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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.



250

(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.


