0, P (yg|x) − P (yg|x\t)), which
quantifies the contribution of each token to the fi-
nal prediction.

5.2 Reconstruction Accuracy

From the impact results, we found that models
often rely on function words such as “in” and
“on”, and masking them leads to a large drop in
probability. Based on our observations, we can
still infer the correct discourse relation from a hu-
man perspective even when one function word is
masked. Since LLMs are pre-trained on massive
corpora for next-token prediction, predicting high-
frequency function words should not be a hard
task. Therefore, we measure Reconstruction Ac-
curacy (RAcc). For each function word ti ∈ Tf
(e.g., prepositions and articles), the model predicts
a replacement t̂i based on the surrounding context:
t̂i = argmaxw∈V P (w | x \ {ti}). Then the mod-
els predict the final label ŷ using the reconstructed
input x̂ = {t̂1, . . . , t̂n}. RAcc values range from
0 to 100%. In a robust model, RAcc should be

close to the fine-tuned accuracy (Accft). There-
fore, a large gap between these metrics reveals a
logical disconnect: despite sufficient semantic con-
text to infer the relation, the model fails to use it
consistently in producing the final predicted label.

5.3 Fidelity and Causal Faithfulness
In the previous step, we calculated the impact for
each token to understand which information drives
a prediction. However, grounded in the princi-
ple of compositionality, tokens do not operate in
isolation (Partee, 1995; Chomsky, 2001) but trig-
ger complex, non-linear feature interactions (Chen
et al., 2020). Consequently, a phrase’s total impact
often diverges from the simple algebraic sum of
its individual parts. We map token-level attribu-
tions to human-interpretable linguistic structures
(e.g., noun phrases (NP) and prepositional phrases
(PP)) by using constituency parsing (via Spacy2

and Benepar3). We also introduce a custom cate-
gory, VERB_COMPLEX, that combines auxiliary
and main verbs to study cues related to the state of
an action. To quantify whether local token scores
reliably extrapolate to phrase-level impacts, we de-
fine the Fidelity Correlation (r):

r = Pearson(
∑

t∈p
ϕt,CausalImp(p)) (5)

where CausalImp(p) is the causal impact of mask-
ing the entire syntactic phrase p. The values of r
range from −1 to 1. A positive correlation score
indicates that the token-level metrics align with
the models’ causal behaviour. Specifically, a high
score near 1.0 indicates a strictly linear relation-
ship in which individual word importance perfectly
predicts the total phrase impact. In contrast, a mod-
erate positive score indicates that the token-level
metrics capture the correct causal relation, while
the remaining gap reflects nonlinear interactions
among tokens within the neural architecture (Lund-
berg and Lee, 2017; Jacovi and Goldberg, 2020).

5.4 Functional Reliance
Our previous analysis of token-level importance re-
veals a strong reliance on semantically light prepo-
sitions during implicit relation prediction. To test
whether the classification process relies on seman-
tic or anchors on structural placeholders, we intro-
duce the Mean Surprisal Drop (∆S). This metric

2https://spacy.io/
3https://spacy.io/universe/project/

self-attentive-parser
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Top Level Second Level

Models Accft Acczs RAcc FC∗ MSD∗ Accft Acczs RAcc FC∗ MSD∗

Llama-3.1-8B 74.42 12.42 56.51 0.36 2.09 55.53 23.06 35.54 0.34 1.60

Qwen3-4B 72.12 10.72 55.56 0.37 2.36 53.75 10.03 38.34 0.34 2.22

Qwen3-8B 74.49 12.28 60.79 0.35 2.69 55.53 23.53 40.93 0.35 3.06

Table 3: Results on PDTB 3.0 dataset. In addition to standard fine-tuned accuracy (Accft), zero-shot accuracy
(Acczs), and function-word reconstruction accuracy (RAcc), we report Fidelity Correlation (FC) and Mean Surprisal
Drop (MSD). FC measures whether our framework is intervention-based (ideally, a positive value > 1). For MSD,
values approaching 0 indicate ideal robustness, while scores > 0.5 denote exponential confidence loss. Metrics with
∗ indicate that the values are not percentages.

Models Accft Acczs RAcc FC∗ MSD∗

Llama-3.1-8B 64.28 20.53 44.30 0.26 2.45

Qwen3-4B 65.96 13.36 49.93 0.22 2.71

Qwen3-8B 65.26 13.64 49.79 0.23 3.15

Table 4: Results on eng.pdtb.gum dataset.

evaluates prediction certainty under a stress test
where all function words are masked from the input
arguments. Adapting the concept of surprisal from
information theory (Shannon, 1948; Hale, 2001;
Levy, 2008), we measure the shift in prediction
confidence under structural perturbations. We cal-
culate ∆S by quantifying the uncertainty differ-
ence before and after masking function words:

∆S = [− log2 P (yg|xmk)]− [− log2 P (yg|xog)]
(6)

where xog represents the original complete input
text and xmk represents the text without functional
placeholders. These function words consist of high-
frequency prepositions and articles that carry mini-
mal semantic weight. A lower ∆S value approach-
ing 0 indicates a robust decision process. This con-
dition indicates that the absence of structural mark-
ers does not reduce prediction confidence. Con-
versely, a high positive value demonstrates that
classification stability is highly fragile. This in-
crease in uncertainty demonstrates that the fine-
tuned system relies heavily on surface placeholders
rather than processing the core semantic meaning
of the arguments.

5.5 Results and Analysis
The empirical evaluation of implicit discourse
relation prediction shows that the high perfor-
mance of fine-tuned models is supported by sur-
face heuristics—a vulnerability that exists across
diverse text genres. Table 3 and Table 4 pro-
vide comprehensive results across PDTB 3 and
eng.pdtb.gum, respectively.

The Fine-Tuned and Reconstruction Accuracy
As shown in Table 3 and Table 4, the fine-tuned
accuracy (Accft) consistently reaches high accu-
racy across all datasets. However, the low zero-shot
accuracy (Acczs) shows that pre-trained parame-
ters do not support robust processing of implicit
discourse relations. The Reconstruction Accuracy
(RAcc) metric further illustrates the models’ depen-
dence on function words. Given the standard pre-
training process of LLMs, LLMs should recover
the masked function word from context. Even if
the reconstructed word differs superficially from
the original, the core argument semantics and true
discourse relation remain almost identical. Yet,
when evaluated on these model-reconstructed in-
puts, classification performance degrades signifi-
cantly across various domains. For instance, in
the multi-genre eng.pdtb.gum dataset, RAcc drops
by roughly 15-20 percentage points relative to the
Accft baselines, indicating the severe degradation
observed on the news-type PDTB datasets. This
cross-genre result shows that function-word depen-
dency is generic, not merely a corpus-specific arte-
fact.

(1) [These are just baby steps toward real in-
teractive video, which I believe will be the
biggest thing yet to affect television,]Arg1
(Implicit=For instance) [Although it would
be costly to shoot multiple versions, TV pro-
grammers could let audiences vote on differ-
ent endings for a movie.]Arg2

(2) [the Clean Water Act is written upon
the presumption–the pretense, rather–
that nothing but zero risk will do]Arg1
(Implicit=As a result) [it establishes a legal
standard of zero discharge]Arg2

Examples (1) and (2) from PDTB 3 illustrate this
structural fragility. In (1), the model correctly pre-
dicts the gold relation (Instantiation) on the orig-
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inal text, assigning a 0.942 importance score to
the auxiliary “could”. When could is masked, the
model reconstructs it as “can”. Although this mi-
nor substitution preserves the original Instantiation
relation, the model’s prediction shifts to Level-of-
detail. Similarly, in (2), reconstructing the word
“upon” as “on” flips the prediction from Cause to
Equivalence. These failures demonstrate that the
discourse prediction process is sensitive to exact
lexical surface forms.
Causal Validation via Fidelity Correlation The
Fidelity Correlation (FC) metric empirically val-
idates that our token attribution method reliably
reflects the underlying decision process. Across
all models, prediction levels, and domains, the
correlation scores remain stable within a moder-
ately positive range. This cross-genre consistency
demonstrates that our metrics align with the sys-
tem’s causal behaviour during phase perturbations
rather than dataset-specific noise. Moreover, this
moderate positive correlation is expected on math-
ematical grounds. As established in Lundberg and
Lee (2017), individual first-order attributions can-
not fully capture higher-order, non-linear feature in-
teractions within deep neural architectures. There-
fore, the remaining variance does not indicate al-
gorithmic noise. Instead, it accurately preserves
the expected non-linear behaviour of fine-tuned
language models during compositional sentence
processing (Jacovi and Goldberg, 2020). The re-
maining gap indicates that individual word impor-
tances cannot be simply summed to predict global
phrase impacts, reflecting the complex, non-linear
token interactions within the fine-tuned layers.
Quantifying Functional Reliance and Fragility
The Mean Surprisal Drop (MSD) metric provides
empirical evidence of shortcut learning. To in-
terpret MSD, we must establish its theoretical
baseline: for a robust parser that relies on core
compositional semantics, masking function words
should yield an MSD approaching 0 (i.e., near-
zero confidence loss). While minor fractional val-
ues (e.g., MSD < 0.5) represent an acceptable
tolerance zone for natural context disruption, our
results exceed this threshold across all domains.
Crucially, this fragility is across multiple genres.
Even the lowest observed MSD of 1.60 indicates
that the model’s predicted probability of the correct
labels drops by nearly a factor of 5 (e1.6 ≈ 4.95).
At the higher end, values reaching 3.06 imply an
exponential plunge in certainty, roughly 23 times
lower (e3.15 ≈ 23.3). As established in previous

work (Geirhos et al., 2020; McCoy et al., 2019),
when neural models exhibit such severe probability
degradation in response to minor structural pertur-
bations, they are anchoring to superficial lexical
cues rather than modelling the semantics. Con-
sequently, the fine-tuned systems heavily exploit
these function words as categorical triggers. One
might assume that scaling up model parameters
naturally mitigates shortcut learning. However, as
demonstrated by Kostić et al. (2026), the relation-
ship between model size and robustness is non-
monotonic and task-dependent; increased scale
does not universally confer stability against lex-
ical variations.
Takeaway: High accuracy in implicit discourse
prediction could be unreliable across diverse
genres. Fine-tuned models fail to develop ro-
bust compositional processing of argument seman-
tics. Instead, they use function words as prediction
shortcuts, a structural vulnerability that shows in
both the news type (PDTB) and the multi-domain
eng.pdtb.gum datasets. Consequently, standard ac-
curacy (Accft) alone cannot evaluate the robust-
ness of the models’ semantic processing. We sug-
gest establishing causal robustness metrics, specifi-
cally Reconstruction Accuracy (RAcc) and Mean
Surprisal Drop (MSD), as complementary stan-
dards to expose superficial heuristic reliance in fu-
ture discourse benchmarks.

6 Conclusions

We present a complementary diagnostic framework
to evaluate fine-tuned LLMs for discourse relation
prediction, showing a disconnect between standard
classification accuracy and robust semantic integra-
tion. In explicit settings, connectives function as ab-
solute triggers rather than interpretative clues. This
reliance is also observed in implicit discourse set-
tings, where function words significantly affect the
model’s predictions. Fine-tuned LLMs are highly
sensitive to function words. Even if one function
word is replaced with another, while the discourse
relation remains unchanged, the model’s predic-
tion is highly liable to shift. These empirical find-
ings suggest that researchers cannot be satisfied
with high classification scores alone. Future work
should shift focus toward robust and semantically
grounded models, moving beyond the pursuit of
raw accuracy. Meanwhile, incorporating additional
linguistic metrics to assess model performance will
enhance the comprehensiveness of the evaluation,
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helping detect the right-for-wrongs phenomenon
and thus reducing concerns about applying the mod-
els to various downstream tasks.

Limitations

While we propose our diagnostic framework as a
complement to traditional metrics, it is not with-
out limitations. First, our empirical evaluation is
currently restricted to English corpora. Because
the distribution and syntactic reliance on func-
tion words vary significantly across typologies, fu-
ture work can extend this audit to morphologically
richer or low-resource languages to verify the cross-
lingual universality of these shortcuts. Second,
measuring token-level probability drops inherently
requires access to the model’s output logits. Conse-
quently, this diagnostic framework is currently ap-
plicable only to open source models or APIs that ex-
pose full logit distributions. It cannot be applied to
closed-source commercial models. Last, our analy-
sis is grounded in the PDTB theoretical framework.
Integrating alternative formalisms, such as Rhetor-
ical Structure Theory (RST) (Mann and Thomp-
son, 1988) or Segmented Discourse Representa-
tion Theory (SDRT) (Lascarides and Asher, 2007),
alongside broader psycholinguistic theories, will
be crucial for developing a more comprehensive
evaluation of hierarchical discourse comprehension
in LLMs.
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A More Results

The explicit and implicit results on PDTB 2.0 are
shown in Table 6 and Table 7, respectively.

B Computational Resource

In this work, all our experiments are conducted on
an NVIDIA H100 GPU.

C Details About Datasets

The dataset statistics are shown in Table 5. The
top-level labels in PDTB 2 and PDTB 3 are Tem-
poral, Contingency, Comparison, and Expansion.
The second-level labels in PDTB 2 are Conces-
sion, Contrast, Cause, Pragmatic cause, Conjunc-
tion, Instantiation, Alternative, List, Restatement,
Asynchronous and Synchrony. The second-level
labels in PDTB 3 are Concession, Contrast, Cause,
Cause+Belief, Condition, Purpose, Conjunction,
Equivalence, Instantiation, Level-of-detail, Man-
ner, Substitution, Asynchronous and Synchronous.
The labels in eng.pdtb.gum are Explanation, Query,
Causal, Condition, Purpose, Alternation, Tempo-
ral, Mode, Elaboration, Conjunction, Concession,
Contrast and Reformulation.

Dataset Train Val Test

PDTB 2 (Prasad et al., 2008) 12632 1183 1046
PDTB 3 (Webber et al., 2019b) 17085 1653 1474
eng.pdtb.gum (Liu et al., 2024b) 10519 1682 1678

Table 5: The data distribution for the datasets we use in
this work.

D Prompt Design

The prompts we use for explicit and implicit cases
are shown in Figure 1 and Figure 2, respectively.

E Targeted Function Words for
Structural Perturbations

To audit the models’ reliance on superficial lexical
shortcuts during implicit discourse relation predic-
tion, we systematically mask specific categories of
semantically light function words. These words
were selected because they serve primarily gram-
matical roles within a sentence and lack the core
propositional content required to logically infer the
relations. More importantly, after the pre-training,
LLMs are expected to recover those words easily.

The targeted function words belong to the fol-
lowing four lexical categories:

• Articles (such as: a, an, the)

• Prepositions (such as: to, for, with, on, in, at,
from, by)

• Auxiliary Verbs (such as: be, have, do, can,
will, shall, should, would, may, might)

• Determiners (such as: this, that, these, those,
some, any, each)

By strictly constraining our structural perturba-
tions to these predefined categories, we ensure that
the masking process disrupts only the surface-level
syntax. Crucially, this guarantees that the funda-
mental argument semantics necessary for a robust
parser to infer the correct discourse relation remain
functionally sufficient.

F Mathematical Motivation for
Contextual Normalisation

In Section 4.2, the formulation of the Normalised
Connective Focus (NF) incorporates a division by
two to calculate the mean contextual contribution
ϕctx = (ϕA1+ϕA2)/2. This normalisation is a crit-
ical design choice to maintain dimensional align-
ment between the connective and the argument
context.

To illustrate the necessity of this normalisation,
consider a hypothetical "perfectly balanced" se-
mantic parser. This ideal model relies equally on
all functional units within the discourse structure,
assigning an identical impact of 1/3 to each com-
ponent: ϕC = 1/3, ϕA1 = 1/3, and ϕA2 = 1/3.
Intuitively, since the model relies equally on the ex-
plicit marker and the context, the focus ratio should
reflect a 50% balance.

If the contextual contribution were calculated
as a simple sum (ϕctx = ϕA1 + ϕA2 = 2/3), the
resulting ratio would be:

NFunnormalized =
1/3

1/3 + 2/3
≈ 33.3%

This unnormalized approach mathematically pe-
nalises the context simply because it has a bipartite
structure (two arguments), shifting the baseline so
that a 50% score would actually indicate a strong
bias towards the connective.

By applying the mean normalisation, we com-
press the two arguments into a single standard se-
mantic unit:

NFnormalized =
1/3

1/3 + 1/3
= 50.0%
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Figure 1: The prompt for explicit cases.

Figure 2: The prompt for implicit cases.

This operation aligns the denominator with the
connective’s single-token nature, ensuring that the
50% threshold objectively reflects equal reliance
on explicit cues and underlying semantics. It is im-
portant to note that this 50% normalised threshold
is not proposed as a psycholinguistic law dictat-
ing that context and connectives must be equally
weighted in human cognition. Rather, it serves
as a mathematically calibrated diagnostic baseline.
While explicit connectives are undeniably strong
discourse signals, a robust parser must still inte-
grate contextual semantics to ensure logical con-
sistency. By establishing a symmetric 50% refer-
ence point, our normalisation provides an objec-
tive mathematical scale for quantifying extreme
deviations—specifically, the heuristic exploitation
in which a model ignores context entirely.

G Semantic Incompatibility in
Adversarial Substitution

Consider the following adversarial intervention
based on a causal relation:

(1) [The streets are completely flooded.]Arg1
Explicit=Because [It rained heavily through-
out the night.]Arg2

(2) [The streets are completely flooded.]Arg1
Explicit=But [It rained heavily throughout
the night.]Arg2

In the adversarial case, the explicit connective
“but” forces a Contrast relation. However, the un-
derlying physical events at Arg1 and Arg2 are inher-
ently strongly causally linked. A robust semantic

parser should recognise that heavy rain naturally
leads to flooded streets. When presented with the
adversarial sentence, the system should encounter
a structural clash between the surface cue (“but”)
and the physical reality of the arguments, leading
to hesitation in prediction, high entropy, or a drop
in confidence. Instead, our empirical results show
that the fine-tuned LLMs process the adversarial
sentence with near-100% sensitivity, unhesitatingly
predicting Contrast with high confidence. This be-
haviour shows that the models do not attempt to
relate the connective with its context; they blindly
execute the connective’s categorical trigger, com-
pletely discarding the semantic absurdity of the
resulting sentence.

H Theoretical Justification for Causal
Faithfulness

In Section 5.3, we define the Fidelity Correlation
(FC) as an intervention-based metric. It is impor-
tant to clarify the distinction between observational
attribution and causal intervention in this context.
Traditional token-level impact, whether derived
from gradients or attention weights, is fundamen-
tally observational. They highlight which input
features strongly activate the network, but do not
guarantee that these features causally drive the final
prediction. As established by Jacovi and Goldberg
(2020), an interpretation is faithful only if it accu-
rately reflects the system’s true decision process
under causal perturbations.

To bridge the gap between observation and cau-
sation, our FC metric incorporates a direct causal
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Top Level Second Level

Models Accft Acczs Accrv NF SS Accft Acczs Accrv NF SS

Llama-3-8b 94.55 35.18 55.8 58.57 71.28 85.98 30.88 37.65 77.09 98.91

Qwen3-4B 95.41 22.88 50.19 79.28 70.66 85.48 31.72 35.81 80.89 98.00

Qwen3-8B 95.41 22.49 49.65 75.57 70.74 84.56 35.89 38.31 79.17 98.83

Table 6: Results on PDTB 2.0. Accft: Fine-tuned Accuracy, Acczs: Zero-shot Accuracy, Accrv: fine-tuned models’
Accuracy after masking the connective, NF: normalised focus, SS: Signal Sensitivity.

Top Level Second Level

Models Accft Acczs RAcc FC∗ MSD∗ Accft Acczs RAcc FC∗ MSD∗

Llama-3.1-8B 71.70 13.86 59.75 0.42 1.27 53.71 21.66 33.69 0.39 1.95

Qwen3-4B 68.74 7.46 59.37 0.36 1.61 58.83 19.15 33.69 0.38 2.74

Qwen3-8B 70.27 6.88 59.75 0.39 1.47 57.36 21.56 38.11 0.40 2.06

Table 7: Results on PDTB 2.0 dataset. Accft: fine-tuned accuracy, Acczs: zero-shot accuracy, RAcc: reconstructed
accuracy, FC: fidelity correlation, MSD: Mean Surprisal Drop. Metrics with ∗ indicate that the values are not
percentages.

intervention. By systematically masking the entire
syntactic phrase from the input, we perform a black-
box causal intervention similar to the behavioural
testing principles outlined by Ribeiro et al. (2020).
The resulting drop in prediction probability (Causal
Impact) represents the absolute causal effect of that
specific phrase on the output. By measuring the
Pearson correlation between the sum of observa-
tional token scores and the actual causal impact, the
FC metric assesses whether the token-level explana-
tions align with the model’s true causal dynamics.

I Causal Mechanics of the Mean
Surprisal Drop

The Mean Surprisal Drop (MSD) introduced in
Section 5.4 serves as a causal diagnostic tool rather
than a standard performance metric. Readers might
question why masking function words serves as em-
pirical evidence of shortcut learning. The theoreti-
cal foundation lies in the concept of counterfactual
intervention used to diagnose linguistic heuristics
(McCoy et al., 2019; Geirhos et al., 2020).

In standard evaluation, high accuracy indicates
that the input maps to the correct output. However,
it fails to reveal which variables control the predic-
tion. The MSD framework applies a targeted struc-
tural intervention by masking semantically light
function words while preserving the core argument
semantics. This intervention mathematically iso-
lates the causal influence of surface placeholders
on the system’s internal probability distribution. If
the fine-tuned system possessed robust composi-
tional semantics, this minor structural intervention

would exert a negligible causal effect on the output
certainty. However, the severe spike in surprisal
(entropy) following this specific ablation mathemat-
ically proves a strong causal dependency on these
exact functional tokens. This intervention directly
aligns with the shortcut learning mechanisms de-
scribed in prior literature, demonstrating that the
system’s confidence is causally anchored to super-
ficial cues rather than to the integrated logic of the
argument.

J The Impact of Connective Ambiguity
on Downstream Tasks

In Section 4.5, we highlight that fine-tuned systems
often treat connectives as absolute categorical trig-
gers. A critical danger of this shortcut learning is
that explicit connectives in natural language are in-
herently ambiguous (Webber et al., 2019a). When
a system blindly maps a specific connective to a
high-frequency relation label without integrating
argument semantics, it leads to cascading failures
in downstream applications such as Reading Com-
prehension (Mihaylov and Frank, 2019) and Text
Summarisation (Liu et al., 2025).

To illustrate this vulnerability, consider the con-
nective “since”, which frequently exhibits sense
ambiguity between Temporal (time-based) and
Contingency (causal) relations.

(3) Case A (Temporal): Explicit=Since [the
manager left the company,]Arg1 [the team has
been using the new software.]Arg2

(4) Case B (Causal): Explicit=Since [the man-
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ager left the company,]Arg1 [the team has to
restructure its workflow.]Arg2

In Case A, “since” functions purely as a temporal
marker indicating when the action started. In Case
B, “since” functions as a causal marker indicating
the reason for the restructuring. A robust parser
must process the compositional semantics of the
arguments to disambiguate the relation.

However, if a fine-tuned discourse parser relies
on a superficial shortcut (e.g., statistically anchor-
ing “since” strictly to a Temporal label due to train-
ing data bias), it will misclassify Case B. This
single classification error severely corrupts down-
stream tasks.

By treating ambiguous connectives as program-
matic triggers rather than context-dependent clues,
shortcut-biased models generate fundamentally un-
robust discourse representations. This demon-
strates why evaluating models using adversarial
and implicit structural metrics is essential before
deploying them in complex downstream linguistic
tasks.

K The Fragility of Function Word
Shortcuts in Downstream Applications

In Section 5, our diagnostic audit reveals that fine-
tuned models rely heavily on semantically light
function words (e.g., prepositions) to predict im-
plicit discourse relations. This severe dependency
introduces critical vulnerabilities when these dis-
course parsers are deployed in real-world down-
stream applications, particularly those that evaluate
human- or machine-generated text.

An example is Automated Essay Scoring (AES).
Researchers use discourse relations to measure the
coherence and quality of argumentation in student
essays (Liu and Strube, 2025a,b). If a coherence
scoring system relies on a not robust discourse
parser biased toward function words, the evaluation
becomes highly unreliable. A student might con-
struct a good, logical and coherent argument. How-
ever, a minor typographical error, such as a misspelt
preposition or a synonymous preposition (e.g., “on”
instead of “in”), will disrupt the parser’s expected
surface cues. The parser will consequently fail to
recognise the implicit semantic relation, leading
to an artificially low coherence score. This short-
cut penalises stylistic variations and minor gram-
matical slips rather than assessing actual logical
argumentation.

L Unified Diagnostic Framework and
Metric Mapping

To systematically audit shortcut learning across
both explicit and implicit discourse relation predic-
tion, our diagnostic framework relies on a unified
four-step operational pipeline. Although the spe-
cific metric instantiations differ depending on the
presence (explicit) or absence (implicit) of connec-
tives, they share the same underlying methodologi-
cal purposes. Table 8 maps these unified methods
to their corresponding experimental settings.

This framework operates sequentially, with clear
dependencies between each methodological step to
ensure causal validity:

• Method 1 (Attribution Measurement): This
initial stage serves as the exploratory founda-
tion. It identifies potential Shortcut Triggers
(STs) — such as explicit connectives or spe-
cific semantically light function words — by
evaluating which input components predomi-
nantly drive the model’s predictions.

• Method 2 (Target Ablation): Building upon
the findings of Method 1, this step conducts
targeted ablations on the identified STs. It
evaluates the model’s structural robustness by
measuring how much accuracy degrades when
these critical triggers are disrupted.

• Method 3 (Confidence Dependency): Util-
ising the exact ablated inputs from Method 2,
this step shifts the evaluation from hard accu-
racy to soft predictive probabilities. It mathe-
matically quantifies the severity of the model’s
confidence loss, revealing exponential prob-
ability drops even when the categorical label
remains unchanged.

• Method 4 (Intervention & Adversarial
Stress): The final stage acts as the causal val-
idator. By applying structural interventions
and adversarial stress to the STs identified in
Method 1, it confirms that the models explic-
itly anchor to these structural heuristics. This
step guarantees that the performance degra-
dations observed in Methods 2 and 3 stem
from flawed reasoning mechanics rather than
simple observational noise.
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Method Explicit Setting Implicit Setting Purpose

1. Attribution
Measurement

Leave-One-Out (LOO)
perturbation

Semantic Attribution Using masking tests to assess which part
of the input the model heavily relies on
to infer the relation.

2. Target Ablation Robustness Test Reconstruction Accuracy Measuring performance degradation
when the identified shortcut trigger is
masked or replaced.

3. Confidence
Dependency

Normalised Connective
Focus

Mean Surprisal Drop
(MSD)

Quantifying the loss of predictive confi-
dence (via probability or entropy shifts)
mathematically when the shortcut trig-
ger is removed.

4. Intervention &
Adversarial Stress

Signal Sensitivity Fidelity Correlation Executing structural interventions or ad-
versarial substitutions to prove that the
reliance on structural heuristics is causal
rather than observational noise.

Table 8: The mapping of unified diagnostic operations across explicit and implicit discourse evaluation settings.
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