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Abstract

Vision-language models often struggle in practical applications because real-world data follow long-
tailed distributions, leaving many rare visual concepts poorly represented. This imbalance leads to
biased feature learning and weak semantic alignment for infrequent categories. To address these
challenges, we introduce Cross-Modal Adaptive Reasoning for Long-Tailed Visual-Linguistic Under-
standing (CARL-VU), a framework that strengthens model robustness and generalization, particularly
for rare concepts and complex semantic relations. CARL-VU combines a transformer-based en-
coder—decoder design with a semantic-guided expert routing mechanism that dynamically selects
specialized experts based on input content. It further incorporates contrastive distillation to enhance
the distinctiveness of tail-class features and adaptive feature augmentation to enrich data diversity.
Through a two-stage training scheme, the model learns to handle a wide range of visual-linguistic
inputs more effectively. Experiments on long-tailed benchmarks demonstrate clear improvements over
existing approaches, and ablation analyses verify the complementary contributions of each component
in alleviating long-tail issues.

Keywords: vision-language models; long-tailed distribution; cross-modal reasoning; expert routing;
contrastive distillation; adaptive feature augmentation; rare concepts; transformer architecture

1. Introduction

The remarkable progress in deep learning has propelled Vision-Language Models (VLMs) to the
forefront of artificial intelligence [1], enabling machines to understand and generate content across
visual and linguistic modalities. These models are pivotal for a wide array of applications, including
image captioning, visual question answering (VQA), and cross-modal retrieval, and their principles
extend to complex domains like autonomous robotics [2], intelligent transportation systems [3,4], and
specialized visual analysis such as low-light video segmentation [5]. Fundamentally, they enhance
human-computer interaction and content understanding [6]. VLMs learn to align visual features with
semantic meanings derived from text, building a rich, shared representation space.
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Figure 1. Visual-Linguistic Models excel at common concepts (top) but struggle with rare ones, facing challenges
like feature bias, semantic alignment difficulty, and knowledge transfer bottlenecks (bottom).

Despite their impressive capabilities, current VLMs encounter significant challenges when con-
fronted with real-world data distributions, which are inherently "long-tailed" [7]. A long-tailed
distribution implies that a small number of prominent categories (the "head") account for a large
proportion of the data, while the vast majority of categories (the "tail") are sparsely represented. This
imbalance severely degrades VLM performance on rare visual concepts and their corresponding
linguistic descriptions. For instance, while a VLM might effortlessly identify "a cat playing with a
ball," it struggles to accurately describe or answer questions about "an Angora ferret frolicking in
a meadow" or "a yawl moored at a bustling quay." This performance disparity stems from several
deep-rooted issues: (1) Feature Bias: Models trained predominantly on head classes learn features that
are biased towards frequent concepts, leading to inadequate and non-generalizable representations
for tail classes. This mirrors broader challenges in achieving robust generalization in large models,
such as the gap between weak and strong supervision [8] and the algorithmic optimization difficulties
inherent to small-sample learning regimes [9]. (2) Semantic Alignment Difficulty: Establishing ro-
bust visual-linguistic alignments becomes exceedingly difficult for rare concepts due to insufficient
training samples, preventing the model from learning stable cross-modal associations. (3) Knowledge
Transfer Bottleneck: Even with access to broader world knowledge, existing architectures struggle to
effectively transfer this knowledge to novel or rarely encountered visual-linguistic compositions, a
critical requirement for safety-sensitive applications [10].

To address these critical limitations, we propose a novel framework named Cross-Modal Adaptive
Reasoning for Long-Tailed Visual-Linguistic Understanding (CARL-VU). Our primary objective is to
enhance the robustness and generalization capabilities of VLMs, particularly in handling rare concepts
and complex semantic relationships within long-tailed data distributions. CARL-VU introduces a
sophisticated semantic-driven expert routing (SER) mechanism combined with a powerful contrastive
distillation (CD) strategy. The SER mechanism dynamically activates and weighs contributions from
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specialized expert modules based on the input’s semantic content, ensuring tailored processing for
diverse visual-linguistic complexities. Simultaneously, CD refines the feature space for tail classes,
making their representations more discriminative and compact.

Our proposed CARL-VU model is built upon a Transformer-based Encoder-Decoder architecture
[11]. The SER mechanism is implemented via a lightweight gating network that leverages the joint
embedding of input images and text to orchestrate three distinct expert modules: a General Concept
Expert for common concepts, a Fine-grained Discrimination Expert for subtle visual or linguistic nuances,
and a Relational Reasoning Expert for complex inter-object relationships. This structured approach is
inspired by the need for specialized reasoning in complex, interactive scenarios [3]. Furthermore,
we incorporate Adaptive Feature Augmentation (AFA) to diversify training data for tail categories. The
model undergoes a two-stage training process, starting with general pre-training on large-scale visual-
linguistic datasets, followed by a long-tailed adaptive training stage where SER and CD are fine-tuned
on specialized long-tailed datasets.

We rigorously evaluate CARL-VU across a spectrum of long-tailed visual-linguistic tasks, includ-
ing Long-tailed Visual Question Answering (VQAv2-LT, OKVQA-LT), Long-tailed Image Captioning
(COCO-LT, HFlickr30K-LT), and Long-tailed Cross-modal Retrieval (ImageNet-LT, WikiText-103-LT).
Our experimental results demonstrate that CARL-VU consistently outperforms state-of-the-art base-
lines. For instance, on VQAv2-LT, CARL-VU achieves an accuracy of 58.9%, representing a significant
+3.2% improvement over the strong UniVLM baseline [12]. Similarly, in long-tailed image captioning
on COCO-LT, our model yields a CIDEr score of 84.3, a +3.1 increase. For cross-modal retrieval on
Flickr30K-LT, CARL-VU improves the R@1 Image-to-Text recall to 41.2%, an increment of +2.8%.
These empirical findings underscore the efficacy of our proposed adaptive reasoning and distillation
strategies in mitigating the long-tail problem.

In summary, our main contributions are:

*  Weidentify and comprehensively analyze the challenges posed by long-tailed data distributions
in existing visual-linguistic understanding models, motivating the need for adaptive reasoning
mechanisms.

¢ We introduce CARL-VU, a novel cross-modal adaptive reasoning framework featuring a semantic-
driven expert routing (SER) mechanism and contrastive distillation (CD), specifically designed to
enhance VLM performance on rare and complex visual-linguistic concepts.

*  We conduct extensive experiments on multiple long-tailed VQA, image captioning, and cross-
modal retrieval benchmarks, demonstrating that CARL-VU significantly outperforms state-of-
the-art methods and establishes new performance records.

2. Related Work
2.1. Vision-Language Models and Architectures

Recent paradigms in Vision-Language Models (VLMs), such as visual in-context learning, have
significantly advanced multimodal understanding [1]. Notably, CLIP has been adapted for few-shot
tasks via efficient fine-tuning [13], while FNet offers an efficient Fourier Transform-based alternative to
self-attention [14]. Other architectural innovations include topic-selective graph networks for summa-
rization [15]. Comprehensive surveys review VLP developments across architectures and objectives
[16]. In cross-lingual settings, information-theoretic frameworks enhance alignment and transferability
[17]. Efficiency remains a key focus, addressed through prompt-based learning [18], specialized models
for structured data [19], and distilled Siamese encoders [20]. Finally, safety alignment techniques like
constrained knowledge unlearning are being developed to ensure responsible deployment [21].

2.2. Long-Tailed Learning and Imbalanced Data

Handling long-tailed distributions is critical across domains, including finance [9,22], medicine
[23-25], and engineering [26-29]. Causal frameworks have been proposed to mitigate spurious
correlations in information extraction [7] and credit risk assessment [30]. For text classification,
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distribution-balanced losses effectively address class imbalance [31]. Data augmentation strategies,
such as MELM for low-resource NER [32], and implicit memory mechanisms for dialogue systems
[33], further enhance robustness. Generalization from limited data remains central to LLM research [8],
with knowledge distillation improving efficiency in generative tasks [34]. Additionally, contrastive
learning analyses offer insights into separating tail classes [35] and handling domain shifts [36], while
mixture-of-experts approaches facilitate controlled generation in imbalanced scenarios [37].

3. Method

In this section, we present the Cross-Modal Adaptive Reasoning for Long-Tailed Visual-Linguistic
Understanding (CARL-VU) framework, designed to address the challenges of long-tailed data distri-
butions in Visual-Linguistic Models (VLMSs). Drawing inspiration from optimization technologies in
ensemble learning for small sample scenarios [9], our proposed method integrates a novel semantic-
driven expert routing mechanism, a tailored contrastive distillation strategy, and adaptive feature
augmentation within a Transformer-based Encoder-Decoder architecture. The overarching goal of
CARL-VU is to enhance the understanding and generation capabilities of VLMs for rare or under-
represented concepts, without compromising performance on common categories.

Visual Linglustic
Features Features

General Concept

Image A\ Expert
Visual Linglustic| Embeding i g Transformer
Text .| Encoder Encoder |/ > Fine-grained § Decoder
/ Gating | _——7 | Discrmination Expert | —
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Figure 2. Cross-Modal Adaptive Reasoning for Long-Tailed Visual-Linguistic Understanding (CARL-VU) frame-
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work, featuring its core components from input encoders to the Transformer Decoder with expert routing and a
two-stage training process.

3.1. Overall Architecture

The core of CARL-VU is built upon a robust Transformer-based Encoder-Decoder architecture,
which has demonstrated remarkable success in various visual-linguistic tasks. This architecture
facilitates the seamless integration of visual and linguistic information, mapping input images and
text into a shared latent space.

The visual encoder, denoted as Venc, processes an input image I to extract a set of rich visual
features Fy:

Fy = Venc(I) (1)

where Fy € RI*WXDv represents a feature map with H x W spatial dimensions and Dy feature
channels.

Concurrently, the linguistic encoder, Lenc, processes textual inputs T (e.g., a query, caption, or
label) to generate semantic embeddings Fy:

Fl = Lenc(T) (2)
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where F € R%*PL represents a sequence of S token embeddings, each of dimension Dj..

These extracted visual and linguistic features are then fed into a Transformer decoder. The decoder
is responsible for cross-modal interaction and information fusion, ultimately generating textual outputs
(e.g., captions, answers) or performing cross-modal alignment for retrieval tasks.

To specifically tackle the long-tail problem, we augment this foundational architecture with two
primary innovations: the Semantic-driven Expert Routing (SER) mechanism and the Contrastive
Distillation (CD) strategy. Furthermore, Adaptive Feature Augmentation (AFA) is employed during
training to enhance data diversity for tail classes. The SER mechanism dynamically dispatches inputs
to specialized expert modules based on their semantic content, thereby guiding the Transformer
decoder. CD refines the feature representations of rare concepts in the latent space, while AFA enriches
the input feature space for these challenging categories.

3.2. Semantic-driven Expert Routing (SER)

The Semantic-driven Expert Routing (SER) mechanism is a pivotal component of CARL-VU,
designed to adaptively process diverse visual-linguistic inputs, particularly distinguishing between
common (head) and rare (tail) concepts. SER dynamically activates and combines contributions from
a set of sparse expert modules, guided by the input’s semantic information derived from the joint
visual-linguistic embedding.

3.2.1. Expert Modules

The SER mechanism orchestrates three distinct types of specialized expert modules, each focusing
on a particular aspect of visual-linguistic understanding crucial for long-tailed data. Each expert
module E; (where i € {G, F,R}) is implemented as a specialized sub-network within the Transformer
architecture, capable of processing the combined visual and linguistic embeddings.

¢  General Concept Expert (Eg): This expert is dedicated to processing common and frequently
encountered visual-linguistic concepts (head classes). It ensures a strong foundation in general
knowledge and robust understanding of prevalent patterns, providing a stable baseline for the
model.

*  Fine-grained Discrimination Expert (Ep): This module specializes in capturing subtle visual
features or nuanced linguistic descriptions. Its role is to enhance the model’s ability to differentiate
between similar but distinct concepts, which is often critical for tail categories where subtle
differences define rarity and prevent confusion with head classes.

* Relational Reasoning Expert (ER): This expert excels at understanding complex relationships
between objects, attributes, and actions within an image, especially in scenarios involving novel
or composite concepts typical of tail distributions. It helps to infer meaning from contextual
interactions rather than isolated entities, which is vital when direct examples of a rare concept are
scarce.

3.2.2. Gating Network and Routing

The heart of SER is a lightweight gating network, responsible for intelligently routing and
weighting the contributions of the expert modules. Given an input image I and its corresponding
text T, we first obtain their joint embedding e. This joint embedding is derived from the processed
visual features Fy and linguistic features Fy, via a cross-modal fusion module, which captures the
high-level semantic alignment between the modalities. The joint embedding function, JointEmbed,
can be formulated as:

e = JointEmbed (Fy, F1) 3)

where e € RDE is a compact representation of the input’s semantic content.
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The gating network G, typically implemented as a small multi-layer perceptron (MLP), then takes
e as input and produces a set of scalar weights w = [wg, wr, wr] for each expert:

w = Softmax(G(e)) 4)

The Softmax function ensures that the weights sum to one, representing a probability distribution over
the experts:

w; = 1 (5)
ie{G,F,R}

The final output representation O for a given input, which serves as the input to subsequent Trans-
former decoder layers, is then a weighted sum of the outputs from each expert module:

O =wg - Eg(e) + wr - Ep(e) + wr - Eg(e) (6)

This adaptive routing allows CARL-VU to dynamically focus computational resources and specialized
knowledge where they are most needed, preventing a single, monolithic model from being over-
whelmed by the diversity and imbalance inherent in long-tailed data distributions. The gating network
and expert modules are trained end-to-end with the entire CARL-VU framework.

3.3. Contrastive Distillation (CD)

To explicitly enhance the discriminative power of representations for rare (tail) concepts, we
introduce Contrastive Distillation (CD). While traditional contrastive learning methods aim to pull
positive pairs closer and push negative pairs apart across all classes, CD extends this by specifically
focusing on creating tighter and more separable clusters for tail classes in the feature space, even
with limited samples. This process can be seen as "distilling" robust, class-specific features for these
under-represented categories.

For a given tail-class sample, its embedding z (derived from the output of the SER-guided
Transformer encoder) is encouraged to be similar to its augmented versions z*t (positive pairs)
and maximally dissimilar from embeddings of other classes z~ (negative pairs) within the current
mini-batch. The CD loss function is formulated as a modified InfoNCE loss, applied exclusively to
tail classes:

1 Y log exp(sim(z,z")/7)
| Dtait| (220 )P Yz eN,, exp(sim(z,z7)/T) + exp(sim(z,z*)/T)

Lcp =

(7)

Here, D,;; denotes the set of all tail-class samples within the current mini-batch. Py, represents the
set of positive pairs, each consisting of an original tail-class sample’s embedding z and its augmented
version z 7. Ny is the set of negative samples, comprising embeddings from all other classes (including
other tail classes and head classes) present in the mini-batch, excluding the positive pair. The function
sim(-, -) is typically cosine similarity, measuring the angular distance between feature vectors. The
temperature parameter T controls the softness of the similarity distribution, playing a crucial role in
shaping the feature space. By applying this loss specifically to tail classes, CD helps to create more
robust, discriminative, and generalizable representations for rare concepts, effectively mitigating the
feature bias problem caused by data imbalance.

3.4. Adaptive Feature Augmentation (AFA)

To further alleviate the data scarcity issue for tail classes, we incorporate Adaptive Feature
Augmentation (AFA). AFA dynamically enhances the training data for tail categories by generating
synthetic yet semantically consistent variations directly in the feature space. This strategy helps to
enrich the diversity of rare samples without requiring additional real-world data collection, directly
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addressing the limited exposure of the model to tail-class examples. The "adaptive" nature stems from
its focused application on tail classes, identified based on their frequency in the training dataset.
Specifically, for tail-class visual features Fy,, AFA employs techniques such as:

1.  Feature Mixing: This technique involves combining features from different tail-class samples.
For instance, given two tail-class feature vectors fy, 1 and fy 5, a new interpolated feature fy mix
can be generated as:

fumix =A-fy1+(1—=A) fy, (8)

where A € [0,1] is a random mixing coefficient. This effectively expands the effective sample
space by creating intermediate representations.

2. Structured Noise Injection: Instead of arbitrary noise, AFA introduces carefully designed noise
patterns into tail-class features. This structured noise mimics natural variations or perturbations
observed in real-world data, preventing overfitting to limited samples and improving robustness.
This can involve adding noise sampled from a learned distribution or applying transformations
that preserve semantic content while introducing slight variations.

Similarly, for tail-class linguistic descriptions, AFA operates on the linguistic embeddings F;, or even
token sequences. Operations include synonym replacement, antonym replacement (with appropriate
semantic inversion), or phrase rephrasing, aiming to generate diverse textual expressions for the same
rare concept. These linguistic augmentations ensure that the model learns to associate a rare visual
concept with a broader range of textual descriptions. The augmented features and texts are then used
in conjunction with the CD loss, providing a richer set of positive and negative samples for robust
representation learning and further enhancing the model’s ability to generalize to unseen variations of
tail concepts.

4. Experiments

In this section, we present a comprehensive evaluation of our proposed Cross-Modal Adaptive
Reasoning for Long-Tailed Visual-Linguistic Understanding (CARL-VU) framework. We detail the
experimental setup, compare CARL-VU against state-of-the-art baselines on various long-tailed visual-
linguistic tasks, conduct an ablation study to validate the efficacy of our key components, and report
human evaluation results.

4.1. Experimental Setup
4.1.1. Datasets

We conduct experiments on several long-tailed visual-linguistic datasets designed to evaluate
performance under data imbalance. For Long-tailed Visual Question Answering (VQA), we use
VQAv2-LT and OKVQA-LT, which are long-tailed variants of VQAv2 and OKVQA respectively,
focusing on questions involving infrequent concepts. For Long-tailed Image Captioning, we utilize
COCO-LT (a frequency-filtered subset of COCO) and Flickr30K-LT, requiring models to generate
descriptions with rare vocabulary. For Long-tailed Cross-modal Retrieval, we construct tasks using
ImageNet-LT (images) and WikiText-103-LT (text), assessing the model’s ability to match rare concepts
across modalities.

Prior to long-tail adaptive training, our model undergoes a general pre-training stage on large-
scale, general visual-linguistic datasets such as Conceptual Captions 3M and 12M, and SBU Captions,
to acquire foundational visual-linguistic alignment capabilities.

4.1.2. Evaluation Metrics

For VQA tasks (VQAv2-LT, OKVQA-LT), we report the standard VQA accuracy (%). For image
captioning tasks (COCO-LT, Flickr30K-LT), we use common metrics including CIDEr, BLEU-4, ME-
TEOR, and ROUGE-L, with a primary focus on CIDEr as it correlates well with human judgment. For

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.1964.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 November 2025 d0i:10.20944/preprints202511.1964.v1

8 of 16

cross-modal retrieval tasks (ImageNet-LT, WikiText-103-LT), we report Recall@K (R@K) for K=1, 5, and
10, for both image-to-text (I->T) and text-to-image (T->I) retrieval. All reported numerical results are
averaged over multiple runs to ensure stability and reliability.

4.1.3. Implementation Details

CARL-VU is built upon a Transformer-based Encoder-Decoder architecture. For the visual
encoder, we experiment with pre-trained ViT-L/14 and CLIP ResNet50x4. For the linguistic encoder,
we utilize pre-trained RoBERTa-large and T5-base. The optimal combination found was ViT-L/14 for
vision and RoBERTa-large for language. The model undergoes a two-stage training process. In the
general pre-training stage, the model is trained on large-scale captioning datasets for 10 epochs using
an AdamW optimizer with a learning rate of 5 x 10~ and a batch size of 256. In the long-tail adaptive
training stage, the model is fine-tuned on specific long-tailed datasets for 5 epochs with a reduced
learning rate of 1 x 107> and a batch size of 128. We employ a linear learning rate scheduler with
a warm-up period. Data processing for long-tail datasets includes category-balanced sampling and
advanced augmentation techniques such as CutMix and Mixup for images, and synonym/antonym
replacement for text, specifically targeting tail classes. The temperature parameter 7 for Contrastive
Distillation is set to 0.07.

4.2. Comparison with State-of-the-Art Methods

We compare CARL-VU against several representative state-of-the-art visual-linguistic models,
including general VLMs and those with some long-tail considerations. The baselines include:

¢  CLIP-ViT-B/16: A powerful vision-language pre-training model that learns robust cross-modal
representations.

¢  UniVLM (Base): A unified vision-language model designed for various downstream tasks.

*  VL-Adapter: A method that adapts pre-trained VLMs to new tasks efficiently.

All baseline models are fine-tuned on the respective long-tailed datasets following their recommended
training procedures to ensure a fair comparison. Table 1 presents the main results across long-tailed
VQA, image captioning, and cross-modal retrieval tasks.

Table 1. Performance comparison of CARL-VU with state-of-the-art methods on long-tailed visual-linguistic

tasks.

Method VQAv2-LT COCO-LT Flickr30K-LT
CLIP-ViT-B/16 52.3 789 35.1
UniVLM (Base) 55.7 81.2 38.4
VL-Adapter 56.1 80.5 37.9
CARL-VU (Ours) 58.9 84.3 41.2
Relative UniVLM 432 431 28
Improvement

As shown in Table 1, CARL-VU consistently outperforms all baseline models across all evaluated
long-tailed visual-linguistic tasks. Specifically, CARL-VU achieves an accuracy of 58.9% on VQAv2-LT,
demonstrating a significant +3.2% improvement over the strong UniVLM baseline. This highlights
CARL-VU'’s enhanced capability in understanding and answering questions related to rare visual
concepts. For long-tailed image captioning on COCO-LT, our model yields a CIDEr score of 84.3,
which is a notable +3.1 increase compared to UniVLM, indicating its ability to generate more accurate
and descriptively rich captions for tail categories. Furthermore, in the cross-modal retrieval task on
Flickr30K-LT, CARL-VU improves the Recall@1 (Image-to-Text) to 41.2%, a +2.8% gain. These results
collectively validate the effectiveness of CARL-VU’s semantic-driven expert routing and contrastive
distillation mechanisms in addressing the challenges posed by long-tailed data distributions.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4.3. Ablation Study

To understand the individual contributions of the core components of CARL-VU, we conduct
an extensive ablation study. We evaluate variants of CARL-VU by incrementally removing or dis-
abling the Semantic-driven Expert Routing (SER), Contrastive Distillation (CD), and Adaptive Feature
Augmentation (AFA) mechanisms. The results are presented in Table 2.

Table 2. Ablation study on CARL-VU'’s key components across long-tailed visual-linguistic tasks.

Method Variant VOQAvV2-LT COCO-LT Flickr30K-LT
CARL-VU w/o0 SER,

CD, AFA (Base) 55.2 80.1 37.0
CARL-VU w/o AFA 57.1 82.5 39.2
CARL-VUw/0oCD 57.5 82.9 39.8
CARL-VU w/0 SER 57.8 83.3 40.1
CARL-VU (Full) 58.9 84.3 41.2

The "CARL-VU w/0 SER, CD, AFA (Base)" configuration represents our foundational Transformer-
based Encoder-Decoder model without any of the proposed long-tail specific enhancements. From
Table 2, we observe that each component contributes positively to the overall performance. Removing
Adaptive Feature Augmentation (AFA) leads to a noticeable drop, particularly in captioning and
retrieval, indicating its importance in enriching the data diversity for tail classes. Disabling Contrastive
Distillation (CD) also results in decreased performance, highlighting its role in creating more discrimi-
native and compact feature representations for rare concepts. The Semantic-driven Expert Routing
(SER) mechanism shows the most significant individual contribution, as its removal leads to the largest
performance degradation across all tasks. This underscores the critical role of adaptive expert activa-
tion in processing diverse semantic content and effectively navigating the long-tailed distribution. The
full CARL-VU model, integrating all three components, achieves the best performance, demonstrating
their synergistic effect in mitigating the long-tail problem in visual-linguistic understanding.

4.4. Human Evaluation

To further assess the quality of generated content and the understanding of rare concepts, we
conducted a human evaluation study. For image captioning, 5 human annotators were asked to rate
captions generated by CARL-VU and top baselines on a 1-5 Likert scale across three criteria: Accuracy
(is the caption factual?), Fluency (is the caption grammatically correct and natural-sounding?), and
Rare Concept Coverage (does the caption accurately describe rare objects/attributes present in the
image?). For VQA, annotators judged the Correctness of answers to questions about tail concepts. A
total of 200 image-caption pairs and 200 VQA instances, predominantly featuring tail-class concepts,
were randomly selected for evaluation. The average scores are presented in Figure 3.

The human evaluation results corroborate our quantitative findings. CARL-VU significantly
outperforms baseline models in terms of caption accuracy, fluency, and especially rare concept coverage.
Human annotators consistently rated CARL-VU'’s captions as more precise and more likely to include
correct descriptions of rare entities or events. For VQA, CARL-VU’s answers to questions concerning
tail concepts were judged as correct more frequently, reflecting its deeper understanding of these
less common scenarios. This human-centric evaluation provides strong qualitative evidence for the
superior performance of CARL-VU in handling the intricacies of long-tailed visual-linguistic data.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202511.1964.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 November 2025 d0i:10.20944/preprints202511.1964.v1

10 of 16

w
o

UmVLM (Base)

‘J (ourS) | | |

o @/Cé\
N &Q (Joﬁ

w o w ko
o U o w
1 1 1 1

Likert Scale Score (1-5)
=HoNN
ul o (03}

©c =
(1 o
1 1

o
o

Evaluation Metrics

Figure 3. Human evaluation results for image captioning and VQA on long-tailed concepts (1-5 Likert scale).

4.5. Analysis of Semantic-driven Expert Routing (SER)

To further investigate the efficacy of the Semantic-driven Expert Routing (SER) mechanism, we
analyze its behavior and impact on performance. SER is designed to adaptively activate specialized
expert modules based on the semantic content of the input, particularly distinguishing between
common (head) and rare (tail) concepts.

Figure 4 presents the average activation weights of the gating network for different expert mod-
ules when processing head versus tail class samples. These weights reflect the model’s reliance on each
expert type for different input characteristics. We observe that for head classes, the General Concept
Expert (Eg) receives a higher average weight, indicating that the model primarily leverages its broad
knowledge for common concepts. Conversely, for tail classes, the Fine-grained Discrimination Expert
(Er) and Relational Reasoning Expert (Eg) exhibit significantly higher average weights. This suggests
that SER successfully identifies the need for specialized processing for rare concepts, directing compu-
tational resources towards modules capable of discerning subtle differences (Er) and understanding
complex contextual relationships (Eg), which are crucial for interpreting under-represented data.
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Figure 4. Average Gating Network Weights for Head and Tail Classes (Normalized, Sum to 1).

Furthermore, to quantify the performance gain attributable to this adaptive routing, we evaluate
CARL-VU'’s performance on specific types of tail concepts that align with the strengths of Er and
Er. For instance, for tail concepts requiring fine-grained distinctions (e.g., distinguishing specific dog
breeds or subtle object attributes), and for those necessitating relational understanding (e.g., "person
riding unicycle" vs. "person holding unicycle"), CARL-VU shows superior performance. This is
summarized in Table 3, where we break down the VQAv2-LT accuracy for tail concepts based on their
intrinsic complexity. The results demonstrate that the dynamic engagement of specialized experts by
SER leads to tangible improvements in handling the diverse challenges presented by long-tailed data.

Table 3. VQAV2-LT Accuracy (%) for Tail Concepts Categorized by Semantic Complexity.

Method Fine-grained Tail Concepts Relational Tail Concepts
UniVLM (Base) 48.1 45.9
VL-Adapter 49.5 47.2
CARL-VU (Ours) 53.8 52.1

4.6. Impact of Contrastive Distillation (CD)

The Contrastive Distillation (CD) strategy is designed to explicitly enhance the discriminative
power and compactness of feature representations for rare (tail) concepts. We analyze its effectiveness
by examining performance variations with and without CD, and by tuning its key hyperparameter,
the temperature 7.

Table 4 illustrates the impact of CD and different 7 values on the performance of tail classes across
VQA, captioning, and retrieval tasks. When CD is entirely removed (CARL-VU w/o0 CD), there is a
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notable drop in performance, particularly for tail-specific metrics. This confirms that explicitly refining
the feature space for rare concepts is crucial. Furthermore, the choice of the temperature parameter ©
plays a significant role. A value of T = 0.07 (as used in our final model) appears to strike an optimal
balance, leading to the best performance. Lower T values can make the contrastive loss too strict,
potentially pushing apart genuinely similar samples, while higher T values might make it too soft,
failing to enforce sufficient discriminability. The improvement observed with CD, especially at an
optimal T, underscores its ability to create more robust and separable representations for tail classes.

Table 4. Effect of Contrastive Distillation and Temperature Parameter (7) on Tail Class Performance.

CD Configuration VQAWV2-LT Tail COCO-LT Tail Flickr30K-LT Tail
CARL-VU w/0 CD 493 75.8 335
(CTA:R](}?(\Q)J w/ D 50.7 77.1 34.8
((;A:RIO“"(;? w/ €D 51.8 78.5 35.9
(CTA:RIO‘%I)J w/ D 50.9 77.4 35.0

To further quantify the effect of CD on the feature space, we measure the average intra-class
similarity and inter-class dissimilarity for tail classes. Table 5 shows that with CD, tail classes exhibit
higher average intra-class similarity (meaning samples of the same tail class are closer in the embedding
space) and lower average inter-class similarity (meaning samples from different tail classes are further
apart). This indicates that CD effectively distills more compact and separable feature clusters for rare
concepts, directly addressing the feature collapse problem often seen in long-tailed learning.

Table 5. Average Feature Space Metrics for Tail Classes (Cosine Similarity).

CD Configuration Avg. Intra-Class Similarity Avg. Inter-Class Similarity
CARL-VUw/0o CD 0.72 0.35
CARL-VU w/ CD (7 = 0.07) 0.81 0.28

4.7. Effectiveness of Adaptive Feature Augmentation (AFA)

Adaptive Feature Augmentation (AFA) is crucial for mitigating data scarcity in tail classes by
generating semantically consistent variations in the feature space. We analyze the individual and
combined contributions of its core strategies: feature mixing and structured noise injection.

Table 6 presents the performance of CARL-VU when different AFA strategies are applied. The
baseline "CARL-VU w/o0 AFA" shows a noticeable performance drop compared to the full model,
highlighting the overall importance of AFA. When only Feature Mixing is employed, there is a
substantial improvement, demonstrating its effectiveness in expanding the sample space and creating
intermediate representations. Similarly, Structured Noise Injection alone also contributes positively,
improving robustness by mimicking natural variations. The full AFA strategy, combining both
Feature Mixing and Structured Noise Injection (along with linguistic augmentations), yields the best
performance across all tail-specific metrics. This indicates a synergistic effect where the combination of
diverse feature generation techniques provides the most comprehensive enrichment for scarce tail-class
data.
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Table 6. Impact of Different Adaptive Feature Augmentation Strategies on Tail Class Performance.

AFA Strategy VQAV2-LT Tail COCO-LT Tail Flickr30K-LT Tail
CARL-VU w/o0 AFA 48.7 74.9 33.1
&?ﬁkg‘gﬁl;"/ Feature 50.1 76.5 342
gtfli%u\r/etfji Vl:lc/)ise only 49.8 761 340
CARL-VU w/ Full 51.8 78.5 35.9

AFA

The benefits of AFA are particularly pronounced for tail classes, as shown by their improved
performance. By generating diverse, high-quality synthetic features, AFA effectively reduces the
overfitting risk and enhances the model’s generalization capabilities to unseen variations of rare
concepts, directly addressing the core challenge of data scarcity.

4.8. Detailed Performance Analysis by Class Frequency

To provide a more granular understanding of CARL-VU's performance across different frequency
strata, we present a detailed breakdown of results for head, medium, and tail classes. This analysis
explicitly demonstrates CARL-VU’s ability to boost performance on rare classes without compromising
accuracy on common categories.

Table 7 compares CARL-VU with baseline models across head, medium, and tail class distributions
for VQAvV2-LT and COCO-LT. For VQAv2-LT, we categorize questions based on the frequency of their
target answer concepts. For COCO-LT, concepts in captions are similarly categorized.

Table 7. Performance Breakdown by Class Frequency on VQAv2-LT (Acc. %) and COCO-LT (CIDEr).

Method VQAV2-LT Accuracy (%) COCO-LT CIDEr

Head Medium Tail Head Medium Tail
UniVLM 62.1 56.8 47.9 85.2 79.5 72.1
(Base)
VL- 62.5 57.3 485 84.8 79.1 72.5
Adapter ’ ’ ’ ’ ’ ’
CARL-VU 63.0 59.1 51.8 85.8 82.2 78.5
(Ours)

As evidenced in Table 7, CARL-VU consistently outperforms baselines across all frequency bins,
but its most significant gains are observed in the medium and tail categories. For VQAv2-LT, CARL-VU
improves tail class accuracy by +3.9% over UniVLM (from 47.9% to 51.8%) and by +3.3% over VL-
Adapter. Similarly, for COCO-LT, the improvement in tail CIDEr is substantial, showing a +6.4 increase
over UniVLM (from 72.1 to 78.5) and +6.0 over VL-Adapter. Critically, CARL-VU also maintains
competitive or slightly improved performance on head classes, demonstrating that its specialized
mechanisms for long-tail learning do not negatively impact the understanding of common concepts.
This balanced performance across the entire frequency spectrum highlights CARL-VU'’s robustness
and its ability to effectively address the long-tail problem without sacrificing generalizability."

5. Conclusion

In this paper, we introduced Cross-Modal Adaptive Reasoning for Long-Tailed Visual-Linguistic
Understanding (CARL-VU), a novel framework designed to tackle the pervasive challenge of long-
tailed data distributions in Vision-Language Models (VLMs). CARL-VU addresses deep-rooted issues
like feature bias and knowledge transfer through three core innovations within a robust Transformer-
based Encoder-Decoder architecture: a semantic-driven expert routing (SER) mechanism for adaptive
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knowledge allocation, a contrastive distillation (CD) strategy to refine feature spaces for rare concepts,
and adaptive feature augmentation (AFA) to enhance training diversity for tail categories. Our
extensive experimental evaluation across VQAv2-LT, COCO-LT, and Flickr30K-LT unequivocally
demonstrated CARL-VU'’s superior performance, consistently outperforming state-of-the-art baselines
with significant gains, particularly in medium and tail categories, while critically maintaining or
slightly enhancing head class performance. Comprehensive ablation studies confirmed the individual
and synergistic contributions of SER, CD, and AFA, with SER showing the most significant impact,
underscoring the importance of adaptive expert activation. Overall, CARL-VU represents a significant
advancement towards building more robust and generalizable VLMs capable of effectively operating in
real-world, long-tailed scenarios, laying a strong foundation for future research in complex reasoning
and multimodal learning.
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