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Abstract

Despite strong progress in semantic and visual
understanding, multimodal image captioning
models still rely on prompts or external con-
straints for emotion control, preventing emo-
tion from acting as a stable internal factor dur-
ing generation. This leads to emotional ex-
pressions that are unstable and difficult to re-
produce across layers. We propose the Multi-
View Emotion Adapter (MVEA), a lightweight,
plug-and-play Transformer module that con-
verts emotion from an external stylistic cue into
an internal control signal that propagates across
layers. MVEA modulates hidden states from
two complementary views—magnitude and di-
rection—allowing emotion to participate stably
in multi-layer generation. We further introduce
a unified training objective that jointly con-
strains semantics, visual alignment, and emo-
tion. To support stable training and evaluation,
we construct an image—text—emotion dataset
of approximately 25K samples covering seven
emotion categories. Experiments across multi-
ple mainstream multimodal models show con-
sistent improvements in emotion controllability
(Emotion Score +11%-25%, Emotion Accu-
racy +9%—15%), with significantly higher emo-
tional relevance in both human and GPT-based
evaluations. Notably, MVEA enables open-
source models to substantially narrow the gap
with strong closed-source models such as GPT-
4o0. Overall, MVEA provides a scalable and in-
terpretable framework for emotion-controllable
image captioning.

1 Introduction

Large-scale multimodal models such as GPT-5 and
LLaVA have rapidly advanced, and modern gener-
ation tasks increasingly require not only accurate
content understanding but also the ability to express
information through specific emotional perspec-
tives. Stable and controllable emotional expression
affects not only output quality but also user ex-
perience and downstream task performance, mak-

ing emotion control a critical component of model
alignment capabilities(Zhang et al., 2023). Exist-
ing studies explore several strategies for emotional
modulation, including steering emotional tenden-
cies during decoding(Liu et al., 2021), dynamically
adjusting the generation distribution via attribute-
aware future discriminators(Yang and Klein, 2021),
and imposing structured condition—based emo-
tional constraints(Wang et al., 2022).
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Figure 1: Overview of the MVEA architecture. Through
the bottleneck path and the LoRA path, emotion infor-
mation is injected into the hidden states: the former
uses an emotion gate to dynamically modulate feature
amplitudes, while the latter adjusts directional offsets
through emotion-dependent rank vectors. Together, the
two paths update the hidden state and enable emotion
modulation during generation.

However, despite substantial progress in visual
understanding and natural-language generation,
multimodal models still fall short when tasked with
producing emotionally controllable outputs. The
most striking issue is that emotional signals are
neither interpretable nor locatable within current
architectures. Although these models can generate
text with emotional tendencies, such variation is
highly sensitive to prompts and sampling strategies,
leading to pronounced instability(Leidinger et al.,
2023). At the core of this limitation is the absence



of any explicit structure capable of carrying emo-
tional information: emotion does not participate in
generation as an independent computational factor
but is instead diffusely encoded as statistical corre-
lations scattered across model parameters(Elhage
et al., 2021). Without explicit emotional represen-
tations, the model cannot reason about or edit emo-
tional attributes, making stable, controllable, and
interpretable emotional expression fundamentally
unattainable.

In addition, current multimodal generation
pipelines lack an integrated training mechanism
that jointly constrains semantic fidelity, visual
grounding, and emotional expression. Methods
such as FUDGE, which modulate emotion using
a future discriminator(Yang and Klein, 2021) im-
prove attribute consistency in text-only settings,
yet most optimization objectives focus solely on
aligning emotion labels. This leaves no guarantee
that the generated text will maintain both content
faithfulness and emotional accuracy. More sys-
tematic analyses similarly report that even when
an image contains clear affective cues, model out-
puts often remain emotionally inconsistent, re-
vealing that existing objectives fail to establish
a unified emotional-semantic space(Jeong et al.,
2023). Without joint constraints, emotional infor-
mation cannot exert a persistent or stable influence
throughout the multi-layer generation process. The
scarcity of high-quality affective supervision fur-
ther exacerbates the problem. While datasets such
as ArtEmis(Achlioptas et al., 2021) provide im-
age—emotion annotations, the emotional categories
are limited and insufficient for learning broad gen-
eralization patterns(Huang et al., 2019). Common
multimodal corpora such as COCO(Lin et al., 2014)
lack systematic emotional expression altogether,
causing models to perform poorly on affect under-
standing tasks(Lu et al., 2024). These limitations
underscore the need for a mechanism that builds
explicit emotional representations within the model
and propagates them through structured pathways,
guided by a joint training objective capable of en-
forcing coherent emotional generation.

In this work, we propose Multi-View Emotion
Adapter (MVEA), a lightweight module that builds
explicit emotional representations inside the model
and integrates them into the generation process
through a structured control pathway (shown in
Fig 1). The key idea is to introduce an independent
emotion control stream alongside the model’s orig-
inal visual content stream, transforming emotion

from an external prompt cue into an internal signal
that is learnable and capable of exerting persistent,
cross-layer influence throughout generation.

To achieve this, MVEA adopts a dual-view de-
sign that modulates feature amplitude and direc-
tion simultaneously. On one hand, a bottleneck
mapping produces emotion-driven dynamic gates
that adjust hidden-state magnitude. On the other
hand, an emotion-aware low-rank adaptation path
(emotion-aware LoRA) alters the directional up-
dates of representations, steering expressive ten-
dencies in an emotion-specific manner.

Beyond architectural integration, we formulate
a unified joint training framework that optimizes
semantic fidelity, visual grounding, and emotional
alignment under a single objective. This allows
emotional modulation to shape representations
without degrading generation quality. To allevi-
ate the severe scarcity of affect-supervised multi-
modal data, we further construct a 25,000-sample
emotion-annotated image—text dataset, providing
reliable visual—affective learning signals.

Experiments across multiple multimodal archi-
tectures and parameter scales demonstrate that
MVEA brings consistent and significant improve-
ments, confirming its effectiveness and robustness
in emotion-controllable image captioning.

Our contributions are as follows:

* We introduce Multi-View Emotion Adapter
(MVEA), a dual-path, plug-and-play mod-
ule designed for emotion-controllable vi-
sion—language generation, enabling explicit
and interpretable emotional signals to modu-
late Transformer hidden states at fine granu-
larity.

* We curate and construct a dataset of approxi-
mately 25,000 image—emotion—text triplets,
providing reliable visual-affective supervi-
sion for emotion-controllable captioning.

* We propose a joint learning framework that
enforces semantic fidelity, visual ground-
ing, and emotional alignment, allowing vi-
sion-language models to incorporate emo-
tional signals into the text generation process.
Experiments on four public top VLMs show
the effectiveness of our framework.

2 Related Work

Prompt-based / Style-induced This method
control emotional expression by adding emotion



prompts or style templates at the input level, with-
out modifying the model’s internal representations.
Achlioptas et al. (2021) introduce explicit emo-
tion labels and explanatory affective phrases dur-
ing training, using fixed emotional cues as exter-
nal prompts to steer caption generation. Li et al.
(2021a) extend such prompts from fixed phrases
to compositional style signals: they extract style-
related phrases and perform emotion-aware rewrit-
ing to inject affective style at the input stage. Wang
et al. (2023) replace discrete phrases with learn-
able continuous prompt vectors, modulating emo-
tion through optimized prompt embeddings. Clas-
sic learnable-prompt approaches further generalize
this idea by introducing trainable soft prefixes or
soft prompts, allowing the model to internalize spe-
cific tones or emotions solely through optimizing
the input prefix—without updating any backbone
parameters (Lester et al., 2021; Li and Liang, 2021).
In the visual domain, StyleCLIP (Patashnik et al.,
2021) maps textual prompts to directions in latent
space, enabling cross-modal emotional style edit-
ing without any architectural changes. Despite in-
novations in prompt design and learnable-prompt
mechanisms, these approaches share a core limi-
tation: emotional signals remain confined to the
input layer, causing emotional control to manifest
largely as surface-level lexical shifts rather than
deeper representational modulation. This makes it
difficult for the model to maintain stable and coher-
ent emotional expression over long sequences.

Post-hoc Emotion Control These methods im-
pose constraints during decoding or directly on the
output distribution using external supervision sig-
nals, controlling emotion from a post-hoc perspec-
tive without constructing any internal emotional
representation. InSenti-Cap (Li et al., 2021b) relies
on an image-based emotion classifier to determine
affective polarity and guides the generator to in-
sert corresponding emotional words during caption-
ing. Shen and Feng (2020) further treats emotion
control as a reward-driven bidirectional learning
process, using reinforcement learning at the final
training stage to strengthen emotional attributes in
the output. Among inference-time control meth-
ods, Dathathri et al. locally modifies hidden states
during sampling through classifier gradients, nudg-
ing generation toward the target emotion. Krause
et al. (2021) instead uses a small class-conditional
language model to reweight token probabilities dur-
ing decoding. Despite implementation differences,
these methods assume that emotion can be con-

trolled at decoding time without being explicitly
represented or propagated as an internal signal. As
a result, emotional modulation remains local and
reactive, failing to persist coherently across lay-
ers and often producing unstable or front-loaded
emotional expression that weakens over longer se-
quences, particularly in multimodal settings. Con-
sequently, while post-hoc control can bias emo-
tional tendencies, it lacks the capacity for stable,
fine-grained, and interpretable emotional modula-
tion throughout the generation process.
Internal Emotion Modeling Another line of
work attempts to inject emotion as an internal sig-
nal, distinguishing itself from approaches that rely
solely on external prompts or decoding-time con-
straints. Firdaus et al. (2021) encodes multiple
emotions and their intensities into an internal mem-
ory module, though its modulation path still cen-
ters on a single memory unit. Wang et al. (2022)
incorporates character-level emotion embeddings
and multitask constraints, providing a representa-
tive mechanism for inserting emotional conditions
along a single internal pathway. Li et al. (2022)
similarly integrates emotion embeddings inside the
model, using knowledge-enhanced signals to sup-
port emotion understanding. Meanwhile, emotion-
trajectory modeling approaches (Xie et al., 2022)
introduce internal state planning to control how
emotion evolves over time, explicitly tracking af-
fective changes in the latent space as generation
unfolds. In more recent work, EmpCRL (Cai et al.,
2024) and EmotionVector (Dong et al., 2025) treats
emotion as an internally structured causal reason-
ing chain, learning affective reasoning so that emo-
tional signals influence generation through explicit
reasoning pathways in the latent space. Although
these methods move beyond external prompting
and post-hoc control toward introducing internal
emotional mechanisms, the emotional signals they
inject typically follow a shallow design. Such
mechanisms lack the structured modulation capac-
ity required for emotion to propagate consistently
across multiple layers, and they cannot model emo-
tion from multiple complementary perspectives.
In this work, we introduce Multi-View Emotion
Adapter (MVEA), a multi-path emotional modu-
lation mechanism that enables emotion to propa-
gate persistently inside the model. MVEA embeds
structured, learnable emotional signals throughout
multiple Transformer layers, allowing the model
to achieve stable, interpretable, and fine-grained
emotional control.
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Figure 2: An overview of our model pipeline. The system consists of a visual content stream and an emotion control
stream, which are fused within the Transformer backbone through the MVEA modules. The generation process is
optimized under a joint loss framework that simultaneously enforces semantic correctness, visual alignment, and

controllable emotional expression.

3 Method

As discussed in Section 1, emotion-controllable im-
age captioning faces two key limitations: emotional
signals are difficult to control and interpret in mul-
timodal models due to the lack of explicit affect
representations, and existing training objectives
fail to jointly constrain semantic, visual, and emo-
tional consistency, leaving emotion largely prompt-
dependent. To address these issues, we elevate
emotion from a prompt-level stylistic cue to a learn-
able internal control signal and introduce a dual-
path emotion adaptor with a joint training frame-
work that integrates emotional modulation directly
into the generative process. The proposed module
is fully pluggable and applicable to Transformer-
based multimodal models.

3.1 Model Architecture

Our system is built upon two information path-
ways—the visual content stream and the emo-
tion control stream, which are integrated within
the Transformer-based text generation backbone.
Given an image and a target emotion label, the
model first extracts high-dimensional semantic fea-
tures from its visual tower, while the emotion label
is embedded into a continuous emotion represen-
tation. These two representations then enter the
language backbone jointly and are fused through

the MVEA modules inserted into several Trans-
former layers: the visual stream provides semantic
grounding, while the emotion stream modulates
hidden-state updates, transforming emotion from a
prompt-level artifact into an internal generative fac-
tor. The entire process is optimized under a unified
joint training objective, and the overall workflow is
illustrated in Figure?2 .

3.2 Multi-View Emotion Adapter (MVEA)

To allow emotion signals to participate in hidden-
state updates in a controllable and interpretable
way—while providing a modulation pathway inde-
pendent of the backbone—we design the Multi-
View Emotion Adapter (MVEA). MVEA trans-
forms discrete emotion labels into internal signals
that accumulate across multiple layers and contin-
uously influence the hidden representations. Its
design focuses on three aspects. First, we intro-
duce an emotion-driven dynamic gating mecha-
nism: the emotion vector generates channel-wise
gates within the bottleneck mapping, enabling fine-
grained control over activation magnitudes across
different emotions and providing an explicit handle
on the strength of internal representations:

g= G(Wge)v
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Here, h denotes the hidden state of the current layer,
e is the emotion embedding, and W represents
learnable linear transformations shared across the
formulations. Second, we incorporate an emotion-
modulated low-rank LoRA path, where dynamic
rank weights derived from the emotion vector
rescale the low-rank updates and shift hidden-state
directions. This directional modulation encourages
consistent emotional style in lexical choice, tonal
preference, and other aspects of the generated text.

Ahlora — WB((WAh) ® (WTE)) (2)

The two paths operate from complementary per-
spectives—magnitude modulation and direction
modulation—forming a dual-view mechanism that
allows emotion signals to influence generation in a
richer and more nuanced manner than traditional
adapters. Besides, to preserve flexibility and con-
trollability, MVEA is implemented as a pluggable
module that explicitly intervenes in representation
updates and can be easily fine-tuned for down-
stream tasks. The structure of MVEA is shown
in Figure 1.

3.3 Joint Training Objective

To enable stable coordination among semantic cor-
rectness, visual consistency, and emotional con-
trollability, we introduce a joint loss framework
tailored for emotion-controllable image caption-
ing. The semantic component of the generated text
is supervised using a standard cross-entropy loss.
Visual consistency is maintained through a CLIP-
score loss based on cosine similarity, which en-
courages the textual representation to remain close
to the corresponding image features in the shared
cross-modal space. To ensure that the model ex-
presses the specified target emotion during genera-
tion, we further incorporate an emotion-alignment
loss. A frozen emotion classifier predicts emotion
distributions for both the reference descriptions
and the model-generated outputs, yielding the tar-
get distribution ¢ and the generated distribution p.
The KL divergence between ¢ and p serves as the
emotion loss, guiding the emotional distribution
of the generated text to converge toward the target
emotion.

Lemo =KL(g | p) =) log]% 3)

Ejoint = )\capﬁcap + Aclipﬁclip + )\emoﬁemm (4)

where g and p are the target and generated emotion
distributions, and Acap, Actip, Aemo Weight the three
loss terms.

4 Experiments

4.1 Setup

Datasets To alleviate the limited scale of exist-
ing emotion-aware image captioning datasets, we
construct a new dataset of approximately 25,000
image—emotion—text triplets spanning seven emo-
tion categories and about 7,600 images. We first
filter ArtEmis (Achlioptas et al., 2021) by removing
abstract or unsuitable samples, retaining roughly
14,000 instances, and further supplement the data
with real-world images from Flickr8k (Hodosh
et al., 2013) and COCO (Lin et al., 2014). Cap-
tions are obtained via a combination of manual
annotation (about 4,500 samples) and LLLM-based
augmentation (over 7,000 samples). To control
noise, all augmented captions are constrained by
visually grounded prompts and validated using a
frozen RoBERTa-based seven-class emotion classi-
fier (Zhuang et al., 2021), with additional manual
inspection applied to remove clear visual—text mis-
matches. Emotion labels follow the same taxon-
omy as ArtEmis. As shown in Figure 3, the dataset
exhibits mild imbalance without severe long-tail ef-
fects. We split the data into training, development
(15%), and test (15%) sets, where the development
set is used exclusively for hyperparameter tuning.
Prompts used for LLM-based augmentation are
provided in Appendix B.1.
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Figure 3: Sample distribution of the seven emotion
categories across existing data, manual annotations, and
LLM-augmented captions.

Baselines To evaluate the practical gains of
MVEA in emotion-controllable generation, we
select four open-source multimodal models as
comparison baselines: LLaVA-Phi-3-Mini (Liu



et al., 2023), Qwen2.5-VL-7B (Bai et al., 2025),
InternVL2-8B (Chen et al., 2024), and LLaVA-
v1.6-Vicuna-13B (Liu et al., 2023). They span
small to medium-scale Transformer architectures
and represent high-performing, widely adopted
open-source vision—language models, providing a
representative snapshot of current mainstream mul-
timodal modeling and enabling evaluation across
different parameter scales and architectural de-
signs. We further include LLaVA-Phi-3-Mini with
FUDGE (Yang and Klein, 2021), a decoding-time
control baseline that steers emotional expression
by reweighting token probabilities during genera-
tion without modifying model parameters, as well
as Qwen2.5-VL-7B with EmotionVector (Dong
et al., 2025), an internal control baseline that in-
jects pre-computed emotion direction vectors into
intermediate hidden states during decoding. In ad-
dition, we report the zero-shot performance of GPT-
40 (Hurst et al., 2024) and Gemini-3-Pro-Preview
(Team et al., 2023) as non-controllable references,
representing the most widely used GPT model and
the strongest currently available Gemini API model,
respectively. All open-source models are compared
under identical training configurations.
Evaluation Metrics We evaluate emotional
controllability and generation quality using a com-
bination of automated and subjective metrics.
Emotion-related performance is measured by Emo-
tion Score and Emotion Accuracy. Emotion Score
computes cosine similarity between generated text
and the target emotion in a seven-class ROBERTa-
based affective embedding space (Zhuang et al.,
2021), while Emotion Accuracy measures whether
the predicted emotion matches the target. We val-
idate this classifier on 5,000 randomly sampled
instances, achieving high accuracy (~ 95%). For
text quality, we report CLIP-Score (Radford et al.,
2021) for cross-modal consistency, Perplexity for
linguistic fluency, and Distinct-n for lexical diver-
sity. Because automated metrics alone cannot fully
capture the subjective characteristics of emotional
expression, we also incorporate both human and
LLM-based subjective evaluations. Human annota-
tors assign 1-5 scores for emotional relevance and
image relevance following a unified rubric. In par-
allel, GPT-4o0 provides an aggregated score under a
fixed evaluation prompt. All evaluation templates
and prompts are included in the appendix A. We
note that GPT-4o is also used as an automatic eval-
uator while serving as a zero-shot baseline model,
which may introduce potential self-evaluation bias.

Therefore, GPT-based scores are reported only as a
complementary signal, while all main conclusions
rely on automated metrics and blinded human eval-
uation.

Implementation Details Across all experi-
ments, we adopt a unified training setup for the
open-source models: the visual encoder and lan-
guage backbone are frozen, and only the emo-
tion projection layer and MVEA parameters are
updated. Visual features are precomputed under
the frozen encoder and fused via each model’s
native multimodal interface. We first perform
lightweight hyperparameter tuning on the develop-
ment set, after which we fix the joint loss weights
t0 Acap = 0.2, Actip = 1.0, and Aemo = 3.0, keep-
ing them consistent across all backbones. All re-
maining training hyperparameters follow a shared
configuration, with full details provided in the Ap-
pendix B.2 and B.3.

4.2 Baseline Comparison

We select four mainstream open-source Trans-
former backbones, ranging from lightweight to
large-scale models, to examine the transferability
of MVEA. GPT-40 and Gemini-3-Pro-Preview’s
zero-shot performances are also reported as strong
non-controllable references. The full results are
shown in Table 1. Figure 4 provides an visualiza-
tion of how each model changes across the various
evaluation metrics.

Overall, MVEA yields consistent emotional en-
hancement across all model sizes, increasing Emo-
tion Score by 11%-25% and Emotion Accuracy
by 9%—-15%. The gain is largest on smaller mod-
els, while larger models show more saturated im-
provements, likely because high-capacity back-
bones already encode stronger implicit affective
structure. In human evaluation, emotional rele-
vance (ER) rises by 0.3-1.2 points, whereas im-
age relevance (IR) remains stable or slightly de-
creases, confirming that MVEA primarily targets
the affective dimension rather than visual ground-
ing. Compared with recent related baselines such
as FUDGE and EmotionVector, MVEA improves
Emotion Score by approximately 10%—-20% and
Emotion Accuracy by 6%—12%, with consistent
gains in both human and GPT-based evaluations.
Importantly, GPT-based subjective scores show
consistent relative trends with human emotional
relevance across models, indicating that the ob-
served gains are not driven by the evaluator itself.
Notably, LLaVA-v1.6-Vicuna-13B with MVEA ap-



Model EST EA1T CS1T PPL| D21 ERT IRT GST?T
LLaVA-Mini 052 0.67 3099 455 027 332 427 3.68
LLaVA-Mini + MVEA 0.65 0.77 2603 274 030 423 379 4.03
LLaVA-Mini + FUDGE 0.61 0.73 2857 344 029 355 4.13 382
Qwen2.5-VL-7B 059 0.72 2823 261 027 3.67 431 383
Qwen2.5-VL-7B + EmotionVector 0.64 0.73 23.11 3.91 0.29 373 4.09 395
Qwen2.5-VL-7B + MVEA 068 0.79 2374 241 029 439 4.02 4.11
InternVL2-8B 061 0.74 31.88 263 027 375 429 3.6
InternVL2-8B + MVEA 0.71 0.83 26.12 251 030 454 387 4.18
LLaVA-v1.6-Vicuna-13B 066 0.78 3234 259 029 428 448 4.37
LLaVA-v1.6-Vicuna-13B + MVEA 0.73 0.85 28.68 244 029 4.69 423 452
GPT-40 070 0.83 3412 235 031 441 4.56 4.57
Gemini-3-Pro-Preview 0.72 0.84 3218 2.39 031 4.64 442 452

Table 1: Comparison across baselines and MVEA-enhanced models. ES = Emotion Score; EA = Emotion Accuracy;
CS = CLIP-Score; PPL = Perplexity; D2 = Distinct-2; ER = human-rated emotional relevance; IR = human-rated
image relevance; GS = GPT-40-based subjective score. Bold indicates the best result; underline indicates the second
best. GPT-40 is used as a fixed evaluator for consistency across models. While its self-evaluation may introduce
mild bias, human evaluation results show consistent trends and mitigate this concern.

LLaVA-Mini

Qwen2.5-VL-7B

Emotion Acc Emotion Acc

GPT-Score

InternVL2-8B LLaVA-v1.6-Vicuna-13B

Emotion Acc Emotion Acc

—— Original Model = Model inserted with MVEA

Figure 4: Radar visualization of performance changes
before and after inserting MVEA. All metrics are scaled
to a 0-100 range, revealing emotional gains alongside
the visual trade-off.

proaches the zero-shot emotional performance of
top-tier closed-source models. We further provide
qualitative examples in Appendix C under fixed
images and varying target emotions.

We also observe a clear visual trade-off: CLIP-
Score drops by approximately 15%, indicating that
the emotion pathway shifts generation away from

purely visual semantics toward emotionally aligned
descriptions. Nonetheless, Perplexity and Distinct-
2 remain nearly unchanged, showing that MVEA
preserves the backbone’s language-generation qual-
ity. Overall, MVEA provides strong, scalable emo-
tional controllability with minimal architectural
overhead.

4.3 Ablation Studies

We conduct two ablation studies to analyze how
MVEA’s design influences controllable generation.
The first removes key components—including emo-
tion gating, the LoRA-based modulation path, emo-
tion embeddings, and their loss terms—to isolate
each mechanism’s contribution. The second varies
the insertion depth of MVEA to test how emotional
control depends on layer placement. All exper-
iments use LLaVA-Phi-3-Mini as the backbone,
with component ablations applied to the final five
decoder layers for consistency. The component-
wise ablation results are shown in Table 2, and
their effects on different emotional metrics are vi-
sualized in Figure 5. The overall trend is clear:
the components of MVEA contribute to emotional
control in a graded manner—removing any sin-
gle part leads to a 5%—-20% performance drop,
with the emotion embedding and gating mecha-
nism having the strongest impact. Eliminating ei-
ther causes a 15%—20% decline in emotion-related



Ablation Setting EST EA1T CLIP-ST PPL Distinct-2 EmoRelT ImgRel?T GS1
Full MVEA 0.65 0.77 26.03 2.74 0.30 4.23 3.79 4.03
LLaVA-Mini 0.52  0.67 30.99 3.55 0.27 3.32 4.27 3.68
w/o Gating 0.58 0.71 25.87 2.71 0.26 3.63 3.88 3.78
w/o LoRA Path 0.61 0.74 26.40 2.55 0.28 3.71 3.92 3.85
w/o Emotion Embedding 0.55 0.70 28.49 3.13 0.27 3.54 4.11 3.66
w/o Emotion Loss (KL)  0.58 0.72 28.96 2.88 0.28 3.57 4.09 3.70
w/o CLIP Loss 0.64 0.76 24.21 2.75 0.32 4.31 3.29 3.55

Table 2: Ablation studies of the proposed MVEA module. Best results are shown in bold; second-best results are
underlined. ES: Emotion Score; EA: Emotion Accuracy; CLIP-S: CLIP-Score; PPL: Perplexity; Distinct-2: lexical
diversity; Emo Rel / Img Rel: human relevance ratings (1-5); GS: GPT-40-based subjective score.

Pos EA1T CStT PPL| ER?
First-5 layers 072 537 271 3.81
Middle-5 layers 0.74 5.28  2.66  4.07
Last-5 layers 077 521 273 4.23

Table 3: Insertion position ablation for MVEA. Pos =
insertion position; EA = Emotion Accuracy; CS = CLIP-
Score; PPL = Perplexity; ER = human-rated emotional
relevance (1-5). Best results are shown in bold.

metrics, while fluency and diversity remain nearly
unchanged, indicating that emotional input and
amplitude modulation form the core control path-
way. By contrast, removing the emotion loss
results in a milder degradation, primarily caus-
ing emotional distributions to drift while leaving
overall caption quality largely stable. The LoRA
path and CLIP loss exert weaker effects: LoRA
removal introduces about 5%—10% instability in
emotional style, while removing CLIP loss repro-
duces the visual-emotion trade-off discussed in
Section 4.2—slightly lower visual consistency but
marginally higher emotion scores.

The positional ablation shows that deeper layers
are more effective for emotion injection (Table 3).
Early-layer insertion yields the weakest control,
with emotion accuracy 6—7% below the best set-
ting and a 10% drop in human-rated emotional
relevance, indicating signal dilution. Middle-layer
insertion improves performance by 3%—-4% with
negligible visual impact. Placing MVEA in the
final five layers achieves the strongest emotional
control, with only a modest 2% reduction in visual
consistency. Overall, emotion control arises from
the synergy of embedding, gating, and joint loss,
while deeper insertion maximizes signal strength
without compromising generation quality.
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Figure 5: Relative performance drop (%) when re-
moving each component of MVEA. We report the
degradation on four emotion-related metrics—Emotion
Score (ES), Emotion Accuracy (EA), human-rated Emo-
tion Relevance (Emo Rel), and GPT-based subjective
score (GS). For visualization consistency, CLIP-Score
is rescaled by a factor of 1/5 before computing.

5 Conclusion

We propose MVEA, a lightweight modulation mod-
ule that integrates emotion as a structured internal
signal within multimodal generation backbones,
supported by a unified joint training objective and
a 25K-scale dataset. Experiments across model
sizes demonstrate consistent emotional gains (with
9%—-25% gains on emotion-related metrics), with
performance approaching strong closed-source
models. Ablation studies further show that the
emotion gate, LORA path, and emotion loss play
complementary roles. This framework advances
emotion-controllable image captioning and sup-
ports scalable controllable text generation.



Limitations

Emotion—Vision Trade-off Introducing emotion
as an explicit internal modulation signal leads to
clear gains on emotion-related metrics, while a
modest decrease in visual alignment is also ob-
served. This indicates that, under the current mod-
eling and training framework, there remains a struc-
tural trade-off between emotional strength and se-
mantic—visual fidelity; the joint loss can balance
these objectives but does not fully optimize both
simultaneously.

Emotion Representation Setting We adopt dis-
crete emotion labels as control signals to ensure
consistency and interpretability of emotion con-
ditions, and to enable stable comparison across
models and experimental settings. Under this de-
sign choice, the model can reliably switch target
emotions, while finer-grained emotional continuity
or composite emotional structures are not explic-
itly modeled. Such extensions would require more
complex annotation schemes and evaluation proto-
cols and are beyond the scope of this work.
LLM-based evaluation bias Although we employ
GPT-40 to obtain a reproducible subjective eval-
uation signal, using the same model family for
data augmentation and evaluation may introduce
self-consistency bias. We mitigate this risk by ex-
cluding GPT-40 from all training stages, reporting
GPT-based scores only as auxiliary indicators, and
conducting blinded human evaluation, which yields
trends consistent with automated judgments. Nev-
ertheless, future work may benefit from involving
multiple independent LLM evaluators or larger-
scale human studies.

Emotion availability in images Our task formula-
tion assumes that a target emotion is provided as an
explicit control signal during caption generation. In
practice, some images may already contain strong
affective cues, raising the question of whether an
additional emotion label is necessary. Our goal
is not to infer the intrinsic emotion of an image,
but to enable controllable emotional expression un-
der a fixed visual scene. Since many images are
emotionally ambiguous and can support multiple
valid interpretations, the emotion label serves as
a controllable conditioning variable rather than re-
dundant supervision. When the image emotion is
unambiguous, explicit emotion control may offer
limited additional benefit.
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Appendix
A Evaluation Details

A.1 Human Evaluation

To complement the limitations of objective met-
rics in evaluating emotional expression and im-
age—text consistency, we manually curate a set of
500 image—emotion pairs from roughly 2,000 sam-
ples across all test sets as our human evaluation
subset. Each sample contains an image, a target
emotion label, and the outputs generated by dif-
ferent models. Annotators rate the outputs on a
five-point Likert scale along two dimensions: emo-
tional relevance (the degree to which the generated
text expresses the target emotion through tone, lex-
ical choice, and overall semantics) and image rele-
vance (the consistency between the generated text
and the visual content). All samples are evaluated
following unified annotation guidelines, and final
scores are computed by averaging ratings across an-
notators. During evaluation, annotators are blinded
to the model identities behind each generated text
to ensure fairness. The detailed scoring rubric is
shown in the Table 4.

A2

To obtain a reproducible subjective quality metric
aligned with the human evaluation criteria, we fur-
ther employ GPT-40 to generate a single aggregated
score for each caption. Similar to human raters,
GPT-4o0 receives the target emotion, the image, and
the model-generated text, and produces an integer
score from 1 to 5 according to a unified evaluation
guideline. This score reflects an overall judgment
of caption quality, jointly considering emotional
expression and image relevance rather than sepa-
rating them into distinct dimensions. To ensure
reproducibility, we evaluate using the official GPT-
40 API and provide a standardized scoring prompt,

GPT-40 Evaluation Prompt
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allowing the model to assign neutral ratings with-
out knowing the source model of each caption. The
full evaluation prompt is shown Table 5.

B Experiment Details

B.1 LLM Data Augmentation Prompts

To expand the emotion-controllable image caption-
ing dataset, we design a data-augmentation pipeline
that integrates human filtering, LLM generation,
and model-based validation. We first perform man-
ual screening of the raw images, removing ab-
stract artworks and samples with insufficient vi-
sual semantics—cases that easily lead to emotional
misinterpretation. This ensures that subsequent
generation does not produce fake emotions or se-
mantically implausible descriptions. We then use
GPT-40’s native multimodal API for augmentation,
where each image is provided through the dedicated
input image field, and the target emotion label is
included directly within the generation instruction.
The full prompt is shown in Table 6.

Finally, we apply a frozen seven-class RoOBERTa
emotion classifier to automatically filter the gen-
erated texts, retaining only those whose predicted
emotion matches the target label with sufficiently
high confidence. Samples with low confidence or
mismatched emotional predictions are discarded.
To further prevent semantic inconsistencies be-
tween the caption and the image, we also conduct
manual spot-checking on a subset of approximately
500 samples, improving the overall reliability of
the augmentation pipeline.

B.2 Full Training Hyperparameters

To ensure comparability across multimodal models,
all experiments employ a unified training configura-
tion: the visual encoder and language backbone re-
main frozen, and only the emotion projection layer
and MVEA parameters are updated. Visual features
are extracted once before training using the frozen
visual tower and then fed through each model’s
native multimodal interface. For optimization, we
use AdamW and apply cosine learning rate decay
to gradually reduce the learning rate over training.
The total number of training epochs is set to four;
however, based on loss curves and validation per-
formance, we observe that the models generally
converge by around the third epoch, with emotion-
related metrics stabilizing even earlier—typically
within the first two epochs. Subsequent training
primarily serves to refine parameter stability and
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Score

Emotional Relevance

Image Relevance

Emotion is entirely absent.

Severely inconsistent with the image;
key visual content is missing.

Emotion is expressed weakly; occa-
sional emotional cues appear but overall
expression is unstable.

Clear mismatches or major omissions
of key visual features.

Emotion is somewhat present, but se-
mantic issues or ambiguity make the
emotional expression unclear.

Most key features are covered, though
some may be incomplete or imprecise.

Emotion can be reasonably inferred; the
sentence is fluent, though emotional ex-
pression may still feel slightly forced.

Description is largely accurate; most
key visual attributes are correct with no
major deviations.

Emotion is expressed naturally and co-
herently, without being exaggerated or

Highly consistent with the image, with
both fine-grained details and key fea-

abrupt.

tures correctly represented.

Table 4: Rubric for human evaluation of emotional relevance and image relevance (1-5).

fine-tune emotional alignment. Training remains
stable across hardware configurations ranging from
single-GPU RTX 4070 setups to multi-GPU A100
clusters. All hyperparameters are tuned using 5%
of the development set and then fixed for all exper-
iments. Closed-source models (GPT-40) are used
solely as uncontrollable reference baselines. We
perform inference using the official API with tem-
perature = 0.2 and max tokens = 100, without any
parameter updates or post-processing. All input
prompts are kept identical across models to ensure
reproducibility.

Parameter Value

Optimizer AdamW

Learning rate 1x107°

Weight decay 0.01

LR scheduler Cosine decay

Batch size 16 (gradient accumulation = 4)
Epochs 4 (converges by epoch 3)

Max sequence length 256

Insertion layers Last 5 decoder layers

Acap 0.2

Adip 1.0

)\emo 3.0

GPT-40 API temperature = 0.2, top-p = 0.95

Table 7: Training hyperparameters and configurations
for MVEA fine-tuning.

B.3 Joint Loss Weight Selection

To determine suitable weight settings for the joint
loss, we conduct both isolated perturbations and
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Figure 6: Joint loss weight selection on the development
set.

grid-style scans over Acap, Aclip, and Aemo on the
development set. Increasing Aemo strengthens emo-
tional alignment but inevitably weakens image—text
consistency, whereas \;p exhibits the opposite ten-
dency. The caption loss weight A,y has the small-
est impact on overall performance.

Figure X presents six representative configura-
tions selected from the development-set sweep. Cir-
cular markers denote varying Acp,, While holding
Acap = 0.2 and Agjip = 1 fixed. Square markers
vary Actip With Acap = 0.2 and Aepo = 3 fixed. Tri-
angular markers vary Ac,p while keeping Ajip = 1
and Aemo = 3 fixed. The relative positions in the
figure show that ¢, = 3 lies in a region that bal-
ances emotional strength and visual consistency, so
we adopt Acyp = 0.2, Aclip = 1, and Aemo = 3 as
the final weight configuration.



Prompt for Emotion-Controlled Caption Generation:

You are now an expert text evaluator. Your task is to assess the quality of a generated caption based
on a given image description, the generated text, and a target emotion. You will be provided with an
image, a target emotion (a single word), and a model-generated text. Based on the target emotion,
you must assign a single overall score following the five-level criterion: assign 1 if the text lacks
emotional expression or severely deviates from the target emotion and is inconsistent with the image;
assign 2 if emotional expression is very weak and unstable with clear image inaccuracies; assign 3 if
a basic emotional tendency is present and generally consistent with the image though some details
are insufficient; assign 4 if the text expresses the target emotion naturally and accurately matches
the image without major deviations; and assign 5 if the text excels in both emotional expression and
image consistency, using a natural tone with complete and coherent details. The generated text does
not need to describe all details of the image nor all major features, as long as it corresponds to a
meaningful part of the image’s primary content. Please provide only one overall score (an integer
from 1 to 5), and return only the score with no additional content.

Table 5: The full prompt used to query GPT-40 for subjective aggregated evaluation. This prompt remains fixed

across all experiments.

Prompt for Emotion-Controlled Caption Generation

You are a professional image-caption writer. Based on the given image and the target emotion,
generate a description that aligns with the specified emotional tone. The target emotion is denoted
as <EMOTION_LABEL>. The generated caption must strictly adhere to the visual content present in the
image and must not introduce any people, objects, actions, or scenes that do not exist. Emotional
expression should be conveyed naturally through tone, word choice, and narrative focus, without
exaggeration, emotional overloading, or deviation from image semantics. The caption should remain
concise and fluent (1-2 sentences), maintaining objectivity and semantic coherence. Emotional cues
should be recognizable but should not dominate or overshadow the factual description of the image.
The output format requires returning only the final generated caption, without any additional content.

Table 6: Prompt used for emotion-controlled caption generation in the GPT-40 evaluation.

C Additional Qualitative Examples

We present three representative qualitative exam-
ples to illustrate how MVEA enables fine-grained
emotional control under different target emotions.
In each example, the input image is held constant
while the emotion label is varied, allowing us to
isolate the effect of emotional modulation from vi-
sual and semantic factors. This controlled setup
makes it possible to examine whether the model
can systematically adjust tone, affective intensity,
and lexical choice in response to different emo-
tional conditions, without altering or hallucinating
core visual content. The selected examples span
scenes of varying visual and semantic complexity,
including a visually rich environment with multi-
ple salient elements (Fig 7), a real-world scenario
centered on a single subject with limited context
(Fig 8), and a moderately complex everyday scene
(Fig 9). Together, these cases provide a compre-
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hensive view of MVEA’s behavior across different
levels of visual constraint, demonstrating its ability
to produce emotionally distinct yet semantically
consistent descriptions for the same image.

Emotion Label

Input image

Output

ctin the dimly it fields, tree
neath the black sky. The
ale, faint glow, and no one

>Fear
nd.

g sun bathed the sky in soft pink and purple
ing the open fields and winding paths. A
th a tree, gazing at the sun as a ner

»Joy

w day

»Calm

Figure 7: Qualitative examples on a visually rich envi-
ronmental scene under different target emotions. The
captions vary in tone and descriptive focus while pre-
serving the core visual content.



Input image Emotion Label Output

“The picture shows a boy with aterrified expression on his
face, about to side down the siide ino the pool. His hands
‘seem to be grasping at the side, rying to prevent himself
from tumbiing into the water.

"/—4Fear

“The boy in the picture looks uttery terrified, his eyes wide
‘and mouth agape, ikely because he's about tofal into the
waterHe seems unable to control his body

“The boy slumps at the end of the slide with a strained
expression, as though this ride wasn't as fun as he hoped.
His body hangs awkwardly above the pool, looking
uncomfortable and disappointed.

. the slide had startled him. His stiff ams and tense body
»Anger radiated anger.

Figure 8: Qualitative results on a real-world single-
subject scene with limited visual context. Emotional
differences are reflected in narrative focus while remain-
ing grounded in the image.

Inputimage Emotion Label Output

[ —————
_—doy s thepainge,leasn th by an . T
y EE S SR e

People suddenly seemed drawn to one of the paintings. ts

/
—ZL .
<. Suprise clutching her chest in astonishment, sharing her reaction with
\ others nearby.
\. The gallery was auie, ts wite walls, wooden floors, and neatly
~—Calm

Visiors paused to quietly admire the artwork on the walls ther

Figure 9: ualitative examples on a moderately complex
everyday scene under different target emotions. The
generated captions adjust emotional tone without alter-
ing the underlying scene semantics.

14



	Introduction
	Related Work
	Method
	Model Architecture
	Multi-View Emotion Adapter (MVEA)
	Joint Training Objective

	Experiments
	Setup
	Baseline Comparison
	Ablation Studies

	Conclusion
	Evaluation Details
	Human Evaluation
	GPT-4o Evaluation Prompt

	Experiment Details
	LLM Data Augmentation Prompts
	Full Training Hyperparameters
	Joint Loss Weight Selection

	Additional Qualitative Examples

