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Abstract

This paper examines whether Code-LLMs en-
code latent sentiment representations and how
these influence generation behavior. Using
probing methods, we show that sentiment in-
formation is linearly separable in hidden states.
Through activation steering, we demonstrate
that manipulating sentiment-aligned directions
systematically affects both output tone and
downstream task performance. Notably, nega-
tive sentiment consistently reduces correctness,
while positive effects are weaker and less con-
sistent. Ablation and error analyses indicate
these changes are not due to random perturba-
tions but reflect meaningful behavioral shifts,
including reduced confidence. These findings
suggest that affective latent directions act as un-
intended control signals in Code-LLMs, with
measurable impact on downstream task perfor-
mance quality. Our study highlights the need
to better understand and control such latent fac-
tors when deploying Code-LLMs. We open-
sourced the scripts used in our experiment. 1

1 Introduction

Large language models (LLMs) achieve strong per-
formance across diverse tasks due to training on
large-scale human-written corpora that contain rich
linguistic and affective patterns (Hou et al., 2024;
Zhao et al., 2023; Minaee et al., 2024; Dodge et al.,
2021). As a result, LLMs may implicitly encode af-
fective signals that influence both their internal rep-
resentations and downstream behavior. Prior work
shows that general-purpose LLMs are sensitive to
emotional cues, affecting reasoning and decision-
making (Mozikov et al., 2024). However, the role
of such affective information in code-oriented mod-
els remains largely unexplored.

1https://github.com/yongyiji/
Code-LLM-Sentiment

*Corresponding Author

Code-LLMs extend LLMs to software engineer-
ing tasks, often trained on developer-generated cor-
pora such as GitHub and Stack Overflow, where
sentiment is pervasive (Li et al., 2023c; Guo et al.,
2024; Coutinho et al., 2024; Nam et al., 2025). This
raises a key question: does sentiment function as
a latent factor in Code-LLMs that influences both
their representations and task performance? Al-
though code generation is typically treated as a
structured task, Figure 1 shows that negative senti-
ment prompts can degrade performance, suggesting
that sentiment acts as an unintended control signal.

In this work, we present a systematic study of
sentiment as a latent factor in Code-LLMs, with
comparisons to general-purpose LLMs. We investi-
gate three research questions: (1) what sentiment
tendencies are reflected in model outputs (Section
3), (2) whether sentiment is encoded in hidden rep-
resentations (Section 4), and (3) whether sentiment
directions can be causally manipulated to affect
downstream behavior (Section 5). We combine
sentiment measurement (PANAS, HAAS), probing-
based representation analysis, and activation steer-
ing to perform controlled interventions.

Our results show that: (1) LLM outputs ex-
hibit non-neutral sentiment tendencies, with Code-
LLMs generally more positive; (2) sentiment in-
formation is reliably encoded in hidden representa-
tions; and (3) sentiment-aligned steering causally
affects model behavior, with negative sentiment
consistently degrading code generation perfor-
mance.

These findings suggest that sentiment acts as an
unintended latent control signal in Code-LLMs, in-
fluencing both generation characteristics and task
outcomes. More broadly, our results highlight the
importance of understanding non-task-related la-
tent factors in LLMs and their implications for reli-
ability.

Our contributions are threefold: (i) we char-
acterize sentiment tendencies in Code-LLMs and
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Figure 1: Different sentiment prompts for code genera-
tion using CodeGemma 7B on the HumanEval dataset.

general-purpose LLMs; (ii) we demonstrate that
sentiment is encoded in their representations
through validated probing; and (iii) we show
that sentiment-aligned directions can be used to
causally steer model behavior, with measurable
effects on downstream tasks.

2 Related Work

Probing and LLMs: Probing methods analyze
how information is encoded in LLM representa-
tions and have been widely applied to general-
purpose models (Alain and Bengio, 2016). While
prior work shows that various properties, including
sentiment, are encoded in such models (Holter-
mann et al., 2025; Beyer and Reed, 2025; Conneau
et al., 2018; Vulić et al., 2020; Youssef et al., 2023;
Zhao et al., 2024; Di Palma et al., 2025), probing
studies on Code-LLMs have focused mainly on
code-related properties (Anand et al., 2024). Given
their training on developer text from platforms
such as GitHub and Stack Overflow (Roziere et al.,
2023; Lozhkov et al., 2024) where the developer-
generated text frequently contains sentiment (Ortu
et al., 2016; Girardi et al., 2020; Guzman et al.,
2014; El Asri et al., 2019; Murgia et al., 2014;
Pletea et al., 2014), it remains unclear how senti-
ment is represented in Code-LLMs.
Emotion in LLMs: Prior research shows that
general-purpose LLMs exhibit emotional intel-
ligence and are sensitive to emotional cues in
prompts, which can influence decision-making,
confidence, and performance (Wang et al., 2023;
Li et al., 2023a; Wang et al., 2024). Emotional
prompting and stylistic variations can alter be-
havior, though effects on task accuracy are often
limited (Mozikov et al., 2024; Ma et al., 2025).
However, these studies largely focus on general-

purpose models, and the impact of sentiment on
Code-LLMs remains underexplored.
LLMs steering: Previous work shows that LLM
outputs can be influenced through techniques such
as fine-tuning, prompt modification, and inference-
time interventions, grounded in the Linear Rep-
resentation Hypothesis (Park et al., 2024), which
posits that concepts are encoded as linear directions
in model representations (Turner et al., 2023; Li
et al., 2025). Approaches like activation steering
use these directions to control behaviors, including
sentiment and factuality (Li et al., 2023b; Zou et al.,
2023). Prior studies demonstrate that such methods
can meaningfully alter tone and outputs (Zou et al.,
2023; Li et al., 2023b). Building on this, the present
work investigates whether sentiment-aligned direc-
tions can be used to steer LLM behavior and affect
performance on code-related tasks.

3 Measuring Code-LLMs’ Sentiment

3.1 Default Sentiment Measurement

To characterize the default sentiment tendencies
reflected in the outputs of Code-LLMs and general-
purpose LLMs, we employ two widely used af-
fective assessment instruments: the Positive And
Negative Affect Schedule (PANAS) (Watson et al.,
1988) and the Hedonic and Arousal Affect Scale
(HAAS) (Roca et al., 2023). Although these in-
struments were originally designed for human self-
report, prior work has adapted similar protocols to
analyze affective patterns in LLM-generated text
(Huang et al., 2024; Tavast et al., 2022). We em-
phasize that we do not interpret these results as
evidence of genuine emotional states; rather, we
treat them as proxies for observable sentiment char-
acteristics reflected in model outputs.

PANAS consists of 20 items rated on a 5-point
Likert scale (1–5), measuring the extent to which
specific affective descriptors apply. It produces
two independent scores: Positive Affect (PA), cap-
turing expressions such as enthusiasm and alert-
ness, and Negative Affect (NA), capturing states
such as distress and anger. Importantly, PA and
NA are not opposing ends of a single axis but
are modeled as orthogonal dimensions. Follow-
ing prior work (Sibille et al., 2012), we used the
Affect Balance Style (ABS) framework to clas-
sify PA and NA levels based on established thresh-
olds: PA > 35 indicates high positive affect, while
NA > 18 indicates high negative affect. We fur-
ther the map PANAS outcomes to four affect bal-
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ance styles (high-PA/high-NA; high-PA/low-NA;
low-PA/high-NA; low-PA/low-NA) to provide in-
terpretable groupings. Detailed styles are provided
in Appendix C.

HAAS consists of 12 items rated on a 5-point
scale (0–4) and measures four affective dimensions:
positive high arousal, positive low arousal, negative
high arousal, and negative low arousal. These di-
mensions capture both valence and arousal aspects
of sentiment expression.

We note that these human-derived scales may not
directly transfer to LLMs. Accordingly, we treat
PANAS and HAAS outputs as qualitative indicators
rather than precise psychological measurements. In
practice, we prompt LLMs to generate responses
corresponding to these instruments and analyze the
resulting patterns. Prompt templates and exper-
imental details are provided in Appendix B and
Appendix C.

3.2 Models

We focus our analysis on open-source general-
purpose LLMs and Code-LLMs, as intermediate
representations are inaccessible in closed-source
LLMs. Details of the models used in our experi-
ments are shown in Table 1. To examine whether
Code-LLMs encode sentiment information in a
manner similar to general-purpose LLMs, we select
paired models from the same architectural family,
enabling controlled comparisons that isolate the
effect of code-specific adaptation.

Table 1: LLMs used for sentiment probing.

Code-LLMs General-LLMs

CodeLlama 7B IT
(Roziere et al., 2023)

LlaMa2 7B IT
(Touvron et al., 2023)

CodeGemma 7B IT
(Team et al., 2024a)

Gemma 7B IT
(Team et al., 2024b)

DeepSeek-Coder V2 Lite IT
(Zhu et al., 2024)

DeepSeek V2 Lite Chat
(Liu et al., 2024)

Qwen3-Coder Next
(Cao et al., 2026)

Qwen3 Next
(Team, 2025)

Codestral 22B
(Mistral, 2025)

Mistral 7B
(Jiang et al., 2023)

3.3 Results

Table 2 reports the default sentiment character-
istics of LLM outputs as measured by PANAS
and HAAS. Under PANAS, most evaluated
LLMs—particularly Code-LLMs—produce re-
sponses corresponding to the High-PA/High-NA
affect pattern, indicating relatively high emotional

Table 2: Output-level sentiment tendencies of (non-
steered) LLMs measured by PANAS and HAAS. HAAS
values are formatted as High / Low.

LLMs PANAS HAAS

PA NA Pattern Pos (H/L) Neg (H/L)

CodeLlama 7B 37 33 H-PA/H-NA 9 / 6 6 / 6
CodeGemma 7B 39 13 H-PA/L-NA 9 / 2 3 / 6
DeepSeek-Coder V2 40 24 H-PA/H-NA 4 / 4 2 / 1
Qwen3-Coder Next 38 12 H-PA/L-NA 12 / 10 4 / 6
Codestral 22B 43 20 H-PA/H-NA 6 / 9 3 / 4

LlaMa2 7B 34 21 L-PA/H-NA 4 / 5 3 / 5
Gemma 7B 29 17 L-PA/L-NA 6 / 10 1 / 10
DeepSeek V2 30 18 L-PA/L-NA 8 / 7 2 / 1
Qwen3 Next 46 13 H-PA/L-NA 11 / 10 4 / 6
Mistral 7B 36 18 H-PA/L-NA 7 / 12 3 / 4

intensity in generated text. Notably, Code-LLMs
generally exhibit higher positive affect (PA) scores
than general-purpose LLMs: all Code-LLMs ex-
ceed the conventional PA threshold of 35, whereas
most general-purpose models fall below this level.
Negative affect (NA) scores show greater varia-
tion. Some Code-LLMs, such as CodeGemma
7B and Qwen3-Coder Next, maintain relatively
low NA levels, whereas CodeLlama 7B exhibits a
substantially higher NA score. Among general-
purpose models, LLaMA2 7B stands out with
comparatively elevated negative affect. Overall,
Code-LLMs and general-purpose LLMs display
distinct default sentiment profiles. For exam-
ple, within the DeepSeek family, Code-LLMs are
typically classified as High-PA/High-NA, while
their general-purpose counterparts tend to fall into
the Low-NA/Low-PA affect category. Similarly,
within the Mistral family, Code-LLMs are predom-
inantly classified as High-PA/High-NA, whereas
general-purpose models more often fall into the
High-PA/Low-NA category. Results from HAAS
are broadly consistent with PANAS. For instance,
Qwen3-Coder Next and Qwen3 Next exhibit sim-
ilar sentiment tendencies across both measures,
characterized by high positive and low negative
affect. Some discrepancies arise due to differences
in scale construction. For example, Gemma 7B
is categorized as Low-PA/Low-NA in PANAS but
shows relatively higher HAAS scores, primarily
driven by low-arousal dimensions rather than high-
arousal affect. Given the overall consistency be-
tween PANAS and HAAS, we focus on PANAS
in subsequent analyses due to its wider use and
interpretability in prior work. These findings in-
dicate that LLM outputs exhibit measurable and
non-neutral sentiment characteristics, with Code-
LLMs tending to produce more positively skewed
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and emotionally expressive responses than general-
purpose LLMs. We further assess the robustness
of these output-level measurements by varying the
PANAS and HAAS question orders. Although ab-
solute scores show sensitivity to question ordering,
output-level sentiment tendency of Code-LLMs in-
dicates higher positive affect than general-purpose
LLMs in several model families (Appendix C).

4 Sentiment Detection in LLMs

We adopt the sentiment detection methodology pro-
posed by Palma et al. (Di Palma et al., 2025) to
analyze sentiment-related information in LLMs.
Let D = {(xi, yi)}ni=1 denote a sentiment dataset,
where yi denotes the sentiment label of sentence xi.
Let repθ(xi) denote an intermediate representation
of xi obtained from a forward pass through LLMθ.
The goal of sentiment detection is to extract these
representations {repθ(xi)}ni=1, and train a classi-
fier Cw parameterized by weights w, to predict sen-
timent labels from the representations. Concretely,
this approach involves extracting layer-wise hidden
representations from LLMs and training probing
classifiers on top of these representations to eval-
uate whether sentiment information is encoded in
the model’s internal states.

4.1 Choice of Representation

Modern LLMs are based on the Transformer archi-
tecture (Vaswani et al., 2017), which provides a
consistent representation space across layers. Let
x(l) ∈ RT×d denote the hidden representation at
layer l, where T is the sequence length and d is
the hidden dimension. Each Transformer layer
applies self-attention and a feed-forward network
with residual connections, producing the updated
representation x(l+1).

Although architectural details may vary across
models (Table 3), x(l+1) consistently represents the
full sequence output of the l-th layer. Prior work
has explored different representation choices, in-
cluding normalized residual streams (von Rütte
et al., 2024), raw residual streams (Zou et al.,
2023), and attention heads (Li et al., 2023b). In
this work, following Palma et al. (Di Palma et al.,
2025), we use the residual stream representation,
i.e., repθ(x) = x(l), as it has been shown to per-
form well for sentiment detection tasks.

Rather than using the full sequence representa-
tion x(l) ∈ RT×d, we extract token-level subsets
xrep ∈ Rt×d with t ≤ T , allowing the representa-

tion to focus on parts of the input most relevant to
sentiment (von Rütte et al., 2024; Di Palma et al.,
2025). We consider three commonly used aggre-
gation strategies: mean pooling, max pooling, and
last-token pooling.

Table 3: Transformer architectural variants of LLMs.

LLMs Norm fattn fffn

CodeLlama 7B RMSNorm MHA SwiGLU
LlaMa2 7B RMSNorm GQA SwiGLU

Codestral 22B RMSNorm GQA SwiGLUMistral 7B

Qwen3-Coder Next RMSNorm Hybrid MoEQwen3 Next

DeepSeek-Coder V2 LayerNorm MLA DeepSeekMoEDeepSeek V2

CodeGemma 7B RMSNorm GQA GeGLUGemma 7B

4.2 Choice of Classifier

Given the extracted representations, we train layer-
wise classifiers C(l)

w to assess whether sentiment in-
formation is encoded in the model’s internal states.
We consider a range of linear and non-linear classi-
fiers, including Logistic Regression, Linear SVM,
Kernel SVM, Random Forest, and Multi-Layer Per-
ceptron (MLP). Model performance is evaluated
using F1 score on held-out test data.

Table 4: Best probing results across different pooling
methods and classifiers for each model on the SST-2
and Senti4SD datasets. ID-F1 indicates in-domain eval-
uation (trained and tested on the same dataset), and
CD-F1 indicates cross-domain evaluation (evaluated on
the other dataset).

LLMs Dataset ID-F1 Pooling Probe layer CD-F1

CodeLlama
7B

Senti4sd 0.87 Mean L-SVM 10 0.65
SST-2 0.94 Last Logstic Reg. 24 0.85

LlaMa2
7B

Senti4sd 0.87 Mean L-SVM 4 0.57
SST-2 0.96 Mean L-SVM 14 0.70

Codestral
22B

Senti4sd 0.88 Max Logstic Reg. 8 0.41
SST-2 0.95 Last MLP 33 0.82

Mistral
7B

Senti4sd 0.88 Mean L-SVM 5 0.7
SST-2 0.96 Last L-SVM 16 0.88

Qwen-Coder
Next

Senti4sd 0.85 Mean L-SVM 5 0.55
SST-2 0.93 Mean NL-SVM 37 0.82

Qwen
Next

Senti4sd 0.86 Mean L-SVM 1 0.38
SST-2 0.94 Mean NL-SVM 37 0.76

DeepSeek-Coder
V2

Senti4sd 0.85 Mean L-SVM 14 0.44
SST-2 0.94 Last L-SVM 11 0.77

DeepSeek
V2

Senti4sd 0.85 Mean L-SVM 12 0.44
SST-2 0.95 Last Logistic Reg. 25 0.87

CodeGemma
7B

Senti4sd 0.88 Mean Logstic Reg. 9 0.49
SST-2 0.94 Last L-SVM 24 0.85

Gemma
7B

Senti4sd 0.87 Mean L-SVM 10 0.52
SST-2 0.95 Mean Logstic Reg. 20 0.81
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(a) Senti4sd

(b) SST-2

Figure 2: Layer-wise probing results using mean pooling and linear SVM classifier on the SST-2 and Senti4SD
datasets are shown in Figures 2(a) and 2(b), respectively. The x-axis represents the relative layer index due to
varying numbers of layers across models.

4.3 Datasets

We evaluate sentiment detection on two datasets
spanning general-domain and software engineer-
ing domains. The SST-2 dataset (Socher et al.,
2013) contains 8,741 movie reviews with binary
sentiment labels (positive or negative) and is
widely used for sentiment classification. Senti4SD
(Calefato et al., 2018) contains 4,423 Stack Over-
flow posts annotated with positive, negative, or
neutral sentiment.

Both datasets are split into training and test sets
using an 80/20 split. These datasets enable us to
evaluate whether sentiment representations learned
by LLMs generalize across domains, including
developer-generated text.

4.4 Results

Probe Validation. To ensure that the probing re-
sults reflect genuine sentiment information rather
than artifacts of the representation space, we con-
duct several validation checks. First, we evaluate
probe performance against a random-label baseline,
where labels are shuffled; probe accuracy drops to
near chance level, indicating that the classifiers
do not exploit spurious patterns. Second, we test
cross-domain generalization by training probes on
SST-2 and evaluating on Senti4SD (and vice versa),

observing consistent performance, which suggests
that the learned representations capture general sen-
timent features rather than dataset-specific cues.
Third, we compare against random feature base-
lines obtained by shuffling or projecting representa-
tions, which yield substantially lower performance,
confirming that sentiment information is encoded
in the original model representations. Together,
these results provide evidence that the probes cap-
ture meaningful and generalizable sentiment infor-
mation in LLM representations.

Table 4 presents the best probing results for sen-
timent detection across Code-LLMs and general-
purpose LLMs. Both model types achieve high
F1 scores (typically exceeding 0.8), indicating that
sentiment information is readily detectable in their
hidden representations.

We further evaluate cross-domain generalization
by training a classifier on one dataset and testing
it on the other. Models trained on the general-
domain dataset (SST-2) retain strong performance
when evaluated on the software engineering dataset
(Senti4SD), suggesting that the probes capture gen-
eral sentiment features rather than dataset-specific
cues. In contrast, models trained on Senti4SD ex-
hibit reduced performance when evaluated on SST-
2, likely due to the domain-specific characteristics
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Table 5: PANAS-measured output-level sentiment tendencies of LLMs after positive or negative steering using
probes trained on the SST-2 or Senti4SD datasets.

LLMs
SST-2 Steering Senti4SD Steering

Positive Steering Negative Steering Positive Steering Negative Steering

PA NA Pattern PA NA Pattern PA NA Pattern PA NA Pattern

CodeLlama 7B 43 (↑ 6) 29 (↓ 4) H-PA/H-NA 31 (↓ 6) 29 (↓ 4) L-PA/H-NA 42 (↑ 5) 37 (↑ 4) H-PA/H-NA 37 (0) 34 (↑ 1) H-PA/H-NA
CodeGemma 7B 44 (↑ 5) 13 (0) H-PA/L-NA 39 (0) 15 (↑ 2) H-PA/L-NA 38 (↓ 1) 13 (0) H-PA/L-NA 39 (0) 15 (↑ 2) H-PA/L-NA
DeepSeek-Coder V2 46 (↑ 6) 27 (↑ 3) H-PA/H-NA 19 (↓ 21) 14 (↓ 10) L-PA/L-NA 41 (↑ 1) 25 (↑ 1) H-PA/H-NA 33 (↓ 7) 35 (↑ 11) L-PA/H-NA
Qwen3-Coder Next 39 (↑ 1) 16 (↑ 4) H-PA/L-NA 18 (↓ 20) 31 (↑ 19) L-PA/H-NA 45 (↑ 7) 14 (↑ 2) H-PA/L-NA 35 (↓ 3) 17 (↑ 5) L-PA/L-NA
Codestral 22B 44 (↑ 1) 21 (↑ 1) H-PA/H-NA 28 (↓ 15) 26 (↑ 6) L-PA/H-NA 42 (↓ 1) 21 (↑ 1) H-PA/H-NA 38 (↓ 5) 24 (↓ 4) H-PA/H-NA

LlaMa2 7B 43 (↑ 9 ) 28 (↑ 7) H-PA/H-NA 25 (↓ 9) 24 (↑ 3) L-PA/H-NA 32(↓ 2 ) 21 (0) L-PA/H-NA 19 (↓ 15) 26 (↑ 5) L-PA/H-NA
Gemma 7B 30 (↑ 1) 18 (↑ 1) L-PA/L-NA 27 (↓ 2) 18 (↑ 1) L-PA/L-NA 28 (↓ 1) 10 (↓ 7) L-PA/L-NA 31 (↑ 2) 17 (0) L-PA/L-NA
DeepSeek V2 33 (↑ 3) 18 (0) L-PA/L-NA 15 (↓ 15) 19 (↑ 1) L-PA/H-NA 39 (↑ 9) 18 (↓ 1) H-PA/L-NA 30 (0) 19(↑ 1) L-PA/H-NA
Qwen3 Next 48 (↑ 2) 14 (↑ 1) H-PA/L-NA 37 (↓ 9) 17 (↑ 4) L-PA/L-NA 46 (0) 12 (↓ 1) H-PA/L-NA 42 (↓ 4) 36 (↑ 23) H-PA/H-NA
Mistral 7B 38 (↑ 2) 20 (↑ 2) H-PA/H-NA 39 (↑ 3) 50 (↑ 32) H-PA/H-NA 34 (↓ 2) 15 (↓ 3) L-PA/L-NA 20 (↓ 16) 21 (↑ 3) L-PA/H-NA

Table 6: HAAS-measured output-level sentiment tendencies of LLMs after positive or negative steering using
probes trained on the SST-2 or Senti4SD datasets. Values are formatted as High / Low.

LLMs
SST-2 Steering Senti4SD Steering

Positive Steer Negative Steer Positive Steer Negative Steer

Pos (H/L) Neg (H/L) Pos (H/L) Neg (H/L) Pos (H/L) Neg (H/L) Pos (H/L) Neg (H/L)

CodeLlama 7B 9(0) / 6(0) 6(0) / 6(0) 9(0) / 6(0) 6(0) / 7(↑1) 9(0) / 8(↑2) 6(0) / 7(↑1) 9(0) / 6(0) 7(↑1) / 8(↑2)
CodeGemma 7B 6(↓3) / 9(↑7) 2(↓1) / 3(↓3) 7(↓2) / 6(↑4) 2(↓1) / 6(0) 9(0) / 3(↑1) 1(↓2) / 3(↓3) 6(↓3) / 6(↑4) 2(↓1) / 5(↓1)
DeepSeek-Coder V2 9(↑5) / 9(↑5) 2(0) / 3(↑2) 0(↓4) / 1(↓3) 1(↓1) / 1(0) 6(↑2) / 5(↑1) 3(↑1) / 4(↑3) 5(↑1) / 3(↓1) 9(↑7) / 7(↑6)
Qwen3-Coder Next 9(↓3) / 9(↓1) 2(↓2) / 4(↓2) 0(↓12) / 7(↓3) 0(↓4) / 2(↓4) 9(↓3) / 8(↓2) 2(↓2) / 4(↓2) 7(↓5) / 6(↓4) 3(↓1) / 6(0)
Codestral 22B 6(0) / 9(0) 3(0) / 3(↓1) 3(↓3) / 7(↓2) 6(↑3) / 5(↑1) 6(0) / 9(0) 3(0) / 3(↓1) 4(↓2) / 7(↓2) 6(↑3) / 4(0)

LlaMa2 7B 7(↑3) / 6(↑1) 2(↓1) / 5(0) 5(↑1) / 4(↓1) 4(↑1) / 5(0) 6(↑2) / 6(↑1) 5(↑2) / 6(↑1) 5(↑1) / 6(↑1) 7(↑4) / 6(↑1)
Gemma 7B 6(0) / 8(↓2) 2(↑1) / 7(↓3) 5(↓1) / 8(↓2) 1(0) / 8(↓2) 6(0) / 11(↑1) 0(↓1) / 3(↓7) 5(↓1) / 5(↓5) 6(↑5) / 6(↓4)
DeepSeek V2 8(0) / 9(↑1) 2(0) / 2(↑1) 3(↓5) / 3(↓4) 3(↑1) / 3(↑2) 9(↑1) / 12(↑5) 4(↑2) / 4(↑3) 8(0) / 7(0) 2(0) / 1(0)
Qwen3 Next 8(↓3) / 11(↑1) 1(↓3) / 3(↓3) 0(↓11) / 2(↓8) 0(↓4) / 3(↓3) 8(↓3) / 9(↓1) 1(↓3) / 4(↓2) 6(↓5) / 5(↓5) 7(↑3) / 7(↑1)
Mistral 7B 7(0) / 11(↓1) 2(↓1) / 4(0) 6(↓1) / 9(↓3) 6(↑3) / 11(↑7) 7(0) / 10(↓2) 1(↓2) / 4(0) 6(↓1) / 8(↓4) 8(↑5) / 7(↑3)

of developer-generated text. The results of prob-
ing using label shuffling and feature shuffling show
very low F1 scores (mostly below 0.4 on Senti4SD
dataset and below 0.68 for SST-2 dataset), as shown
in Appendix D.

Figure 2 presents layer-wise probing results, il-
lustrating how sentiment information is distributed
across model depth. Code-LLMs exhibit patterns
similar to those of general-purpose LLMs, with F1
scores largely overlapping across model families.
For most models, sentiment information is most
strongly detectable in middle-to-late layers, consis-
tent with prior findings on representation learning
in LLMs (Di Palma et al., 2025).

Overall, the strong and consistent probing perfor-
mance across models, datasets, and layers suggests
that both Code-LLMs and general-purpose LLMs
encode sentiment information in their internal rep-
resentations. These results are consistent with the
Linear Representation Hypothesis, indicating that
sentiment is represented as approximately linear
directions in the residual stream.

5 Sentiment Steering

Prior work has shown that linear directions in rep-
resentation space can be leveraged to control model

behavior during inference (von Rütte et al., 2024).
Building on this, we investigate whether sentiment-
related directions identified through probing can
be used to steer the behavior of Code-LLMs. We
further examine whether such steering affects per-
formance on downstream code-related tasks.

5.1 Steering Method
We adopt an inference-time activation steering ap-
proach that modifies the residual stream of LLMs
using sentiment-aligned directions extracted from
probing.
Steering Vector Extraction: For a target layer l
and sentiment class (e.g., positive or negative), we
extract the learned weight vector w ∈ Rd from the
best-performing linear probe identified during the
detection phase.
Activation Intervention:

Given a layer-wise sentiment vector w, we mod-
ify the residual representation to amplify or sup-
press sentiment features. Specifically, at layer l, we
update the hidden representation x(l) as:

x∗ = x(l) + αw, x
(l)
steered = x∗ · ∥x

(l)∥2
∥x∗∥2

,

where α controls the strength of the intervention.
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Figure 3: Positive and negative steering effects on LLM code generation performance reporting Pass@k in %. For
each LLM, two rows show the effects of positive and negative steering, respectively on different datasets.

This normalization preserves the scale of activa-
tions while shifting their direction in representation
space.

To balance intervention strength and stability,
we apply steering only to the top k layers with the
highest probing F1 scores (Li et al., 2023b). We
evaluate k ∈ {3, 6, 12, 24} and α ∈ [1, 20], with
additional smaller values (α ∈ [0.1, 1]) considered
where needed. All configurations are reported in
Appendix F.

Following prior work (Zou et al., 2023), we ap-
ply the steering vector uniformly to token-level
residual streams during autoregressive generation.
To ensure consistency, we use sentiment directions
derived from mean pooling with a linear SVM clas-
sifier, which performs robustly across datasets (Ta-
ble 4).
Control Baseline. To distinguish sentiment-
specific effects from generic perturbations, we in-
troduce an orthogonal random baseline. Given a
sentiment vector w, we sample r ∼ N (0, I) and

construct:

r⊥ = r − r⊤w
∥w∥2w,

which is orthogonal to w. We rescale r⊥ to match
the norm of w and apply it using the same k and
α. This provides a controlled baseline for isolating
sentiment-specific effects.

5.2 Effectiveness of Sentiment Steering

We evaluate the effectiveness of sentiment steering
by testing multiple combinations of k and α, select-
ing the configuration that produces the largest shift
in PANAS scores. The same configuration is then
applied to HAAS.

Results (Tables 5 and 6) show that sentiment di-
rections consistently alter the sentiment character-
istics of generated text. Negative steering produces
stronger and more stable effects, significantly de-
creasing Positive Affect (PA) and increasing Nega-
tive Affect (NA). In several cases, this shifts models
into the Low-PA/High-NA affect category.
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In contrast, positive steering yields smaller and
less consistent changes, typically resulting in mod-
est increases in PA and reductions in NA without
altering overall affect categories. The same trends
are observed under HAAS, indicating consistency
across measurement frameworks.

In addition, we evaluate whether these steering
effects remain observable when the PANAS and
HAAS question orders are varied. Across the orig-
inal and three randomly shuffled question orders,
negative steering generally shows a stronger ten-
dency to decrease positive affect and increase neg-
ative affect (Appendix F).

Importantly, steering with orthogonal random
vectors produces minimal and inconsistent changes
(typically within ±2 points), confirming that the
observed effects are specific to sentiment-aligned
directions rather than generic activation perturba-
tions (Appendix J).

5.3 Steering on Downstream Tasks
We apply the selected steering configurations to
downstream tasks, including code generation and
code summarization. Steering vectors are derived
from SST-2, as it provides more stable sentiment
directions.
Code Generation. We evaluate performance on
five benchmarks: MBPP (Austin et al., 2021),
MBPP+ (Liu et al., 2023), HumanEval (Chen,
2021), HumanEval+ (Liu et al., 2023), and Live-
CodeBench (Jain et al., 2024). Performance is
measured using Pass@k (for k = 1, 5, 10) (Chen,
2021).
Code Summarization. We evaluate on
CodeXGLUE (Lu et al., 2021), using 200
sampled Python test instances. Performance is
measured using BLEU-4 (Papineni et al., 2002),
ROUGE-L (Lin, 2004), and METEOR (Banerjee
and Lavie, 2005).
Perplexity. We additionally measure perplexity
before and after steering to quantify its effect on
generation likelihood.

5.4 Impact on Downstream Task
Figure 3 shows that sentiment steering has a sub-
stantial effect on code generation. Negative steer-
ing consistently degrades performance across al-
most all models and datasets, while positive steer-
ing has weaker and less consistent effects.

The magnitude of degradation is particularly pro-
nounced when steering shifts the model’s affect
category. For example, under negative steering,

Figure 4: Positive and negative steering effects on LLM
code summarization performance. Performance is eval-
uated using BLEU-4, ROUGE-L, and METEOR. For
each LLM, two rows show the effects of positive and
negative steering.

Codestral transitions from a High-PA/High-NA to
a Low-PA/High-NA pattern, accompanied by a sig-
nificant decrease in Pass@ k scores.

Qualitative analysis (Appendix G) reveals that
negative steering introduces hesitation and apolo-
getic language in approximately 14% of sampled
failure cases, whereas positive steering leads to
over-explanatory outputs in 36% of cases.

In contrast, Figure 4 shows that sentiment steer-
ing has a smaller impact on code summarization.
This suggests that summarization relies more on
semantic understanding of input code, making it
less sensitive to sentiment-aligned perturbations.

Finally, perplexity remains largely stable across
settings, with only minor increases under negative
steering (Appendix H). Random steering produces
similar perplexity values to the original model (Ap-
pendix J), indicating that performance changes are
not due to generic disruption of the representation
space but are specific to sentiment-directed inter-
ventions.

Steering Magnitude Ablation. To further val-
idate the causal role of sentiment-aligned direc-
tions, we study the effect of varying the steer-
ing strength α. We evaluate multiple values of
α ∈ {0, 0.5, 1, 5, 10} and measure both sentiment
shift and downstream task performance. Additional
smaller values are used for models that are sensitive
to the steering (Appendix I).

We observe a consistent dose–response rela-
tionship: as α increases, sentiment characteristics
change more strongly, accompanied by progres-
sively larger effects on downstream performance.
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In particular, negative steering induces a monotonic
degradation in code generation accuracy, while pos-
itive steering produces smaller and less consistent
changes.

This dose–response pattern supports a causal
interpretation, indicating that the observed behav-
ioral changes are driven by targeted manipulation
of sentiment-aligned directions rather than inciden-
tal perturbations.

6 Conclusion

This paper presents a systematic study of senti-
ment in Code-LLMs, comparing them with general-
purpose LLMs. It shows that both exhibit non-
neutral sentiment tendencies, with Code-LLMs
skewing more positive. The study demonstrates
that sentiment is encoded in hidden representa-
tions and can be causally manipulated via activation
steering, with negative sentiment reliably degrad-
ing code generation performance.

Limitations

Our work has several limitations. First, our ex-
periments are limited to open-source Code-LLMs
and general-purpose LLMs, since hidden represen-
tations and activation interventions are not acces-
sible in closed-source models. As a result, our
findings may not fully generalize to all LLMs. Sec-
ond, when constructing steering directions from
Senti4SD datasets, we only consider positive and
negative sentiment steering. Neutral affective states
are not explored, as the emotional tests do not pro-
vide evaluations for neutral sentiment. Third, al-
though we test on widely used code generation
benchmarks, we do not evaluate repository-level
code generation. Finally, our downstream tasks
primarily focus on Python-related software engi-
neering tasks. Future work may investigate whether
similar sentiment effects generalize to other pro-
gramming languages and more realistic software
engineering scenarios.

Ethical considerations

This work studies how sentiment is encoded and
can be manipulated in large language models, in-
cluding Code-LLMs. Our experiments are con-
ducted on publicly available datasets and pretrained
models, and do not involve human participants or
sensitive personal data.

Potential Risks. A central finding of this work
is that sentiment can act as a latent control signal
that influences model behavior, including perfor-
mance on code-related tasks. This raises potential
risks: adversarial or unintended use of sentiment
manipulation could degrade model reliability, intro-
duce instability, or bias outputs in subtle ways. For
example, emotionally charged prompts may lead
to reduced code correctness or altered reasoning
behavior, which could be problematic in safety-
critical applications.

Misuse Considerations. The steering techniques
explored in this paper could be misused to inten-
tionally manipulate model outputs beyond stylis-
tic changes, potentially affecting correctness or
trustworthiness. To mitigate this risk, we focus
on controlled and transparent evaluation settings,
and frame steering as an analytical tool for under-
standing model behavior rather than a deployment
strategy. We do not advocate for unregulated use
of sentiment-based interventions in real-world sys-
tems.

Limitations and Scope. Our findings are based
on controlled experimental settings and specific
benchmarks. They should not be interpreted as
definitive evidence of model behavior in all real-
world scenarios. In particular, the observed effects
are tied to the datasets, prompts, and model families
evaluated in this work.

Positive Impact. Despite these risks, understand-
ing latent factors such as sentiment can improve
the reliability and robustness of LLMs. By iden-
tifying hidden influences on model behavior, this
work contributes to safer deployment practices and
highlights the need for robustness-aware evaluation.
Our findings may also inform future methods for
mitigating unwanted biases and controlling latent
representation effects.

Responsible Use. We emphasize that Code-
LLMs should not be used in high-stakes or safety-
critical environments without appropriate safe-
guards, validation, and human oversight. Future
work should explore mitigation strategies and ro-
bustness improvements to ensure that unintended
latent factors, including sentiment, do not compro-
mise system reliability.

9292



References
Guillaume Alain and Yoshua Bengio. 2016. Under-

standing intermediate layers using linear classifier
probes. arXiv preprint arXiv:1610.01644.

Abhinav Anand, Shweta Verma, Krishna Narasimhan,
and Mira Mezini. 2024. A critical study of what code-
LLMs (do not) learn. In Findings of the Association
for Computational Linguistics: ACL 2024, pages
15869–15889, Bangkok, Thailand. Association for
Computational Linguistics.

Jacob Austin, Augustus Odena, Maxwell Nye, Maarten
Bosma, Henryk Michalewski, David Dohan, Ellen
Jiang, Carrie Cai, Michael Terry, Quoc Le, et al. 2021.
Program synthesis with large language models. arXiv
preprint arXiv:2108.07732.

Satanjeev Banerjee and Alon Lavie. 2005. Meteor: An
automatic metric for mt evaluation with improved cor-
relation with human judgments. In Proceedings of
the acl workshop on intrinsic and extrinsic evaluation
measures for machine translation and/or summariza-
tion, pages 65–72.

Henrike Beyer and Chris Reed. 2025. Lexical recall
or logical reasoning: Probing the limits of reasoning
abilities in large language models. In Proceedings
of the 63rd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 13532–13557, Vienna, Austria. Association
for Computational Linguistics.

Fabio Calefato, Filippo Lanubile, Federico Maiorano,
and Nicole Novielli. 2018. Sentiment polarity de-
tection for software development. In Proceedings of
the 40th International Conference on Software Engi-
neering, ICSE ’18, page 128, New York, NY, USA.
Association for Computing Machinery.

Ruisheng Cao, Mouxiang Chen, Jiawei Chen, Zeyu
Cui, Yunlong Feng, Binyuan Hui, Yuheng Jing,
Kaixin Li, Mingze Li, Junyang Lin, et al. 2026.
Qwen3-coder-next technical report. arXiv preprint
arXiv:2603.00729.

Mark Chen. 2021. Evaluating large language models
trained on code. arXiv preprint arXiv:2107.03374.

Alexis Conneau, German Kruszewski, Guillaume Lam-
ple, Loïc Barrault, and Marco Baroni. 2018. What
you can cram into a single $&!#* vector: Probing
sentence embeddings for linguistic properties. In
Proceedings of the 56th Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 2126–2136, Melbourne, Aus-
tralia. Association for Computational Linguistics.

Daniel Coutinho, Luisa Cito, Maria Vitória Lima, Beat-
riz Arantes, Juliana Alves Pereira, Johny Arriel, João
Godinho, Vinicius Martins, Paulo Vítor CF Libório,
Leonardo Leite, et al. 2024. " looks good to me;-)":
Assessing sentiment analysis tools for pull request
discussions. In Proceedings of the 28th International
Conference on Evaluation and Assessment in Soft-
ware Engineering, pages 211–221.

DeepSeek-AI. 2025a. Deepseek-coder-v2-lite-instruct.
https://huggingface.co/deepseek-ai/
DeepSeek-Coder-V2-Lite-Instruct.

DeepSeek-AI. 2025b. Deepseek-v2-lite-chat.
https://huggingface.co/deepseek-ai/
DeepSeek-V2-Lite-Chat.

Dario Di Palma, Alessandro De Bellis, Giovanni Serve-
dio, Vito Walter Anelli, Fedelucio Narducci, and
Tommaso Di Noia. 2025. Llamas have feelings too:
Unveiling sentiment and emotion representations in
llama models through probing. In Proceedings of the
63rd Annual Meeting of the Association for Compu-
tational Linguistics (Volume 1: Long Papers), pages
6124–6142.

Jesse Dodge, Maarten Sap, Ana Marasović, William
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A Scientific Artifacts

We used existing scientifc artifacts for research
purposes, and the use of existing artifacts was con-
sistent with their intended applications.

• Meta Llama 2 License / CodeLlama-7B-
Instruct-hf (Meta, 2025a)

• Meta Llama 2 License / Llama-2-7b-hf (Meta,
2025b)

• Gemma License / CodeGemma-7B-IT
(Google, 2025a)

• Gemma License / Gemma-7B-IT (Google,
2025b)

• DeepSeek License / DeepSeek-Coder-V2-
Lite-Instruct (DeepSeek-AI, 2025a)

• DeepSeek License / DeepSeek-V2-Lite-Chat
(DeepSeek-AI, 2025b)

• Apache 2.0 / Qwen3-Coder-Next (Qwen,
2025a)

• Apache 2.0 / Qwen3-Next-80B-A3B-Instruct
(Qwen, 2025b)

• MNLP-0.1 / Codestral-22B-v0.1 (mistralai,
2025a)

• Apache 2.0 / Mistral-7B-Instruct-v0.3 (mis-
tralai, 2025b)

B Experimental Details

We performed our experiments on Nvidia A100
GPUs with 40 GB and 80 GB of memory, as well
as NVIDIA GH200 GPUs.

Loading and steering an LLM typically requires
one GPU, except for Qwen3-Coder Next and
Qwen3 Next, which require multiple GPUs.

For sentiment state measurement, we set the tem-
perature to 0 in order to evaluate the default sen-
timent tendencies of LLMs while ensuring repro-
ducibility across generations. For code generation
and code summarization, the temperature is set to
0.2, with top-p set to 0.95.

C Details of Emotional Tests

The detailed explanation of each pattern in PANAS
is provided below:

• High PA + Low NA: tends to exhibit positive,
relaxed, and satisfied emotional states.

• Low PA + High NA: tends to exhibit anxiety,
sadness, and perceived threat.

• Low PA + Low NA: tends to exhibit reduced
affect intensity and reactivity.

• High PA + High NA: tends to exhibit height-
ened affect intensity and reactivity, with
strong experiences of both pleasant and un-
pleasant emotions.

Table 7 shows the range of PANAS and HAAS
test results across the original ordering and three
randomly shuffled question orders (with random
seeds 0, 1, and 2). Absolute PANAS and HAAS
scores exhibit variation across orderings, indicating
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Table 7: Output-level sentiment tendencies of (non-
steered) LLMs measured by PANAS and HAAS under
shuffled question orders across 3 random runs. Values
in square brackets indicate the range across the original
question order and the three shuffled-order runs. HAAS
values are formatted as High / Low.

LLMs PANAS HAAS

PA NA Pos (H/L) Neg (H/L)

CodeLlama 7B [31,38] [26,35] [7,11]/ [6,8] [5,6] /[5,8]
CodeGemma 7B [39,43] [13,21] [3,9] / [2,8] [1,4] / [2,6]
DeepSeek-Coder V2 [33,40] [17,28] [4,9]/ [4,7] [2,5] / [1,4]
Qwen3-Coder Next [38,40] [12,15] [9,12] / [6,10] [1,4]/ [2,6]
Codestral 22B [43,44] [17,21] [6,6]/ [9,10] [2,3]/ [3,6]

LlaMa2 7B [34,45] [21,32] [3,7] / [3,9] [1,3]/ [2,5]
Gemma 7B [29,33] [17,25] [4,8] / [8,12] [1,2] / [4,10]
DeepSeek V2 [24,34] [18,26] [6,8] / [5,8] [1,4]/ [1,6]
Qwen3 Next [43,46] [12,15] [7,11] / [5,10] [1,4] / [3,6]
Mistral 7B [34,37] [14,24] [6,8]/ [7,12] [1,3] / [1,4]

sensitivity to question order. However, the output-
level sentiment tendency of Code-LLMs indicates
higher positive affect than general-purpose LLMs
in several model families, particularly in PANAS
PA scores.

The prompts used for PANAS are shown in Fig-
ure 5. The prompts used for HAAS are shown in
Figure 6.

Figure 5: PANAS prompt

Figure 6: HAAS prompt
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D Random Probing Results

Table 8 and 9 show the results of probing under
label shuffling and feature shuffling. Both probing
settings achieve very low F1 scores.

Table 8: Best probing results using randomly shuffled
labels across different pooling methods and classifiers
on the SST-2 and Senti4SD datasets

LLMs Dataset F1 score Pooling Probe layer

CodeLlama
7B

Senti4sd 0.37 Last MLP 10
SST-2 0.68 Last NL-SVM 24

LlaMa2
7B

Senti4sd 0.36 Max L-SVM 10
SST-2 0.68 Mean Logstic Reg. 2

Codestral
22B

Senti4sd 0.37 Max Logstic Reg. 26
SST-2 0.68 Max NL-SVM 27

Mistral
7B

Senti4sd 0.36 Last MLP 14
SST-2 0.68 Last Logstic Reg. 6

Qwen-Coder
Next

Senti4sd 0.36 Max MLP 5
SST-2 0.68 Max Logstic Reg. 5

Qwen
Next

Senti4sd 0.37 Last MLP 14
SST-2 0.68 Last Logstic Reg. 7

DeepSeek-Coder
V2

Senti4sd 0.37 Mean L-SVM 12
SST-2 0.68 Last NL-SVM 20

DeepSeek
V2

Senti4sd 0.36 Last Logstic Reg. 26
SST-2 0.68 Max NL-SVM 23

CodeGemma
7B

Senti4sd 0.36 Last MLP 2
SST-2 0.68 Max NL-SVM 25

Gemma
7B

Senti4sd 0.38 Last L-SVM 20
SST-2 0.68 Mean NL-SVM 24

Table 9: Best probing results random feature across
different pooling methods and classifiers on the SST-2
and Senti4SD datasets

LLMs Dataset F1 score Pooling Probe layer

CodeLlama
7B

Senti4sd 0.38 Last Logstic Reg. 23
SST-2 0.66 Max MLP 17

LlaMa2
7B

Senti4sd 0.36 Mean MLP 27
SST-2 0.66 Last Logstic Reg. 3

Codestral
22B

Senti4sd 0.37 Last Logstic Reg. 17
SST-2 0.66 Mean NL-SVM 23

Mistral
7B

Senti4sd 0.36 Last Logstic Reg. 28
SST-2 0.66 Mean MLP 5

Qwen-Coder
Next

Senti4sd 0.38 Last L-SVM 36
SST-2 0.66 Mean L-SVM 3

Qwen
Next

Senti4sd 0.37 Max MLP 22
SST-2 0.66 Mean Logstic Reg. 6

DeepSeek-Coder
V2

Senti4sd 0.37 Lst L-SVM 23
SST-2 0.67 Max MLP 25

DeepSeek
V2

Senti4sd 0.37 Last L-SVM 18
SST-2 0.67 Last NL-SVM 2

CodeGemma
7B

Senti4sd 0.36 Mean L-SVM 27
SST-2 0.67 Last NL-SVM 17

Gemma
7B

Senti4sd 0.37 Last Logstic Reg. 17
SST-2 0.67 Mean L-SVM 9

E Comprehensive Probing Results

Figure 7 and 8 present the probing results for Code-
LLMs and general-purpose LLMs for each layer
on SST-2 dataset, respectively. Figure 9 and 10
present the probing results for Code-LLMs and
general-purpose LLMs for each layer on Senti4SD

dataset, respectively.

9298



(a) CodeLlama 7B - Mean (b) CodeLlama 7B - Last token (c) CodeLlama 7B - Max

(d) CodeGemma 7B - Mean (e) CodeGemma 7B - Last token (f) CodeGemma 7B - Max

(g) DeepSeek-Coder V2 - Mean (h) DeepSeek-Coder V2 - Last token (i) DeepSeek-Coder V2 - Max

(j) Qwen3-Coder Next - Mean (k) Qwen3-Coder Next - Last token (l) Qwen3-Coder Next - Max

(m) Codestral 22B - Mean (n) Codestral 22B - Last token (o) Codestral 22B - Max

Figure 7: Layer-wise probing F1 scores for Code-LLMs on the SST-2 dataset.
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(a) Llama 2 7B - Mean (b) Llama 2 7B - Last token (c) Llama 2 7B - Max

(d) Gemma 7B - Mean (e) Gemma 7B - Last token (f) Gemma 7B - Max

(g) DeepSeek V2 - Mean (h) DeepSeek V2 - Last token (i) DeepSeek V2 - Max

(j) Qwen3 Next - Mean (k) Qwen3 Next - Last token (l) Qwen3 Next - Max

(m) Mistral 7B - Mean (n) Mistral 7B - Last token (o) Mistral 7B - Max

Figure 8: Layer-wise probing F1 scores for general-purpose LLMs on the SST-2 dataset.
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(a) CodeLlama 7B - Mean (b) CodeLlama 7B - Last token (c) CodeLlama 7B - Max

(d) CodeGemma 7B - Mean (e) CodeGemma 7B - Last token (f) CodeGemma 7B - Max

(g) DeepSeek-Coder V2 - Mean (h) DeepSeek-Coder V2 - Last token (i) DeepSeek-Coder V2 - Max

(j) Qwen3-Coder Next - Mean (k) Qwen3-Coder Next - Last token (l) Qwen3-Coder Next - Max

(m) Codestral 22B - Mean (n) Codestral 22B - Last token (o) Codestral 22B - Max

Figure 9: Layer-wise probing F1 scores for Code-LLMs on the Senti4SD dataset.
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(a) Llama 2 7B - Mean (b) Llama 2 7B - Last token (c) Llama 2 7B - Max

(d) Gemma 7B - Mean (e) Gemma 7B - Last token (f) Gemma 7B - Max

(g) DeepSeek V2 - Mean (h) DeepSeek V2 - Last token (i) DeepSeek V2 - Max

(j) Qwen3 Next - Mean (k) Qwen3 Next - Last token (l) Qwen3 Next - Max

(m) Mistral 7B - Mean (n) Mistral 7B - Last token (o) Mistral 7B - Max

Figure 10: Layer-wise probing F1 scores for general-purpose LLMs on the Senti4SD dataset.
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F Steering Setting

Table 10, 11, 12, 13, 14, 15, 16 and 17 show
the steering settings for changing PANAS scores
for each Code-LLM and general-purpose LLMs.
Specifically, we evaluate multiple combinations of
top-k and steering strengths α. For positive steer-
ing, we select the configuration that maximizes the
increase in PA scores while minimizing NA scores.
For negative steering, we select the configuration
that maximizes the increase in NA scores while
minimizing PA scores. The selected configurations
are used for downstream task evaluations.

We further evaluate whether positive and neg-
ative steering produce similar effects on output-
level sentiment tendencies when the PANAS and
HAAS question orders are varied. Table 18 shows
the range of changes in output-level sentiment ten-
dencies across 3 randomly shuffled question orders.
Overall, negative steering tends to increase negative
affect and decrease positive affect across different
question orderings.

Table 10: Steering settings for Code-LLMs using probes
trained on the SST-2 dataset for steering. k denotes the
top layers with the highest probing F1 scores selected
for steering, and α denotes the steering strength.

LLMs Positive Steering
Top-k α ∆PA ∆NA

CodeLlama 7B

3 1 ↑3 ↑2
3 2 ↑6 ↓4
3 3 ↑6 ↓4
3 4 ↑6 ↓4
3 5 ↑2 ↓2
3 6 ↑2 ↓2
3 7 ↑3 ↑8
3 8 ↑1 ↑6
3 9 ↑2 ↑4
3 10 ↓1 ↓2
6 1 ↑6 ↓4
6 2 ↓1 ↑3

CodeGemma 7B

3 0.1 ↓1 0
3 0.2 ↓2 0
3 0.3 ↓1 0
3 0.4 0 ↑2
3 0.5 0 0
3 0.6 ↑2 ↑2
3 0.7 ↓1 ↑1
3 0.8 ↓1 ↑1
6 0.1 ↑3 ↑1
6 0.2 ↑5 0
6 0.3 ↑8 ↑7
6 0.4 ↑2 ↑2
12 0.1 0 ↑2
12 0.2 ↑2 ↑2

DeepSeek-Coder V2
3 1 ↑6 ↑3
3 2 ↑2 ↑6
6 1 ↑4 ↑10

Qwen3-Coder Next
3 1 ↑1 ↑4
3 2 ↑3 ↑6
3 3 ↑2 ↑6
6 1 ↑2 ↑7
6 2 ↑4 ↑15

Codestral 22B

3 1 ↑1 ↑1
3 2 0 ↑1
3 3 0 ↑1
3 4 0 ↑1
3 5 0 ↑1
3 6 0 ↑1
3 7 ↑2 ↑4
3 8 ↑2 ↑5
3 9 ↑2 ↑6
3 10 ↑1 ↑7
6 1 0 0
6 2 ↑2 ↑3
6 3 ↑2 ↑4
6 4 ↑5 ↑19
12 1 0 0
12 2 ↑2 ↑3
12 3 ↑2 ↑4
12 4 ↑7 ↑21
12 5 ↑7 ↑26
24 1 ↑1 ↑1
24 2 ↑7 ↑25
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Table 11: Steering settings for Code-LLMs using probes
trained on the SST-2 dataset for steering. k denotes the
top layers with the highest probing F1 scores selected
for steering, and α denotes the steering strength.

LLMs Negative Steering
Top-k α ∆PA ∆NA

CodeLlama 7B

3 1 ↓3 ↓7
3 2 ↓2 ↓7
3 3 ↓2 ↓8
3 4 ↓1 ↓9
3 5 ↓6 ↓4
3 6 ↓5 ↓4
3 7 ↓6 ↓4

CodeGemma 7B

3 0.1 0 ↑1
3 0.2 0 0
3 0.3 0 0
6 0.1 0 0
6 0.2 0 2

DeepSeek-Coder V2 3 1 ↑3 0
3 2 ↓21 ↓10

Qwen3-Coder Next
3 1 ↓5 ↑1
3 2 ↓20 19
3 3 ↑8 ↓2
3 4 ↑10 ↑10
3 5 ↑12 ↑30
6 1 ↓16 0
6 2 ↓18 ↑19
6 3 ↑8 ↓2

Codestral 22B
3 1 ↓2 ↑1
3 2 ↓4 ↑1
3 3 ↓7 ↑1
3 4 ↓7 ↓3
3 5 ↓14 ↓7
3 6 ↓15 ↓7
3 7 ↓18 ↓5
3 8 ↓10 ↑3
3 9 ↓12 ↑3
3 10 ↓15 ↑6
6 1 ↓4 ↑1
6 2 ↓5 ↓5
6 3 ↓17 ↓8
6 4 ↓21 ↓10
6 5 ↓12 ↑9

Table 12: Steering settings for general-purpose LLMs
using probes trained on the SST-2 dataset for steering.
k denotes the top layers with the highest probing F1
scores selected for steering, and α denotes the steering
strength.

LLMs Positive Steering
Top-k α ∆PA ∆NA

LlaMa 2 7B

3 0.1 ↑7 ↑6
3 0.2 ↑7 ↑6
3 0.3 ↑9 ↑7
3 0.4 ↑8 ↑11
3 0.5 ↑8 ↑11
3 0.6 ↑8 ↑11
3 0.7 ↑13 ↑26

Gemma 2 7B

3 0.1 ↑1 ↑1
3 0.2 ↑2 ↑2
3 0.3 ↑3 ↑4
3 0.4 ↑3 ↑7

DeepSeek V2

3 0.1 0 0
3 0.2 ↑1 ↑2
3 0.3 ↑2 ↑2
3 0.4 ↑2 ↑2
3 0.5 ↑3 ↑2
3 0.6 ↑3 0
6 0.1 ↑2 ↑3

Qwen3 Next 3 1 ↑2 ↑1
3 2 ↑4 ↑38

Mistral 7B

3 0.1 ↑2 ↑2
3 0.2 ↑6 ↑8
3 0.3 ↑3 ↑10
3 0.4 ↑6 ↑10
3 0.5 ↑13 ↑20
6 0.1 ↑7 ↑8
6 0.2 ↑6 ↑8
6 0.3 ↑4 ↑11
12 0.1 ↑10 ↑13
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Table 13: Steering settings for general-purpose LLMs
using probes trained on the SST-2 dataset for steering.
k denotes the top layers with the highest probing F1
scores selected for steering, and α denotes the steering
strength.

LLMs Negative Steering
Top-k α ∆PA ∆NA

LlaMa 2 7B

3 0.1 ↓2 ↓1
3 0.2 ↓2 0
3 0.3 ↓2 ↓1
3 0.4 ↓4 ↑2
3 0.5 ↓5 ↓5
3 0.6 ↓9 ↓6
3 0.7 ↓9 ↓3

Gemma 2 7B
3 0.1 ↓2 ↑1
3 0.2 ↓1 ↑1
3 0.3 ↑1 ↑1

DeepSeek V2
3 1 ↓13 ↑1
3 2 ↓17 ↓4
6 1 ↓15 ↑1

Qwen3 Next 3 1 ↓9 ↑4
3 2 ↓10 ↓3

Mistral 7B

3 0.1 ↓6 ↓2
3 0.2 ↓7 ↓4
3 0.3 ↓5 ↓4
3 0.4 ↓4 ↑5
3 0.5 ↑3 ↑32
6 0.1 ↓2 ↑4
6 0.2 ↓11 ↑2
6 0.3 ↓5 ↑7

Table 14: Steering settings for Code-LLMs using probes
trained on the Senti4sd dataset for steering. k denotes
the top layers with the highest probing F1 scores se-
lected for steering, and α denotes the steering strength.

LLMs Positive Steering
Top-k α ∆PA ∆NA

CodeLlama 7B
3 1 ↑5 ↑4
3 2 ↑6 ↑6
6 1 ↑3 ↑4

CodeGemma 7B 3 0.1 0 ↑2
3 0.2 0 ↓1

DeepSeek-Coder V2 3 1 0 ↑1
3 2 ↑1 ↑1

Qwen3-Coder Next

3 0.1 ↑7 ↑2
3 0.2 0 0
3 0.3 0 0
3 0.4 ↑9 ↑27
6 0.1 ↑2 ↑4

Codestral 22B

3 0.1 ↓1 ↑1
3 0.2 0 ↑4
3 0.3 0 0
6 0.1 0 ↑3

Table 15: Steering settings for Code-LLMs using probes
trained on the Senti4sd dataset for steering. k denotes
the top layers with the highest probing F1 scores se-
lected for steering, and α denotes the steering strength.

LLMs Negative Steering
Top-k α ∆PA ∆NA

CodeLlama 7B

3 0.1 0 0
3 0.2 0 0
3 0.3 0 0
3 0.4 0 ↑1

CodeGemma 7B

3 0.1 0 ↑2
3 0.2 0 ↑1
3 0.3 ↑4 ↑1
3 0.4 ↑5 ↓1
6 0.1 ↑2 ↓1
6 0.2 ↑1 ↑3
6 0.3 ↑3 ↑3

DeepSeek-Coder V2

3 0.1 ↓6 ↑6
3 0.2 ↓7 ↑11
3 0.3 ↓7 ↑6
3 0.4 ↑4 ↑2

Qwen3-Coder Next

3 0.1 0 ↑1
3 0.2 0 ↑1
3 0.3 ↓3 ↑5
3 0.4 ↓1 ↑2

Codestral 22B

3 0.1 ↓1 ↑1
3 0.2 ↓3 ↑3
3 0.3 ↓5 ↑4
3 0.4 ↓2 ↑4
6 0.1 ↓1 ↑2
6 0.2 ↑2 ↑5
6 0.3 0 ↑1
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Table 16: Steering settings for general-purpose LLMs
using probes trained on the Senti4sd dataset for steering.
k denotes the top layers with the highest probing F1
scores selected for steering, and α denotes the steering
strength.

LLMs Positive Steering
Top-k α ∆PA ∆NA

LlaMa 2 7B

3 0.1 ↓2 0
3 0.2 ↑2 ↑5
3 0.3 ↓5 ↓2
3 0.4 ↑2 ↑5
3 0.5 ↑2 ↑5

Gemma 2 7B
3 0.1 ↑4 ↓1
3 0.2 ↓1 ↓7
3 0.3 ↑1 ↑4

DeepSeek V2

3 0.1 0 0
3 0.2 ↑10 ↑8
3 0.3 ↑8 ↑1
3 0.4 ↑9 ↑1
3 0.5 ↑9 ↓1
3 0.6 ↑9 ↓1
3 0.7 ↑12 ↑4
3 0.8 ↑12 ↑4
3 0.9 ↑12 ↑2

Qwen3 Next
3 0.1 0 ↑22
3 0.2 0 ↑4
3 0.3 0 ↑1

Mistral 7B 3 0.1 ↓2 ↓3
3 0.2 0 ↓4
3 0.3 ↓5 ↓12

Table 17: Steering settings for general-purpose LLMs
using probes trained on the Senti4sd dataset for steering.
k denotes the top layers with the highest probing F1
scores selected for steering, and α denotes the steering
strength.

LLMs Negative Steering
Top-k α ∆PA ∆NA

LlaMa 2 7B
3 0.1 ↓15 ↑5
3 0.2 ↓11 ↑10
3 0.3 ↑1 ↑5

Gemma 2 7B 3 0.1 ↑2 ↓2
3 0.2 ↑2 0

DeepSeek V2

3 0.1 0 0
3 0.2 0 0
3 0.3 0 0
3 0.4 0 0
3 0.5 0 ↑1
3 0.6 ↑3 ↓1

Qwen3 Next

3 0.1 ↓4 ↑23
3 0.2 ↓12 ↑4
3 0.3 ↓4 ↑1
3 0.4 ↓6 ↓2

Mistral 7B
3 0.1 ↓16 ↑3
3 0.2 ↓8 0
3 0.3 ↓9 ↓4
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Table 18: Output-level sentiment tendencies of LLMs after positive or negative steering using SST-2-trained probes
are measured by PANAS and HAAS. Results are reported under 3 randomly shuffled question orders. Values
in square brackets indicate the minimum-to-maximum range of changes across these 3 runs. HAAS values are
formatted as High / Low.

LLMs
Positive Steering Negative Steering

PANAS HAAS PANAS HAAS

PA NA Pos (H/L) Neg (H/L) PA NA Pos (H/L) Neg (H/L)

CodeLlama 7B [↓ 3,↑ 13] [↓13,↑10] [↓2,↑4]/ [↓1,↑4] [↓7,↑5] /[↓9,↑3] [↓17,↑1] [↓10,↑6] [↓5,↑1]/[↓6,↑3] [↓3,↑4] /[↓3,↑5]
CodeGemma 7B [↓3,↑9] [↓5,↓2] [↓3,↑9] / [↓3,↑8] [0,↑3] / [↓3,↑5] [↓5,↓4] [↑5,↑6] [↓6,↓2]/ [0,↑4] [0, ↑ 7]/ [0, ↑ 6]
DeepSeek-Coder V2 [0,↑ 9] [↓5, ↑7] [↓1,↑ 4]/ [↓2,↑6] [↓2,↑4] / [↓2,↑2] [↓24,↓7] [↓12,↑7] [↓7,↑1]/[↓6,↑2] [↓4,↑8] / [↓3,↑6]
Qwen3-Coder Next [0,↑3] [0,↑6] [↓1,↑4]/[0,↑3] [↑1,↑3]/[0,↑3] [↓12,↓6] [0,↑1] [↓8,↓3]/[↓6,↓4] [0,↑1]/[↑3,↑6]
Codestral 22B [↓4,↑3] [↓4,↑6] [↓3,↑5]/ [↓2,↑1] [↓2]/ [↓3,↑2] [↓22,↓8] [↑4,↑8] [↓6,0] [↓2,↑5] [↓2,1]/[↓2,↑8]

LlaMa2 7B [0,↑ 5] [0,↑7] [↓3,↑2] / [↓3,↑3] [0,0]/ [↓4,↑3] [↓23,↓14] [↓3,↑5] [↓7,0]/[↓7,0] [0,0] /[0,↑1]
Gemma 7B [↓2,↑] [↓8,↓2] [↓3,↑4] / [↓3,↑3] [↓1,↑3] / [↓2,↑2] [↓1,↑3] [↓4,↓3] [↓4,↑2]/[↓2,↑3] [↓1,↑3]/[↓1,↑3]
DeepSeek V2 [↑1,↑10] [↓2,↑7] [↓1,↑3] / [↓2,↑6] [0,↑4]/ [↓1,↑2] [↓19,↓14] [↓1,↑2] [↓4,↓3]/[↓5,↑2] [↓4,↑8] / [↓4,↑6]
Qwen3 Next [↑2,↑6] [↓1,↑3] [0,↑3]/ [0,↑3] [↓1,↑3] /[↓1,↑3] [↓30,↓24] [↓5,↓4] [↓5,↓2]/[↓5,↓1] [↓4,↓2]/[↓4,↓1]
Mistral 7B [↑1,↑7] [↓4,↑7] [↓8,↑5]/ [0,↑5] [0,↑1] / [↓4,↑2] [↓8,↑4] [↑8,↑14] [↓6,↓2]/[↓4,↓3] [0,↑3]/[↓3,↓1]

G Qualitative Analysis of Code
Generation Failures

We randomly sample failed code generation cases
and summarize the distribution of failure reasons,
as shown in Table 19. Under negative steering,
apologetic responses and meaningless hesitant com-
ments account for 14% of the outputs. Such outputs
do not appear under positive steering or the default
setting. Under positive steering, over-explanation
accounts for 36% of the errors, while the propor-
tions under the default and negative settings are
both below 30%. Figure 11 shows three examples
of code generation failure . In example 1, the LLM
responded that it could not produce a solution and
suggested that the user search elsewhere for a solu-
tion, while in example 2, the LLM responded that it
needs a more complete code structure. Example 3,
on the other hand, shows a tutorial style description
instead of generating the code.

Table 19: Distribution of code generation errors.

Error Type Default Positive Negative

Syntax errors 8% 13% 18%
Logic bugs 65% 51% 42%
Over-explanation 27% 36% 26%
Apologize/ Refusal / Hesitation 0% 0% 14%

H Perplexity Results

Table 20 shows the results of perplexity before and
under positive or negative steering.

Figure 11: Qualitative examples of reasons for code
generation failures.
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Table 20: Comparison of LLM perplexity before and
after sentiment steering.

LLMs Default Positive Steering Negative Steering

CodeLlama 7B 1.1 1.2 1.2
CodeGemma 7B 1.2 1.2 1.2
DeepSeek-Coder V2 1.0 1.0 1.0
Qwen3-Coder Next 1.1 1.1 1.1
Codestral 22B 1.1 1.1 1.2

LlaMa2 7B 1.1 1.1 1.2
Gemma 7B 1.1 1.1 1.1
DeepSeek V2 1.1 1.2 1.2
Qwen3 Next 1.0 1.0 1.0
Mistral 7B 1.2 1.2 1.3

I Magnitude Ablation on Downstream
task

Table 21 shows the effect of different α values
on code generation under negative steering, us-
ing HumanEval as an example. It exhibits a
dose–response pattern: as α increases, sentiment
characteristics change more strongly, accompanied
by progressively larger effects on downstream per-
formance.

Table 21: Effect of different α values on code generation
under negative steering, evaluated on HumanEval.

LLMs α Pass@1 Pass@5 Pass@10

CodeLlama 7B

0 0.364 0.429 0.445
0.5 0.364 0.429 0.445
1 0.324 0.418 0.433
5 0.271 0.345 0.372
10 0.01 0.028 0.037

CodeGemma 7B

0 0.488 0.679 0.732
0.05 0.503 0.685 0.732
0.1 0.495 0.685 0.732
0.5 0.489 0.649 0.689
1 0.430 0.626 0.671

DeepSeek-Coder V2

0 0.798 0.817 0.823
0.5 0.770 0.797 0.805
1 0.733 0.766 0.774
5 - - -
10 - - -

Qwen3-Coder Next

0 0.905 0.93 0.939
0.5 0.907 0.929 0.939
1 0.901 0.921 0.927
5 - - -
10 - - -

Codestral 22B

0 0.754 0.8 0.811
0.5 0.759 0.804 0.817
1 0.753 0.793 0.802
5 0.693 0.763 0.80
10 0.406 0.477 0.512

LlaMa2 7B

0 0.493 0.579 0.61
0.05 0.487 0.576 0.604
0.1 0.484 0.574 0.598
0.5 0.422 0.522 0.555
1 0.217 0.296 0.323

Gemma 7B

0 0.202 0.255 0.268
0.05 0.199 0.253 0.262
0.1 0.204 0.250 0.256
0.5 0.045 0.068 0.079
1 - - -

DeepSeek V2

0 0.468 0.555 0.579
0.05 0.465 0.555 0.573
0.1 0.459 0.555 0.579
0.5 0.428 0.545 0.567
1 0.353 0.429 0.463

Qwen3 Next

0 0.941 0.950 0.951
0.5 0.942 0.945 0.945
1 0.938 0.947 0.951
5 0.918 0.926 0.927
10 0.687 0.727 0.732

Mistral 7B

0 0.345 0.417 0.451
0.05 0.325 0.397 0.427
0.1 0.332 0.392 0.409
0.5 0.041 0.058 0.067
1 - - -
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J Random Steering Baseline

In order to distinguish sentiment-related steering ef-
fects from generic activation perturbations, we use
a random vector for steering as a control baseline.

Tables 22 and 23 show the sentiment changes
measured by PANAS and HAAS when using ran-
dom vectors to steer LLMs. Table 24 shows the
multi-random-vector controls using seeds (0-9).
These results show that random steering can affect
Pass@k, but its degradation is generally smaller
and less systematic than sentiment-aligned negative
steering. This supports a more careful and empiri-
cally grounded conclusion. Figures 12, 13 and 14
shows code generation and code summarization re-
sults under random-vector steering. Compared with
sentiment steering, the effects of random-vector
steering are negligible.

Table 25 shows the results of perplexity before
and under random vector steering.
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Table 22: PANAS-measured output-level sentiment tendencies of LLMs after positive or negative steering using
random vector.

LLMs Default Positive Steering Negative Steering
PA NA Pattern PA NA Pattern PA NA Pattern

CodeLlama 7B 37 33 H-PA/H-NA 38 (↑ 1) 32 (↓ 1) H-PA/H-NA 40 (↑ 3) 34 (↑ 1) H-PA/H-NA
CodeGemma 7B 39 13 H-PA/L-NA 38 (↓ 1) 13 (0) H-PA/L-NA 38 (↓ 1) 14 (↑ 1) H-PA/L-NA
DeepSeek-Coder V2 40 24 H-PA/H-NA 40 (0) 25 (↑ 1) H-PA/H-NA 40 (0) 25 (↑ 1) H-PA/H-NA
Qwen3-Coder Next 38 12 H-PA/L-NA 38 (0) 13 (↑ 1) H-PA/L-NA 39 (↑ 1) 15 (↑ 3) H-PA/L-NA
Codestral 22B 43 20 H-PA/H-NA 40 (↓ 3) 18 (↓ 2) H-PA/L-NA 40 (↓ 3) 18 (↓ 2) H-PA/L-NA

LlaMa2 7B 34 21 L-PA/H-NA 32 (↓ 2 ) 23 (↑ 2) L-PA/H-NA 33 (↓ 1) 24 (↑ 3) L-PA/H-NA
Gemma 7B 29 17 L-PA/L-NA 28 (↓ 1) 18 (↑ 1) L-PA/L-NA 28 (↓ 1) 18 (↑ 1) L-PA/L-NA
DeepSeek V2 30 18 L-PA/L-NA 25 (↑ 5) 16 (↓ 2) L-PA/L-NA 25 (↑ 5) 16 (↓ 2) L-PA/L-NA
Qwen3 Next 46 13 H-PA/L-NA 46 (↓ 1) 14 (↑ 1) H-PA/L-NA 45 (↓ 1) 5 (↑ 2) H-PA/L-NA
Mistral 7B 36 18 H-PA/L-NA 37 (↑ 1) 19 (↑ 1) H-PA/H-NA 37 (↑ 1) 19 (↑ 1) H-PA/H-NA

Table 23: HAAS-measured output-level sentiment tendencies of LLMs after positive or negative steering using
random vector.

LLMs Default Positive Steering Negative Steering
Pos High Pos Low Neg High Neg Low Pos High Pos Low Neg High Neg Low Pos High Pos Low Neg High Neg Low

CodeLlama 7B 9 6 6 6 9 (0) 6 (0) 6 (0) 6 (0) 9 (0) 6 (0) 6 (0) 6 (0)
CodeGemma 7B 9 2 3 6 6 (↓ 3) 3 (↑ 1) 1 (↓ 2) 6 (0) 9 (0) 3 (↑ 1) 2 (↓ 1) 6 (0)
DeepSeek-Coder V2 4 4 2 1 4 (0) 4 (0) 0 (↓ 4) 1 (0) 4 (0) 4 (0) 0 (↓ 4) 1 (0)
Qwen3-Coder Next 12 10 4 6 10 (↓ 2) 9 (↓ 1) 3 (↓ 1) 5 (↓ 1) 10 (↓ 2) 9 (↓ 1) 3 (↓ 1) 5 (↓ 1)
Codestral 22B 6 9 3 4 6 (0) 10 (↑ 1) 2 (↓ 1) 4 (0) 6 (0) 8 (↓ 1) 2 (↓ 1) 4 (0)

LlaMa2 7B 4 5 3 5 4 (0) 5 (0) 3 (0) 5 (0) 6 (↑ 2) 6 (↑ 1) 3 (0) 5 (0)
Gemma 7B 6 10 1 10 6 (0) 9 (↓ 1) 1 (0) 9 (↓ 3) 6 (0) 9 (↓ 1) 1 (0) 9 (↓ 1))
DeepSeek V2 8 7 2 1 7 (↓ 1) 7 (0) 2 (0) 2 (↑ 1) 7 (↓ 1) 8 (↑ 1) 2 (0) 3 (↑ 2)
Qwen3 Next 11 10 4 6 8 (↓ 3) 10 (0) 1 (↓ 3) 3 (↓ 3) 8 (↓ 3) 10 (0) 1 (↓ 3) 3 (↓ 3)
Mistral 7B 7 12 3 4 7 (0) 11 (↓ 1) 3 (0) 6 (↑ 2) 7 (0) 11 (↓ 1) 3 (0) 6 (↑ 2)

Table 24: Steering performance on HumanEval under
multi-random-vector controls using seeds 0–9. Rand
Pos represents random positive steering, while Rand
Neg represents random negative steering. Pass@k
shows the mean result across random seeds, with stan-
dard deviations.

LLMs Setting Pass@1 Pass@5 Pass@10

CodeLlama 7B
Rand Pos 37% ± 1% 43% ± 2% 45% ± 2%
Rand Neg 28% ± 3% 37% ± 4% 40% ± 6%

CodeGemma 7B
Rand Pos 49% ± 1% 67% ± 2% 72% ± 2%
Rand Neg 49% ± 1% 67% ± 2% 72% ± 2%

DeepSeek-Coder V2
Rand Pos 78% ± 2% 80% ± 2% 81% ± 2%
Rand Neg 78% ± 2% 80% ± 2% 81% ± 2%

Qwen3-Coder Next
Rand Pos 91% ± 0% 93% ± 0% 93% ± 1%
Rand Neg 90% ± 1% 93% ± 1% 93% ± 1%

Codestral 22B
Rand Pos 76% ± 1% 81% ± 1% 82% ± 1%
Rand Neg 67% ± 3% 73% ± 4% 75% ± 4%

LlaMa2 7B
Rand Pos 48% ± 1% 57% ± 1% 60% ± 1%
Rand Neg 41% ± 2% 50% ± 3% 53% ± 3%

Gemma 7B
Rand Pos 20% ± 1% 25% ± 1% 26% ± 2%
Rand Neg 20% ± 1% 24% ± 1% 26% ± 2%

DeepSeek V2
Rand Pos 47% ± 1% 55% ± 1% 58% ± 2%
Rand Neg 45% ± 2% 54% ± 2% 57% ± 2%

Qwen3 Next
Rand Pos 93% ± 1% 93% ± 1% 94% ± 1%
Rand Neg 93% ± 1% 94% ± 1% 94% ± 1%

Mistral 7B
Rand Pos 35% ± 1% 41% ± 2% 44% ± 2%
Rand Neg 16% ± 1% 20% ± 1% 21% ± 2%

Table 25: Comparison of LLM perplexity before and
after random steering.

LLMs Default Positive Steering Negative Steering

CodeLlama 7B 1.1 1.1 1.2
CodeGemma 7B 1.2 1.2 1.2
DeepSeek-Coder V2 1.0 1.0 1.0
Qwen3-Coder Next 1.1 1.1 1.1
Codestral 22B 1.1 1.1 1.1

LlaMa2 7B 1.1 1.1 1.1
Gemma 7B 1.1 1.1 1.1
DeepSeek V2 1.1 1.1 1.2
Qwen3 Next 1.0 1.0 1.0
Mistral 7B 1.2 1.1 1.2
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Figure 12: Positive and negative steering effects on Code-LLM code generation performance. The three main
columns report Pass@1 (%), Pass@5 (%), and Pass@10 (%). For each LLM, four rows are presented: Pos and Neg
show the effects of positive and negative steering, respectively, while Rand Pos and Rand Neg show the effects of
random positive and negative steering using seed 42. Red indicates a positive effect on code generation performance,
while blue indicates a negative effect. H denotes the HumanEval dataset, H+ denotes HumanEval+, M denotes
MBPP, M+ denotes MBPP+, and Live denotes LiveCodeBench.
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Figure 13: Positive and negative steering effects on general-purpose LLM code generation performance. The three
main columns report Pass@1 (%), Pass@5 (%), and Pass@10 (%). For each LLM, four rows are presented: Pos and
Neg show the effects of positive and negative steering, respectively, while Rand Pos and Rand Neg show the effects
of random positive and negative steering. Red indicates a positive effect on code generation performance, while
blue indicates a negative effect. H denotes the HumanEval dataset, H+ denotes HumanEval+, M denotes MBPP, M+
denotes MBPP+, and Live denotes LiveCodeBench.
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Figure 14: Positive and negative steering effects on LLM code summarization performance.
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K Risk Assessment in the Sentiment
Dataset

To minimize potential risks associated with offen-
sive content, we used publicly available sentiment
datasets whose original papers did not report the
presence of offensive or abusive language. In ad-
dition, we manually inspected a random sample
of 500 instances labeled as negative and did not
identify explicit offensive words in the sampled
data. However, since only a subset of the dataset
was examined, we cannot fully exclude the possi-
bility that some offensive expressions may exist in
unsampled instances.
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