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Abstract
Recent controllable text generation (CTG)
for sentiment control has largely focused on
decoder-based large language models, making
causal attention the dominant paradigm. While
effective for fluent generation, these models
still struggle to satisfy complex constraints and
follow fine-grained sentiment signals specified
by users. Existing sentiment-aware CTG meth-
ods typically simplify the problem by treating
sentiment either as a coarse categorical label
(e.g., positive or negative) or as a single fine-
grained control signal applied to an entire docu-
ment. Consequently, more challenging settings
such as sentence-level sentiment control within
long-form text remain underexplored. To ad-
dress these limitations, we introduce SENSE-
SHIFT, an encoder-based framework for fine-
grained sentence-level CTG. Unlike standard
decoder architectures, SENSESHIFT leverages
bidirectional attention, quantized sentiment sig-
nals, and iterative mask infilling to generate
local sentences conditioned on target senti-
ment intensity. Empirical evaluations on story
and review generation demonstrate that SENSE-
SHIFT achieves stronger sentiment controllabil-
ity while maintaining text quality and robust-
ness to out-of-domain generation compared to
larger decoder-based baselines. 1

1 Introduction

Controllable Text Generation (CTG) aims to steer
generated text toward desired attributes specified
using external conditions (Zhang et al., 2023).
In sentiment-aware CTG, the goal is to regulate
the emotional tone of text based on users de-
sire (Lorandi and Belz, 2023). Prior works in-
vestigated categorical sentiment control for de-
sired segments (Yuan et al., 2022; Liang et al.,
2024) and fine-grained sentiment control of full-

1The source code for experimental setup and training is
available at https://github.com/ShawMask/SenseShift,
and the model checkpoints for inference can be found at
https://huggingface.co/shawhed/SenseShift-large.

document (Luo et al., 2019b; Tang and Wu,
2021). These works predominately rely on decoder
LLMs (Yang et al., 2024), making causal attention
a default paradigm for sentiment-aware CTG. We
argue that this choice of architecture is not best
fit for scenarios where users wish to rewrite sen-
tences of a document with a desired fine-grained
sentiment value, an area still underexplored.

Recent studies show that decoder-only architec-
tures are fundamentally constrained by their unidi-
rectional information flow (Kopiczko et al., 2025).
Moreover, CTG via prompting requires precise task
definition which often result in unstable or weakly
controlled outputs, especially under ambiguous or
subtle sentiment targets (Labroo et al., 2026; La-
ban et al., 2025; Zhao et al., 2021). In particular,
controlling sentiment intensity even as categori-
cal attribute (e.g., happy vs very happy) remains
challenging for prompting-based approaches. We
provide empirical evidence for this limitation in
our task setting in Appendix A.1.

To address these limitations, we introduce SENSE-
SHIFT, a novel encoder framework for fine-
grained sentiment-aware in-text generation. Un-
like decoder-based approaches that rely on causal
attention and generate strictly left-to-right, SENSE-
SHIFT leverages bidirectional attention together
with iterative mask infilling. This enables in-text
generation conditioned jointly on prior and poste-
rior context, so that generated sentences integrate
more naturally with the surrounding text. SENSE-
SHIFT consists of three stages: automatic sentiment
signal construction and quantization, control-aware
MLM fine-tuning, and iterative mask infilling at in-
ference. Together, these enable fine-grained manip-
ulation of sentiment in arbitrary sentences within
a long text. Figure 1 illustrates how SENSESHIFT

generation differs from decoder prompting.2

2Qualitative examples of text modified with SENSESHIFT
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SenseShift (Ours)

You are a helpful text editing system. Consider that every sentence 

has a sentiment where -1 is the most negative and 1 is the most 

positive sentiment. Given this text: ” The food was great.

The light was bad. The waiting time was horrible.” Rewrite “The light 

was bad.” to have a sentiment value of 0.5 but still make sense to 

overall text. Write only the sentence and nothing else. Output:

PROMPTING
Step-1: place Sentiment Tokens Step-1: Prepare a detailed prompt

Task
User Text: 

The food was great. The light was 

bad. The waiting time was horrible.

a. Rewrite the highlighted text

b. To have a sentiment value of (0.5)

[0.6] The food was great. [0.5] [MASK] [-0.9] The waiting 

time was horrible.

Step-2: Iterative Mask infilling with Bidirectional Attention

Step-2: Next token prediction using Causal Attention
Sentence 1 . [MASK][0.8] [0.5] [-0.9] Sentence 3 .

[Next Token]Tokenized Full Prompt Output :
Punctuation?

EOS TOKEN

No

Yes

The food was great. The service was amazing. The waiting time was horrible. The food was great. The dessert was delightful. The waiting time was horrible.

Final Text: Final Text:

Figure 1: SENSESHIFT VS decoder-based prompting for sentiment CTG. Based on a given text, target sentence and
sentiment, SENSESHIFT places sentiment tokens before each sentence. encoder-architecture allows SENSESHIFT to
predict masked tokens attending to each target sentiment while distinguishing prior context from posterior.

We instantiate SENSESHIFT on MODERN-
BERT (Warner et al., 2025) base and large
substantially smaller than the decoder baselines.
Through training and evaluation on review and
story-writing datasets we demonstrate empirically
that SENSESHIFT consistently outperforms
decoder-based baselines including prompting,
activation steering, and instruction tuned models
many times its size on sentiment control while
maintaining fluency and contextual fit. Human
evaluation confirms this: annotators judge
SENSESHIFT outputs slightly more fit to context
compared to a larger decoder baseline model
while also preferring SENSESHIFT for sentiment
alignment. Together, these findings suggest
that encoder-based generation is an effective
and competitive alternative to autoregressive
decoding for fine-grained sentiment-aware in-text
generation.

2 Related Work

Early approaches to sentiment and style control
used latent-variable or recurrent formulations to
inject attribute information during generation (Hu
et al., 2017; Peng et al., 2018). These works assume
that sentiment is a categorical label and steer gener-
ation toward those classes, for tasks such as poetry
generation (Shao et al., 2021), multi-aspect con-
trol over sentiment and topic (Ding et al., 2023),
reinforcement-style unlearning (Lu et al., 2022),
and contrastive prefix methods (Qian et al., 2022;
Zheng et al., 2023). Decoding-time steering meth-

can be found in Figures 6 and 7.

ods (Pascual et al., 2021; Krause et al., 2021; Liu
et al., 2021; Yang and Klein, 2021) and supervised
fine-tuning approaches (Yang et al., 2024; Żal et al.,
2024) share the same coarse-grained, document-
level limitation. Across all these lines, sentiment
is treated as a polarity signal and control operates
over full sequences.

A smaller body of work has explored fine-grained
control signals, including early work on con-
trolling gender information within encoders for
fairness (Masoudian et al., 2024) using gated
adapters. Subsequent works in decoder-based gen-
eration focuse on fine-grained sentiment transfer
via Gaussian kernel conditioning on standalone
sentences (Luo et al., 2019b), scorer-based un-
supervised control (Jain et al., 2019), emotional
control in story generation via decoder-side guid-
ance (Wang et al., 2022), and continuous interpola-
tion mechanisms (Kangaslahti and Alvarez-Melis,
2024; Samuel et al., 2025). These methods target
sentiment granularity but operate at the document
level (i.e., ignoring sentiment dynamics).

The works structurally most similar to ours in-
troduce positional awareness into CTG. Story-
ending control uses fine-grained sentiment and
Gaussian kernel conditioning to guide only the
concluding segment of stories (Luo et al., 2019a).
Other methods use conditional variational auto-
encoder, aspect-level disentanglement, hierarchical
templates, and dynamic attribute graphs to control
sentiment of parts of a text (Qiao et al., 2020; Yuan
et al., 2022; Nawezi et al., 2023; Liang et al., 2024).
These works demonstrate the value of structural



awareness but use categorical sentiment and do not
move beyond decoder-based architecture.

From an architectural perspective, SENSESHIFT

is most closely related to the text infilling
paradigm (Donahue et al., 2020). Unlike their
work, which fine-tunes a decoder model on masked
text without attribute signal, SENSESHIFT lever-
ages the encoder that attends jointly to both sur-
rounding context and a quantized sentiment inten-
sity signal before generating the target sentence.

3 Methodology

We aim to have sentence-level and fine-grained con-
trol over the sentiment of generated text which is
particularly suitable for encoders. Their bidirec-
tional attention and masked token prediction allow
them to generate within a long context, a special
feature that autoregressive decoders do not inher-
ently have (Kopiczko et al., 2025). SENSESHIFT

achieves this goal using the following steps:

3.1 Automatic Sentiment Signal Construction
and Quantization

First key obstacle for fine-grained sentiment con-
trol is the lack of high-quality labeled sentence-
level sentiment in long-form corpora, which can
be used to train the models. We automatically de-
rive sentiment scores using VADER (Hutto and
Gilbert, 2014) as done in prior works (Konen et al.,
2024) with one major difference: We extract the
sentiment scores per sentence. We chose VADER
over more accurate but slower alternatives such
as RoBERTa (Barbieri et al., 2020) because it is
fast, deterministic, and derived from human an-
notation, making it practical for large-scale pre-
processing and online inference without adding
additional complexity, parameters, and latency.

Given a document D segmented into m sentences
D = {s1, s2, . . . , sm}, we compute for each sen-
tence si the sentiment score vi ∈ [−1, 1]. Scores
are then quantized to a discrete control grid with
step size

δ = 0.1 : σsi = round
(vi
δ

)
· δ

Each quantized value is mapped to a unique sen-
timent token [σsi ] and placed at the beginning of
its respective sentence. This converts unlabeled
document into sentence-level controllable training
data, providing the model with local sentiment in-

tensity signals rather than a single document-level
sentiment.

3.2 Control-Aware MLM Fine-Tuning

Training SENSESHIFT is standard Mask Language
Modeling (MLM) under two control-aware mod-
ifications. First, sentiment tokens [σsi ] are never
masked and remain visible throughout training as
persistent conditioning anchors.3 Second, we in-
crease the masking ratio to 40%, to encourage
stronger dependence on both surrounding context
and sentiment anchors when reconstructing masked
content rather than relying on local co-occurrence
patterns.

3.3 Iterative Mask Infilling

Predicting all masked tokens in parallel often
results in repetitive and incoherent generations,
since top token probabilities are predicted inde-
pendently without sequence-level awareness (see
Appendix A.3). To address this, we mimic iterative
generation and beam search generation of decoders
and implement a simplified iterative mask infill-
ing approach (Wu et al., 2016; Vijayakumar et al.,
2016) inspired by prior works.

During generation, the original sentiment token
of a target sentence [σsi ] is replaced with a user-
defined target sentiment [σ′

si ]. The target sentence
si is fully corrupted with [MASK] token, produc-
ing a masked input X ′

masked. Starting from the first
masked position after the sentiment token, SENSE-
SHIFT predicts one token at a time. At each step t,
the model computes a probability distribution over
the vocabulary given the current context Zt, which
includes the surrounding document, previously pre-
dicted tokens, and the target sentiment signal:

P (· | Zt) = Softmax
(
fθ(Zt)

τ

)
where fθ(Zt) is the model’s logit vector and τ is
a temperature parameter controlling output sharp-
ness.

Beam Search and Scoring. To explore the high-
probability candidate space, we maintain B active
beams from the top-k tokens. Candidates are eval-
uated using a length-normalized log-probability

3Initial experiments revealed that when sentiment tokens
are trainable, overall performance degrades, as the model
tends to reproduce them rather than using them as generation
constraints.



score to prevent bias toward shorter completions:

S =
1

LP(n)

n∑
t=1

logP (wt | Zt)

where LP(n) = (5+n)α

(5+1)α . Here n is the number
of predicted tokens, α is the length penalty hy-
perparameter, and 5 is a smoothing constant fol-
lowing Wu et al. (2016). To prevent beams from
collapsing into repetitive outputs, we apply a di-
versity penalty γ that discourages multiple beams
from selecting the same token. Formally, when
scoring token w for beam b, we count how many
higher-ranked beams b′ < b have already selected
w at the current step and penalize accordingly:

Sfinal = S − γ ·
∑
b′<b

1[wb′ = w]

.

A beam is marked complete when the predicted
token belongs to the terminal punctuation set,4 at
which point any remaining [MASK] tokens in that
beam are replaced with [PAD] tokens. Generation
is also capped at a maximum of 30 tokens to pre-
vent degenerate outputs.5 The resulting sentence
s′i is conditioned on the surrounding bidirectional
context D\{si}, the neighboring sentiment signals,
and the target constraint σ′

si .

4 Experimental Setup

We deployed SENSESHIFT on MODERN-
BERT (Warner et al., 2025) in two sizes namely
MODERNBERT-E-0.15B (base, 149M parame-
ters and MODERNBERT-E-0.4B (large, 395M
parameters), a pre-trained bidirectional encoder we
preferred over predecessors such as BERT (Devlin
et al., 2019) and RoBERTa (Liu et al., 2019) due
to its significantly higher contextual length and
modernized training recipe. Regardless, SENSE-
SHIFT framework is considered independent of
model and can be deployed on any other encoder
model with Masked Language Modeling. For
evaluation we compared SENSESHIFT across
three baseline categories: prompting, activation
steering, and fine-tuning methods, all of which
we introduce in detail in the following. To assess
our method, we train and evaluate on two distinct
datasets, measuring both in-domain performance

4Punctuation tokes are {. , ; , ! , ?}.
5This threshold can alternatively be set to the original

sentence length to enforce length-matched generation.

and out-of-domain (OOD) performance. The
latter specifically checks for robustness and is
relevant for prompting, which by nature operates
domain-agnostic. Our dataset selection ensures
that both text structure and sentiment dynamics
vary throughout the text.

TinyStories (Eldan and Li, 2023) is a corpus of
∼4.5M short stories generated by GPT-3.5/4.0. The
stories are two to three paragraph while including
various arcs (e.g., bad ending, inclusion of a twist,
dialogues) resulting in sentiment changes.

Yelp Reviews (Zhang et al., 2015) ∼300K samples
of human-written reviews spanning multiple ser-
vice domains with user ratings. We discard user
ratings and capture sentence-level sentiments (e.g.,
praising food quality while criticizing service) us-
ing the approach described in Section 3.1.

We remove formatting artifacts, discard single-
sentence documents, and exclude texts exceeding
500 words, allowing high-quality, structurally com-
plete data. From each dataset, 2000 samples are
held out as test sets, unseen during training/vali-
dation. SENSESHIFT is trained/validated indepen-
dently on each dataset but tested on both. Train-
ing hyperparameters, sentiment distribution and
datasets statistics, are reported in Appendix A.2.3.

4.1 Baselines

We compare SENSESHIFT against four control-
lable generation paradigms, covering the main fam-
ilies of LLM-based sentiment control. Baselines
include open-weight models: MODERNBERT-D-
28M (28M)6, LLaMA Instruct (3.2-3B, 3.1-8B),
Gemma2 Instruct (2B, 9B), Qwen 3 Reasoning
(32B), and OSS model (20B, 120B), as well as a
closed-source GPT4O-MINI. Due to GPU memory
constraints models up to 3 billion parameters were
trained for all controlling methods while larger
models are only controlled using zero-shot prompt-
ing. Details of prompts and instructions can be
found in Section A.2.1. The sentiment controlling
methods are as follow:

Prompting. We asked models to replace a ran-
domly selected sentence with one sentence match-
ing a numerically specified target sentiment.

Instruction Tuning. Fine-tunes decoder models
specifically for sentence generation given a target

6A small version of MODERNBERT architecture trained
from scratch for next token prediction with causal attention.



sentiment score. Models are trained to replace a
[Missing-Sentence] with a substitute.

Token Instruction Tuning. Extends instruction
tuning with the quantized sentiment tokens from
SENSESHIFT (Section 3), conditioning generation
on the target sentiment at inference. This decoder
baseline shares SENSESHIFT’s sentiment represen-
tation, isolating the effect of bidirectional infilling.

Activation Steering. Identifies and steers the acti-
vation vectors of models without training, follow-
ing Rimsky et al. (2024). During decoding, inter-
nal activations are steered along a sentiment axis
learned from contrastive sentence pairs, to control
generated output without fine-tuning. Full imple-
mentation details are provided in Appendix A.2.2.

4.2 Evaluation Metrics
We utilize standardized evaluation protocol applied
identically to all baselines and SENSESHIFT. For
each document, we randomly select a sentence and
assign it a random target sentiment. Models then
generate the sentence conditioned on the target.
All generated outputs are scored using VADER,
the same sentiment analyzer used for training of
all baselines, ensuring a consistent and unbiased
comparison across baselines (except for zero-shot
prompting). Our metrics capture two key aspects:
(1) adherence to the target sentiment signal, and (2)
fluency and fitness of the generated sentence with
its surrounding context.

Delta Sentiment (∆s). Measures the mean ab-
solute error between the target sentiment and the
generated sentence sentiment. For a sentence si
from document j, this is defined as

∆si = |σ̂si − σ′
si |

where σ̂si is the new sentiment of the generated
sentence and σ′

si is the target sentiment.

Sentiment Accuracy (Acc.). We evaluate senti-
ment accuracy based on standard positive, neutral,
and negative categories. We define neutral band
as [−0.2, 0.2] (wider compared to VADER thresh-
old of ±0.05 (Hutto and Gilbert, 2014)) to avoid
considering near-neutral intensity targets as failed
control, and uniformly across all baselines and orig-
inal sentences. Scores higher and lower than this
range are labeled positive or negative respectively.

Correlation (Corr.). measures the Pearson corre-
lation between target sentiment σ′

si and generated

sentence sentiment σ̂si . A value of 1.0 indicates
perfect linear adherence to the control signal, while
0.0 indicates complete failure in sentiment steering.

Perplexity (PPL.). is computed at the sentence
level using GPT-2 and serves as a standard proxy
for fluency and coherence. It measures the pre-
dictability of generated tokens but does not capture
alignment with the surrounding document context,
motivating the following metric.

Fitness (∆f ). Standard n-gram metrics such as
BLEU or ROUGE are not the best choice to mea-
sure contextual fitness because the generated sen-
tence may intentionally diverge from the original
sentence through sentiment manipulation. Hence,
we propose a composite metric combining seman-
tic similarity and entity-level overlap. For a gen-
erated sentence s′i at position i, we compute co-
sine similarity scores using Sentence-BERT em-
beddings (Reimers and Gurevych, 2019)7 for the
preceding context s<i and following context s>i

separately. Boundary sentences only have single
similarity: CS<i alone for the final sentence and
CS>i alone for the first sentence.

We complement the similarity score with an entity
overlap score that checks whether named entities
in the generated sentence are grounded in the sur-
rounding document. Formally we write:

ECi =
|Entities(s′i) ∩ Entities(D \ {si})|

|Entities(s′i)|

and when s′i contains no named entities, we set
ECi = 1, since the absence of entities introduces
no grounding violation. The fitness score for a
non-boundary sentence combines the two similarity
scores with the entity overlap score, weighting the
latter by 2 so that entity grounding contributes on
par with the aggregate similarity signal:

Ci =
CS<i + CS>i + 2 · ECi

4

Entity overlap flags fabricated entities but does not
verify that entities are used in contextually appro-
priate relations, which we leave to the similarity
terms.

For every document we compute the fitness score
for the generated and original sentence, and report
the calibrated fitness score as:

∆fi = C(s′i)− C(si)

7Specifically all-mpnet-base-v2.



A value of zero indicates no relative change in
contextual fit, while a positive value indicates im-
proved fitness, and a negative value indicates degra-
dation. We assess whether ∆fi significantly di-
verges from zero using a two-sided t-test, with re-
sults reported in Section 5.

Human Evaluation. We complement automatic
evaluation with a user preference study compar-
ing SENSESHIFT against the closest competitive
baseline, namely GEMMA2-2B trained with token
instruction tuning. Eight annotators evaluated 100
parallel documents (55 stories and 45 reviews) gen-
erated by both models using the same target sen-
tence and sentiment intensity. They selected their
preferred anonymized output based on three quality
criteria: contextual fit (fitness with the surrounding
text), grammatical fluency (sentence fluency inde-
pendent of context), and sentiment following (align-
ment with the target sentiment value on a −1 to +1
scale). For each criterion, annotators chose among
four options namely A, B, Both, or Neither without
knowing which model produced each sentence. We
report the preference percentages in Section 5, with
full details provided in Appendix A.4.

5 Results and Discussion

Table 1 reports results on the story and review
datasets. The top block include prompting base-
lines that require no training and are domain agnos-
tic. In the table, columns PPLold and PPLnew

demonstrate the perplexity of the sentences before
and after the generation respectively. Note that sen-
tences are selected randomly from the same pool
of 2000 evaluation samples hence the selected sen-
tencce perplexity value has variation. More over in
general the original PPLold of the review dataset
is high due to unconventional human review writ-
ing style (e.g., best best best food that i had) which
shows reveals itself in old sentence perplexity value.
The old perplexity of sentences is used as a refer-
ence point to give some idea about the distribution
of sentence perplexity randomly selected for eval-
uation and how models new generation perplexity
compares with the old sentences. The In-Domain
Evaluation block reports models trained and evalu-
ated on the same dataset, while the Out-of-Domain
Evaluation block reports models trained on one
dataset and evaluated on the other. Note that we
use green and red color code to distinguish models
trained on story from review. For instance models
trained on story are evaluated on story as in-domain

while same models evaluated on review as OOD
evaluation. The OOD block is provided to allow
a fairer comparison with domain agnostic prompt-
ing and should be read as robustness check not
generalization claim.

Among prompting baselines, sentiment following
improves with scale: GEMMA2-9B already has de-
cent sentiment accuracy of 0.55 and OSS-120B

achieves the highest correlation (0.793 on story,
0.74 on review) and accuracy (0.66, 0.64), though
at a very high computational cost. Its elevated per-
plexity relative to OSS-20B is likely attributable to
more complex vocabulary penalized by the GPT-2
scorer. Across prompting baselines, ∆f on story
are often significantly negative, indicating that
prompted sentence generations are typically less
contextually well-fitted than the original sentence
even-though models have access to the original
sentence during prompting unlike other baselines.

Standard instruction tuning improves ∆s, Corr. and
Acc. over the corresponding prompting baselines,
but gains are uneven. MODERNBERT-D-28M is
the most unstable, with perplexity spiking above
400 and better but significant ∆f drops, likely re-
flecting the small size of the model. Token instruc-
tion tuning improves even more: GEMMA2-2B

during In-domain evaluation improves accuracy
from 0.49 to 0.75 on stories and 0.49 to 0.67 for re-
views as with ∆s of 0.21 by injecting SENSESHIFT

sentence-level controllable sentiment tokens. How-
ever, most decoder models under this paradigm
when evaluated as out-of-domain show significant
∆f drops (except for LLAMMA3.2-3B trained on
story evaluated on review), suggesting that their
generation, while grammatically acceptable, often
break contextual fitness. Steering underperforms
across all model sizes, with ∆s ≈ 0.53–0.56, near-
zero or negative correlations, accuracy in the 0.28–
0.39 range, and perplexity up to 221, frequently
worse than the corresponding prompting baseline
even when steering vectors are extracted from the
same dataset. With steering only GEMMA2-2B

shows a marginal improvement, hinting that activa-
tion steering might be poorly suited for fine-grained
sentiment control at sentence level.

Overall SENSESHIFT achieves the strongest over-
all performance. MODERNBERT-E-0.4B achieves
the lowest perplexity (53.6 on Story, with MOD-
ERNBERT-E-0.15B at 55.3 on Review) during in-
domain evaluation, the smallest sentiment devi-



Table 1: Overall comparison between baselines and SENSESHIFT. Significantly different changes (p-value<0.01)
compared to the 0 baseline are marked with an asterisk. Note that columns under green are same models trained on
story and columns under red are same models trained on review. in table PPLold refers to perplexity of the original
sentence calculated using GPT-2 and PPLnew refers to generated sentence perplexity

Model Story Evaluation Review Evaluation
PPLold PPLnew ↓ ∆s ↓ ∆f ↑ Corr. ↑ Acc. ↑ PPLold PPLnew ↓ ∆s ↓ ∆f ↑ Corr. ↑ Acc. ↑

Prompting
MODERNBERT-D-28M 80.6 255.5 0.56 -0.29* 0.07 0.36 222.3 161.2 0.69 -0.13* -0.19 0.23
LLAMMA3.2-3B 81.1 118.1 0.50 -0.05* 0.25 0.41 239.4 113.1 0.51 -0.00 0.21 0.38
GEMMA2-2B 88.6 139.2 0.56 -0.00 0.15 0.37 245.1 117.3 0.55 0.02* 0.14 0.37
GEMMA2-9B 83.6 126.2 0.39 -0.03* 0.65 0.55 268.3 97.8 0.44 0.00 0.53 0.50
LLAMMA3.1-8B 73.4 92.7 0.48 -0.05* 0.34 0.44 236.2 81.7 0.49 -0.00 0.27 0.41
GPT4O-MINI 82.6 82.6 0.44 -0.00 0.53 0.54 253.8 159.7 0.42 -0.00 0.48 0.49
OSS-20B 74.2 97.5 0.31 -0.04* 0.75 0.64 236.2 107.1 0.34 -0.00 0.68 0.59
QWEN3-32B 73.1 81.6 0.32 -0.08* 0.76 0.65 229.3 92.1 0.35 -0.01 0.66 0.58
OSS-120B 72.1 110.2 0.30 -0.03* 0.793 0.66 236.0 143.4 0.31 -0.00 0.74 0.64

In-Domain Evaluation Story Trained Review Trained

Instruction Tune
MODERNBERT-D-28M 82.2 402.7 .43 -0.04* 0.43 .49 285.7 140.7 0.35 -0.02 0.62 0.59
LLAMMA3.2-3B 80.7 75.4 0.50 -0.03* 0.23 0.44 219.5 81.6 0.45 0.04* 0.41 0.50
GEMMA2-2B 77.9 75.5 0.43 -0.03* 0.44 0.49 276.1 88.5 0.43 -0.01 0.45 0.53

Token Instruction Tune
MODERNBERT-D-28M 79.1 318.0 0.35 -0.17* 0.57 0.54 266.3 207.8 0.43 -0.07* 0.42 0.41
LLAMMA3.2-3B 80.3 77.6 0.28 -0.00 0.71 0.66 217.8 87.2 0.32 0.04* 0.64 0.62
GEMMA2-2B 77.9 72.1 0.21 -0.03* 0.74 0.75 285.5 108.4 0.30 -0.01 0.64 0.67

Steering
MODERNBERT-D-28M 82.6 108.2 0.55 -0.30* 0.04 0.31 241.8 186.2 0.54 -0.00* 0.095 0.34
LLAMMA3.2-3B 78.3 221.3 0.54 -0.10* 0.08 0.32 255.1 186.2 0.54 -0.00* 0.095 0.34
GEMMA2-2B 85.3 135.0 0.56 -0.01 0.18 0.39 229.6 124.0 0.54 0.03* 0.17 0.36

SENSESHIFT
MODERNBERT-E-0.15B 78.3 91.6 0.26 -0.00 0.77 0.69 260.3 55.3 0.29 0.06* 0.71 0.66
MODERNBERT-E-0.4B 81.7 53.6 0.20 -0.00 0.790 0.78 261.5 57.5 0.26 0.04* 0.71 0.69

Out of Domain Evaluation Review Trained Story Trained

Instruction Tune
MODERNBERT-D-28M 81.0 366.0 0.35 -0.24* 0.61 0.57 251.5 614.1 0.49 -0.03* 0.30 0.42
LLAMMA3.2-3B 81.2 86.6 0.48 -0.04* 0.35 0.46 281.5 80.2 0.49 0.07* 0.27 0.43
GEMMA2-2B 80.0 113.2 0.42 -0.06* 0.45 0.49 269.5 75.5 0.43 -0.03* 0.44 0.49

Token Instruction Tune
MODERNBERT-D-28M 88.0 186.1 0.39 -0.27* 0.52 0.49 277.8 667.6 0.39 -0.08* 0.52 0.49
LLAMMA3.2-3B 78.1 82.8 0.40 -0.06* 0.50 0.51 276.6 62.8 0.31 0.08* 0.66 0.64
GEMMA2-2B 76.3 89.8 0.34 -0.08* 0.59 0.60 229.3 64.9 0.23 0.01 0.73 0.73

Steering
MODERNBERT-D-28M 83.4 133.3 0.56 -0.30* -0.00 0.30 237.4 127.7 0.55 -0.15 0.01 0.28
LLAMMA3.2-3B 84.2 153.1 0.53 -0.09* 0.12 0.34 235.1 183.6 0.53 -0.00 0.125 0.36
GEMMA2-2B 82.1 138.9 0.55 -0.01 0.17 0.39 261.9 125.0 0.56 0.03* 0.12 0.35

SENSESHIFT
MODERNBERT-E-0.15B 87.1 65.6 0.38 -0.00 0.58 0.57 293.6 63.1 0.28 0.07* 0.73 0.69
MODERNBERT-E-0.4B 77.2 83.0 0.34 -0.00 0.62 0.61 260.3 31.4 0.15 0.07* 0.85 0.85

ation (∆s of 0.20 on Story), and the highest in-
domain accuracy on Story (0.78). Crucially, MOD-
ERNBERT-E-0.4B maintains ∆f at or near zero
across both domains advocating contextual fitness
of the generated sentences. MODERNBERT-E-
0.15B already delivers strong results relative to all
baselines, indicating that SENSESHIFT scales fa-
vorably with model capacity. In the out-of-domain
setting, SENSESHIFT remains competitive with,
and on most metrics outperforms, the baselines
trained on the matching domain. More importantly,
SENSESHIFT is the only method to maintain near-
zero ∆f in both the in-domain and out-of-domain
blocks, suggesting that encoder conditioning pre-
serves contextual fit while controlling sentiment

intensity robust to change of training source.

Sentiment Following Analysis. Next we ana-
lyze sentiment following capabilities of competing
baselines by examining how ∆s is influenced by:
(1) target sentiment specified by the user, (2) rel-
ative sentence position

( sentence index
total number of sentences

)
, and

(3) generation length as words: short (< 5), normal
(5 ≤ l < 10), long (10 ≤ l < 20), and very-
long (≥ 20). We compare MODERNBERT-E-0.4B

with competitive baselines namely prompting OSS-
120B and token instruction tuning of LLAMMA3.2-
3B, and GEMMA2-2B.

Figure 2 visualizes these analysis. On left, all mod-
els demonstrate higher ∆s when targeting strongly
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Figure 2: ∆s across three evaluation dimensions. Shaded regions indicate variance. Left: ∆s vs. target sentiment.
Center: ∆s vs. relative sentence position. Right: ∆s vs. number of masked tokens.

negative sentiment values, whereas performance
improves then slightly deteriorates toward highly
positive targets. Exceptionally, OSS-120B demon-
strates a monotonic improvement as the target sen-
timent becomes more positive while performing
slightly better than MODERNBERT-E-0.4B at ex-
treme sentiments. LLAMMA3.2-3B, GEMMA2-2B

and MODERNBERT-E-0.4B all exhibit their low-
est ∆s around neutral zone, showing difficulty in
producing highly polarized outputs despite strong
overall controllability. We attribute this behavior
to sentiment distribution of the training corpus for
trained models. The story dataset sentence senti-
ments are heavily skewed toward neutral and posi-
tive sentiment, which likely biases models toward
conservative sentiment shifts (see Table 3).

With respect to sentence position, all decoder mod-
els exhibit a mild increase in ∆s when the target
sentence occurs later in the story. This suggests that
models benefit less from richer preceding context
when performing sentiment-controlled generation.
This behavior is particularly different for MOD-
ERNBERT-E-0.4B, which maintain the least ∆s,
however exhibits higher ∆s on earlier sentences
but improves steadily toward later positions. We
hypothesize that encoder-based architectures rely
more heavily on contextual buildup, making early-
sentence editing inherently more challenging due
to limited narrative grounding.

Finally, we analyze the effect of generation length.
LLAMMA3.2-3B and OSS-120B show increased
∆s as generation length grows, while MODERN-
BERT-E-0.4B overall has the least ∆s and again
demonstrates a different trend: ∆s decreases for
normal and long generations before slightly increas-
ing again. GEMMA2-2B also shows improved con-
trol for normal length generations before degrading

on longer sentences.8 In summary, our analysis
suggests that SENSESHIFT maintains a robust ∆s

advantage over baselines independent of target sen-
timent, sentence position, and generation length,
indicating that the gap reflects a genuine difficulty
in maintaining sentiment coherence rather than an
artifact of any single evaluation condition.

Table 2: Users preference (%) of sentences generated by
MODERNBERT-E-0.4B-story vs GEMMA2-2B trained
with Token-Instruction-Tuning. Rows correspond to
evaluation criteria: contextual fitness, grammatical cor-
rectness, and sentiment following.

Criterion GEMMA2-2B SENSESHIFT Both Neither

Fitness 22.1 23.0 46.9 8.0
Fluency 6.2 6.2 85.0 2.7
Sentiment 28.3 31.0 28.3 12.4

Overall 18.9 20.1 53.4 7.7

Human Evaluation. Table 2 summarizes human
preference results across three criteria: contextual
fit, grammatical fluency, and sentiment following.
Notably, MODERNBERT-E-0.4B achieves these
results with only 395M parameters, compared to
GEMMA2-2B (2B parameters) a 5× reduction in
parameters (described in Section4.2).

On fluency and contextual fit, both models per-
form comparably. Annotators rated the outputs
as equally fluent in 85.0% of samples and equally
well-fitting to the surrounding context in 46.9% of
cases, indicating that sentiment control does not
substantially degrade linguistic quality. Among
the remaining contextual-fit judgments, MODERN-
BERT-E-0.4B is preferred at a slightly higher rate
to GEMMA2-2B (23.0% vs. 22.1%), showing that
the smaller encoder-based model matches a sub-
stantially larger generative model on contextual

8Joint analysis of SENSESHIFT is provided in Section A.5.



integration.

Differences are more pronounced for sentiment
following. Annotators judged MODERNBERT-E-
0.4B sentiment satisfactory in 31.0% of examples
versus 28.3% for GEMMA2-2B, selected both mod-
els in 28.3%, and preferred neither model in 12.4%
of cases. This indicates that MODERNBERT-E-
0.4B achieves stronger sentiment alignment while
preserving contextual coherence.

Overall, annotators rated MODERNBERT-E-0.4B

as equivalent to or better than GEMMA2-2B in
73.5% of evaluated samples. Achieving this with
a fraction of the parameters suggests that encoder-
centric approaches are a strong and competitive
alternative for fine-grained sentiment-aware con-
trollable text generation, particularly in settings
requiring simultaneous preservation of context and
precise sentiment manipulation.

6 Conclusion

This paper introduced SENSESHIFT, a lightweight
generative framework base on encoder language
models for fine-grained sentiment-aware in-text
generation. SENSESHIFT utilizes quantized sen-
tence level sentiment token, to condition mask
prediction of encoder models. Using our mod-
fied sequential mask prediction strategy SENSE-
SHIFT is able to produce coherent text following
the fine-grained sentiment signal. Through exten-
sive in-domain and out-of-domain evaluation on
story and review generation of two encoder models
in two sizes we demonstrate that SENSESHIFT can
generate sentences at various positions using fine-
grained sentiment control signals, while preserving
overall fluency, contextual fitness, and sentiment
adherency compare to fine-tuned and prompting
autoregressive models. Furthermore, our results
indicate that MODERNBERT-E-0.4B performs ro-
bust in out-of-domain scenarios, allowing stable
performance for in-text generation task.

7 Limitations and Ethical Consideration

Sentiment Analysis. Our framework relies on
VADER (Hutto and Gilbert, 2014) for all senti-
ment scoring, both during training signal construc-
tion and at inference time, where sentiment must
be evaluated repeatedly over the full text to guide
and assess each rewrite. This design choice priori-
ties speed: More accurate neural sentiment models
(e.g., RoBERTa (Barbieri et al., 2020)) would sub-

stantially increase latency per generation, damag-
ing a main contribution of the work, i.e., providing
lightweight framework. VADER’s deterministic
nature, however, limits sensitivity to implicit or
contextually nuanced sentiment, and reported ∆s

values should be interpreted with this constraint in
mind. Access to human level sentence sentiment
or replacing VADER with a lightweight but more
accurate sentiment scorer is a promising direction
for future work.

Furthermore, sentiment is an inherently subjective
construct: human annotators frequently disagree
on the polarity and intensity of the same sentence,
which places an upper bound on how precisely any
model including SENSESHIFT can be evaluated
against a "true" sentiment label.

Training Corpora and Sentiment Distribution.
Our models are trained on TinyStories and a re-
view corpus, both of which are narrow in domain.
The choice of dataset stems from the task which
supposedly requires changing dynamics of the sen-
timent (partly negative, partly positive) which can
be found in long text generation. These constraints
prevent us from making strong claims about true
generalization to unseen domains such as news, so-
cial media, or formal writing. A further challenge
is the sentiment distribution of both corpora: Ex-
treme sentiment values appear very infrequently,
meaning the model sees comparatively few training
examples of strongly positive or strongly negative
targets, with negative ones being significantly less
observed. This imbalance makes fine-grained con-
trol at the tails of the sentiment range harder, and
likely contributes to the elevated ∆s we observe at
s = −1.0. We expect that curating higher-quality,
sentiment-balanced training data, particularly with
more uniform coverage of extreme values would
meaningfully improve performance, and we leave
this exploration to future work.

During editing we observed that the errors of the
model with respect to target sentiment also is ef-
fected by the sentiment of the sentences surround-
ing it where the more positive the context surround-
ing , the more edits models required to change the
sentiment to opposite polarity. Due to the con-
strained scope we did not delve into this effect and
leave this analysis to future works.

Baseline Selection and Compute Constraints.
Baselines were selected to enable quantifiable, re-
producible comparison across prompting, instruc-



tion tuning, and activation steering paradigms with
a special version of instruction tuning with our
sentence level quantized tokenization of sentiment.
The choice of baselines was based on compatibility
with our method, and comparison between decoder
and encoder model architectures. The specific mod-
els chosen reflect resource constraints: All experi-
ments were conducted under a fixed compute bud-
get, which precluded evaluation of the largest avail-
able open-weight models. Results for prompting-
based baselines should therefore be read as repre-
sentative rather than exhaustive, and stronger fron-
tier models may narrow the observed performance
gap.

Our model is designed to edit text toward an arbi-
trary target sentiment intensity, including strongly
negative values. This capability carries clear mis-
use potential. Because edits are designed to be
fluent and contextually coherent, modified outputs
may be difficult to distinguish from originals with-
out provenance tracking. We strongly recommend
that any deployment of sentiment controllable sys-
tems be accompanied by appropriate safeguards,
including use-case restrictions, output disclosure to
end users, and, where feasible, watermarking or au-
dit logging. Responsible use of this technology is
the obligation of both developers and practitioners
who build upon it.
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A Appendix

A.1 Problem Statement and Motivation

Further to related research supporting LLMs chal-
lenges of controllability through prompting we
also did a small experiment to further show that
models are incapable of following prompt-based
controlling strategies. We directed GPT4O-MINI

model to provide stories with three distinct end-
ings namely Positive, Negative, and Neutral with-
/without intensifying adverb "Very". We passed
the endings provided by GPT4O-MINI to VADER
sentiment analyzer to score the sentiment of the sto-
ries. Figure 3 shows the result of this experiment.
As it can be seen from the figure there are three
major problems with the provided endings: (1)
weak separation between adjective and intensified-
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Figure 3: Sentiment of story ending written by GPT4O-
MINI for Negative, Positive, and Neutral ending with
and without intensifying adverb "Very" in the prompt.

adjective conditions, indicating limited intensity
control (Samuel et al., 2025); (2) a distributional
shift toward more positive sentiment, even under
negative targets (Chen et al., 2025); and (3) com-
pressed score ranges that rarely reach sentiment
extremes. These findings are consistent with earlier
reports that LLMs struggle with fine-grained con-
trollability and strict prompt constraints (Sun et al.,
2023; Lu et al., 2023). Together, this motivates
moving beyond prompt-only control and focus on
architectural changes and controllable frameworks.

A.2 Baselines

In This section we provide more technical detail
on our baselines namely, Prompting, Instruction
Tuning, Token Instruction Tuning and Steering Ac-
tivation.

A.2.1 Prompts
When evaluating decoder models the choice of
prompt is of great importance, slight changes in
the prompt might lead to variations in the outcome
of the model which further motivates our work.
However, In order to have a robust evaluation we
modified and re-evaluated the decoder models iter-
atively to come-up with the best instructions that
led to the most accurate outcome in both response
of the model and accuracy in following the senti-
ment. In this section we provide specific prompts
used for each of the evaluation. Note that prompt-
ing variation is only important when evaluating
off-the-shelf models and for instruction tuning, to-
ken instruction tuning the choice of prompt is not
strongly related as the model will be evaluated with
the same prompt to ensure a fair comparison with
SENSESHIFT.

Prompting: For prompting we observed that mask-
ing the target sentence and asking to generate a
sentence that fits best to that location is not per-
forming accurately hence the prompt provides the
full text while asking model to replace the existing
sentence in text with a new sentence of another
sentiment. Below we can find the specific prompt
for every setup.

Prompting

Consider that every sentence has a sentiment
where -1 is the most negative and 1 is the most
positive sentiment. Given this text:
{FULL_TEXT}
Rewrite TARGET_SENTENCE to have a sen-
timent value of TARGET_SENTIMENT but
still make sense to overall text. Write only the
sentence and nothing else.

Instruction Tuning: For instruction tuning to work
the model requires the sentence to be predicted
hence having the sentence in the text was not de-
sirable and considered as leakage of information,
Hence we modified the instruction and included
[MISSING_SENTENCE] as masked version of the
sentence and asked the models to write the missing
sentence to have the specific value.

Instruction Tuning

Consider that every sentence has a sentiment
where -1 is the most negative and 1 is the most
positive sentiment. Given this text:
{MASKED_TEXT}
Rewrite [MISSING_SENTENCE] to have a
sentiment value of TARGET_SENTIMENT but
still make sense to overall text. Write only the
sentence and nothing else.

Token Instruction Tuning: The difference between
this variation and the normal instruction tuning
is the introduction of new controlling tokens to
the model just as SENSESHIFT is trained on. We
equiped decoder models with SENSESHIFT senti-
ment tokens [σi] as special untrainable tokens as
well as added [MISSING_SENTENCE] as a new
special token totalling 22 new tokens. in this ver-
sion of the prompt each sentence has the control
signals attached at the beginning of every sentence
to give them context just like SENSESHIFT:



Token Instruction Tuning

Consider that every sentence has a sentiment
where -1 is the most negative and 1 is the most
positive sentiment. Given this text:
{MASKED_TEXT_WITH_SENTIMENT_TOKENS}
Rewrite {[MISSING_SENTENCE]} to have a sen-
timent value of {[σi]} but still make sense to
overall text. Write only the sentence and noth-
ing else. {[σi]}

A.2.2 Activation Steering
Over the past few years, activation steering has
emerged as an effective technique for controlling
generated text using contrastive samples. These
samples are typically constructed from the original
dataset as minimally differing pairs, where small,
targeted changes (e.g., sentiment polarity) induce
measurable shifts in model activations. Although
this approach does not require additional model
training, its effectiveness depends critically on the
quality and construction of the contrastive pairs.

In our setup, we construct contrastive pairs by se-
lecting sentences with extreme sentiment values
(i.e., |σsi | > 0.9). We then use the steering vector
library 9 to extract activation directions from these
pairs. Here, “training” refers not to updating model
parameters, but to computing steering vectors that
capture the latent direction corresponding to the
desired attribute shift. For each dataset, we sam-
ple 10k contrastive pairs from the pool of possible
combinations to estimate these directions.

At inference time, the steering strength is con-
trolled via a scaling factor (the multiplier), which
determines the extent to which the model output is
shifted toward the target attribute. While the orig-
inal method is primarily designed for categorical
control, it also suggests the potential for continuous
modulation. Following this insight, we adapt the
multiplier dynamically based on the target senti-
ment value, enabling more fine-grained, continuous
control over the generated text.

A.2.3 Dataset Statistics and Training
Hyper-Parameters

During pre-processing we removed major samples
in the dataset which were not suitable for our task
(e.g., reviews with one sentence). In Table 4 we
report the statistics of the training data and hyperpa-
rameters used for model training. For our models

9https://github.com/steering-vectors/steering-vectors

Table 3: Dataset statistics for the train splits. Sentiment
scores are in [−1, 1].

Statistics TinyStories Yelp

Num Samples 4439352 252085
Positive (>0.2) 53.7% 41.0%
Negative (<-0.2) 0.3% 4.3%
Neutral 46.0% 54.8%

Text

Avg Sentences 14.2 ± 7.77 6.4 ± 4.86
Median Sentences 13. 5
Min/Max Sentences 2 / 195 2 / 86
Avg Words 152.90 ± 53.52 90.28 ± 80.34
Median Words 143.00 68.00
Min/Max Words 9 / 902 1 / 1004
Avg VADER 0.21 ± 0.14 0.15 ± 0.20
Median VADER 0.21 0.14
Min/Max VADER -0.68 / 0.92 -0.91 / 0.96
Avg RoBERTa 0.27 ± 0.22 -0.0206 ± 0.64

Sentences

Avg Words 10.7 ± 5.36 13.9 ± 9.61
Median Words 10 12
Min/Max Words 1 / 702 1 / 550
Avg VADER sent. 0.1978 ± 0.38 0.13 ± 0.37
Min/Max VADER -1.0 / 1.0 -0.99 / 0.99
Avg RoBERTa sent. 0.25 / 0.52 -0.078 / 0.94
Min/Max RoBERTa -1.0 / 1.0 -0.99 / 0.99

we have not used any PEFT method and all models’
full number of parameters are tuned for the task to
ensure that none of the results are effected by the
number of parameters that are trained.

A.3 Iterative Infilling Versus One Shot
Prediction

Mask prediction was not used for long text gener-
ation due to their one-shot prediction of all masks
which result in several repetitive high probability
tokens appearing in different parts of the text with-
out rational connection. Here we present an abla-
tion study of removing infilling mask prediction
from the model to show the effectiveness of the
technique.

Table 5 compares our iterative mask infilling strat-
egy against a whole mask prediction using SENSE-
SHIFT, in which all masked tokens are predicted in
a single forward pass. The results strongly favour
the iterative approach across every metric and con-
figuration. Perplexity improvements are the most
striking: iterative infilling reduces PPL by a factor
of 5–10× across all model sizes and training do-
mains (e.g., MODERNBERT-E-0.4B Story drops
from 869.9 to 53.6), indicating that generating



Table 4: Default hyperparameters used across different training paradigms for controllability. * value for Qwen is
1024 to ensure finalizing thinking process.

State Hyperparameter Prompt/Steer Inst-Tune Token-Inst-Tune SENSESHIFT

Training

Learning rate (lr) – 1e-5 1e-5 1e-5
Batch size (bs) – 32 32 50
Dropout (dp) – 0.0 0.0 0.0
Warmup steps – 500 500 500
Epochs – 30 30 50
Weight decay – 0.01 0.01 0.01
Scheduler – Linear Linear Linear
Regime – Causal Causal MLM

Generation

Temperature (T) 0.7 0.7 0.7 0.9
Top-p 0.9 0.9 0.9 0.9
Repetition penalty (rp) 1.1 1.1 1.1 -
Max tokens 128* 128 128 30

Table 5: Comparison between Iterative Mask Infilling and Whole Mask prediction

Model Train Story Generation Review Generation
Ppl. ↓ ∆s ↓ ∆f ↑ Corr. ↑ Acc. ↑ Ppl. ↓ ∆s ↓ ∆f ↑ Corr. ↑ Acc. ↑

Whole Mask Prediction

MODERNBERT-E-0.15B
Story 596.8 0.42 -0.01 0.54 0.44 303.1 0.44 -0.02* 0.48 0.38

Review 482.9 0.50 -0.04* 0.27 0.31 325.2 0.43 -0.01 0.55 0.44

MODERNBERT-E-0.4B
Story 869.9 0.4 -0.039* 0.55 0.5 571.3 0.43 0.01 0.48 0.39

Review 426.3 0.50 -0.041* 0.29 0.32 288.8 0.44 -0.013 0.51 0.41

Iterative Mask infilling

MODERNBERT-E-0.15B
Story 91.6 0.26 -0.00 0.77 0.69 63.1 0.28 0.07* 0.73 0.69

Review 65.6 0.38 -0.00 0.58 0.57 55.3 0.29 0.06* 0.71 0.66

MODERNBERT-E-0.4B
Story 53.6 0.20 -0.00 0.79 0.78 31.4 0.15 0.07* 0.85 0.85

Review 83.0 0.34 -0.00 0.62 0.61 57.5 0.26 0.04* 0.71 0.69

masked spans token-by-token produces substan-
tially more fluent text than predicting the entire
span at once. Sentiment control follows the same
pattern: ∆s is consistently lower under iterative
infilling, with reductions of 0.15–0.25 across con-
figurations, while ∆f values remain near zero com-
pared to the small but consistent negative drift ob-
served under whole mask prediction. These results
suggest that whole mask prediction suffers from
exposure bias where the model must generate a co-
herent span without access to its own intermediate
outputs whereas iterative infilling conditions each
token on the previously generated context, allow-
ing sentiment and fluency constraints to be satisfied
progressively rather than in a single unconstrained
step giving advantage of decoder models to encoder
ones.

A.4 Human Evaluation Protocol

To ensure that our results are comparable with
human understanding of fitness and sentiment
we compared SENSESHIFT rewrites with parallel
rewrites of closest comparable competing decoder-
based model namely GEMMA2-2B. Both models
are trained on story and GEMMA2-2B is selected

for human evaluation because of its competetive
performance in automatic evaluation. Furthermore
GEMMA2-2B is the closest comparable baseline
when it comes to evaluation while it goes through
the same sentiment token training as MODERN-
BERT-E-0.4B and in contrast to prompting method
which the original sentence is visible to the model
GEMMA2-2B does not have access to the original
sentence.

Our human evaluation is a user preference study
where users are asked to select which model they
think generated a higher quality sentence given a
document. We developed a simple annotation plat-
form and selected 100 samples from stories (n=55)
and reviews (n=45) where models both models
rewrite for the exact same sentence and the ex-
act same sentiment. We shared the annotation link
with 8 annotators volunteered to give their pref-
erence on the rewrites. We did not collect their
demographic information nor collected any other
sensitive information rather than labels from the an-
notators. We provided them full document context
(review or story), the original sentence which was
targeted for replacement, and two anonymized can-



didate generated sentences which one produced by
GEMMA2-9B trained with token instruction tuning
and one by MODERNBERT-E-0.4B. We display
the sentences in randomized order to control for po-
sition bias of annotators and also to protect model
identities. For each pair, annotators respond to
three questions:

• Contextual Fit. Which rewrite fits better
into the surrounding text? Judge whether it
matches the tone, vocabulary, register, and
stylistic quirks of the full passage. If the orig-
inal writing is formal, poetic, blunt, or oth-
erwise distinctive, a good rewrite preserves
those features and sits well inside the position
to produce a coherent text.

• Grammar and Fluency. Ignoring the sur-
rounding text, which sentence is more gram-
matically correct and naturally written as a
standalone sentence? Annotators focus purely
on syntax, word choice, and fluency.

• Sentiment Match. Which rewrite better
achieves the target sentiment, specified on a
scale from −1 (very negative) to +1 (very
positive)? Annotators judge how well each
sentence’s emotional tone matches the indi-
cated target value.

For each criterion, annotators select one of four op-
tions: A, B, Both (both outputs are equally good),
or Neither (neither output is satisfactory) where A
and B represent GEMMA2-2B and MODERNBERT-
E-0.4B-story in random order. We report average
preference of annotators in Table 2 across the three
quality criteria. Tables 6 and 7 report the results in
detail for each domain.

Table 6: Human preference evaluation on the Story do-
main (n=55 sentence pairs). The specific model used for
evaluation is MODERNBERT-E-0.4B trained on stories.
Similarity to Original is reported as a diagnostic metric
and excluded from the Overall score.

Criterion GEMMA2-2B SENSESHIFT Both Neither

Fitness 17.2 23.4 54.7 4.7
Grammar 4.7 4.7 89.1 1.6
Sentiment 29.7 28.1 31.2 10.9

Overall 17.2 18.8 58.3 5.7

A.5 Joint Analysis of ∆s

Figure 4 extends the univariate analysis of Sec-
tion 5 by examining ∆s across pairs of evaluation
dimensions for the large-story model.

Table 7: Human preference evaluation on the Review
domain (OOD n=45 sentence pairs). The specific model
used for evaluation is MODERNBERT-E-0.4B trained
on stories. Similarity to Original is reported as a diag-
nostic metric and excluded from the Overall score.

Criterion GEMMA2-2B SENSESHIFT Both Neither

Fitness 27.7 23.4 36.2 12.8
Grammar 8.5 8.5 78.7 4.3
Sentiment 25.5 36.2 23.4 14.9

Overall 20.6 22.7 46.1 10.6

Strongly negative target sentiment (s=−1.0) dom-
inates error across all positions, peaking at
∆s=0.66 at late document positions where accu-
mulated context compounds the difficulty. Across
non-extreme sentiment values, sentence position
has comparatively little effect, suggesting position-
dependent degradation is largely confined to the
sentiment extremes.

The interaction between large mask counts and
strongly negative targets is the most pronounced
pattern across all three heatmaps, reaching a global
maximum of ∆s=0.72. At neutral-to-positive tar-
gets, increasing mask size has only a modest effect,
indicating that additional generation freedom is
primarily problematic when the target register is
already difficult to maintain.

Error increases moderately toward late positions
and large mask counts, though the interaction be-
tween the two is approximately additive. Notably,
mid-document positions (0.44–0.69) yield the low-
est ∆s, suggesting that a moderate amount of pre-
ceding context aids sentiment following more than
editing at the document start.

A.6 Qualitative Examples

To demonstrate the model’s capabilities, we pro-
vide a demo program that allows users to inspect
model behavior on arbitrary input text. Figure 5
visualizes the interactive demo. We present qualita-
tive examples of iterative sentiment editing applied
to a story (in-distribution) and a hotel review (out-
of-distribution), both edited using MODERNBERT-
E-0.4B trained on the story dataset.

Figure 6 illustrates the story editing process using
our custom visualization tool. Figure 6a shows
the original sentiment trajectory, revealing a mix
of positive, neutral, and negative tones that makes
fine-grained control challenging. In Figure 6b, we
shift the story toward a more negative tone with-
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Figure 4: Mean ∆s as a joint function for the MODERNBERT-E-0.4B-story. Left: Target sentiment vs. relative
sentence position. Center: Target sentiment vs. number of masked tokens. Right: Relative sentence position vs.
number of masked tokens. Lower values (green) indicate better sentiment control.

Figure 5: Interactive demo of SENSESHIFT. Users can choose or randomly select data from both dataset and edit
different sentences with their desired sentiment intensity



out altering its core theme where a boy, a fish, and
his mother contribute while transforming a harm-
less event into one involving a dead fish and an
angry mother. This required 20 edits across all
sentences. We observed stronger negative trans-
formations sometimes necessitate modifying sur-
rounding context, as locally extreme changes can
conflict with the overall tone of prior or posterior
sentences. Figure 6c shows the opposite transfor-
mation toward a more positive tone, requiring only
12 edits across 7 of 8 sentences, suggesting that
positive sentiment shifts are more efficient when
the original context already leans positive.

Figure 7 presents the same editing process applied
to a hotel review as an out-of-distribution test. Fig-
ures 7 (a), (b), and (c) show the original review, neg-
ative arc shift (8 edits), and positive arc shift (6 ed-
its) respectively. MODERNBERT-E-0.4B demon-
strate strong OOD capability in review domain de-
spite being trained exclusively on stories, maintain-
ing coherent and fluent edits across both sentiment
directions.

Overall, these examples demonstrate that MOD-
ERNBERT-E-0.4B achieves fine-grained control-
lable sentiment editing while preserving narrative
coherence, with the number of required edits re-
flecting the asymmetry between negative and pos-
itive sentiment shifts observed in the quantitative
results.

A.7 Usage of AI
We used Claude to assist with plotting and writing
the HTML code for the user-study interface. We
also used OpenAI models and Claude to revise the
authors’ original writing for grammar and clarity.



(a) Original story and its sentiment arc.

(b) Shifting sentiment arc toward negative with 20 edit. Less-hued numbers show actual post-edit sentiment; larger gaps indicate
lower faithfulness.

(c) Shift Arc toward positive with 12 edits. Positive shifts required fewer edits reflecting the sentiment asymmetry in the
quantitative results.

Figure 6: Qualitative examples of iterative sentiment editing on a story (in-distribution). Each subfigure shows the
sentiment arc (top) and annotated text (bottom).



(a) Original review and its sentiment arc.

(b) Shifting sentiment arc toward negative with 8 edits. Less-hued numbers show actual post-edit sentiment; larger gaps indicate
lower faithfulness.

(c) Shifting sentiment arc toward positive with 6 edits.

Figure 7: Qualitative examples of iterative sentiment editing on a hotel review (out-of-distribution). Each subfigure
shows the sentiment arc (top) and annotated text (bottom).
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