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Featured Application

The proposed framework provides a lightweight image captioning solution for vision—
language systems that employ frozen pretrained vision and language models. It is appli-
cable to parameter-efficient adaptation scenarios where only a small number of trainable
parameters can be updated while preserving the pretrained backbone architecture.

Abstract

Image captioning with pretrained vision and language models often requires substantial
model adaptation, while lightweight settings restrict the number of components that can
be updated. This study investigates an input-level visual conditioning approach for image
captioning using a frozen ResNet-50 image encoder and a frozen Phi-3 Mini language model.
A global image representation is first projected into ten continuous visual tokens. A gated
local residual module is then introduced to incorporate spatial features from the final
ResNet feature map without modifying either pretrained backbone. The framework was
evaluated on the MS COCO Karpathy split under a fixed training and decoding protocol.
The global visual-conditioning baseline achieved a CIDEr score of 0.8382 on the test split.
Adding the gated local residual module increased CIDEr to 0.8693, while adding only
3.95 million stage-specific trainable parameters. Under a near-matched trainable-parameter
budget, a rank-10 QKV-only LoRA control achieved a CIDEr score of 0.8439, whereas
direct and gated local residual conditioning achieved 0.8611 and 0.8693, respectively. These
results are limited to the evaluated frozen ResNet-50-Phi-3 configuration and do not imply
a general advantage over LoRA variants. As an additional sequence-level optimization
experiment, self-critical sequence training increased CIDEr marginally from 0.8693 to 0.8704
without changing the inference architecture. Caption quality was further examined using
a structured LLM-based evaluation over all 5000 images in the Karpathy test split, assessing
semantic accuracy, information coverage, fluency, and reference-based unsupported content.
A zero-shot evaluation on Flickr30k showed a marked performance decrease, indicating
limited cross-dataset generalization. Overall, the experiments provide an empirical analysis
of global and local visual conditioning for parameter-efficient caption generation with
frozen pretrained components.

Keywords: image captioning; visual conditioning; small language model; parameter-efficient
adaptation; gated residual fusion; frozen language model; qualitative evaluation
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1. Introduction

Image captioning aims to generate natural language descriptions that summarize the
semantic content of an image by jointly modeling visual and linguistic information. Recent
advances in pretrained vision-language models have substantially improved caption
generation by combining powerful visual encoders with large language models. Rather
than training these models from scratch, many recent studies employ pretrained vision
and language components and adapt them to downstream tasks through lightweight
trainable modules.

As pretrained vision-language models become increasingly larger, parameter-efficient
adaptation has emerged as a practical approach for reducing the number of trainable
parameters while preserving pretrained knowledge. Under such settings, the effectiveness
of image captioning depends not only on the pretrained models themselves but also on how
visual information is transferred from the vision encoder to the language model. Designing
an efficient visual conditioning mechanism therefore becomes an important problem when
both pretrained backbones remain frozen.

While compact global image representations provide high-level semantic information,
they may not always sufficiently capture fine-grained spatial evidence that contributes to
object attributes, local interactions, and complex scene composition. This motivates the
following research question:

“Can complementary local visual information improve caption generation while main-
taining a frozen vision-language architecture and a parameter-efficient adaptation setting?”

To investigate this question, this work studies a lightweight image captioning frame-
work based on a frozen ResNet-50 [1] image encoder and a frozen Phi-3 Mini [2] language
model. The study examines how different visual conditioning strategies influence caption
generation under a unified experimental setting while keeping both pretrained backbones
unchanged. In addition to global and local visual conditioning, decoder adaptation using
Low-Rank Adaptation (LoRA) [3] and sequence-level optimization through Self-Critical Se-
quence Training (SCST) [4] are evaluated to better understand their respective contributions
under the same frozen architecture.

The proposed framework is evaluated on the MS COCO Karpathy split [5,6] using
standard automatic captioning metrics. To complement quantitative evaluation, we further
conduct a structured qualitative analysis over all 5000 images in the Karpathy test split
using a fixed large language model (LLM)-based evaluation protocol with predefined
assessment criteria. Cross-domain generalization is additionally examined through zero-
shot evaluation on Flickr30k [7].

The main contributions of this work are summarized as follows:

e  We investigate a lightweight image captioning framework that combines a frozen
ResNet-50 image encoder and a frozen Phi-3 Mini language model through parameter-
efficient visual conditioning.

e  We experimentally compare global and local visual conditioning with a parameter-
matched LoRA control and evaluate the effect of sequence-level optimization under a
unified experimental setting.

e  We provide a comprehensive evaluation using both standard automatic metrics and a
structured qualitative analysis over the complete MS COCO Karpathy test split, includ-
ing representative examples and systematic observations of generated caption quality.

2. Related Work

Image captioning research has progressed from task-specific encoder-decoder architec-
tures to large-scale vision-language pretraining and parameter-efficient adaptation. Within
this broader landscape, recent approaches can be distinguished by whether they adapt the
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language model or improve the visual-conditioning interface. The following subsections
review these developments and clarify the position of the proposed framework.

2.1. Evolution of Image Captioning

Early neural image-captioning systems were commonly formulated as encoder—
decoder models. Show and Tell combined a convolutional image encoder with a recurrent
language decoder, establishing an end-to-end framework for mapping images to natural-
language descriptions [8]. Show, Attend and Tell subsequently introduced visual attention,
allowing the language decoder to emphasize different spatial regions of the image at indi-
vidual generation steps rather than relying exclusively on a single global representation [9].

The introduction of the Transformer [10] shifted sequence generation away from
recurrent processing toward attention-based modeling. Transformer-based captioning
architectures, such as the Meshed-Memory Transformer, further improved the modeling of
relationships among image regions and enabled the decoder to use representations from
multiple visual-encoding levels [11]. These developments established two principles that
remain relevant to recent captioning systems: effective caption generation depends on both
strong linguistic modeling and the preservation of sufficiently detailed visual information.

More recently, the field has moved from training captioning architectures primarily on
task-specific datasets toward adapting large pretrained vision and language components.
This shift has expanded image captioning from a narrowly defined generation task into
part of a broader vision-language modeling paradigm.

2.2. Vision—-Language Pretraining and Frozen Backbone Integration

Large-scale vision-language pretraining has substantially influenced recent caption-
generation systems. BLIP [12] introduced a unified framework for vision-language un-
derstanding and generation and used bootstrapped caption generation and filtering to
improve learning from noisy image—text data. BLIP-2 reduced the cost of multimodal pre-
training by connecting a frozen image encoder and a frozen large language model through
a lightweight Querying Transformer, or Q-Former [13]. Instruct BLIP [14] extended this
design through vision-language instruction tuning and an instruction-aware Q-Former.

Other multimodal systems have pursued broader task generality. Flamingo connects
pretrained visual and language components through cross-attention layers and supports
few-shot inference over interleaved visual and textual inputs [15]. LLaVA uses a lightweight
visual-to-language projection followed by visual instruction tuning to connect visual fea-
tures with a pretrained language model [16]. Kosmos-2 extends multimodal generation
toward explicit phrase and region grounding [17]. Although these systems differ in training
scale, architecture, and task scope, they demonstrate the importance of the interface that
maps visual representations into the language-model space.

A related line of research studies multimodal learning while preserving pretrained
language-model parameters. Frozen transforms visual inputs into continuous represen-
tations that can condition a frozen autoregressive language model [18]. Such approaches
suggest that useful multimodal behavior can be obtained without updating the complete
language model, provided that the visual-to-language interface is sufficiently expressive.

Compact language models also make frozen-backbone integration increasingly practi-
cal. Phi-3 Mini is a 3.8-billion-parameter language model designed to provide strong lan-
guage capability at a substantially smaller scale than many large language models [2]. How-
ever, Phi-3 Mini is a text language model rather than a pretrained vision-language model.
The present study therefore combines it with an independently pretrained visual encoder
and explicitly learns the visual-conditioning interface between the two frozen components.
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Figure 1 summarizes the reviewed research landscape and positions the proposed
framework between language-side adaptation and visual conditioning under frozen pre-
trained backbones. The proposed framework keeps both backbones frozen and evaluates
global-only conditioning, direct and gated local residual conditioning, and a QKV-LoRA
control under the same MS COCO Karpathy protocol.

Related research landscape

Existing research Proposed framework
[ Image captioning
'8 i A
Vision-language pretraining
BLIP  BLIP-2  InstructBLIP Proposed architecture
Flamingo LLaVA Kosmos-2 Frozen backbones
!
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The proposed framework investigates visual conditioning while keeping both
pretrained backbones frozen, instead of adapting the language model
through parameter-efficient fine-tuning.

[] Existing research [[] Language adaptation [] visual conditioning [] Proposed framework

Figure 1. Research landscape of image captioning and parameter-efficient vision-language adaptation,
with the position of the proposed framework.

2.3. Parameter-Efficient Language-Side Adaptation

Parameter-efficient fine-tuning reduces adaptation cost by updating only a small
number of task-specific parameters. Adapter-based methods insert lightweight bottle-
neck modules into pretrained networks while leaving the original model parameters
unchanged [19]. Prefix Tuning optimizes continuous task-specific representations that are
injected into Transformer layers while the underlying language model remains frozen [20].
Prompt Tuning instead learns continuous input prompts that condition a frozen model on
a downstream task [21].

LoRA represents weight updates through trainable low-rank matrices added to se-
lected pretrained layers [3]. Unlike soft-prompt approaches, LoRA directly adapts des-
ignated projection matrices while retaining the original pretrained weights. It has conse-
quently become a representative control for evaluating whether performance improvements
arise from language-model adaptation.
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The objective of the present study is not to compare the full range of PEFT algorithms.
Rather, it is to isolate the contribution of visual conditioning under a fixed frozen-backbone
configuration. A QKV-only LoRA model is therefore used as a representative language-side
control. This comparison asks whether a similar stage-specific trainable-parameter budget
is more beneficial when assigned to decoder adaptation or to the proposed local visual-
conditioning module. The conclusions are restricted to the evaluated LoRA configuration
and are not generalized to other ranks, target modules, or PEFT methods.

2.4. Visual Conditioning for Frozen Language Models

Visual conditioning provides an alternative to adapting the internal parameters of
a language model. Instead of changing the language model itself, visual representations
are transformed into continuous embeddings or tokens that can be processed through its
existing input or attention interfaces. Frozen [18], BLIP-2 [13], and related architectures
demonstrate different forms of visual feature projection, query-based extraction, and cross-
attention-based integration.

For image captioning specifically, ClipCap maps a pretrained visual representation to
a sequence of continuous embeddings used to condition a pretrained language model [22].
This approach showed that caption generation can remain viable even when only the
visual mapping network is trained and both the image encoder and language model are
frozen. However, methods based predominantly on pooled global representations may
compress or discard spatial information needed to distinguish small objects, attributes, and
local relationships.

Visual conditioning mechanisms can therefore be considered at two complementary
levels. Global conditioning provides an overall semantic representation of the image,
whereas local conditioning retains spatially distributed evidence from the visual feature
map. Directly adding local information may improve detail coverage, but an unconstrained
local residual may also disrupt the stable global representation. This motivates mechanisms
that regulate how strongly local evidence modifies global conditioning.

The proposed framework addresses this problem using a frozen ResNet-50 visual
encoder and a frozen Phi-3 Mini language model [1,2]. A global image representation
is first mapped to continuous visual-conditioning tokens. Spatial ResNet features are
then processed through learnable queries and multi-head cross-attention, after which the
resulting local representation is incorporated as a gated residual update. The global-only
baseline (B0), direct local residual configuration (F0), and gated local residual configuration
(B1) separate the contribution of local evidence from that of the gating mechanism. The
QKV-LoRA control (LO) further distinguishes visual-side conditioning from language-side
adaptation under the same experimental framework.

Accordingly, this study does not aim to establish a general ranking among contem-
porary vision-language models or PEFT methods. Its narrower objective is to determine
whether lightweight global-to-local visual conditioning improves caption generation when
the visual encoder and language model remain completely frozen.

3. Proposed Method
3.1. Overall Architecture

Figure 2 illustrates the overall architecture of the proposed image captioning frame-
work. The framework consists of three principal components: (1) a frozen ResNet-50 [1]
image encoder for visual feature extraction, (2) lightweight trainable visual conditioning
modules, and (3) a frozen Phi-3 Mini [2] language model for caption generation. During
training, only the visual conditioning modules are optimized, while all parameters of the
pretrained vision encoder and language model remain fixed.
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Figure 2. Overall architecture of the proposed framework with frozen ResNet-50 and Phi-3
Mini backbones.

Given an input image, the frozen ResNet-50 encoder first extracts both a global image
representation and a spatial feature map from its final convolutional stage. The global
representation provides compact semantic information describing the overall image content,
whereas the spatial feature map preserves local visual evidence corresponding to object
regions and scene structure. These complementary visual representations are processed by
separate trainable conditioning modules before being provided to the language model.

The proposed framework adopts a two-stage visual conditioning strategy. First, the
global image representation is transformed into a sequence of continuous visual tokens
through a lightweight projection network. These visual tokens are prepended to the textual
input and serve as the initial visual context for caption generation. Subsequently, local
spatial features extracted from the final convolutional feature map are incorporated through
a gated residual conditioning module. This module introduces complementary local visual
information while preserving the semantic context established by the global visual tokens.

Unlike conventional Prefix Tuning [20], which injects trainable prefix representations
into multiple Transformer layers, the proposed framework performs visual conditioning
only at the input interface between the image encoder and the language model. Conse-
quently, visual information is provided before language decoding begins, while the internal

https://doi.org/10.3390/app16157510


https://doi.org/10.3390/app16157510

Appl. Sci. 2026, 16, 7510

7 of 39

architecture and parameters of both pretrained backbones remain unchanged. This design
allows the framework to investigate the effectiveness of lightweight visual conditioning
independently of modifications to the pretrained vision or language models.

The proposed architecture was designed to systematically evaluate different visual
conditioning strategies under a unified experimental setting. The global visual condition-
ing model serves as the baseline configuration, while the gated local residual module
extends the baseline by incorporating additional spatial information. Decoder adaptation
using LoRA [3] and sequence-level optimization through Self-Critical Sequence Train-
ing (SCST) [4] are evaluated separately to analyze their respective contributions without
altering the overall architecture.

3.2. Global Visual Conditioning

The global visual conditioning module converts an image-level representation ex-
tracted by the frozen ResNet-50 encoder into a sequence of continuous visual tokens that
provide the initial image context to the frozen language model. This module operates
only at the input interface of Phi-3 Mini and does not modify the internal layers of either
pretrained backbone.

2048
ve €R

A trainable projection network maps v¢ to the embedding dimension of Phi-3 Mini.
The projector consists of a fully connected layer preserving the 2048-dimensional feature
size, a GELU activation, dropout, and a second fully connected layer producing L,d
output values:

hg = Dropout(GELU (W1vg + by)),
Zg - thg + b2,
where

W € R2048><2048 W, € R(Lvd)x2048

The projected vector is reshaped into a sequence of global visual conditioning tokens:
Ty = reshape(zg) € R4,

where L, = 10 is the number of visual conditioning tokens and d = 3072 is the hidden
dimension of Phi-3 Mini. Dropout is set to 0.1 during training.

The resulting visual tokens are prepended to the embedding sequence of the fixed tex-
tual prompt, “Describe the image in one concise sentence.” During cross-entropy training,
the target-caption embeddings follow the visual tokens and prompt embeddings:

Xirain = [Tg} Ep} Ey] ’

where E,, denotes the prompt embeddings and E, denotes the target-caption embeddings.
The loss is computed only over the target-caption positions; the visual-token and prompt
positions are masked from the language-modeling objective. During inference, only the
visual tokens and prompt embeddings are supplied:

Xinfer = [Tg} Ep] .

The complete training procedure for the global visual-prefix anchor is provided in
Algorithm Al in Appendix B.

https:/ /doi.org/10.3390/app16157510
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3.3. Gated Local Residual Conditioning

While the global visual conditioning module provides an image-level semantic repre-
sentation, it does not explicitly preserve spatial information contained in the intermediate
feature map of the visual encoder. To complement the global representation without
modifying either pretrained backbone, we introduce a lightweight gated local residual
conditioning module. As illustrated in Figure 3, spatial features are projected into local
embeddings and summarized by learnable queries through multi-head cross-attention. The
resulting representation is mapped to the Phi-3 embedding space through a zero-initialized
residual projection and added to the global visual tokens after modulation by a learnable
scalar gate.

Spatial Feature Map
(49%2048)

[ Linear (2048-512) ]

Linear (512-512)

Local Features
(49x512)

Learnable Query Tokens
(10x512)

‘ Multi-Head Cross Attention ’

Query : Learnable Tokens
Key / Value : Local Features

Post LayerNorm

Attention Output
(10x512)

(512-3072)

Residual Projection
(Zero Initialization)

l Residual Update
Local Residual Scalar Gate
(10x3072) o(a)

o(a) R

Global Visual Tokens
(10x3072)

Updated Visual Tokens
(10x3072)

[[] Trainable operation [[] Feature / token O Elementwise op

Figure 3. Architecture of the proposed gated local residual conditioning module with cross-attention
and gated residual fusion.

Let F € R¥*2048 denote the spatial feature map obtained from the final convolutional
stage of the frozen ResNet-50 encoder after flattening the 7 x 7 spatial locations. The spatial
features are first normalized and projected into a lower-dimensional representation,

Pl = flocal (F) € R49><512/

where f,, consists of Layer Normalization followed by two linear layers with GELU
activation and dropout.
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A set of learnable query tokens,

Q c RLU x512
is introduced to summarize the spatial features through multi-head cross-attention,
A = CrossAtin(Q, F, Fy),

where the learnable query tokens serve as the query, while the projected local features are
used as both the keys and values. The attention output is subsequently normalized and
projected into the embedding dimension of the frozen Phi-3 Mini decoder,

R — fpru](A) c RLv ><3072’

forming a local residual representation.
Unlike directly replacing the global conditioning tokens, the proposed method updates
them through a gated residual formulation,

Tupdated = Tg +0(2)R,

where Ty denotes the global visual conditioning tokens, R is the local residual represen-
tation, o(+) is the sigmoid function, and « is a learnable scalar parameter controlling the
contribution of the local branch.

To preserve the behavior of the global baseline at the beginning of optimization, the
weights and biases of the residual projection layer are initialized to zero. Consequently, the
initial residual output becomes zero, and the updated visual tokens are initially identical to
the global visual conditioning tokens. During training, the local branch gradually learns
residual corrections without modifying either pretrained backbone.

The resulting updated visual conditioning tokens are subsequently concatenated
with the fixed textual prompt and supplied to the frozen Phi-3 Mini decoder for caption
generation. The training procedures for the direct and gated local residual conditioning
variants are detailed in Algorithm A2 and Algorithm A3, respectively, in Appendix B.

3.4. Training Strategy

The proposed framework is trained by optimizing only the lightweight visual condi-
tioning modules while keeping both the pretrained ResNet-50 image encoder and the Phi-3
Mini language model frozen throughout training. Specifically, the trainable parameters con-
sist of the global visual conditioning projector described in Section 3.2 and the gated local
residual conditioning module introduced in Section 3.3. This optimization strategy isolates
the learning process to the visual conditioning interface while preserving the pretrained
visual and linguistic representations of both backbones.

During supervised training, the updated visual conditioning tokens are concatenated
with a fixed textual prompt and the ground-truth caption embeddings before being fed
into the frozen language model. The textual prompt is fixed as: “Describe the image in
one concise sentence.” for all training and evaluation experiments. The complete input
embedding sequence is therefore constructed as

Xirain = [Tupdated;Eprompt;Ecaption ’

where T, p4q104 denotes the updated visual conditioning tokens, Eprompt denotes the
embeddings of the fixed textual prompt, and Eupion denotes the embeddings of the
ground-truth caption.

https:/ /doi.org/10.3390/app16157510


https://doi.org/10.3390/app16157510

Appl. Sci. 2026, 16, 7510

10 of 39

Training follows the standard autoregressive teacher-forcing paradigm, in which each
target token is predicted conditioned on the updated visual conditioning tokens, the fixed
prompt, and the preceding ground-truth caption tokens. Let

Y= (y1,---,¥N)

denote the target caption. The model is trained by minimizing the autoregressive cross-
entropy objective,

N
Lcg= —Z logP(]/t | Y<t, Tupdated)-
t=1

To ensure that optimization focuses only on caption generation, the visual conditioning
tokens and the prompt tokens are excluded from the language-modeling loss through
masking. Consequently, gradients are computed only from the target-caption tokens, while
the visual conditioning modules are optimized through backpropagation across the frozen
language model.

During inference, the ground-truth caption embeddings are removed, and only the
updated visual conditioning tokens together with the fixed textual prompt are provided to
the frozen Phi-3 Mini decoder,

Xinfer = [Tupdated}Eprompt .

The decoder then generates the caption autoregressively until the end-of-sequence
token is produced or the predefined decoding termination criterion is satisfied. The
complete caption-generation and inference procedure for the evaluated configurations is
provided in Algorithm A4 in Appendix B.

4. Experimental Setup
4.1. Datasets

The proposed framework was primarily evaluated on the MS COCO 2014 Karpathy
split [5,6], a commonly used benchmark setting for image captioning. The split contains
82,783 training images, 5000 validation images, and 5000 test images, with five human-
annotated reference captions available for each image. The training split was used for model
optimization, the validation split was used for checkpoint and decoding-configuration
selection, and the test split was reserved exclusively for final evaluation.

An additional cross-dataset evaluation was conducted on Flickr30k [7] to examine the
transfer of the COCO-trained visual conditioning model to a different captioning dataset.
The evaluation used the Flickr30k test split containing 1000 images. The checkpoint achiev-
ing the highest validation CIDEr score on the MS COCO validation split was directly
evaluated on Flickr30k without any additional fine-tuning or parameter updates. Accord-
ingly, this experiment is reported as a zero-shot cross-dataset evaluation, rather than as an
in-domain Flickr30k result. The datasets used in this study are summarized in Table 1.

Table 1. Summary of the datasets used in this study.

Dataset Train Validation Test Usage
MS COCO 2014 Supervised training, validation,
(Karpathy split) 82,783 5000 5000 and in-domain evaluation

Flickr30k - - 1000 Zero-shot Generalization

Unless otherwise stated, the main quantitative results reported in this paper refer to
the MS COCO Karpathy test split. The Flickr30k results are presented separately to analyze
cross-dataset generalization, rather than in-domain captioning performance.

https:/ /doi.org/10.3390/app16157510
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4.2. Experimental Settings

Experimental environment: All experiments were implemented in Python 3.12.13
using PyTorch 2.11.0 and torchvision 0.26.0 with CUDA 12.8. Training and evaluation were
conducted on a single NVIDIA A100-SXM4 GPU with 80 GB of memory. The visual encoder
used ResNet-50 initialized with the ImageNet-1K V2 pretrained weights. The Phi-3 Mini
3.8 B language model was loaded using 4-bit NF4 quantization with FP16 computation and
remained frozen throughout all experiments. The trainable visual conditioning modules
were maintained in FP32, and their outputs were cast to the input embedding dtype of the
frozen language model before decoding.

Training configuration: Training was performed in two supervised stages. In the first
stage, the global visual conditioning projector was trained for five epochs using AdamW
with a learning rate of 1 x 107, a weight decay of 0.01, and gradient clipping with a
maximum norm of 1.0. The micro-batch size was 2, and gradient accumulation over
16 steps resulted in an effective batch size of 32. The projector dropout probability was 0.1,
and the visual conditioning length was fixed to 10 tokens. One of the five reference captions
associated with each training image was used in each epoch according to a fixed cyclic
schedule. The checkpoint achieving the highest proxy CIDEr score was selected and fixed
as the global anchor for the subsequent controlled architecture experiments. In the second
stage, the selected global projector was frozen and used as the global anchor. Only the gated
local residual conditioning module was optimized for five epochs. AdamW was used with a
learning rate of 5 x 10~°, a weight decay of 0.01, a batch size of 32, and a maximum gradient
norm of 1.0. The local hidden dimension was 512, the number of cross-attention heads
was 8, and dropout was set to 0.1. The scalar gate logit was initialized to —4.0, while the
residual projection weights and biases were initialized to zero. The checkpoint achieving
the highest validation CIDEr score was selected as the final supervised (cross-entropy, XE)
model. Unless otherwise stated, all quantitative results reported in this paper correspond to
this supervised model. The principal training configurations of the two supervised stages
are summarized in Table 2.

Inference configuration: Unless otherwise specified, the same decoding configuration
was used for the MS COCO evaluation and the Flickr30k zero-shot evaluation. Captions
were generated using beam search with four beams, a maximum of 13 newly generated
tokens, a minimum of 5 newly generated tokens, a length penalty of 0.7, and a no-repeat
3-gram constraintstage 1 (Global Conditioning). This decoding configuration was selected
using the MS COCO validation split and fixed before final test evaluation. Experiments
varying the visual conditioning length and decoding length are presented separately in
the ablation study. The checkpoint and decoding length were determined according to the
highest validation CIDEr score, following the standard model-selection protocol adopted
throughout this study. Qualitative evaluation was conducted separately using a maximum
generation length of 20 tokens to reduce truncation artifacts and better reflect human-
readable caption quality.

SCST configuration: Self-Critical Sequence Training (SCST) was conducted as a
post-hoc extension rather than as part of the main model. The selected supervised local-
fusion model was used for initialization. The ResNet-50 encoder, the Phi-3 Mini lan-
guage model, and the global visual conditioning projector remained frozen, while only
the gated local residual conditioning module was updated. SCST was performed using a
randomly selected subset of 4096 MS COCO training images, comprising 1024 mini-batches
(512 optimizer updates). The learning rate was set to 1 x 107°. The reward was defined
as the per-sample difference between the CIDEr scores of a sampled caption and its cor-
responding greedy-decoded caption. Sampling employed a temperature of 0.8 and top-p
of 0.9, with a maximum rollout length of 13 tokens. To stabilize policy optimization, a

https:/ /doi.org/10.3390/app16157510
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cross-entropy regularization term with a weight of 0.05 was added to the policy-gradient
objective. The resulting SCST model was evaluated under the same fixed-decoding test
protocol as the supervised model and is reported separately as a post-hoc extension.

Table 2. Summary of the training configurations for the global and local conditioning stages.

. Stage 1 e
Setting (Global Conditioning) Stage 2 (Local Conditioning)
. Global visual Gated local residual
Trainable module . . e
conditioning projector conditioning module
Frozen ResNet-50, Phi-3 Mini,
ResNet-50, Phi-3 Mini Global visual
modules e -
conditioning projector
Epochs 5
Optimizer AdamW AdamW
Learning rate 1x107* 5x107°
Weight decay 0.01 0.01

32 (micro-batch

Effective batch size . 32
2 x accumulation 16)
Gradient clipping Max norm = 1.0 Max norm = 1.0
Dropout 0.1 0.1
Visual conditioning length 10 tokens 10 tokens
Additional settings Stage 1 (Global Conditioning)  Stage 2 (Local Conditioning)
Checkpoint selection Highest proxy CIDEr Highest validation CIDEr

4.3. Evaluation Metrics

Automatic Metrics: The primary quantitative evaluation was conducted using the
standard image captioning metrics implemented in the pycocoevalcap toolkit after PTB
tokenization. The reported metrics include BLEU-1, BLEU-2, BLEU-3, BLEU-4 [23], ME-
TEOR [24], ROUGE-L [25], and CIDEr [26]. Unless otherwise specified, all quantitative
results were computed on the MS COCO Karpathy test split using the standard evaluation
protocol. Among these metrics, CIDEr was adopted as the primary criterion for model
selection because it was specifically designed for image captioning by measuring consen-
sus with multiple human reference captions using TE-IDF-weighted n-gram matching.
Consequently, CIDEr has become the de facto benchmark metric for checkpoint selection
and model comparison in the MS COCO captioning literature. Therefore, the checkpoint
achieving the highest validation CIDEr score was selected for subsequent quantitative
evaluation unless otherwise stated. The maximum decoding length was also determined
using the MS COCO validation split. Candidate decoding lengths were evaluated under an
identical beam-search configuration, and a maximum of 13 newly generated tokens yielded
the highest validation CIDEr score. Accordingly, all quantitative results reported in this
paper were generated using this fixed decoding length. Because the canonical decoding
configuration was optimized for CIDEr-based quantitative evaluation, a separate decoding
setting was adopted for qualitative analysis, where human readability and sentence com-
pleteness are more important than maximizing automatic metric scores. Because automatic
evaluation metrics do not necessarily reflect human-perceived caption quality, qualitative
evaluation was conducted using a maximum generation length of 20 tokens. This longer
decoding configuration reduces truncation artifacts and provides more natural sentence
completion, enabling a more reliable assessment of semantic correctness, detail coverage,
and overall fluency.

LLM-based Qualitative Evaluation: To complement the automatic metrics, we adopt
an LLM-based qualitative evaluation protocol, following the growing body of work show-
ing that strong LLMs can serve as scalable, human-aligned evaluators of open-ended
generation [27,28] and, specifically for image captioning, that LLM-based judgment corre-
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lates more closely with human quality judgments than n-gram overlap metrics [29]. The
evaluation was conducted over all 5000 images in the MS COCO Karpathy test split, em-
ploying GPT-5.4-mini with a fixed evaluation prompt and deterministic decoding. For each
image, the generated caption was compared with the corresponding five human reference
captions. The evaluation assessed four aspects:

e  Semantic Correctness, measuring whether the generated caption correctly describes
the main objects, actions, and scene reflected in the reference captions.

e  Detail Coverage, evaluating how sufficiently the generated caption conveys useful
visual information without requiring every detail appearing in the reference captions.

e  Fluency and Completeness, assessing grammatical correctness and sentence completeness.

e  Reference Compatibility, determining whether the generated caption is supported by,
compatible with, or contradicts the reference captions.

The evaluation additionally classified the reference compatibility status, primary issue,
truncation severity, and unsupported-content type according to predefined criteria. Based
on the combined assessment, each caption was assigned one of four overall quality levels
(Excellent, Good, Adequate, or Poor). The complete evaluation prompt and detailed criteria
are provided in Appendix D. The principal components of the evaluation protocol are
summarized in Table 3.

Table 3. Summary of the LLM-based qualitative evaluation protocol.

Component

Description

Evaluation model
Evaluation scope

Evaluation input

Evaluator limitation
Reference
assumption
Semantic
Correctness

Detail Coverage

Fluency and Completeness

Truncation severity
Reference
compatibility
Unsupported-
content type

Primary issue

Final quality
Evaluation prompt
LLM decoding
Output format

GPT-5.4-mini
Generated captions from the MS COCO Karpathy test split
One generated caption and five human reference captions
per image
The evaluator does not observe the original image
Reference captions are incomplete descriptions and are not
treated as exhaustive annotations
Integer score from 1 to 5 for the correctness of the main
objects, actions, and scene
Integer score from 1 to 5 for the useful amount of
caption content
Integer score from 1 to 5 for grammatical fluency and
sentence completeness
None, Mild, or Severe
Supported, Compatible Extra Detail, Plausible Unverified,
Weakly Unsupported, Major Unsupported, or Contradiction
Assigned only for Weakly Unsupported, Major Unsupported,
or Contradiction
None, Truncation, Missing Detail, Weak Unsupported Detail,
Unsupported Object, Unsupported Attribute, Unsupported
Action, Unsupported Scene Detail, Contradiction,
Generic, Grammar,
or Multiple Issues
Excellent, Good, Adequate, or Poor
Fixed prompt provided in Appendix D
Deterministic evaluation with temperature = 0
Valid JSON object only

4.4. Experimental Configurations

To systematically evaluate the contribution of each component, four experimental
configurations were considered in this study.

e  Before these formal comparisons, the global visual conditioning projector was trained
and the checkpoint with the highest proxy CIDEr was selected as the frozen GO
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anchor. BO denotes the formal Karpathy test evaluation of this global-only architecture,

whereas L0, F0, and B1 use the same frozen global anchor for controlled comparison.

e B0 (Global Visual Conditioning): Only the global visual conditioning projector was
trained while both pretrained backbones remained frozen. This configuration serves
as the baseline for evaluating the contribution of local visual conditioning.

e L0 (QKV-LoRA): Low-Rank Adaptation (LoRA) [3] was applied to the query, key, and
value projection layers of the frozen Phi-3 Mini decoder. The number of trainable
parameters was chosen to be comparable to the proposed local conditioning module,
providing a parameter-efficient control experiment.

o  FO (Direct Local Residual): Local spatial features extracted from the ResNet-50 [1]
feature map were directly added to the global visual conditioning tokens without
gated modulation.

e Bl (Gated Local Residual): The proposed model employs gated local residual condi-
tioning, where a learnable scalar gate controls the contribution of the local residual
while preserving the global visual conditioning. This configuration represents the
primary supervised model investigated in this study.

In addition, a post-hoc sequence-level optimization experiment was conducted using
Self-Critical Sequence Training (SCST) [4]. SCST was initialized from the selected Bl
model while keeping the network architecture unchanged, allowing the effect of sequence-
level optimization to be evaluated independently of the proposed visual conditioning
architecture. The experimental configurations are summarized in Table 4.

Table 4. Experimental configurations considered in this study.

Confieuration Global Local Additional Role
8 Anchor Feature Adaptation
BO No None Formal global—only
baseline
LO Frozen GO No Phi-3 QKV-LoRA, PEFT control
h rank 10
FoO anchor Yes Direct local residual Architectural ablation

Bl
B2

Yes
Yes

Gated local residual
B1 followed by SCST

Proposed main model
Post-hoc extension

5. Results and Discussion
5.1. Main Results

The primary quantitative evaluation was conducted on the MS COCO 2014 Karpathy
test split under the fixed decoding configuration described in Section 4.2. The global visual
conditioning checkpoint selected during Stage 1 served as the frozen GO anchor for the
controlled architecture experiments. BO denotes the formal test evaluation of the global-only
configuration, whereas B1 adds the proposed gated local residual conditioning module
while preserving the same frozen global anchor. Table 5 compares the two configurations.

Table 5. Main quantitative results on the MS COCO Karpathy test split.

Model BLEU-1/2/3/4 METEOR ROUGE-L CIDEr
0.676394
BO /0.496914
(Global Visual ’ 0.237369 0.497198 0.838206
Conditioning) /0.356322
/0.253372
Bl 0.681606
(Gated Local /0504426 0.244324 0.504276 0.869255
Residual) /0.363676
/0.260442
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As shown in Table 5, B1 outperformed B0 across all reported automatic metrics. CIDEr
increased from 0.838206 to 0.869255, corresponding to an absolute gain of 0.031049. BLEU-4
increased from 0.253372 to 0.260442, while METEOR and ROUGE-L increased from 0.237369
and 0.497198 to 0.244324 and 0.504276, respectively. The BLEU-1, BLEU-2, and BLEU-3
scores also increased under the same decoding configuration. The observed improve-
ment suggests that the proposed architecture benefits from combining complementary
global semantics with local spatial evidence. While the global visual tokens provide stable
image-level context, the gated local residual selectively introduces fine-grained information
without substantially disturbing the pretrained visual-language alignment. This design
enables additional visual evidence to be incorporated while preserving the robustness of
the frozen backbones.

These results indicate that incorporating complementary local spatial information
effectively enhances caption quality while preserving the frozen ResNet-50 image encoder
and the frozen Phi-3 Mini language model. Because the pretrained ResNet-50 and Phi-3
Mini backbones were held fixed in both configurations, the observed difference is associated
with the addition of the gated local residual conditioning module under the evaluated
setting. The following sections analyze the contribution of the proposed local conditioning
strategy in greater detail through architectural ablation, comparison with a parameter-
efficient LoRA control, sequence-level optimization using SCST, qualitative LLM-based
evaluation, and cross-domain generalization experiments.

5.2. Architectural Ablation Study

Before evaluating the local-conditioning variants, the global visual conditioning model
was trained to establish a common anchor for the controlled architecture comparison. The
checkpoint selected at epoch 3 achieved a proxy CIDEr score of 0.7795 and was subsequently
fixed as the GO global anchor. The formal MS COCO Karpathy test evaluation of the
corresponding global-only configuration is denoted as BO.

The selected GO checkpoint was subsequently evaluated as the formal B0 baseline.
The GO training run and the formal B0 evaluation therefore refer to the same architecture
under different evaluation objectives. BO relies exclusively on the global visual representa-
tion extracted by global average pooling and serves as the reference architecture for the
following local-conditioning variants. The proxy score used for GO selection and the formal
B0 test score were obtained under different evaluation scopes and are therefore not directly
compared as captioning results. Accordingly, all subsequent architectural comparisons are
performed using the formal Karpathy test results. The selection of the frozen global anchor
and the corresponding formal baseline is summarized in Table 6.

Table 6. Selection of the frozen global anchor (G0) and the corresponding formal baseline (B0).

Stage Configuration Evaluation CIDEr
GO Global anchor selection Proxy CIDEr 0.7795
BO Formal baseline Karpathy test 0.8382

The architectural ablation focused on three configurations sharing the same frozen
GO anchor. B0 used only the global visual conditioning tokens. FO added a local residual
directly to the global tokens without gated modulation.

FO preserves the frozen G0 anchor while introducing a local residual branch. The local
residual is generated from the 7 x 7 spatial feature map through local query cross-attention
and is directly added to the global visual prefix without any learnable modulation. Unlike
B0, the global projector remains frozen and only the newly introduced local branch is
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trainable. The global visual prefix serves as the query, while the local visual tokens are
used as keys and values during local query cross-attention.

B1 applied the proposed gated residual update, in which a learnable scalar gate
controlled the contribution of the local residual.

B1 extends F0 by introducing a learnable scalar gate that scales the local residual before
addition. This enables the model to regulate the contribution of local spatial information
while preserving the frozen GO global anchor. Consequently, the only architectural differ-
ence between FO and Bl is the introduction of the learnable scalar gate, while all remaining
components remain identical. Table 7 reports the results obtained under the same fixed
decoding configuration.

Table 7. Architectural ablation results on the MS COCO Karpathy test split under the fixed decoding
configuration.

Model Local Fusion  pyp4  METEOR ROUGEL  CIDEr
Feature Strategy
BO Global
(Global Visual Absent . 0.253372  0.237369 0.497198 0.838206
e prefix only
Conditioning)
FO Direct
(Direct Local Present local 0.260119  0.245827 0.505733 0.861087
Residual) residual
Bl Gated
(Gated Local Present local 0.260442  0.244324 0.504276 0.869255
Residual) residual

Listings A1-A3 (Appendix A) show the corresponding block diagrams for B0, F0, and
B1, respectively. FO adds the local residual directly to the global visual prefix, whereas Bl
additionally scales the same residual with a learnable sigmoid gate, sigmoid(x), before
addition—the only architectural difference between the two configurations.

Relative to the global-only baseline (B0), both local-conditioning variants improved
all four reported automatic metrics. FO increased CIDEr from 0.838206 to 0.861087, an
absolute gain of 0.022881, indicating that the spatial feature map provided information
not contained in the pooled global representation alone. Bl further increased CIDEr
to 0.869255, corresponding to gains of 0.031049 over BO and 0.008168 over FO. These
improvements demonstrate that incorporating local spatial information is beneficial even
when the pretrained visual encoder and language model remain completely frozen. The
largest improvement was consistently observed in CIDEr, which served as the primary
optimization and checkpoint-selection metric throughout this study.

The results across the individual metrics were not uniform. B1 achieved the highest
BLEU-4 and CIDEr scores, whereas FO obtained slightly higher METEOR and ROUGE-L
scores. Thus, the gate did not improve every metric simultaneously. Nevertheless, be-
cause CIDEr was defined in advance as the primary checkpoint-selection and captioning-
performance criterion, Bl was retained as the main architectural variant.

The learned scalar gate of B1 was approximately 0.01947 at the selected checkpoint.
This value confirms that the model maintained a relatively small scalar multiplier on
the local residual. However, the gate value alone does not fully determine the effective
magnitude of the local update because the scale of the residual representation also con-
tributes to the final token modification. It is therefore interpreted as evidence of a gated
residual formulation, rather than as a direct quantitative measure of the local branch’s
semantic contribution. Instead, the gate value should be interpreted jointly with the learned
residual representation, since both determine the effective local correction applied to the
global visual prefix. The learned gate remained small throughout training, indicating that
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the local residual acted as a complementary correction rather than replacing the global
visual representation.

These findings indicate that simply adding local spatial information is beneficial,
but regulating its contribution further improves the balance between global semantic
consistency and local visual detail. The gated residual therefore functions as a lightweight
mechanism for preventing excessive local corrections while still exploiting complementary
spatial evidence.

Overall, the ablation results show that preserving the frozen global anchor and intro-
ducing local information as a gated residual provides a more effective visual conditioning
strategy than relying on the global representation alone under the evaluated setting. Among
the two local-fusion variants, gated fusion achieved the highest CIDEr score and was there-
fore selected as the principal supervised architecture. These findings support the proposed
design principle that preserving a stable global visual anchor while introducing lightweight
gated local corrections enables complementary use of local spatial information without
replacing the global visual representation.

5.3. Sensitivity Analysis and Configuration Selection
5.3.1. Effect of Visual Prefix Length

To examine the influence of the visual conditioning capacity, we performed a reduced-
update screening study by varying the visual prefix length while keeping all remaining
training settings unchanged. Because this experiment was intended only for model selection
under a common computational budget, the comparison was conducted using proxy CIDEr
rather than full validation evaluation.

The prefix-length screening and GO anchor selection were conducted in separate runs.
Table 8 reports three-epoch reduced-update screening results used only to select the prefix
length, whereas Table 6 reports the best checkpoint from the full five-epoch Stage 1 training
run with the fixed cyclic-caption schedule. Consequently, the two proxy CIDEr values are
not directly comparable.

Table 8. Effect of visual prefix length under the reduced-update screening protocol.

Prefix Length Epoch 1 Epoch 2 Epoch 3 Best Proxy CIDEr
8 0.600762 0.673065 0.720006 0.720006
10 0.624270 0.710732 0.746270 0.746270
12 0.614885 0.713431 0.734474 0.734474

As shown in Table 8, increasing the visual prefix length from 8 to 10 improved the
best proxy CIDEr from 0.7200 to 0.7463. Extending the prefix length to 12 did not yield an
additional improvement, resulting instead in a lower best proxy CIDEr of 0.7345. These
results suggest that increasing the number of visual conditioning tokens beyond 10 did not
improve visual-language alignment under the common screening budget.

Moreover, increasing the prefix length also enlarges the trainable projection layers.
Therefore, prefix length 10 was adopted throughout the main experiments as a practical
balance between captioning performance and model complexity.

5.3.2. Decoding Strategy Selection and Length Sensitivity

The canonical decoding configuration was selected solely based on the validation split.
Beam search with four beams, a maximum generation length of 13 tokens, and a length
penalty of 0.7 achieved the highest validation CIDEr and was therefore adopted for all
subsequent quantitative evaluations. The validation results used to select the canonical
decoding configuration are summarized in Table 9.
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Table 9. Selection of the canonical decoding configuration based on the MS COCO validation split.

Max New  Length Validation

Selection Beam Tokens Penalty CIDEr Remarks
Initial setting 3 18 0.8 0.763991 Initial evaluation
Improved 5 14 0.8 0.833659 Shorter generation length
Selected 4 13 0.7 0.846599 Highest validation CIDEr

The effect of increasing the maximum generation length on the MS COCO test split is
reported in Table 10.

Table 10. Effect of longer decoding on the MS COCO test split.

Max New Tokens  Beam Length Penalty CIDEr Purpose
13 . 4 0.7 0.869255 Main quantitative evaluation
(Canonical)
20 4 0.7 0.800745 Truncation sensitivity
24 4 0.7 0.792170 Truncation sensitivity

Although the canonical decoding configuration achieved the highest validation CIDEr,
the subsequent LLM-based qualitative evaluation revealed that the short decoding length
occasionally produced truncated captions. To examine this limitation, additional decoding
experiments were conducted on the test split using longer generation lengths. Increasing
the maximum generation length to 20 and 24 tokens improved sentence completeness in
some cases but reduced CIDEr. Therefore, all quantitative comparisons reported in this
paper use the canonical 13-token decoding configuration, whereas the longer decoding
settings are presented only as a truncation sensitivity analysis.

5.4. Comparison with LoRA Control

To investigate whether the observed performance improvement originates from the
proposed visual conditioning strategy rather than from decoder-side parameter-efficient
adaptation, we compared the proposed model with a decoder-side QKV-LoRA control. All
models shared the same frozen ResNet-50 encoder, frozen Phi-3 Mini decoder, identical
training protocol, and the same GO global anchor. The only difference was the location
of adaptation.

As shown in Table 11, the decoder-side LoRA control produced only a modest improve-
ment over the global-only baseline, increasing CIDEr from 0.838206 to 0.843889. In contrast,
the proposed B1 model achieved a CIDEr score of 0.869255, consistently outperforming the
LoRA control under the same experimental setting.

Table 11. Comparison with the decoder-side LoRA control on the MS COCO Karpathy test split.

Model Adaptation Target BLEU-4 METEOR  ROUGE-L CIDEr
BO . Globa'l 0.253372 0.237369 0.497198 0.838206
visual projector
L0 Phi-3 decoder
(QKV-LoRA) (QKV-LoRA) 0.255651 0.244468 0.501148 0.843889
b1  Gated local 0260442 0244324 0504276  0.869255
(Proposed) visual conditioning

These findings suggest that, under the evaluated frozen-backbone setting, adapting
the visual conditioning pathway is more effective than adapting the decoder through
QKV-LoRA. This observation supports the proposed design choice of improving the vi-
sual interface between the frozen vision encoder and the frozen language model while
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preserving the pretrained language representations. The computational implications of
these adaptation strategies are analyzed in the following section.

5.5. Computational Analysis

Table 12 summarizes the computational characteristics measured under identical
cached-feature inference settings. During the initial training stage, the global visual-prefix
projector updated 67.14 M parameters. After the global projector was frozen, the proposed
local residual branch introduced only 3.95 M additional trainable parameters during the
subsequent training stage.

Table 12. Stage-specific computational characteristics under cached-feature inference.

Model Params Module Cond. Full-Gen Lat. p50 Lat. p90
Updated Size (MB) GFLOPs GFLOPs (ms) (ms)

B0 67.142M 256.12 0.1342 984.2276 1174.78 1207.00

B1 3.951M 15.07 0.3560 984.4494 1171.85 1182.67

B2 3.951 M 15.07 0.3560 984.4494 1171.27 1206.32

Parameters Updated During Training refer only to the parameters optimized at each training stage. The frozen
global projector is reused during B1 and B2 training.

Although the local residual branch increased the conditioning computation from
0.1342 GFLOPs to 0.3560 GFLOPs, the total autoregressive generation cost changed only
from 984.23 to 984.45 GFLOPs because computation remained dominated by beam-search
decoding in the frozen Phi-3 Mini language model. The additional conditioning cost
therefore accounted for only approximately 0.023% of the total generation computation.

Consistent with this observation, end-to-end inference latency remained essentially
unchanged across all variants. Under batch-1 inference with four-beam decoding, the
median latency was approximately 1.17 s per image on an NVIDIA A100-SXM4-80 GB. The
measured latency includes visual conditioning and autoregressive caption generation but
excludes image preprocessing and ResNet-50 feature extraction. FlashAttention was not
enabled during the measurements.

SCST modified only the sequence-level training objective and did not introduce any
additional inference-time parameters or computational overhead. Consequently, the com-
putational characteristics of B2 remained effectively identical to those of B1.

The static memory footprint of each model variant is summarized in Table 13.

Table 13. Static memory footprint of each model variant.

Deployment Configuration Static Loaded Memory
BO 2.305 GB
Bl 2.320 GB
B2 2.320 GB

Static memory corresponds to loaded model weights and buffers only, excluding CUDA allocator reservation, KV
cache, and other temporary tensors.

Overall, the proposed gated local residual branch improved CIDEr from 0.8382
to 0.8693 while introducing only a small additional conditioning cost. These results
indicate that the proposed visual conditioning strategy achieves a favorable trade-off
between captioning performance and computational efficiency under the evaluated
frozen-backbone setting.

5.6. Effect of SCST

To examine whether the proposed architecture could benefit from sequence-level
optimization, we conducted an additional Self-Critical Sequence Training (SCST) experi-
ment using the selected B1 model as initialization. As described in Section 4.2, SCST was
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treated as a post-hoc optimization strategy rather than as part of the proposed architec-
ture. During SCST, only the gated local residual conditioning module was updated, while
the frozen ResNet-50 encoder, frozen Phi-3 Mini decoder, and frozen GO global projector
remained unchanged.

As shown in Table 14, SCST produced consistent but modest improvements across
all reported automatic metrics. CIDEr increased from 0.869255 to 0.870424, corresponding
to an absolute gain of 0.001169. Similar small improvements were observed for BLEU-4,
METEOR, and ROUGE-L.

Table 14. Effect of SCST on the proposed gated local residual model.

Model BLEU-4 METEOR ROUGE-L CIDEr
B1 (XE-trained) 0.260442 0.244324 0.504276 0.869255
B2 (+5CST) 0.261062 0.244758 0.505061 0.870424

Although the improvement was small, the results indicate that the proposed visual
conditioning architecture remains compatible with sequence-level reinforcement learning
after supervised training. Because SCST modifies only the optimization objective without
changing the inference architecture, the computational characteristics reported in Section 5.5
remain unchanged.

Opverall, SCST provided a marginal additional performance gain without introducing
any inference-time parameters or computational overhead. Since the primary contribution
of this work is the proposed visual conditioning architecture, SCST is reported as an
auxiliary optimization experiment rather than as a core component of the proposed method.

5.7. LLM-Based Qualitative Analysis

Automatic captioning metrics primarily quantify lexical or semantic agreement with
human references and may not fully capture sentence completeness, fluency, or the qualita-
tive characteristics of individual captions. To complement the automatic evaluation, we
conducted an LLM-assisted qualitative assessment using GPT-5.4-mini under the reference-
compatible protocol described in Section 4.3.

For each image, the evaluator received one generated caption and the corresponding
five human reference captions. Evaluation was performed deterministically with a fixed
prompt and a temperature of 0. The evaluator assessed semantic correctness, detail cov-
erage, fluency and completeness, and reference compatibility. Because human reference
captions are incomplete descriptions of an image, plausible details were not classified as
errors solely because they were absent from the references. Unsupported content was
assigned only when the generated caption contradicted or substantially exceeded the
information reasonably supported by the reference set.

5.7.1. Paired Analysis of Decoding Length

The canonical Max-13 decoding configuration was selected to maximize validation
CIDEr and was used for all main quantitative comparisons. However, preliminary inspec-
tion indicated that this relatively short decoding budget frequently produced incomplete
captions. We therefore first compared Max-13 with an extended Max-20 configuration on a
subset of 500 images from the MS COCO Karpathy test split. The same trained B1 model
and the same images were used for both configurations, allowing the effect of decoding
length to be examined through paired comparison.

As shown in Table 15, increasing the maximum decoding length substantially im-
proved sentence completeness and overall qualitative quality. Severe truncation decreased
from 60.8% under Max-13 to 1.4% under Max-20, while the proportion of captions rated
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Good or Excellent increased from 19.4% to 59.2%. Fluency and completeness exhibited the
largest mean-score improvement, increasing from 2.638 to 4.922.

Table 15. Reference-compatible paired evaluation of decoding length on 500 MS COCO Karpathy
test images.

E\.raluatl.on Metric Max-13 Max-20 Difference
Dimension
. Good + Excellent 19.4% (97) 59.2% (296) +39.8%p
Overall quality Poor 58.8% (294)  23.8% (119) —35.0%p
Truncation Severe truncation 60.8% (304) 1.4% (7) —59.4%p
Semantic correctness 3.352 3.588 +0.236
Detail coverage 2.434 2.926 +0.492

Mean scores
Fluency and

2.638 4.922 +2.284
completeness

Pairwise Max-13 preferred 6.6% (33) — —

comparison Max-20 preferred — 73.2% (366) —

p Tie 20.2% (101) —

. Longer decoding fixed o

Recovery analysis the identified issue — 61.8% (309) —
Reference S?iﬁ;ggglgr 57.6% (288)  52.8% (264) —4.8%p
compatibility Major unsupported 24.6% (123) 23.6% (118) —1.0%p

Pairwise evaluation preferred Max-20 in 73.2% of the image pairs, whereas Max-13
was preferred in only 6.6%. In addition, longer decoding resolved the identified issue
without introducing a new major error in 61.8% of the evaluated cases. These results
provide empirical support for using Max-20 in the subsequent qualitative analysis.

However, the effect of longer decoding was not uniform across all evaluation dimen-
sions. The proportion of supported or compatible captions decreased slightly from 57.6%
to 52.8%, while the proportion of major unsupported captions remained similar. Thus,
Max-20 primarily improved fluency, completeness, and detail coverage rather than fully
resolving semantic-grounding errors.

Figure 4 visually summarizes the principal differences between the two decoding
settings, including overall quality, truncation severity, and pairwise preference.

19.4%

Good + Excellent
59.2%

6.6%

Pairwise preference (LLM) 7398,
. (]

58.8%

Poor
23.8%

60.8%

Severe truncation
l 1.4%

10 20 30 40 50 60 70 80
Percentage (%)

o -

mmm max13 (CIDEr-optimized) mmm max20 (extended decoding)

Figure 4. Qualitative outcomes of Max-13 and Max-20 decoding on 500 paired MS COCO test images.
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Although Max-20 produced substantially more complete and readable captions, its
CIDEr score was lower than that of Max-13, as reported in Section 5.3.2. Therefore, Max-13
was retained as the canonical CIDEr-optimized configuration for standardized quantitative
evaluation, whereas Max-20 was adopted for the full LLM-assisted qualitative analysis.

5.7.2. Full-Scale Qualitative Evaluation with Max-20

Based on the paired decoding analysis, the full-scale qualitative evaluation was con-
ducted using the Max-20 configuration over all 5000 images in the MS COCO Karpathy
test split. Table 16 summarizes the overall quality, truncation, reference-compatibility, and
mean-score results.

Table 16. Full-scale LLM-assisted qualitative evaluation of B1 with Max-20 on the 5000-image MS
COCO Karpathy test split.

Evaluation .
Dimension Category or Metric Count Percentage or Score
Excellent 567 11.34%
Overall quality Good 1400 28.00%
distribution Adequate 1680 33.60%
Poor 1353 27.06%
Aggregated quality Good + Excellent 1967 39.34%
indicator Adequate or better 3647 72.94%
None 4908 98.16%
Truncation severity Mild 5 0.10%
Severe 87 1.74%
Supported 822 16.44%
Compatible extra detail 1225 24.50%
Reference Plausible unverified 37 0.74%
compatibility Weakly unsupported 1639 32.78%
Major unsupported 1007 20.14%
Contradiction 270 5.40%
Aggregated
compatibility Supported or compatible 2084 41.68%
indicator
litati Semantic correctness — 3.284/5
Mean qualitative Detail coverage — 2.829/5
scores Fluency and completeness — 4927/5

Each evaluation dimension represents a separate distribution over the same 5000 captions and sums independently
to 100%. “Good + Excellent,” “Adequate or better,” and “Supported or compatible” are aggregated indicators and
should not be added to the corresponding individual categories.

Under the Max-20 configuration, 39.34% of captions were rated Good or Excellent,
and 72.94% were rated Adequate or better. Severe truncation occurred in only 1.74% of the
outputs, and the mean fluency-and-completeness score reached 4.927. These findings con-
firm that the longer decoding configuration largely resolved the sentence-incompleteness
problem observed under Max-13.

Nevertheless, unsupported semantic content remained the principal qualitative limi-
tation. Only 41.68% of the captions were classified as supported or compatible, whereas
32.78% were weakly unsupported, 20.14% were majorly unsupported, and 5.40% con-
tradicted the references. The most frequent primary issues were unsupported objects
and missing details, indicating that increasing decoding length improves surface-level
completeness but does not independently guarantee stronger visual grounding.
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5.7.3. Representative Reference Selection and Qualitative Examples

To illustrate the aggregate findings, four representative cases were selected: stable
generation, truncation recovery, unsupported object generation, and remaining truncation.
Each panel displays the source image, one representative human reference caption, the
Max-13 output, the Max-20 output, and a concise assessment.

Because five human references are available for each MS COCO image, the displayed
reference was selected independently of both generated outputs. The deterministic selection
protocol is summarized in Table 17.

Table 17. Representative reference-caption selection protocol for qualitative visualization.

Component Description

Five human captions associated
with each selected MS COCO Karpathy image
Official Karpathy annotation (dataset_coco.json)
or the corresponding MS COCO annotation

Reference candidates

Annotation source

Representative-referen .
eprese ve-relerence Human-reference medoid
method
Human caption with the highest average pairwise similarity
to the remaining reference captions

The representative reference was selected

Medoid criterion

Output independence without using either the Max-13 or Max-20 output
. The same candidate reference set always produces
Determinism . .
the same representative caption
To prevent manual reference selection that
Purpose

might favor either decoding configuration

Representative examples were selected according to the reference-selection protocol
summarized in Table 17. For each image, the representative reference caption was deter-
mined independently of the model outputs using the human-reference medoid among the
five COCO annotations.

Figure 5 presents the corresponding representative examples.

(a) Stable generation (b) Truncation recovery

Reference: “A man on skis riding through a snowy trail.” Reference: “Man and woman sitting on a couch while the man works on a
Max-13: “A man is skiing down a snow covered slope.” laptop.”

Max-20: “A man is skiing down a snow covered slope.” Max-13: “A man and a woman are sitting on a couch with a”
Assessment: The caption remains visually consistent Max-20: “A man and a woman are sitting on a couch with a laptop in front

Assessment: Severe truncation is resolved.

(c) Unsupported object generation (d) Remaining truncation

Reference: “Toothpaste and toothbrushes lean on the edge of a sink.” Reference: “A pizza with multiple toppings sits on a wooden board.”

Max-13: “A pair of scissors, a toothbrush,” za with tomato sauce, mushrooms,”

Max-20: “A pair of scissors, a pair of tweezers, a toothbrush and” Max-20: “A pizza with tomato sauce, cheese, olives, and mushrooms on”
Unsupp object persists. Assessment: Caption completeness remains limited.

Figure 5. Representative qualitative examples under Max-13 and Max-20 decoding.
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Figure 5 demonstrates that the effect of extended decoding depends on the underlying
error type. In panel (a), both settings generate the same complete and visually consis-
tent caption. In panel (b), Max-20 resolves the severe truncation produced by Max-13
and restores the reference-supported laptop description. In contrast, panel (c) shows that
extending the decoding length does not correct unsupported object generation and can in-
troduce additional unsupported content. Panel (d) further illustrates that a longer decoding
budget does not guarantee complete sentence generation in every case.

The metadata and qualitative labels associated with the four representative cases are
summarized in Table 18.

Table 18. Representative example summary.

Panel Case Type Main Observation
(a) Stable generation Both decoding settings generate an accurate caption.
(b) Truncation recovery Max-20 resolves severe truncation.
(c) Unsupported object Unsupported object persists after longer decoding.
(d) Remaining truncation Caption remains incomplete.

Overall, the qualitative analysis reveals a clear distinction between automatic bench-
mark optimization and human-oriented caption quality. The CIDEr-optimized Max-13
configuration remains appropriate for standardized quantitative comparison, whereas
Max-20 substantially improves sentence completeness, fluency, and qualitative preference.
However, the limited change in reference compatibility and the representative failure cases
demonstrate that additional decoding capacity alone does not resolve unsupported se-
mantic content. Decoding length primarily affects the completeness and readability of
generated captions, while semantic grounding remains dependent on the quality of the
learned visual-to-language conditioning.

5.8. Cross-Domain Generalization

To examine the generalization ability of the proposed visual conditioning model be-
yond the training distribution, we evaluated the selected B1 model directly on the Flickr30k
test split without any additional fine-tuning or parameter updates. This experiment there-
fore represents a strict COCO-to-Flickr zero-shot transfer setting, formalized as Algorithm
A5 (Appendix B).

As shown in Table 19, the proposed model exhibited a substantial performance de-
crease under COCO-to-Flickr zero-shot transfer. CIDEr decreased from 0.8693 on the MS
COCO Karpathy test split to 0.2931 on Flickr30k, accompanied by consistent reductions in
BLEU-4, METEOR, and ROUGE-L.

Table 19. Cross-domain zero-shot evaluation from MS COCO to Flickr30k.

Dataset Evaluation BLEU-4 METEOR ROUGE-L CIDEr
MS COCO In-domain 0.260442 0.244324 0.504276 0.869255
Karpathy test
Flickr30k test Zero-shot 0.149339 0.162456 0.399274 0.293084

These results indicate that the visual-to-language alignment learned from MS COCO
does not fully transfer to the Flickr30k caption distribution. The observed degradation
suggests that the learned global visual conditioning remains sensitive to dataset-specific
captioning styles and linguistic distributions.

The observed performance degradation motivates future investigation of lightweight
dataset adaptation strategies, such as adapting the global visual conditioning module while
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preserving the frozen vision encoder and language model. Such experiments are left for
future work and are beyond the scope of the present study.

5.9. Contextual Comparison with Representative Image Captioning Models

To provide broader benchmark context, Table 20 compares the proposed Bl model with
representative image captioning systems evaluated on the MS COCO Karpathy test split.
Because a single parameter count does not fully characterize model capacity or training
scope, the table separately reports total model scale, paired multimodal pretraining before
COCO adaptation, and COCO-stage trainable parameters or update scope. Only single-
model results reported without SCST or CIDEr-based reinforcement learning are included.

Table 20. Contextual comparison with representative image captioning models on the MS COCO

Karpathy test split.
Total omer e
Method Model .. Pretraining BLEU-4 METEOR CIDEr
Scale Pretraining Data Parameters/
Before COCO Update Scope
Chggap N/R ~400 M — 43M 335 27.5 113.1
I T[ ] image—text
- ‘;Emg N/R pairs (via — 14 M 34.8 28.3 116.7
(31] CLIP [30]) .
Retrieval
SmallCap Datastore
[32] 218 M (COCO 7M 37.0 27.9 119.7
captions)
6.5M Region
-Lgrscc:eA[;] N/R image—text Features 345 M 37.4 30.7 127.8
e 1o pairs /object tags
EllmVLé\i 632 M ~1.8B C4 text ~14B 40.6 33.7 143.3
-Huge [34] image—text 3 B labeled
CoCa [35] 21B pairs ~ imaag:se N/R 40.9 33.9 143.6
21M 14 M ima Broad
BEiT-3 [36] 19B imagetext +160CB tg;st downstream 441 324 147.6
pairs updating
2112 B
Flamineo image-text M3W: 43 M 10.6 B; LM
80 B [1%] 80B +27 M Interleaved And vision encoder - - 138.1
video—text webpages frozen
pairs
1.1 B;
]i/LiITIj'gz 129M Synthetic %iﬁjgjr
+FlanT5.XL 418 Prier:ammg claptlon(s:1 encoder 424 - 144.5
[13] ages also use updated,
LLM frozen
No dedicated
paired ImageNet 71.09 M;
Proposed N multimodal vision +text both
(B1) ~3.9B pretraining only LM backbones 26.0 244 86.9
Before COCO pretraining frozen
adaptation

All results are single-model results on the MS COCO Karpathy test split without
SCST or CIDEr-based reinforcement learning. Total model scale and COCO-stage trainable
parameters follow the values reported in the cited publications and may reflect different
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accounting conventions. N/R denotes a value not reliably reported, and “—” denotes an
unreported metric.

The proposed method obtains lower absolute benchmark scores than the comparison
systems. However, the resource and training conditions differ substantially. Most of
its approximately 3.9 B total parameters reside in the frozen Phi-3 Mini decoder, while
71.09 M parameters are learned across the two COCO adaptation stages, and no dedicated
paired multimodal pretraining is used beforehand. The comparison systems range from
CLIP-based lightweight adaptation to large-scale multimodal pretraining and broader
downstream updating. Table 20 is therefore intended to provide benchmark and resource
context rather than a controlled ranking; the implications of these differences are discussed
in Section 5.10.

5.10. Discussion

The experimental results support the proposed design principle of preserving a stable
global visual representation while introducing lightweight local residual corrections. Rather
than replacing the global visual conditioning pathway, the proposed architecture treats
local spatial information as a complementary residual signal. The architectural ablation
demonstrated that this residual formulation consistently outperformed the global-only
baseline, while the gated variant further improved CIDEr over direct residual addition
under the same training and decoding conditions.

The comparison with the decoder-side LoRA control further suggests that, under
the evaluated frozen-backbone setting, allocating lightweight adaptation capacity to the
visual-conditioning pathway may be more effective than applying the tested QKV-LoRA
configuration within the language model. Because all models shared the same frozen
ResNet-50 encoder, frozen Phi-3 Mini decoder, and optimization protocol, the observed
differences are associated with the location and form of the added adaptation modules
under this experimental setting.

Table 20 places these controlled findings in the broader context of representative
captioning systems. Total model scale, prior multimodal pretraining, and downstream
trainable parameters represent distinct forms of capacity. Although the proposed system
contains approximately 3.9 B parameters in total and is therefore larger than several
comparison models in raw parameter count, most of this capacity resides in a frozen
text-only language model without prior vision-language alignment. A total of 71.09 M
parameters are learned across the two COCO adaptation stages. By contrast, the comparison
systems inherit or perform paired multimodal pretraining ranging from millions to billions
of examples and generally employ broader downstream adaptation. Accordingly, total
parameter count alone does not provide a sufficient basis for interpreting the observed
performance differences.

The reported parameter values also require careful interpretation. The trainable-
parameter counts for OSCAR, SimVLM, Flamingo, and BLIP-2 are reported together in
the BLIP-2 captioning comparison table [13], which provides a common literature anchor
but does not guarantee an identical accounting convention across the original studies. For
example, the original SimVLM publication reports a 632 M-parameter Huge architecture,
whereas the BLIP-2 comparison table reports approximately 1.4 B trainable parameters
for the corresponding captioning result. Similarly, the BLIP-2 comparison reports 10.6 B
trainable parameters for Flamingo, whereas Flamingo’s architectural breakdown implies
approximately 10.2 B parameters in its gated cross-attention/dense layers and Perceiver
Resampler. These values are retained transparently rather than reconciled through unsup-
ported component-wise estimation. SmallCap’s total model scale of 218 M parameters is
explicitly reported in its original publication [32], whereas corresponding complete-model
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figures for ClipCap and I-Tuning are not explicitly reported and are therefore marked as
N/R rather than estimated. For BEiT-3, the COCO captioning configuration uses a layer-
wise learning-rate decay of 1.0 [36], which is consistent with broad downstream updating
rather than adaptation restricted to a small task-specific module.

The comparison also distinguishes methods that share broadly related frozen-
backbone principles. ClipCap, I-Tuning, and SmallCap use frozen CLIP visual encoders
that inherit pretraining on approximately 400 million image—text pairs [30]. BLIP-2 and
Flamingo retain frozen language models but adapt substantially larger visual-conditioning
components, with BLIP-2 updating its Q-Former and image encoder during COCO cap-
tioning and Flamingo training gated cross-attention layers and a Perceiver Resampler. The
proposed method instead keeps both backbones frozen, performs no dedicated multimodal
pretraining before COCO adaptation, and learns only its two-stage visual-conditioning
interface. These settings are not directly controlled; consequently, Table 20 should be
interpreted as broad benchmark context rather than as a parameter-efficiency ranking. The
primary controlled evidence for the proposed architecture therefore remains the BO-to-
B1 comparison under identical backbones, data, and optimization conditions, where the
gated local residual module improves CIDEr from 0.8382 to 0.8693 with 3.95 M additional
stage-specific parameters.

From a computational perspective, the proposed local residual branch introduced
only a small additional computational cost relative to the frozen backbone. Although the
conditioning computation increased slightly, the total generation cost remained almost un-
changed because autoregressive decoding dominated the overall inference workload. Simi-
larly, median inference latency remained approximately constant across all variants. These
observations indicate that the added local-conditioning branch improves captioning perfor-
mance with limited change in overall inference cost under the evaluated configuration.

The qualitative evaluation provides additional insight into the behavior of the pro-
posed model beyond conventional automatic metrics. While the canonical decoding config-
uration was selected according to validation CIDEr, the LLM-assisted qualitative analysis
showed that longer decoding substantially reduced severe truncation and improved cap-
tion fluency and completeness. At the same time, the reference-compatible evaluation
indicated that unsupported or weakly supported semantic content remained in a noticeable
portion of the generated captions. This suggests that increasing decoding length primarily
improves linguistic completeness rather than fully resolving semantic grounding errors.

The cross-domain evaluation on Flickr30k further highlights the current limitations of
the proposed approach. Although the model could be evaluated without target-domain
fine-tuning, performance decreased considerably under the COCO-to-Flickr transfer set-
ting. This observation indicates that the learned visual-to-language alignment remains
dependent on dataset-specific caption distributions and annotation styles. Consequently,
stronger domain adaptation or domain-invariant visual conditioning may be required for
robust cross-dataset caption generation.

Opverall, the results indicate that gated local residual conditioning is a viable approach
for incorporating local visual evidence under frozen vision and language backbones. At
the same time, the remaining challenges in semantic grounding and cross-domain general-
ization motivate further investigation.

6. Conclusions

This study investigated whether local spatial information can improve image cap-
tioning when both the visual encoder and language model remain frozen. To address this
question, we introduced a global-to-local visual conditioning framework in which a stable
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global representation is complemented by a gated local residual branch without modifying
either pretrained backbone.

The principal finding is that, among the evaluated conditioning strategies, local
visual evidence was more effective when introduced as a regulated residual correction
than through direct residual addition. Under the evaluated configuration, this design
improved caption generation over global-only conditioning and direct local residual fusion.
The comparison with the tested QKV-LoRA control further suggests that, within this
frozen-backbone setting, allocating limited adaptation capacity to the visual-conditioning
interface may be more effective than applying the evaluated decoder-side adaptation.
This interpretation is restricted to the architectures and adaptation settings examined in
this study.

The experiments also reveal an important distinction between linguistic completeness
and visual grounding. Extending the decoding budget improved fluency and reduced
incomplete captions, but it did not consistently eliminate unsupported semantic content.
Likewise, the decline observed under cross-dataset evaluation indicates that the learned
visual-to-language interface remains dependent on the captioning distribution used for
adaptation. Together, these findings show that lightweight visual conditioning can improve
the use of frozen pretrained components, while reliable semantic grounding and domain
transfer remain unresolved challenges.

The present conclusions are limited to the frozen ResNet-50 and Phi-3 Mini configura-
tion examined in this study. Future work should determine whether the same global-to-local
conditioning principle remains effective across different visual encoders, language models,
and captioning datasets and should investigate conditioning mechanisms that provide
stronger grounding and greater robustness to domain shift.
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Appendix A. Architectural Summary Listings

Listing Al. Architecture of the B0 global visual-prefix baseline (derived from the
selected GO anchor).
Input image
4
Frozen ResNet-50
+
Global average pooling
4
Global visual feature [2048]
$
Trainable global visual-prefix projector
4
Global visual prefix [10 X 3072]
4

Frozen Phi-3 Mini

I

Caption

Listing A2. Architecture of FO (direct local residual conditioning). The local residual is
added directly to the global visual prefix without gated modulation.
Input image
1l
Frozen ResNet-50
F Global average pooling

| }
Global visual feature [2048]
J
Frozen GO global projector

!

|
|
|
|
| Global visual prefix [10 X 3072]
|
L

Spatial feature map [7 X 7 X 2048]

l

Local visual tokens [49 X 2048]
1

Local query cross-—attention
+

Local residual [10 X 3072]

Global visual prefix + Local residual

0

Updated visual prefix [10 X 3072]

l

Frozen Phi-3 Mini

l

Caption
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Listing A3. Architecture of Bl (gated local residual conditioning, proposed). Identical to
FO except that the local residual is scaled by a learnable sigmoid gate, sigmoid(cx), before
addition—the only architectural difference between FO and B1.

Input image
4
Frozen ResNet-50
F Global average pooling

Global visual prefix [10 X 3072]

| 4

| Global visual feature [2048]
| 4

| Frozen GO global projector

| 4

|

|

L Spatial feature map [7 X 7 X 2048]

1

Local visual tokens [49 X 2048]

!

Local query cross—attention

!

Local residual [10 X 3072]

!

sigmoid () X Local residual

Global visual prefix + sigmoid(x)

0

Updated visual prefix [10 X 3072]

I

Frozen Phi-3 Mini

I

Caption

X Local residual

Appendix B. Pseudocode for Training and Inference

Algorithm A1. Global Visual-Prefix Anchor Training

Input:
Training image-caption pairs D_COCO
Frozen visual encoder E_v = ResNet-

50

Frozen language model L = Phi-3 Mini

Trainable global visual-prefix projector P_g

Number of visual-prefix tokens L_p
Fixed textual prompt

Output:
Selected GO anchor checkpoint 0_GO

Procedure:

= 10

1. 1Initialize the trainable global projector P_g.

2. Freeze all parameters of ResNet-50 and Phi-3 Mini.

3. For each training epoch e:
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Algorithm A1. Cont.

3.1. For each image-caption pair (I, y) in D_COCO:
a. Extract the visual feature:
h = E_v(I)

b. Apply global average pooling:
g = GAP (h) € R"2048

c. Project the global feature into visual-prefix tokens:
V_g = P_g(g) € R (L_p X d_LM)

d. Prepend V_g to the embeddings of the fixed textual
prompt.

e. Append the target-caption embeddings and compute the
teacher-forcing captioning loss:
L_CE = CrossEntropy(L(V_g, prompt, y_<t), y_t)
f. Update only the parameters of P_g.

3.2. Evaluate the checkpoint using proxy CIDEr.

4. Select the checkpoint with the highest proxy CIDEr as the GO

anchor.

Return:
0_Go0o

Algorithm A2. Direct Local Residual Conditioning

Input:
Image-caption pairs D_COCO
Frozen GO global anchor 0_GO
Frozen ResNet-50 visual encoder E_v
Frozen Phi-3 Mini language model L
Trainable local feature projector f_local
Trainable learnable query tokens Q
Trainable local residual projection f_proj
Spatial feature map size 7 X 7 X 2048

10

Visual-prefix length L_p
Fixed textual prompt

Output:
FO DirectLocal checkpoint

Procedure:
1. Load the selected GO global-prefix anchor.
2 Freeze ResNet-50, Phi-3 Mini, and the GO global projector.
3. Initialize f_local, Q, and f_proj.
4 For each image-caption pair (I, vy):
4.1. Extract the ResNet-50 visual features.
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Algorithm A2. Cont.

4.2.

4.10.

Return:

Obtain the global feature by global average pooling:
g € R"72048

Generate the frozen global visual prefix:
V_.g € R"(L_p X d_LM)

Extract the spatial feature map:
S € R™(7 X 7 X 2048)

Flatten and project the spatial feature map:
T 1 = f local(S) € R™ (49 x 512)

Apply local query cross—attention:
A = CrossAttn(Q, T 1, T 1)

Project the attention output into the language-model
embedding space:
R = f proj(A) € R (L_p X d_LM)

Directly add the local residual to the global prefix:
V=Vg+R

Condition frozen Phi-3 Mini on V and the fixed textual
prompt, and compute the cross—entropy loss.
Update only f_local, Q, and f_proj.

FO checkpoint

Algorithm A3. Gated Local Residual Conditioning

Input:

Image-caption pairs D_COCO

Frozen GO

global anchor 6_GO

Frozen ResNet-50 visual encoder E_v

Frozen Phi-3 Mini language model L

Trainable
Trainable
Trainable

Trainable

local feature projector f_local
learnable query tokens Q
local residual projection f_proj

scalar gate o

Fixed textual prompt

Output:

Bl GatedLocal checkpoint

Procedure:

1. Load the selected GO global-prefix anchor.

Freeze ResNet-50, Phi-3 Mini, and the GO global projector.

Initialize the weights and biases of f_proj to zero.

2
3. Initialize f_local and Q.
4
5

Initialize the scalar gate logit « to —4.0.
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Algorithm A3. Cont.

6. For each image-caption pair (I, vy):
6.1. Extract the global image feature:
g = GAP(E_v (I)) € R"2048

6.2. Generate the frozen global visual prefix:
V_g € R (L_p x d_LM)

6.3. Extract the spatial visual feature map:
S € R7(7 X 7 X 2048)

6.4. Flatten and project the spatial feature map:
T 1 = f local(S) € R™ (49 x 512)

6.5. Apply local query cross-—-attention:
A = CrossAttn(Q, T 1, T 1)

6.6. Compute the local residual:
R = f_proj(A) € R™(L_p X d_LM)

6.7. Apply the learnable gate:
R_gated = sigmoid(x) X R

6.8. Construct the updated visual prefix:
V = V_g + R_gated

6.9. Condition frozen Phi-3 Mini on V and the fixed textual

prompt, and compute the captioning loss.

6.10. Update only f_local, Q, f_proj, and «.

Return:

Bl checkpoint

Algorithm A4. Caption Generation and Inference

Input:
Test image I
Frozen ResNet-50 visual encoder E_v
Frozen Phi-3 Mini language model L
Trained visual-conditioning modules
Fixed textual prompt
Fixed decoding configuration

Output:

Generated caption c

Procedure:
1. Extract visual features from I using frozen ResNet-50.
2. Compute the global visual prefix V_g.
3. Construct the visual-conditioning tokens according to the

selected configuration:
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Algorithm A4. Cont.

If using BO:
vV =V_g
Else if using FO:
a. Compute the local residual R from the projected
spatial
features using learnable query cross—attention.
b. Set:
V=Vg+R

Else if using Bl:
a. Compute the local residual R from the projected
spatial
features using learnable query cross—-attention.
b. Set:
V = V_g + sigmoid(a) X R

4. Provide the fixed textual prompt:

“Describe the image in one concise sentence.”

5. Generate a caption from frozen Phi-3 Mini conditioned on V and

the fixed textual prompt.

6. Apply the fixed decoding configuration:
beam search,
length penalty,
minimum and maximum numbers of newly generated tokens,

and no-repeat n-gram constraint.

7. Return the generated caption.

Return:
c

Algorithm A5. Zero-Shot Flickr30k Transfer Evaluation

Input:
COCO-trained Bl checkpoint
Flickr30k test images
Flickr30k reference captions
Fixed textual prompt
Fixed decoding configuration

Output:
Zero—-shot Flickr30k evaluation scores

Procedure:
1. Load the COCO-trained Bl GatedLocal checkpoint.
2 Do not update any model parameters.
3. Do not fine-tune the model on Flickr30k.
4 For each Flickr30k test image:
4.1. Extract visual features using frozen ResNet-50.
4.2. Construct the gated local visual-conditioning tokens.
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Algorithm A5. Cont.

4.3. Generate a caption using frozen Phi-3 Mini with the same

fixed textual prompt and decoding configuration.

5. Compare the generated captions with the Flickr30k reference
captions.
6. Report BLEU-1, BLEU-2, BLEU-3, BLEU-4, METEOR, ROUGE-L,
and CIDEr.
Return:

Zero—-shot transfer metrics

Appendix C. Hyperparameter and Reproducibility Details

All model, training, decoding, and evaluation hyperparameters are reported in the main text.
Specifically, model architecture details are summarized in Section 3, training settings in Section 4.2
(Table 2), and evaluation settings and decoding in Tables 3 and 9, respectively. No additional
hyperparameters beyond those reported in the main text were used.

Appendix D. LLM-Based Qualitative Evaluation Prompt

System Prompt
You are an expert evaluator for image captioning outputs.

You will receive:
- five human reference captions for one COCO image

— one machine—-generated caption for the same image

Important limitations:

You do NOT see the image.

The reference captions are incomplete natural-language descriptions,
not exhaustive image annotations.

Therefore, absence from the references is NOT automatically an error.

Evaluate the generated caption in a reference-compatible way:

- Penalize content only when it is contradicted by the references,
changes the main object/action/scene, or is very unlikely given all
references.

— Do NOT mark ordinary compatible visual details as Major_Unsupported
merely because they are absent from the references.

- Use Major_Unsupported only for major object/action/scene errors.

— Use Compatible_Extra_Detail or Plausible_Unverified for details that

are not in references but do not conflict with them.
Definitions:

1. Truncation severity

— None: caption is syntactically complete and interpretable.

- Mild: caption is slightly incomplete or awkward, but the main
meaning is still usable.

- Severe: caption clearly ends mid-phrase, for example after “with a”,

“and a”, “of the”, “in a”, “holding a”, or otherwise cannot be read as

a complete caption.
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2.

Reference compatibility status

— Supported: the main caption content is directly supported by one or

more references.

- Compatible_Extra_Detail: the caption includes details not explicitly

mentioned in references, but they are ordinary visual details and do

not conflict with the references.

Plausible_Unverified: the caption includes details that cannot be

verified from the references but are plausible for the scene.

Weakly_Unsupported: the caption includes a questionable detail, but

the main object/action/scene remains compatible.

Major_Unsupported: the caption introduces a major object, action, or

scene that is not supported and is unlikely given the references.

3.

Contradiction: the caption clearly conflicts with the references.

Unsupported content type

Use this only when the status is Weakly_Unsupported, Major_Unsupported,

or Contradiction.

Otherwise use None.

4.

Primary issue

Choose the single most important issue:

5.

None

Truncation
Missing_Detail
Weak_Unsupported_Detail
Unsupported_Object
Unsupported_Attribute
Unsupported_Action
Unsupported_Scene_Detail
Contradiction

Generic

Grammar

Multiple_Issues

Final quality

Excellent: complete, fluent, and the main content is supported or

compatible with references.

Good: mostly correct and complete, with only minor compatible or

plausible extra details.

Adequate: wusable but generic, mildly incomplete, or contains weakly

unsupported detail.

Poor: severe truncation, contradiction, wrong main

object/action/scene, or major unsupported content.

Scoring:

Give integer scores from 1 to 5.

semantic_correctness: correctness of main objects/actions/scene

against the references

detail_coverage: useful amount of caption content, without requiring

every reference detail

fluency_completeness: grammatical fluency and sentence completeness
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Important scoring guidance:

— A caption can be Good even if it has Compatible_Extra_Detail.

— A caption can be Adequate or Good even if it is somewhat generic.
— A caption should not be Poor only because it is generic.

- A caption should not be Poor only because it contains a detail absent
from references.

- Severe truncation should strongly reduce fluency_completeness and
final quality.

- Major_Unsupported should be reserved for major errors, not minor
extra details.

- If the caption captures the main object/action/scene correctly,
prefer Supported, Compatible_Extra_Detail, or Plausible_Unverified

over Major_Unsupported.

Return ONLY wvalid JSON.

Do not include markdown.

User Prompt Template
Image ID: {image_id}

File name: {file_name}

Reference captions:
1. {ref_1}

2 {ref_2}
3. {ref_3}
4 {ref_4}
5 {ref_5}

Generated caption:
{predicted_caption}

Evaluate the generated caption.
Return JSON with this exact schema:

{

“image_id”: {image_id},
“truncation_severity”: “None | Mild | Severe”,
“reference_compatibility_status”: “Supported | Compatible_Extra_Detail

| Plausible_Unverified | Weakly_Unsupported | Major_Unsupported |
Contradiction”,

“unsupported_content_type”: “None | Object | Attribute | Action |
Scene_Detail | Spatial | Multiple”,

“primary_issue”: “None | Truncation | Missing_Detail |
Weak_Unsupported_Detail | Unsupported_Object | Unsupported_Attribute |
Unsupported_Action | Unsupported_Scene_Detail | Contradiction |
Generic | Grammar | Multiple_Issues”,

“semantic_correctness”: 1,

“detail_ coverage”: 1,

“fluency_completeness”: 1,

“final_quality”: “Excellent | Good | Adequate | Poor”,

“brief reason”: “short explanation”

}
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