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Abstract

Discourse relations provide document structure,
critical to language understanding and enabling
language model performance and ethicality. In
this work, we investigate how instruction-tuned
Transformer models (LLaMA and Mistral) en-
code discourse relations in English, with a par-
ticular focus on the contrasting relations of cau-
sation and antithesis. Framing the task as a
next-token prediction task and applying a suite
of interpretability techniques to test model in-
ternals, our findings show that certain early lay-
ers make predictive decisions at mid-sequence
tokens, while some mid-level layers finalize
their decisions closer to the last token. Most of
the remaining layers primarily propagate ear-
lier decisions rather than actively influencing
them. Additionally, we observe that some lay-
ers exhibit a preference for one answer over
alternatives, suggesting asymmetric representa-
tion of discourse-based reasoning.1

1 Introduction

Discourse relations are essential for natural lan-
guage understanding, characterizing the structure
of sentences within a document. Additionally, dis-
course structure is a critical component of enabling
language model alignment with human preferences
and promoting ethical behavior (Harrison et al.,
2019; Hüsünbeyi et al., 2022; Adewoyin et al.,
2022; Kim et al., 2026; Nakshatri et al., 2025).
However, limited prior work has investigated dis-
course encoding within Transformers, with only
one recent work has investigated discourse encod-
ing in Transformers using Transformer circuit dis-
covery to identify “discursive circuits” (Miao and
Kan, 2025).

In this work, we investigate Transformer encod-
ing of discourse-level phenomena in English with
a focus on two frequent, and oppositional relations:

1Our code is available at https://github.com/
abhidipbhattacharyya/causation_vs_antithesis

Causation: John studied hard, so he
passed the exam.
Antithesis: John studied hard, yet he
failed the exam.

(a) Examples illustrating causal and antithetical relation-
ships. Causation links an action to its expected outcome,
whereas antithesis presents a contrasting outcome.

Causation: John studied hard, so he was
able to pass the exam.
Antithesis: John studied hard, yet he was
unable to pass the exam.

(b) The same examples rewritten using the lexical contrast
between able and unable. The conjunction “so” signals
causation, while “yet” marks an antithetical relationship.
Apart from the four highlighted tokens, the two sentences
are identical.

causation and antithesis. In Rhetorical Structure
Theory (RST; Mann and Thompson, 1987; Mann
et al., 1989), causation represents the relationship
between an action and its consequence. In con-
trast, the rhetorical figure of antithesis employs
parallel grammatical structures to juxtapose con-
trasting or opposing ideas. An illustrative exam-
ple of these discourse relations is shown in Fig-
ure 1a. Within our investigation of discourse en-
coding within Transformer models, our research
questions include:

RQ1. Which token-level features drive the model’s
decisions between antithesis and causation?

RQ2. Which layers play a pivotal role in identifying
antithesis and causation?

RQ3. What key concepts help the model distinguish
between antithesis and causation?

RQ4. How does discursive information propagate
across layers within the model?

https://github.com/abhidipbhattacharyya/causation_vs_antithesis
https://github.com/abhidipbhattacharyya/causation_vs_antithesis
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To address these research questions, like Miao
and Kan (2025), we formulate the task as a next
token prediction task, where the token indicates
either a causal or antithetical relationship identi-
fied within the sentence. We perform a range of
causal interventions and apply techniques from au-
tomated circuit discovery. Our results show that
early and mid layers encode local relational mean-
ings signaled by discourse markers such as “so”/
“yet,” while higher layers primarily propagate or
refine these signals. In contrast, interventions at
the last token indicate that lower layers integrate
sentence meaning, whereas higher layers make and
maintain the final decision. We also observe that
certain layers exhibit an inherent bias toward one
option over the other. At the circuit level, we find
a core set of stable connections that consistently
drive decision making and information flow, al-
though specific edges involved may vary depend-
ing on verb type and the number of demonstrations.
Our findings provide insight into how critical dis-
course relations are encoded in Transformer mod-
els, enabling heightened model performance and
alignment to human preferences.

2 Methods & Experiments

In this section, we detail the task formalism (Sec-
tion 2.1), data preparation procedures (Section 2.2),
model configurations (Section 2.3), and inter-
pretability techniques (Section 2.4).

2.1 Task

We prompt models to complete the answer in a way
that indicates a causation or antithesis within the
sentence. To restrict the model prediction space we
design the answer to be either “able” or “unable.”
We focus on decoder-only models, namely LLaMA
3 (Dubey et al., 2024) and Mistral (Jiang et al.,
2023), using their instruction-tuned variants with
7 billion parameters. The task is formulated as
a next-token prediction problem, allowing us to
probe how these models internally represent and
differentiate between distinct discourse relations.

We formulate the task of differentiating between
causation and antithesis as a next-token prediction
problem. In our setup, each sentence is constructed
to include either “able” or “unable.” For example,
the sentences shown in Figure 1a are reformulated
as illustrated in Figure 1b.

To prompt the LLM for this task, we replace
‘able” or unable” with a blank and ask the model to

predict the missing word, instructing it to choose
only between able” and unable.” The prompt in-
cludes few-shot examples (two per class) to clarify
the task. We initially find with 1–6 shot prompting
and found that 4-shot prompting produced more
consistent results. Therefore, experiments in this
paper follows 4 shots ((two per class). However,
subsequent experiments show that 0-shot prompt-
ing achieved the best overall performance. Fig-
ure 11 in Appendix A presents prediction accuracy
across different numbers of demonstrations, and
an example prompt is shown in Figure 2. Addi-
tional details on prompt design are provided in
Appendix A.

User Prompt: 1. Sentence: John got the
train this morning, so he was ___ to reach
on time.
Answer: able
2. Sentence: The team practiced all week,
so they were ___ to perform well.
Answer: able
3. Sentence: The team practiced all week,
yet they were ___ to perform well.
Answer: unable
4. Sentence: Lena studied hard, yet she was
___ to pass the exam.
Answer: unable

Now complete the following:
5. Sentence: He slept well last night, yet he
was ___ to run this morning.
Answer:

Figure 2: Example of our few-shot prompt. Our system
prompt can be found in Figure 10 in Appendix A.

2.2 Data

To probe the models’ representation of causation
and antithesis, we build a small dataset of sentences
containing antithesis and their corresponding cau-
sation relations. We impose a constraint that both
sentences in each pair must have the same word
count. This constraint is motivated by our planned
causal intervention experiments (Section 2.4).

To generate the dataset, we prompt ChatGPT
4o2, by first manually creating a few example pairs
that illustrate the contrast between causation and
antithesis. These examples are then used to prompt

2Accessed May 2025.
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ChatGPT to generate additional sentence pairs fol-
lowing the same pattern. We generate 130 such
samples to be used to train the probes. Addition-
ally we create 30 samples as our test set, which
are manually checked by the authors to ensure that
they follow the desired format.

In the initial setup, “so” cues “able” indicating
causation, while “yet” cues “unable” indicating an-
tithesis. To make the task more challenging, we in-
troduce negative verbs in the satellite clause, which
reverses the association between “able” and “un-
able” (Figure 3). For such verbs, “unable” typically
fits causal contexts, whereas “able” is more appro-
priate for antithetical ones. This prevents the model
from solely relying on cue words “so” or “yet” to
distinguish between causation and antithesis. We
suspect that the sentiment of the verb has an im-
pact on the ability of the model to predict either
“able” or “unable.” For example, in Figure 1b, the
verb sense is positive, whereas in Figure 3, the verb
sense is negative.

Causation: She breaks rules, so she was
unable to join the team.
Antithesis: She breaks rules, yet she was
able to join the team.

Figure 3: An example illustrating how “unable” and
“able” are used to differentiate causation and antithesis.
Note that in Figure 1b, “able” appears in the causation
example, whereas “unable” is used in the antithesis.
This example demonstrates the opposite usage, high-
lighting how verb semantics can affect interpretation.

Moreover, verb semantics can shift under ex-
plicit negation. Therefore, for each case, we also
generate examples with explicit negation. Introduc-
ing negation often reverses the use of ‘able’ and
‘unable’ in both causation and antithesis cases. For
instance, the examples in Figure 3 are flipped in
Figure 4 when ‘not’ is introduced in the satellite
clause. We then examine model performance with
these negated examples.

2.3 Models

We prompt two LLMs of comparable size and from
the same architectural family in order to observe
common patterns. Our primary model for inves-
tigation is LLaMA (Dubey et al., 2024), specifi-
cally LLaMA-3-8B-Instruct, an instruction-tuned
version of LLaMA with 8 billion parameters,
with 32 layers and 32 attention heads (AI@Meta,

Causation: She did not break rules, so she
was able to join the team.
Antithesis: She did not break rules, yet she
was unable to join the team.

Figure 4: An example showing how “able” and “unable”
switch roles when the satellite verb is negated. Exam-
ples correspond to those in Figure 3 and their negated
forms.

2024). LlaMa uses grouped query attention with
8 key-value groups. We use Mistral as our
second model (Jiang et al., 2023), specifically
Mistral-7B-Instruct-v0.2 (mistralai, 2024),
an instruction-tuned version of Mistral. Similar
to LLaMA, Mistral has 32 layers and 32 attention
heads. However, Mistral employs sliding window
attention (Beltagy et al., 2020; Zaheer et al., 2020).

We opt for instruction-tuned models given our
use of modeling prompting in the experimental
pipeline. Prior work has shown that instruction
tuning does change LLM behavior, such as by alter-
ing the self-attention heads to attend more to verbs
that appear commonly in prompts versus common
verbs (Wu et al., 2024), making it unclear how our
findings generalize to other foundation models.

2.4 Interpretability Methods

To address our research questions, we construct sev-
eral techniques based in mechanistic interpretabil-
ity. The first interpretability technique we oper-
ationalize is Activation patching (Geiger et al.,
2021; Meng et al., 2022; Zhang and Nanda, 2024),
which is a technique used to understand the causal
effect of a specific internal representation on a
model’s predictions. In this approach, a portion
of the model’s internal representation is replaced
with the representation generated from the model’s
processing of an alternative input. The causal role
of the targeted unit is then assessed by analyzing
the resulting changes in the output logits (i.e., the
model’s unnormalized scores for each possible out-
put token). If substituting the representation shifts
the logits or probits toward a different output, it
indicates that the inspected unit plays a causal role
in the model’s prediction.

In our activation patching approach, we first run
the model on a data instance xbase (either antithesis
or causation) and measure the logit difference be-
tween the two answer choices, “able” vs “unable”,
which we denote as LD(xbase). Second, we run
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Figure 5: Normalized SHAP contributions for tokens across examples in LLaMA. Subfigures (a) and (b) illustrate
example-level SHAP values for individual sentences.

the model on the corresponding counterexample
xsource. The counterexample is created either by
switching between “so”/“yet”, or by negating the
verb in the satellite. Therefore, the counterexample
for antithesis will be causation, and vice versa. We
then measure the logit difference between the two
answer choices, denoted as LD(xsource). Next, we
run the model on xbase, but for a target layer and
token position, we replace the activation(hl,t) with
the corresponding activation from the xsource run.
We measure the logit difference as before, denoted
by LD(xbase;h

base
l,t ← hsourcel,t ). Following previ-

ous work (Wang et al., 2023; Li et al., 2025), we
measure the normalized logit difference (NLD):

NLD =
LD(xbase;h

base
l,t )− LD(xbase)

LD(xsource)− LD(xbase)
(1)

Second, we use Logits Attribution to assess
the influence of internal layers in decision making.
We measure the alignment of the layer representa-
tion with the logit difference direction (Wang et al.,
2023; Janiak et al., 2024). Let the unembedding
matrix be denoted as Wunemb ∈ Rd×|V |, where |V |
is the vocabulary size and d is the hidden dimen-
sion. For a hidden state representation hL,t ∈ Rd at
the Lth layer and time step t, the logits are given by
ℓ = W⊤

unembhL,t, which is a vector in R|V |. How-
ever, we are specifically interested in the logit dif-
ference between the correct answer (ca) and an
incorrect answer (ia). This can be expressed as

ℓca−ℓia =
(
Wunemb[ca]−Wunemb[ia]

)⊤
hL,t. (2)

Wunemb[ca] and Wunemb[ia] denote the column vec-
tors of the unembedding matrix for the correct and
incorrect tokens. Thus, the logit difference reduces
to the dot product between the hidden state repre-
sentation hL,t and the logit difference direction. A
higher dot product indicates a greater affinity of the
layer toward the correct answer.

We also conduct three probing experiments (Shi
et al., 2016; Alain and Bengio, 2017) on the internal
representations of a frozen language model, where
hidden states are extracted layer-wise, and a logistic
regression classifier is trained as a probe:

• “Able” vs. “unable”: Layer-wise token repre-
sentations are used to train a binary classifier
that predicts whether the model’s output cor-
responds to the answer able or unable.

• Verb sentiment in the satellite (sat-verb-
sentiment): The probe is trained to classify
the sentiment polarity (positive vs. negative)
of the verb in the satellite clause (e.g., the verb
in Figure 1b is positive, while that in Figure 3
is negative).

• Overall sentiment of the satellite (sat-clause-
sentiment): The probe predicts the overall
sentiment of the satellite clause, accounting
for the effect of negation. For instance, the
satellite in Figure 1b is positive, but negation
reverses its polarity; conversely, in Figure 3
the clause is negative, but negation yields a
positive sentiment.

Finally, to analyze information flow and quantify
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(c) (d)

Figure 6: Normalized SHAP contributions for tokens across examples in LLaMA. The top row shows results for
sentences containing the discourse marker “yet,” and the bottom row shows results for sentences containing “so.”
Subfigures (a) and (c) present the average normalized SHAP values for positive verbs, while Subfigures (b) and (d)
present the average normalized SHAP values for negative verbs.

edge contributions, we employ attribution patch-
ing (Nanda, 2023; Syed et al., 2024; Hanna et al.,
2024). While activation patching provides a more
precise intervention (Geiger et al., 2021; Meng
et al., 2022; Zhang and Nanda, 2024), it is com-
putationally expensive when identifying relevant
subgraphs within the computation graph (Conmy
et al., 2023; Syed et al., 2024). Attribution patching
offers a more efficient alternative by approximating
the effect of activation patching using a first-order
Taylor expansion of the evaluation function around
a base run, enabling scalable estimation of edge
importance (Syed et al., 2024; Hanna et al., 2024).

L(xbase | do(E = esource)) ≈ L(xbase)

+(esource − ebase)
⊤ ∂

∂ebase
L(xbase | do(E = ebase))︸ ︷︷ ︸

∆eL (attribution score)

(2)

Following (Syed et al., 2024), we compute absolute
attribution scores and use them as measures of edge
importance. We then select the top-k edges based
on these scores.

2.5 Computational Resources

We run all experiments on a single NVIDIA Titan
RTX GPU (24 GB VRAM). Edge attribution patch-
ing experiments are conducted on a single NVIDIA
A100 GPU (80 GB VRAM) due to their higher
memory requirements.

3 Results and Observations

The models perform well on our “able” versus “un-
able” task, with LLaMA achieving a zero-shot F1
score of 0.96, and Mistral achieving a zero-shot
F1 score of 0.80. This high-performance enables
effective interpretation of the models’ encoding of
discourse relations. We now present our experi-
mental results addressing our research questions.

3.1 RQ1: Which token-level features influence
the model’s decisions?

To investigate which tokens have the greatest in-
fluence on the model’s antithesis versus causa-
tion prediction, we first analyze the log-odds of
the model’s predictions using SHAP (Lundberg
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and Lee, 2017). Figure 5a and Figure 5b present
example-level SHAP values for individual sen-
tences. Figure 6a and 6c show the average normal-
ized average SHAP values for sentences containing
“yet” and “so” paired with positive verbs, while
Figure 6b and 6d show the corresponding values
for sentences with negative verbs.

Notably, as illustrated in Figures 6b and 6c, the
verb contributions are aligned: for positive verbs,
“so” predominantly drives the decision towards
“able,” whereas for negative verbs, “yet” has a sim-
ilar effect. Conversely, in Figure 6a and 6d, “yet”
with positive verbs and “so” with negative verbs
tend to lead to “unable” as the expected response.
This supports our intuition regarding the influence
of verb type at higher-level causal abstraction, as
described in Section 2.2.

To quantify these differences, we perform a two-
sample t-test across combinations of verb types and
discourse markers—for example, comparing posi-
tive sentiment verbs with “so” and negative senti-
ment verbs with “yet” (Figure 6e and Figure 6c), as
well as positive verbs with “yet” and negative sen-
timent verbs with “so” (Figure 6b and Figure 6f).
The results indicate that the group means are sig-
nificantly different, demonstrating that although
the direction of the average contribution of “so”
and “yet” aligns across verb types, their impact on
model decisions is not identical. Depending on the
verb type, specific tokens have a stronger influence
in determining the output.3

Guided by these findings, we select our inter-
vention locations at the “so”/“yet” token for the
remaining research questions. Additionally, we
choose the last token position, as higher-level se-
mantic information is likely encoded there (Wang
et al., 2023; Wiegreffe et al., 2025).

3.2 RQ2: Which layers play a pivotal role in
decision making?

To understand which layers play a pivotal role in
distinguishing antithesis and causation, we patch
activations at the token position corresponding to
“so”/“yet” and at the final token position.

Figure 7 illustrates the results of activation patch-
ing in the LLaMA model. Figure 16 in Appendix A
depicts the same for the Mistral model. We observe
that MLP layer activations are largely insensitive
to the patching intervention(Figure 13). In contrast,

3A detailed summary of t-test results for the verb position
across all configurations is provided in Table 1.

attention and block outputs display meaningful pat-
terns. Specifically, patching at the “so”/“yet” token
position in early-to-mid attention layers transiently
alters the output probits, whereas patching at the fi-
nal token position affects probits in later mid layers.
Notably, in both cases, interventions at higher lay-
ers fail to sustain this flipping effect. Similar trends
are observed in the block outputs (Figure 7c).

This flipping of model output at early-mid lay-
ers for “so”/“yet” tokens suggests these layers en-
code local relational meanings (e.g., causal vs. con-
trastive) signaled by discourse markers. In contrast,
higher layers appear to primarily propagate or re-
fine the decision rather than reevaluate it, hence per-
turbations at this stage don’t flip the output. Con-
versely, the sensitivity to patching at the last token
position in the mid layers indicates that these layers
integrate sentence-level meaning before producing
logits. Once this integration is complete, later lay-
ers merely transmit the decision, rendering further
interventions ineffective.

Interestingly, when patching is applied at the
block output of the final token, the lower layers re-
main relatively stable, but the model’s decision flips
around layer 15. This aligns with our observations
from RQ1: once mid-layer activations consolidate
the model’s decision, higher layers play a passive
role, and swapping their activations with those from
corrupted inputs cannot reverse the output. Similar
observations are made when negating the satellite
verb; see Figures 14 and 15 in Appendix A.

Building on these observations, we next identify
which layers favor the correct answer. To do this,
we analyze logit attribution by computing the dot
product between each layer’s output and the logit
direction, where a positive result indicates that a
layer’s output pushes the model towards the correct
answer. Figure 8a presents these attribution results
for the attention outputs for positive verbs. Notably,
layers such as 2, 3, 8, 10, and 12 tend to push the
output in the negative direction—favoring “unable”
irrespective of the right answer. In contrast, outputs
from attention heads in layers 6, 7, 15, and 22
predominantly drive the prediction towards “able.”

Figure 8b shows dot product values for ‘able’
across positive and negative sentiment verbs. While
the overall magnitude of the dot product remains
similar for both verb types, the distributions are
sometimes bimodal (e.g., layers 3 and 5 for posi-
tive verbs, and layer 10 for negative verbs in Fig-
ure 8b). To understand the source of the bimodality
we further plot for subclasses that answer ‘able’ for
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Figure 7: Change in probability from the correct answer (“able” or “unable”) to the wrong answer under activation
patching between causation and antithesis with a positive verb. The left column shows the change in probability
when patched at the token location for “so” and “yet,” while the right column shows the same change at the last
token location. 7a and 7b show the effect of patching at the attention output, and 7c and 7d depict the effect of
patching at the block output.

positive and negative verbs in Figures 8c and 8d.
As discussed in subsection 2.2, for positive verbs,
the answer ‘able’ can be elicited by the discourse
marker “so,” and by “yet” when the verb is negated
with “not” (covering both causation and antithesis).
The plots at layers 3 and 5 in Figure 8c clearly show
two distinct kernels corresponding to each construc-
tion, accounting for the observed bimodality. A
similar pattern for negative verbs is illustrated in
Figure 8d.

3.3 RQ3: Which concepts aid model
decision-making?

To identify which concepts aid model decision-
making and evaluate the potential factors raised in
Section 2.2, we next analyze the performance of lo-
gistic regression probes at each attention head and
layer. Figure 9 shows probe accuracies for hidden
representations at both the “so”/“yet” and end to-
ken positions. We train probes for every head-layer
combination for the three classification tasks de-
scribed in Section 2.4–“able” versus “unable,” verb
sentiment in the satellite, and overall sentiment of
the satellite–allowing us to pinpoint which internal
representations are most predictive and thus likely
central to the model’s reasoning process.

For the “able” vs. “unable” prediction at the
“so”/“yet” token, the highest probe accuracies are
found in heads from layers 8–16 (Figure 9a), with
several heads in layers 6–7 also surpassing 0.5 ac-
curacy. Notably, certain lower-level heads, such

as head 12 and 20 in layer 3, achieve near-perfect
accuracy. Similar patterns are observed in both
sat-verb-sentiment and sat-clause-sentiment clas-
sification, where attention heads in the vicinity of
layer 10 (±5) consistently perform well. These
outcomes highlight that the model is actively repre-
senting and encoding the high-level semantic cues
such as verb sentiment and sentiment of the whole
satellite clause. Additionally, the near-perfect ac-
curacy of some lower-level heads indicates that
early representations also contribute significantly
to the decision process at the “so”/“yet” location.
This is further supported by our activation patch-
ing analysis (Figure 7c), which demonstrates that
perturbations at these positions can influence the
model’s output, confirming the functional impor-
tance of these encoded semantic concepts.

In contrast, for “able” vs. “unable” prediction at
the final token, distinct performance patterns are
less evident. Most heads after layer 11 demonstrate
high accuracy, with layers 13 and 14 containing
several heads approaching perfect classification.
This aligns with our previous observation that ac-
tivation patching at these higher layers’ attention
can briefly alter the output (Figure 9e), suggesting
strong decision signals. Interestingly, some heads
in upper layers exhibit lower activity for classifi-
cation, implying a potential role in supporting or
refining the decision process.
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Figure 8: Distribution of dot products between layer outputs and logit difference direction. (a) layerwise dot product
distributions for ‘able’ vs. ‘unable’ answers for positive verbs. (b): comparisons across layers 0–13 for different verb
types for answer type ‘able.’ (c): For positive verb type comparisons across layers 0–13 for different combinations
with correct answer ‘able.’ This explains the bimodality presented in (b). (d): As c for negative verbs.

3.4 RQ4: How does information propagate

To understand how information propagates through
the model layers, we employ edge attribution patch-
ing (EAP) as described in subsection 2.4. To ad-
dress the issue of vanishing gradients (Syed et al.,
2024; Hanna et al., 2024), we also apply integrated
gradients (IG) (Sundararajan et al., 2017; Hanna
et al., 2024) in conjunction with attribution patch-
ing (EAP-IG). Experiments are conducted using
both 0-shot and few-shot settings. For each setting,
we report the top 1,000 edges identified. Com-
paring the intersection of edges from both exper-
iments, we find that 51% of the edges are shared,
suggesting a stable core of influential connections
that consistently support information propagation,
regardless of the shot setting.

When analyzing negative verbs, the overlap
across shot settings drops to 33.9%, indicating
greater instability in the set of important edges.
This raises the question of whether the model re-
lies on different pathways to process verbs with
negative sentiment compared to verbs with positive
sentiment, suggesting that EAP-IG may be more
sensitive to shot configuration or verb type in these
cases.

Thus, to ascertain whether the model relies on
different pathways to process negative verbs, we
keep the shot configuration fixed and compare edge
overlap across verb types. The relatively high over-
laps (60.8% for 0-shot; 79.4% for 2-shot) indicate

that information propagation patterns are more con-
sistent across verb types within the same prompt
setup, especially when more context (2-shot) is
provided.

4 Related Work

Many techniques have been proposed to uncover a
model’s inner workings by reverse engineering its
computational processes (Geiger et al., 2021, 2024;
Meng et al., 2022; Wu et al., 2023; Conmy et al.,
2023; Nanda, 2023; Syed et al., 2024; Hanna et al.,
2024; Zhang and Nanda, 2024). These mechanistic
interpretability methods have been applied to re-
veal model behavior in tasks such as indirect object
identification, the greater-than task, question an-
swering, and more (Wang et al., 2023; Hanna et al.,
2023; Wiegreffe et al., 2025). However, this line
of work, while providing insights into model inter-
nals, often overlooks the rich linguistic structures
underlying text data.

Recently, researchers have begun to explore
model understanding with construction grammar
(Scivetti et al., 2025; Scivetti and Schneider, 2025;
Boguraev et al., 2025; Rozner et al., 2025), inte-
grating deeper linguistic theory into the analysis
of LLMs. In this paper, we advance this line of
inquiry by analyzing models from a discourse per-
spective. Specifically, we examine model behavior
through the lens of Rhetorical Structure Theory
(RST; Mann and Thompson, 1987; Mann et al.,
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Figure 9: Accuracy of logistic regression probes across attention heads of LLaMA. The top row shows probe
accuracy at the token position for “so”/“yet”, while the bottom row shows accuracy at the position of the last token
in the input. Subfigures (a) and (d) show classification accuracy for “able”vs. “unable”; (b) and (e) show accuracy
for classifying the sentiment polarity of the satellite verb; and (c) and (f) show accuracy for predicting the sentiment
of the satellite clause.

1989). We opt to use RST (as opposed to other dis-
course modeling frameworks such as PDTB (Web-
ber et al., 2019)) due to its structured yet global
approach. Additionally, its nucleus-satellite con-
struction eases delineation discourse scope.

Most related to our work, Miao and Kan (2025)
recently investigate factors promoting discourse un-
derstanding in Transformers, with a focus on circuit
discovery. Similarly to our approach, they use a
next-token prediction task with constrained options
(e.g., Arg2 or Arg‘2) to study how circuits encode
discourse relations through “discursive circuits.” In
contrast, our work takes a broader perspective by
applying multiple interpretability techniques and
focusing on two key RST relations: causation and
antithesis.

RST has been leveraged to enhance the explain-
ability of LLMs by fusing RST into neural net-
works, for cross-lingual natural language inference
(Yuan et al., 2025) plus entailment reasoning for
science question answering (Zhang et al., 2024).

5 Conclusion

In this paper, we investigate Transformer encoding
of discourse relations, which are critical to charac-
terizing the structure of (and thus to understanding)
a document.

We frame this task as a next-token prediction
task distinguishing causation and antithesis, and
apply a range of causal interventions and probing
techniques. Our results indicate that early to mid

layers are crucial for decision making at discourse
markers such as ‘so’ or ‘yet,’ while higher layers at
the final token position are responsible for making
and maintaining the model’s ultimate prediction.
At the circuit level, we observe a stable set of con-
nections that reliably contribute to computation,
though additional computational edges may be con-
textually activated or deactivated depending on the
prompt and verb type. Furthermore, we find that
certain layers exhibit inherent biases toward spe-
cific outcomes. Our results provide insight into
how discourse modeling is promoted in language
models, giving way to broader model safety and
control. Further, the statistically significant and
substantive native of our findings suggests that our
methodology is extensible to additional discourse
relations and model architectures.

6 Limitations

Like prior work (Miao and Kan, 2025), we con-
strain our task to a next-token prediction task with
one of two expected outputs and focus on two RST
relations. We opt to study model behavior through
the lens of RST. More specifically our analysis is
on distinguishing causation and antithesis, formu-
lated as a next-token prediction task. Future work
may adapt our approach to examine additional RST
relations.

We focus our analyses on Transformer models
due to their prevalence in contemporary NLP liter-
ature, and in order to promote generalizability we
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examine both a LLaMA and Mistral model.
This study focuses exclusively on discourse rela-

tions in English. As discourse structure and linguis-
tic cues can vary substantially across languages,
generalization of our results across languages is
unknown. Furthermore, the observed results may
depend on the specific models and discourse rela-
tions examined in this work.
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A Appendix

System Prompt: You are an AI language
model trained to choose between the words
“able” and “unable” to complete a partially
written sentence. Your decision should be
based on the meaning of the sentence and
its implied relationship, such as causation or
contrast.
Carefully review the provided examples.
Then, for each new sentence, output only
the correct word: “able” or “unable.”
Do not provide explanations. Do not output
anything else.

User Prompt: 1. Sentence: John got the
train this morning, so he was ___ to reach
on time.
Answer: able
2. Sentence: The team practiced all week,
so they were ___ to perform well.
Answer: able
3. Sentence: The team practiced all week,
yet they were ___ to perform well.
Answer: unable
4. Sentence: Lena studied hard, yet she was
___ to pass the exam.
Answer: unable

Now complete the following:
5. Sentence: He slept well last night, yet he
was ___ to run this morning.
Answer:

Figure 10: Example with system prompt and few-shot
demonstrations.

Number of demonstrations per prompt. For
prompting the model to predict the last token we
replace the actual ‘able’ or ’unable’ token from
the query sentence and present the query sentence
along with some example sentences. An example
with the system prompt is demonstrated in Fig-
ure 10. We use two demonstrations per sentence
type—‘so,’ ‘yet,’ ‘NOT-so,’ and ‘NOT-yet.’ Follow-
ing (Wiegreffe et al., 2025), we patch only those
examples for which the model predicts accurately.
To understand the effect of the number of demon-
strations in the prompt, we experimented with up
to four examples per class. Figure 11 shows the
comparative recall and precision for next-token pre-
dictions of ‘able’ vs. ‘unable’ with the LLaMA
model. Interestingly, the model performs better
without any demonstrations: for instances without
negation, recall is consistently high for ‘able,’ and
precision is high for ‘unable.’ This pattern reverses
when explicit negation (‘not’) is introduced in the
satellite verb.

We also observe that the order of demonstrations
in the prompt impacts performance. Consistency
between the query and the provided demonstrations
yields perfect recall and precision. For example,
queries without ‘NOT’ benefit from demonstrations
without ‘NOT,’ and queries with ‘NOT’ benefit
from demonstrations with ‘NOT.’ In this setup, we
use two shots per class. While the organization,
order, and number of demonstrations could be sys-
tematically studied as a separate problem, we leave
this for future work.
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pos-so pos-yet negated-pos-so negated-pos-yet neg-so neg-yet negated-neg-so negated-neg-yet

pos-so - diff diff diff diff diff diff diff
pos-yet diff - diff not diff diff not diff diff diff
negated-pos-so diff diff - diff diff diff not diff diff
negated-pos-yet diff not diff diff - diff not diff diff diff
neg-so diff diff diff diff - diff diff not diff
neg-yet diff not diff diff not diff diff - diff diff
negated-neg-so diff diff not diff diff diff diff - diff
negated-neg-yet diff diff diff diff not diff diff diff -

Table 1: Pairwise t-test of normalized SHAP values across constructions at verb position. ‘pos’ is for verb with
positive sentiment. ‘neg’ is for verb with negative sentiment. ‘pos-so’ refers to sentences with positive verb and so
as markers. ‘negated-pos-so’ refers to example with explicit negation of positive verb and ‘so’ as discourse marker.

(a) (b) (c)

(d) (e) (f)

Figure 11: LLaMA performance on examples with positive verbs. The top row shows recall, and the bottom row
shows precision. (a) and (d): overall performance; (b) and (e): without explicit negation; (c) and (f): with negation.
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(a) (b) (c)

(d) (e) (f)

Figure 12: Mistral performance on examples with positive verbs. The top row shows recall, and the bottom row
shows precision. (a) and (d): overall performance; (b) and (e): without explicit negation; (c) and (f): with negation.

(a) (b)

Figure 13: Change in probability from the correct answer (“able” or “unable”) to the wrong answer under activation
patching between causation and antithesis with a positive verb. The left column shows the change in probability
when patched at the token location for “so” and “yet,” while the right column shows the same change at the last
token location. (a) and (b) illustrate the effect of patching at the MLP activation.
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Figure 14: Activation patching in LLaMA with sentence with explicit ‘NOT’ and ’unable’ is the correct answer.
Top rows depicts when patched at “so”/“yet” location. Bottom row shows when patched at last token. (a) and
(c)patching from source combination not-yet(able) to base combination yet(unable) (b) and (d) patching from source
combination so(able) to base combination not-so(unable)

Figure 15: Activation patching in LLaMA with sentence with explicit ‘NOT’ and ’able’ is the correct answer.
Top rows depicts when patched at “so”/“yet” location. Bottom row shows when patched at last token. (a) and
(c)patching from source combination not-yet(able) to base combination yet(unable) (b) and (d) patching from source
combination so(able) to base combination not-so(unable)
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(a) (b) (c)

(d) (e) (f)

Figure 16: Change in probability in Mistral model from the correct answer (able or unable) to the wrong answer
(unable or able) under activation patching between causation and antithesis with a positive verb. The top row shows
the change in probability when patched at the token location for “so” and “yet”, while the bottom row shows the
same change at the last token location. (a) and (d) illustrate the effect of patching at the MLP activation. (b) and (e)
show the effect of patching at the attention output, and (c) and (f) depict the effect of patching at the block output.

(a) (b) (c)

(d) (e) (f)

Figure 17: Accuracy of logistic regression probes across MLP layers of LLaMA. Top row shows probe accuracy at
the last token position for 0-shot prompt. Bottom row shows probe accuracy at the last token position for 2-shots
per class. (a) and (d) show classification accuracy for “able” vs. “unable.” (b) and (e) show accuracy for classifying
the sentiment polarity of the satellite verb; and (c) and (f) show accuracy for predicting the sentiment of the satellite
clause
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(a) (b) (c)

(d) (e) (f)

Figure 18: Accuracy of logistic regression probes across attention heads of Mistral. The top row shows probe
accuracy at the token position for “so”/“yet”, while the bottom row shows accuracy at the position of the last token
in the input. Subfigures (a) and (d) show classification accuracy for “able”vs. “unable”; (b) and (e) show accuracy
for classifying the sentiment polarity of the satellite verb; and (c) and (f) show accuracy for predicting the sentiment
of the satellite clause.
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