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Abstract

This paper presents a mechanistic investigation
of how large language models (LLMs) gener-
ate contrastive sentiments. We define this task
as transforming the sentiment of a given text
(e.g., from positive to negative) while making
minimal changes to its content. We identify
two core mechanisms: (1) a preservation mech-
anism that maintains the sentiment of the in-
put text, primarily mediated by specific atten-
tion heads, and (2) a sentiment transformation
mechanism, which integrates a representation
of the target sentiment label with the original
valenced words using a circuit containing both
MLP and attention layers. Building on these
findings, we propose and validate a novel mech-
anistic intervention. By modifying key atten-
tion heads, we steer the LLM toward more ef-
fective contrastive generation, increasing the
sentiment flip rate without sacrificing the mini-
mality of changes. Our work not only deepens
the understanding of the mechanisms underly-
ing contrastive sentiment generation in LLMs,
but also introduces a promising new direction
to steer LLM behavior via targeted, mechanis-
tic interventions. !

1 Introduction

Large language models (LLMs) achieve impressive
performance across a wide range of tasks with-
out task-specific fine-tuning, exhibiting emergent
abilities in areas such as translation, classification,
and complex reasoning (Brown et al., 2020; Wei
et al., 2022). Despite extensive research, the mech-
anisms underlying these abilities remain poorly un-
derstood (Rogers et al., 2020; Rauker et al., 2023;
Li et al., 2023). This lack of mechanistic insight
limits our ability to predict, control, or enhance
LLM performance, particularly on complex tasks.

Inspired by prior work on mechanistic inter-
pretability for specific tasks (Hanna et al., 2023;

!The source code is available at https://github.com/
bach1292/contrastive_generation_MI

Feng and Steinhardt, 2024), we investigate how
LLMs generate contrastive sentiment for a given
text. Contrastive sentiment generation flips the
sentiment of a text from positive to negative (or
vice versa) while making the fewest possible ed-
its. This task is important in NLP for applications
such as model interpretability, adversarial robust-
ness, and data augmentation (Ross et al., 2021;
Wu et al., 2021). Although LLMs can generate
contrastive outputs (Nguyen et al., 2024b), the un-
derlying mechanisms remain largely unexplored.
Understanding these mechanisms not only deepens
our insight of LLM behavior, but also enables pre-
cise interventions for specific tasks (Bereska and
Gavves, 2024).

We investigate the mechanisms underlying con-
trastive text generation in LLMs through a three-
step process (Figure 1). First, we identify the key
components that contribute to contrastive outputs.
Second, we analyze the interactions among these
components, uncovering two primary mechanisms:
a sentiment preservation mechanism and a senti-
ment transformation mechanism. Third, we per-
form mechanistic interventions on the identified
mechanisms. This final step both validates the find-
ings of the second step and improves performance
on the contrastive sentiment generation task.

The two mechanisms uncovered in the second
step compete with each other: the sentiment preser-
vation mechanism maintains the input text via a
group of specific attention heads, while the sen-
timent transformation mechanism alters the sen-
timent of valenced words, i.e., words that carry
positive or negative sentiment”. Using a circuit dis-
covery algorithm based on prior work (Dunefsky
et al., 2024), we identify the transformation cir-
cuit corresponding to the sentiment transformation
mechanism. This circuit integrates the target sen-

2We follow the definition from previous work (Tigges et al.,
2024; Guerini et al., 2008)
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Figure 1: Overview of two mechanisms in LLMs for contrastive text generation: a preservation mechanism driven
by a group of specific attention heads ( ) and a sentiment transformation mechanism (purple) involving circuits
of MLPs and attention heads. The analysis process consists of three steps: (A) identifying key components for the
task, (B) uncovering the circuit associated with specific sentiments, and (C) performing mechanistic interventions
to validate and apply findings to real-world tasks. (B) and (C) show the specific components for the identified
circuits in GPT-2. The preservation mechanism ( ) contains attention heads L10H1 and L10H4, which
preserve the valenced word. In contrast, the transformation mechanism relies on both, MLPs and attention heads,
combining the valenced token good and contrastive label token Negative. MLP layers can influence one another (e.g.,
MLP8@ 13—MLP9@13) and can be decomposed into interpretable transcoder features. For instance, de-embedding
transcoder feature MLPO@O9TC318 shows that this feature mainly activates on negative tokens. Mechanistic
interventions on heads L10H1 or L7HS suppress the preservation and amplify the transformation mechanism in (C)
to steer the output.

timent label with the original valenced words and
comprises both MLP layers and attention heads.
We further find that MLP layers are primarily re-
sponsible for encoding the contrastive sentiment
label. Building on these insights, we propose a
novel mechanistic intervention to guide LLMs in
contrastive generation. Our intervention increases
the rate of successful contrastive sentiment genera-
tion while maintaining a high degree of similarity
to the original text. This demonstrates a promising
new direction for steering LLM behavior through
precise mechanistic interventions. In summary, our
contributions are:

1. We conduct a detailed mechanistic analysis
of contrastive generation in large language
models, identifying two core mechanisms: a
sentiment preservation and a sentiment trans-
formation.

2. We show that sentiment preservation is pri-
marily mediated by a small set of attention
heads, while sentiment transformation arises
from a dedicated circuit that integrates va-
lenced words with contrastive labels to pro-
duce sentiment-reversed outputs.

3. We propose a novel mechanistic intervention
that enables targeted steering of LLMs during
contrastive sentiment generation.

2 Related Work

Contrastive Text Generation. Contrastive gen-
eration methods aim to minimally alter text while
flipping a label. Early approaches relied on token
substitutions (Wu et al., 2021; Ross et al., 2021).
Recent studies benchmark LLMs on generating
sentiment counterfactuals, highlight challenges in
content preservation (Nguyen et al., 2024a). We
contribute by focusing not only on outcomes but
also on the mechanisms inside LLMs that enable
such transformations and by using that insight to
guide transformations.

Mechanistic Interpretability in LLMs. Mech-
anistic interpretability decomposes LLMs into in-
terpretable circuits explaining emergent behaviors.
Based on the transformer-circuit framework (El-
hage et al., 2021), prior work has identified in-
duction and deduction heads (Olsson et al., 2022;
Brinkmann et al., 2024) and neuron-level algo-
rithms for arithmetic and logic (Nanda et al., 2023b;
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Chughtai et al., 2023). MLPs act as key—value
memories (Geva et al., 2021) but suffer from pol-
ysemanticity, which sparse autoencoders (Huben
et al., 2024) and transcoders (Dunefsky et al., 2024)
address by isolating monosemantic features.

Recent methods analyze mechanisms through
layer-wise predictions. The logit lens (Nostalge-
braist, 2020) projects hidden states through the
unembedding layer to track token distributions,
enabling analysis of MLPs and attention behav-
iors (Geva et al., 2023; Dar et al., 2023). Circuit dis-
covery decomposes networks into attention heads
and MLPs, identifies sparse subgraphs that perform
specific functions, validates them through causal in-
terventions, and evaluates component importance
via ablations and logit differences (Tigges et al.,
2024; Hanna et al., 2023; Conmy et al., 2023).

Based on these mechanistic interpretability meth-
ods, some studies have investigated and explained
LLMs from a mechanistic perspective. Hanna et al.
(2023) interpret how GPT-2 performs mathematical
reasoning, such as computing greater than. Ortu
et al. (2024) trace how language models handle
facts and counterfactuals, showing the interplay be-
tween factual knowledge recall and counterfactual
statement comprehension. Meanwhile, Tigges et al.
(2024) demonstrate that sentiment is linearly repre-
sented in LLMs: it is largely captured by a single
direction in activation space, so moving along this
vector smoothly shifts the model’s internal senti-
ment from negative to positive (or vice versa).

We also adopt existing mechanistic interpretabil-
ity techniques, specifically logit-lens analysis and
transcoders, to identify the layers and circuits re-
sponsible for contrastive sentiment generation.

3 Background and Notation

Transformers. Given a text sequence of k to-
kens, LLMs map each token (along with its po-
sition) to a vector representation by applying an
embedding matrix W € RIV|¥dmoet | where |V| is
the vocabulary size and dpode] 1S the model dimen-
sionality. This produces the initial residual stream
x? € R%mowel for each token positioni = 1,..., k.
The residual stream at each position is then updated
through a series of L transformer layers, each con-
taining an attention sublayer Attn' and an MLP
sublayer MLP!. For layer / € {1,..., L} and to-
ken position i, the residual stream is updated as
follows:

xl = Xé_l + Attn' + MLP!

)

where Attn! € R is the output of the attention
sublayer and MLP! € Rdmel is the output of the
MLP sublayer, both added to xéfl.

Contrastive Generation. Given the original text
S := (t1,...,tr), where t; is the label (e.g., “Pos-
itive: This movie is good”), the corresponding con-
trastive text is S’ := (¢}, t2,...,t}.), where t] is
the contrastive label and ¢ is the contrastive word
(e.g., “Negative: This movie is bad”). We con-
catenate the original text S and the prefix of the
contrastive text up to but excluding the final word
(S1.x_) with a period separator, yielding the full
prompt S.S7., ;. The LLM is then prompted to
generate the missing final token t}..

Next-Token Prediction. Following prior mech-
anistic interpretability work (Olah et al., 2020; El-
hage et al., 2021; Olsson et al., 2022; Nanda et al.,
2023a; Ortu et al., 2024), we focus on the next-
token prediction task of autoregressive LLMs. For
a sequence, we denote the logit for token ¢; given
the preceding tokens ¢ty as T'(tx | t<x). In our
setting, the LLM predicts the next token for the
prompt S.S].,_, (e.g., Positive: The movie is good.
Negative: The movie is ___). By analyzing the log-
its (and their changes) for tokens corresponding
to the original and contrastive valenced words, we
identify the internal components responsible for
sentiment transformation.

4 Methodology

In contrastive sentiment generation, the goal is to
produce text with the opposite sentiment while sup-
pressing the probability of the original sentiment.
For example, given the input Positive: The movie is
good. Negative: The movie is , We expect neg-
ative continuations such as bad or terrible, rather
than positive words like good or great.

Quantifying Preference for Output Tokens.
Following prior work (Ortu et al., 2024; Conmy
et al., 2023), we quantify the model’s preference
using the logit difference between a desired to-
ken t4esired and an undesired token tundesired aS
AT = Thiiea — Thinaesa Where T' denotes the un-
normalized output logits. Desired tokens align
with the target sentiment (e.g., bad for negative
sentiment), while undesired tokens express the
opposite (e.g., good). A positive A7 indicates suc-
cess (the model favors the desired token), and a
negative one indicates failure.
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To uncover the mechanisms underlying con-
trastive sentiment generation, we first identify
which layers and attention heads strongly affect the
logit difference Ar. We further refine and extend
the analysis by identifying circuits, i.e., disjoint sets
of components and their interaction, responsible
for contrastive sentiment generation. We validate
our findings by mechanistic interventions on circuit
components. We describe each step in detail below.

4.1 Component Identification

We employ the logit lens (Nostalgebraist, 2020) to
track how A evolves across layers and sublayers,
identifying those with the strongest influence. For
an intermediate residual stream xé after a given
sublayer at position ¢ and layer [, we compute its
scalar projection onto the logit-difference direction:

d= WU (tdesired) - WU (tundesired)a

where Wy € Rmoat X[V jg the unembedding ma-
trix. The projection (x!,d) quantifies the sub-
layer’s contribution to the final logit difference.

4.2 Circuit Identification

We use transcoders (Dunefsky et al., 2024; Tem-
pleton et al., 2024a) to identify sparse subgraphs
in the model responsible for sentiment transforma-
tion. Transcoders approximate the output of an
MLP layer (including the transformation applied
by that layer) as a sparse linear combination of
interpretable transcoder features. This mitigates
the issue of polysemanticity (Bricken et al., 2023;
Elhage et al., 2022) in the original MLP, where
neurons activate for multiple unrelated concepts.
Specifically, for layer [, token index ¢, and input
x| € Rdmosel | the output is:

TCl(Xi-) = WeczTC (Xi) + bgec,

ZTc(XlZ-) = ReLU(Wencxé + benc),

where Wee € Rmoter X dreares and by, € R%model
are the decoder matrix and bias, Wg,. €
Rfeawres X dmodel and by € R%eawres are encoder ma-
trix and bias, and dgeatures => dmodel. Transcoders
are wide ReLU MLPs with one hidden layer,
trained with a loss function that balances faithful-
ness and sparsity:

Lrc(x) = [[MLP'(x) — TC!(x) 13 + At ||zrc(x)|h

Once we have obtained the MLP transcoders, we
then apply a circuit-discovery algorithm (Dunefsky

et al., 2024) that starts from a target late-layer fea-
ture, attributes upstream contributions from earlier
features or attention heads, greedily prunes to the
top-k contributors, and recurses backward to build
multi-hop circuits down to the embedding layer.
Here, we apply de-embeddings technique (Dunef-
sky et al., 2024) to show what kinds of words or
concepts a feature tends to represent, giving an
input-independent view of its meaning.

4.3 Mechanistic Interventions

After localizing the attention heads responsible for
a certain task (e.g., responsible for contrastive sen-
timent), we intervene on these heads by scaling the
value vectors at specific token positions to amplify
the effect of important heads (Yu et al., 2023). For-
mally, letp € {1,2, ..., k} denote a token position
whose value vector we intervene. Given a value ma-
trix from an attention sublayer V' € R**9 where
d, is the value dimension, we construct a modi-
fied value matrix V' by scaling the value vector at
position p:

a- Vi,
Vij= {V !
2,]

foralli = 1to kand j = 1 to d,. The scalar «
adjusts the contribution of the token at position p
to the attention output (e.g, > 1 amplifies its
influence.) For transformation, p corresponds to
the position of the contrastive sentiment label (e.g.,
Negative). For preservation, p corresponds to the
position of the original valenced adjective (e.g.,
good). We identify p by tracing high-activation
positions associated with the preservation or trans-
formation mechanisms, such as attention patterns
in the heads L10H1 and L10H4 for preservation
(see Figure 4).

ifi =p

otherwise

S Experimental Setup

We study contrastive sentiment generation with two
transformation mechanisms under three prompt
types. An overview of the experimental conditions
is shown in Table 1.

Sentiment Transformation Mechanisms. We
study two transformation mechanisms: adjective
Substitution with antonyms and the addition of
Negation.

The substitution mechanism flips sentiment by
replacing a sentiment-bearing adjective with its
antonym (e.g., good — bad). Adjectives are strong
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Minimal Prompt Contextual Prompt

Instructional Prompt

Template

Sori’ Wori.

Scon: Scon: <context>

Soris <CORtEXt> Wor;.

<Instruction>. Sori: <CONtext> Wor;.
Scon: <context>

Substitution Positive: good.

Positive: This movie is good.

Change the sentiment of the following sentence

(Example) Negative: ___ Negative: This movieis ____ with minimal changes. [contextual prompt]
Negation Positive: good. Positive: This movie is good. Change the sentiment of the following sentence
(Example) Negative: not Negative: This movieisnot ___ with minimal changes. [contextual prompt]

Table 1: Examples of the three prompt types and two transformation mechanisms. Here, s,; € S, where
S = {"Positive", "Negative"} is the original sentiment label, and w,,; is a word reflecting s,;. The contrastive
sentiment label s, € S is the opposite sentiment (Scon, # Sori)-

carriers of sentiment in natural language. Substi-
tuting them with antonyms directly flips the evalu-
ative polarity of the text while keeps the sentence
mostly the same. For substitution, the desired out-
put Weesired 18 the contrastive word wcop,, While the
undesired output is the original word wy;.

The negation mechanism inverts sentiment by
prepending not to the adjective (e.g., good — not
good). This syntactic modification is a natural and
minimal way to reverse polarity, requiring only
the addition of one word and no external antonym
resources. For negation, the desired output is woy;
(the original adjective), while the undesired output
1S Weon, since the addition of "not” already inverts
the polarity of the original word.

Prompt Types. We use three prompt types to sys-

tematically evaluate how different levels of guid-

ance influence the model’s ability to perform senti-
ment transformation.

Minimal prompt: A concise prompt containing
only sentiment labels and valenced words.
This setting evaluates whether the model can
infer the task from minimal input.

Contextual prompt: An extended version of the
minimal prompt with simple context added.
This tests whether basic contextual informa-
tion improves the model’s ability to perform
sentiment transformation.

Instructional prompt: A contextual prompt with
an explicit instruction. This setup analyzes
the effect of clearly defined task guidance.

Metric. The combination of two mechanisms
(substitution and negation) under three different
prompt types form six groups in total. Within
each group, we compute the average logit differ-
ence A across all prompts with different word
pairs. These group-wise averages are used to ana-
lyze changes in the model’s behavior in different
setups.

Data. To construct word pairs
(Wdesired, Wundesired )» WE USe a contextual prompt to
extract the top-10 adjectives with the highest prob-
abilities, where wyy and weoy are good and bad,
respectively, and vice versa (e.g, Negative/Positive:
This movie is bad/good.  Positive/Negative:
This movie is ___.). This yields two adjective
sets: positive words W, and negative words
W ,,g. For each prompt type, we consider both
sentiment transitions (negative—positive and
positive—negative) and generate 100 word pairs
per direction by pairing adjectives from W, and
W ey, resulting in 200 pairs per prompt type.

LLMs. Following prior work on mechanistic in-
terpretability (Dunefsky et al., 2024; Ortu et al.,
2024), we conduct all experiments using GPT-2
(Radford et al., 2019) and Pythia-410M (Bider-
man et al., 2023) as representatives of the GPT and
Pythia families, respectively. We further analyze
heads and layers in Llama-3.2-1B (Dubey et al.,
2024) as a representative of the Llama family.

6 Results

We present results first at the layer level, followed
by a detailed analysis of individual attention heads,
then full circuit discovery, and finally targeted mod-
ifications to specific attention heads. Because we
observe qualitatively similar patterns across GPT-2,
Pythia, and Llama, we focus primarily on GPT-2
in the main text and defer corresponding results for
Pythia and Llama to Appendix C and Appendix E,
respectively.

6.1 Layer Analysis

Using Logit Lens (Nostalgebraist, 2020), we mea-
sured the logit difference (A7) after each sublayer.
As shown in Figure 2, A7 begins to diverge be-
tween success and failure cases from the middle
layers onward (starting around layer 6) in both the
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Figure 3: A over attention heads per layer in Substitution and Negation mechanisms.

substitution and negation settings. This is consis-
tent with prior findings that certain abstract con-
cepts begin to emerge in mid-to-late layers (Jin
et al., 2025; Templeton et al., 2024b). In the substi-
tution case, attention sublayers generally contribute
negatively to Ar, whereas MLP sublayers con-
tribute positively (Figure 2a). The pattern reverses
in the negation case, where attention sublayers (es-
pecially layers 9-10) and MLPs (layers 8-9) drive
the largest positive contributions (Figure 2b).

A few attention sublayers deviate from this pat-
tern (e.g., attention sublayer 7 supports substitu-
tion success). Across Minimal, Contextual, and
Instructional prompt types, patterns stay consis-
tent, though A7 is slightly higher for Instructional
success cases, indicating a stable core mechanism
across different prompt types.

Takeaway: MLP layers typically transform the
sentiment of valenced words, while attention sub-
layers tend to preserve it, though not universally.
These patterns remain consistent across different
transformation mechanisms (substitution vs. nega-
tion) and prompt types.

6.2 Attention Heads Analysis

Figure 3 shows the average At across all atten-
tion heads per layer, highlighting the importance
of each head in each layer. Certain heads signifi-
cantly influence A, contributing either positively
or negatively. In the substitution case, Head 5 in
Layer 7 (L7HS), L9H7, and L10H7 consistently
show positive contributions to A in both success
and failure cases (see Figure 3a). Interestingly,
L7HS contributes strongly to positive A7 in suc-
cess cases, while LIOH7 does so in failure cases.
In contrast, L10H1 and L10H4 contribute strongly
to negative A7. In the negation case, the effects of
these heads are mostly inversed.

Analysis of Important Heads. Our analysis of
the attention patterns in these heads shows that
L7HS5 moves information from the contrastive sen-
timent label s, to the last token (Figure 4a), while
LO9H7 transfers information from the original va-
lenced word w,,; to the last token (Figure 4b). Both
heads contribute positively to A7. In contrast,
L10H1 also moves information from w,,; (Fig-
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Figure 4: Attention patterns of heads L7HS, LOH7 and
L10HI, illustrating their respective information-transfer
roles in GPT-2.

ure 4c), but contributes negatively to Ar. L10H7
behaves similarly to LOH7 and L.10H4 similarly to
L10H1 (see Figure 8 in the appendix for their atten-
tion heatmaps). This pattern suggests that the infor-

mation from the valenced word w,,; (e.g., good) is
critical, as it helps identify the next token but can
also lead the model to preserve the original senti-
ment S,,; instead of transforming it. Conversely,
Figure 3b shows that heads contributing positively
in the substitution case tend to contribute negatively
in the negation case, and vice versa. For example,
in the negation case, L10H1 contributes positively
to A, indicating that it preserves w,,; directly.

Takeaway: Attention heads transfer information
from the contrastive sentiment label and the va-
lenced word. Some heads contribute to transforma-
tion, some to preservation.

6.3 Circuit Analysis

Using the transcoder-based circuit discovery al-
gorithm (Dunefsky et al., 2024), we identify rel-
evant circuits with a contextual prompt’. Our
analysis confirms that MLP layer 9 (MLP9) and
attention head L7HS significantly drive positive
Arp. The transcoder shows that L7HS at token
9 (L7TH5@9), which processes contrastive sen-
timent Sc.op, strongly influences MLP9@13 and
MLP8@13. This aligns with our earlier finding
that MLP8 and MLP9 substantially contribute to
positive Ap. Additionally, we identify a circuit
path from MLPO@9 to MLP9@13 via L7H5 @9.
The circuit is depicted in Figure 1B.

MLPs. To interpret MLPs, we used the pre-
trained transcoder for GPT-2 (Dunefsky et al.,
2024), which emulates MLP sublayers and replaces
uninterpretable MLP layers with interpretable fea-
tures. De-embedding of transcoder features shows
that MLPO@9 and MLP9 @13 contain transcoder
features (TC) associated with sy, including pos-
itive (TC9570) and negative (TC318) sentiment
(Figure 1B). This confirms a sentiment circuit that
involves s..,, exists. L7HS plays a critical role in
propagating S, information from layer O through-
out GPT-2

Attention Heads Contribution. Furthermore,
we observe that L10H7, which transfers informa-
tion from the valenced word, also contributes to this
circuit. Thus, the LLM integrates information from
Wori and Scon tO generate we,y, (see Figure 1B).

Circuit Generalization. The transformation cir-
cuits in Pythia (Figure 5a) and Llama-3.2-1B (Fig-
ure 5b) show slight differences from GPT-2. While

3Token order shown in Figure 4
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Figure 5: The circuit responsible for sentiment transfor-
mation (purple) and the main components of the preser-
vation mechanism (orange) in (a) Pythia and (b) Llama.

GPT-2 relies heavily on MLPs for transformation,
attention seems to play a more important role in
the transformation mechanisms of the Pythia and
Llama models. For the preservation circuit, we
observe similar patterns across all three models.

Takeaway: The transformation mechanism re-
quires both MLP and attention sublayers: MLPs
handle the contrastive label, while attention heads
transfer information from the valenced word, and
their combination forms a new contrastive word.
Meanwhile, a subset of attention heads preserves
the original sentiment, competing with the transfor-
mation mechanism.

6.4 Attention Modification

We aim to improve the LLM’s performance on
contrastive generation by steering it toward the ex-
pected (contrastive) token or by increasing the logit
difference between expected and unexpected to-
kens. To achieve this, after identifying the key

Logit Difference
o

210,29 28 .7 26 .25 .24 .23 22 .21 20 21 22 23 24 25 26 27 28 29 210
a

0.8

0.6

0.4

Success Rate

0.2

210,29 28 .27 26 .25 .24 .23 22 .21 20 21 22 23 24 25 26 27 28 29 210
a

—— Minimal L7H5
—— Minimal L10H1

—=—Contextual L7H5  ——Instructional L7H5
—=— Contextual LTOH1  ——Instructional L10H1

Figure 6: The logit difference (top figure) and success
rate (bottom figure) for varying « values applied to
the positive head L7H5 (red) and negative head L10H1
(blue) across different prompt types. Applying positive
« to the positive head or negative « to the negative
head increases both logit difference and success rate,
while the converse decreases them, demonstrating the
method’s effectiveness and confirming the significance
of these heads. The baseline is o = 29, which indicates
no modification.

attention heads for the task, we apply the atten-
tion modification (Section 4.3) to adjust the atten-
tion value of a specific head at a specific position,
thereby controlling the output as desired.

Intervention Mechanisms. We consider two in-
tervention strategies: (1) amplifying heads that con-
tribute positively to A7, and (2) negating heads
that contribute negatively to Ap. Unlike prior
work (Ortu et al., 2024; Yu et al., 2023) that only
uses positive « to reduce or amplify effects, we
propose using a negative « for sentiment analysis
tasks. This turns heads causing negative Ar into
heads that produce positive Ar. With a < —1,
we can further amplify this effect. Intuitively, the
values with o < —1 first inverse the sentiment and
then amplify it. This approach is useful for tasks
that require a switch between two opposite labels.

Setup. We apply both positive (« > 0) and nega-
tive (o < 0) interventions to the setup in Section 5.
We modify L7HS5 at the token position of s, and
L10H1, as these heads contribute most to positive
and negative logit differences (see Figure 3a). We
test « = 28,k = 0,1, ...,10 and report the aver-
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age logit difference A7 and the success rate which
is measured by the number of pairs having A7 > 0
over all pairs.

Results. The results in Figure 6 show that both
amplifying a positive head (e.g L7HS5, red lines) or
negating a negative head (e.g L10H1, blue lines)
increases the logit difference and the success rate
for all prompt types, demonstrating the effective-
ness of these modifications. We also observe that
negating positive heads produces negative effects,
and A7 converges when « is sufficiently large.
Amplifying or negating individual heads is ef-
fective, but it remains unclear whether their combi-
nation shows stronger effects. To investigate this,
we modified two heads simultaneously: L7HS at
the scon position and L10H1 at the w,,; position.
However, their effects do not combine additively, as
outputs from earlier layers propagate to later ones.
As a result, the combined modification achieves
the same performance as amplifying L7HS5 alone.
Detailed results are reported in Appendix B.

Takeaway: Amplifying positive heads or negat-
ing negative heads can steer LLMs toward the de-
sired sentiment. However, their effects do not com-
bine additively.

7 Validation on Downstream Task

Modern LLMs like GPT-4, Llama-3.3 can generate
contrastive sentiment well (Nguyen et al., 2024b),
but GPT-2 struggles to produce contrastive exam-
ples that flip the label. To test whether attention
modification can improve GPT-2’s contrastive gen-
eration, we set up a realistic contrastive generation
task. In this task, the LLM must generate new
text that flips the label of a classifier with minimal
changes to the original text.

Setup. We use an instructional prompt with sen-
tences from the SST-2 dataset (Socher et al., 2013),
but remove all context after contrastive sentiment
Scon (€.g. Positive: Such a good movie. Nega-
tive:), requiring the model to generate the entire
contrastive sentence. Because sentence lengths and
the position of the original valenced word wo,;
vary, we cannot determine the position of we,;,
making it impossible to negate the effect of atten-
tion heads focused on it. However, as the label is
fixed, we know the position of s.,,, in the prompt
in advance, and can amplify the head attending to
this token. Similar to previous experiments, we
amplify the L7HS head using different « values,

100
901
801
704
601
501
40
301
204
104

e e e

20 21 22 23 24 25 26 27 28 29 lo

—e— Flip Rate (%)
—=— Levenshtein A% (vs a=2°)

Percentage (%)

Figure 7: The flip rate, and token-level Levenshtein
distance percentage changes compared to the baseline
(no intervention, o = 2°) when amplifying L7HS with
varying « values.

a =2Fk =0,1,...,10. We then measure the
flip rate and the token-level edit distance between
the original input and the counterfactual output.

Results. Figure 7 shows the effectiveness of our
approach: increasing o improves the flip rate (from
< 50% to > 90%) with minimal impact on the
token distance (< 10%) compared to the baseline
case when o = 29 at which GPT-2 performs poorly.
We observe similar results on Pythia when ampli-
fying L13H10 (see Appendix D).

Takeaway: Mechanistic intervention through at-
tention modification has the potential to improve
LLMs’ performance on real-world datasets.

8 Conclusion

In this work, we present a mechanistic analysis of
contrastive sentiment generation in LLMs, identi-
fying two competing processes: (1) a preservation
mechanism via attention heads, and (2) a sentiment
transformation circuit integrating target labels with
valenced words to invert polarity. Using logit lens,
transcoder-based circuit tracing, and targeted in-
terventions, we show that specific attention heads
propagate contrastive labels, while MLPs encode
sentiment shifts.

Our work not only deepens understanding of
how LLMs perform contrastive sentiment genera-
tion but also highlights a promising direction for
steering LLLM behavior via targeted mechanistic in-
terventions. Future work could apply our three-step
analysis to larger models, other tasks, and multilin-
gual settings, explore interactions with emergent
abilities like reasoning, or develop automated tools
for discovering and intervening in similar circuits
across diverse tasks.
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Limitations

The experiment setup relies on very targeted and
simple prompts, even though they cover diverse
contexts. The intervention indicates a promising
direction for improvement, but may also introduce
unintended side effects to the LLMs.
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A Attention Patterns

We analyze attention patterns in GPT-2 to identify
the source and destination of information transfer.
Figure 8a shows that the top positive head, L7HS,
moves information from the contrastive sentiment
label to the final token, whereas LOH7 (Figure 8b)
and L10H7 (Figure 8c move information from va-
lenced words (e.g., good) to the final token. Both
these heads contribute positively to A7. While
L10H1 (fig. 8d) and L10H4 (fig. 8e) also move
information from valenced words to the final token,
they instead contribute negatively to Ar. These pat-
terns support our interpretation that L7H5, L9H7
and L10H7 operate as part of the transformation
mechanism, while L10H1 and L10H4 operate as
part of the preservation mechanism.

B GPT-2: Two heads modification

To assess the impact of combining heads, we exam-
ine the average Ar cross-attention per layer for the

Substitution mechanism when amplifying L7HS5
and negating L10H1. Figure 9 shows that the effect
of amplifying L7HS propagates to later layers, in-
cluding Layer 10, thereby decreasing the influence
of the negating head.

To directly evaluate this combination, we also
compute the logit difference and flip rate, follow-
ing Section 6.4. Specifically, Figure 10 compares
amplifying L7H5 by « (red) with the combination
of negating L10H1 by o and amplifying L7HS5 by
—a (blue).

C Pythia: Results

Following the experiments with GPT-2 (See Sec-
tion 6), we analyze Pythia-410M (Biderman et al.,
2023), which has 24 layers and 16 attention heads.

C.1 Layer Analysis

Substitution mechanism in the Pythia model is sim-
ilar to GPT-2 (cf. Figure 13a). Starting from layer
16, a clear pattern emerges: attention layers cause
a negative logit difference AT, leading to failure
cases, whereas MLP layers cause a positive AT,
leading to success cases. Before this point, between
layers 1315, we see behavior similar to layer 7 in
GPT-2, where attention layers contribute to an in-
crease in AT while MLP layers have only minimal
impact.

For the negation mechanism, we again observe
an opposition to the substitution mechanism, con-
sistent with GPT-2. As shown in Figure 13b, from
layer 15 onward, MLP layers contribute to a neg-
ative AT, while attention layers contribute posi-
tively. Note that, when using instruction sentences,
we do not observe any failure cases.

C.2 Attention Head Analysis

Figure 14a shows a pattern similar to GPT-2. At-
tention heads in the middle layers (e.g. L13HI,
L13H10) contribute positively to AT (as seen in
layer 7 of GPT-2), whereas attention heads in the
later layers contribute negatively (e.g. L17H9).
The opposite holds in the negation mechanism (Fig-
ure 14b): some heads that show strong negative
contributions in the substitution mechanism instead
show strong positive contributions under negation.

C.3 Circuit Analysis

Similar to the GPT-2 analysis, we also use the
transcoder algorithm (Dunefsky et al., 2024) to
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Figure 8: Attention patterns across important heads, illustrating information-moving roles in GPT-2.
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Figure 9: GPT-2. Average Ar across attention heads
per layer for the Substitution mechanism when combin-
ing amplifying head L7HS5 with negating head L10H1.
The effect of amplifying L7HS propagates to later lay-
ers, including Layer 10, thereby reducing the impact of
the negating head.
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Figure 10: GPT-2. Logit difference (top) and success
rate (bottom) for varying o values applied either to the
positive head L7HS alone (red) or to the combination of
the negative head L10H1 and positive head L7H5 (blue)
across different prompt types. For the combination, «
is applied to L10H1 and —« to L7HS (except for the
baseline 2°). The combination does not provide any
advantage over amplifying L7HS alone.

identify the circuits responsible for the transfor-
mation mechanism. Figure 5a shows that atten-
tion heads such as L13H10 and L15H7 play im-
portant roles in transferring information from the
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Figure 11: Pythia. The logit difference (top figure) and
success rate (bottom figure) for varying « values applied
to the positive head L13H10 (red) and negative head
L17H9 (blue) across different prompt types. Applying
positive « to the positive head or negative « to the neg-
ative head increases both logit difference and success
rate, while the converse decreases them, demonstrating
the method’s effectiveness and confirming the signifi-
cance of these heads. The baseline is o = 2°, which
indicates no modification.
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Figure 12: The flip rate, and Levenshtein distance per-
centage changes compared to the baseline (no interven-
tion, o = 2°) when amplifying L13H10 with varying «
values for Pythia.

contrastive label to the final tokens to achieve sen-
timent transformation. As in GPT-2, information
from valenced words is also required, and head
L13HI1 is responsible for capturing it. These re-
sults indicate that our findings generalize beyond
GPT-2 to Pythia as well.
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Figure 13: Logit difference per layer in Substitution and Negation mechanisms in Pythia.
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Figure 14: A over attention heads per layer in Substitution and Negation mechanisms in Pythia.

C.4 Attention Modification L17H9, respectively. Figure 11 presents the impact
of these attention modification methods on logit

For Pythia, similar to GPT-2, we identify head  difference and success rate for the Pythia model.

L13H10 as part of the transformation circuit, re-

sponsible for moving label information and com- D Pythia: Validation on Downstream

bining it with the MLP layer to transform the va- Task

lenced word. In contrast, heads such as L17H9

serve a preservation role by maintaining the orig-  Similar to GPT-2 in Section 7, we validate our am-

inal sentiment. Following Section 6.4, we apply  plification techniques on Pythia. In this model, we

amplifying and negating techniques to L13H10and  amplify L13H10 using different o values, where
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a = 2Ffork =0,1,...,10. The results in Fig-
ure 12 show a similar pattern to GPT-2: increasing
« improves the flip rate (from 60% to > 90%)
with minimal impact on token distance (< 20%),
compared to the baseline case when a = 2°.

E Llama: Results

Following the experiments with GPT-2 (See Sec-
tion 6), we analyze Llama3.2-1B (Dubey et al.,
2024), which has 24 layers and 16 attention heads.

As in Pythia and GPT-2, we observe the same
pattern in LLaMA-3.2-1B: MLP layers primarily
drive the transformation mechanism, while atten-
tion heads are mainly responsible for the preserva-
tion mechanism in the substitution case (see Fig-
ure 15). However, the contribution of MLP layers
in the LLaMA circuit is weaker than in GPT-2 and
Pythia (see Figure 5b).

F Computational Resources and Software
Use

In this paper, we use the transformerlens # pack-
age for the analysis. We perform the analysis on
an RTX 3090 GPU and train the transcoder on an
A100 80GB GPU, which takes approximately 8
hours.

4https ://transformerlensorg.github.io/
TransformerLens/

6634


https://transformerlensorg.github.io/TransformerLens/
https://transformerlensorg.github.io/TransformerLens/

Logit

Logit

15
1
0.5
0
-0.5
-1 ®  Success Minimal
©  Success Contextual
_15 ©  Success Instructional
*  Fail Minimal
Fail Contextual
-2 % Fail Instructional
2, 4 o < ke <2 < > ] v 7 $ 3 6 6 > > @ L3 9 9 % <% <, <2, . < <, < Ré R .
% Sop n, o o Nog So, Now oy Nog 5, Nop 3o, Non 34y, ok <4y e gy, No N2y, O YO0, W R, QR Y Yy, S
% % % % % % % % % % N N N, N N, N NG, N Ny N N, N
\@,%@;o%o@;o%o@;o%o@;o%o%o%o%@/o%’b/o%/bé,zyo’b,o%’b,o%’b,o
S
Layer
(a) Substitution
Case
4 ® Success Minimal
® Success Contextual
3 ® Success Instructional
*  Fail Minimal —
Fail Contextual — —
2 * Fail Instructional _—
1
0
-1
-2
, o e r'e < < & & 7 7z 3 $ 6 6 2> 2> & @ 9 9 < < <, < <. bd <, <, < R 2. 2.
% Rox ny, Yop Lo Nop Yo, Nog Na, Yo (5, Nog 3o, N 2, o <, oy o g, Oy O, NN, R R, W, Yy, S
o, B B B T T T T T T T T T T T T T T Tl T N Ny, N N %, s % %
So
Layer
(b) Negation
Figure 15: Logit difference per layer in Substitution and Negation mechanisms in Llama.
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Figure 16: A7 over attention heads per layer in Substitution and Negation mechanisms in Llama.
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