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ABSTRACT

Large vision-language models (LVLMs) are typically trained using autoregressive
language modeling objectives, which align visual representations with linguis-
tic space. While effective for multimodal reasoning, this alignment can weaken
vision-centric capabilities, causing LVLMs to underperform their base vision en-
coders on tasks such as image classification. To address this limitation, we pro-
pose Context-Aware Image Representation Prioritization via Ensemble (CARPE),
a lightweight framework that integrates raw vision features with aligned LLM
representations through vision-integration layers and a context-aware ensemble
mechanism. This design enhances the model’s ability to adaptively weight visual
and textual modalities and enables the model to capture various aspects of image
representations. Extensive experiments demonstrate that CARPE improves per-
formance on both image classification and diverse vision-language benchmarks.
Our results suggest that modality balancing plays a critical role in multimodal gen-
eralization by improving representation utilization within autoregressive LVLMs.

1 INTRODUCTION

Large vision-language models (LVLMs) have become increasingly popular in the research commu-
nity, as they serve as foundational building blocks towards general-purpose assistants (Liu et al.,
20244520235 |L1 et al.l 2023a; |Dai et al., 2023; [Zhu et al.| 2023} |Wang et al., 2024; | Ye et al., 2023}
Chen et al, |2024b)). While existing LVLMs exhibit impressive performance across various vision-
language tasks, recent studies have highlighted their limitations in image classification (Zhai et al.,
2023b; |[Zhang et al., 2024 Mitra et al., 2024). Notably, [Zhai et al.[(2023b) and [Zhang et al.| (2024)
reveal that LVLMs significantly underperform CLIP (Radford et al.,|2021) on standard image clas-
sification benchmarks such as ImageNet (Deng et al.l [2009), despite CLIP being their base vision
encoder, indicating that LVLMs do not fully preserve the generalization properties of their underly-
ing vision encoders.

This underperformance in image classification presents a significant bottleneck for LVLMs. Al-
though LVLMs are primarily designed for generative tasks, many vision-language tasks inherently
rely on robust classification capabilities. The internal reasoning process often involves recogniz-
ing and categorizing visual elements before generating an answer. For instance, a sample from the
TextVQA (Singh et al.| 2019) benchmark presents the question, “What company made this?” along
with an image of a laptop. If the model fails to first classify the object as a laptop, subsequent rea-
soning steps are likely to be incorrect. Consequently, enhancing classification performance could
naturally lead to broader improvements in LVLMs’ overall capabilities.

Building on the findings of [Zhang et al.| (2024), we investigate whether fine-tuning LVLMs can
enhance their general image classification performance. Our experiments demonstrate that while
fine-tuning LLaVAL1.5 (Liu et al., 2024a) on ImageNet improves accuracy within the dataset, it
simultaneously hurts the model’s general capabilities. As shown in Table[T} this fine-tuning approach
results in decreased performance across multiple benchmarks. The declines in CV-Bench (Tong
et al., 2024a) and MMVP(Tong et al.l 2024b) are particularly notable, as they are vision-centric
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Figure 1: CARPE architecture incorporates vision-integrator with a context-aware ensemble ap-
proach, dynamically combining vision representations from diverse perspectives.

Model Classification Vision-language Benchmarks

ImageNet Caltech Flowers102  Food101 SQA MME MMB CV-Bench MMVP
LLaVA1.5-7B (Liu et al.}|2024a) 26.4 55.4 6.7 29.5 69.4 1862.7 64.7 46.0 63
+ ImageNet fine-tune (Zhang et al.}2024) 78 (+51.6)  54.4 (-1.0) 6.7 (-) 22.9(-6.6) 66.8(-2.6) 1744.2(-118.5) 62.1(-2.6) 379(-8.1) 56.6(-6.4)

Table 1: Performance of vanilla LLaVA1.5-7B and its ImageNet fine-tuned checkpoint on classifi-
cation and vision-language benchmarks. The numbers in parentheses indicate the change in perfor-
mance compared to the vanilla model.

benchmarks where classification was anticipated to provide benefits. This indicates that simply fine-
tuning LVLMs on classification does not effectively generalize to other vision-language tasks, nor
does it lead to consistent improvements in general visual understanding.

This observation leads us to investigate the following question: How can we enhance the general
visual understanding of LVLMs by improving their classification ability?

Our key insight, supported by experimental results in Figure 2] is that classification-relevant infor-
mation is largely retained within the LVLMs’ latent space, despite being diminished in the final gen-
erated output. When evaluating three LVLMs on four classification datasets in a zero-shot setting,
we observe a significant performance drop compared to their base CLIP models. However, when
evaluated in a linear probing setting, they substantially close the performance gap with CLIP. These
results indicate that classification-relevant visual information is largely retained in the LVLMs’ latent
space with minimal forgetting, as|Zhang et al.| (2024) found earlier. However, it becomes subopti-
mally aligned for downstream discriminative tasks during alignment with the LLM.

Based on this insight, we hypothesize that LVLMs struggle to adaptively discern when to prioritize
image representations versus relying on language-based reasoning in a context-dependent manner.
For example, in vision-centric tasks (e.g., image classification), which requires a strong focus on
vision inputs, LVLMs may struggle to appropriately prioritize visual information over language
model’s reasoning capabilities due to the misalignment. This inability to balance visual and textual
modalities based on the context could undermine their performance across diverse tasks.
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(a) Zero-shot classification accuracy of base vision models (CLIP) and LVLMs.
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(b) Linear probing classification accuracy comparing base vision models output and
LVLMs final output.

Figure 2: Image classification performance analysis of LVLMs in zero-shot and linear probing set-
tings. Accuracies are averaged across four classification datasets, Caltech101, Flowers102, Domain-
Net and Mini-ImageNet.

To address this, we propose a dynamic ensemble approach that integrates two embeddings: (1)
raw vision encodings directly from the vision encoder, and (2) final LLM outputs. These embed-
dings provide different visual perspectives, as prior studies have found that when vision features are
aligned with language, they tend to focus on different aspects of information (Radford et al., 2021;
Chen et al.| 2023aj [Tong et al., | 2024b; (Chen et al.| 2024a; |Gao et al. |2022). For example, Radford
et al.| (2021) highlights that image-caption pairs emphasize high-level semantics over detailed de-
scriptions. Therefore, by leveraging embeddings before and after LLM alignment, we aim to extract
and utilize a richer set of visual features, enabling more effective utilization of suboptimally aligned
visual representations.

Specifically, we fuse these complementary embeddings through a vision-integrator coupled with a
context-aware ensemble mechanism. The vision-integrator captures different aspects of vision fea-
tures, by combining vision encoder’s output with LLM output to complement the visual information
that may become misaligned during LLM’s alignment process. Furthermore, the outputs of the
vision-integrator and the final LLM output are combined via a context-aware ensemble mechanism
guided by a context encoder. This context encoder dynamically adjusts ensemble weights based on



context from text input, allowing the model to prioritize the vision-integrator output when pre-LLM
alignment information is more relevant or the final LLM output when language-based reasoning is
more required.

Thus, we introduce this framework as Context-Aware Image Representation Prioritization via
Ensemble (CARPE), which significantly improves performance on image classification benchmarks
and extends benefits to various multimodal zero-shot tasks. Extensive experiments demonstrate that
CARPE’s context-aware ensemble design effectively integrates visual information from diverse per-
spectives to enhance their general capabilities. CARPE’s model-agnostic framework can be seam-
lessly integrated with a wide range of open-source LVLMs that comprise a vision encoder and a
language model comprising a vision encoder and a language model, ensuring broad applicability
and ease of deployment.

Our contributions in this work are as follows:

* We empirically analyze modality imbalance in LVLMs and show that classification-relevant
information is largely preserved in latent representations but becomes underutilized after
language alignment.

* We introduce CARPE, a novel framework that adaptively integrates multiple perspectives
of visual features to enhance general image understanding in a context-dependent manner.

* We demonstrate that our vision-integrator and context-aware ensemble improve general-
ization by enhancing classification performance.

2 RELATED WORKS

Large Vision-Language Models Recent LVLMs are predominantly built on pre-trained vision
and large language models (Liu et al., [2023; 2024a; Dai et al.|, [2023} [Zhu et al.| 2023} |Bai et al.,
2023 |Wang et al.| [2024; [Ye et al., 2023} [Chen et al., |2024b). These models are often connected
using different types of adapter modules, such as MLPs (Liu et al., 2023} [2024a; [Lin et al., 2023;
Chen et al.,|2023b)), and Q-former (Li et al.,[2023a}|Dai et al.,2023) to integrate the different modal-
ities. Models like Qwen2-VL (Wang et al., 2024)) and Intern VL (Chen et al.,|2024b)) have showcased
impressive capabilities in instruction-following and visual reasoning tasks, while some models are
specifically designed to enhance visual understanding ability (Lin et al., 2023} |Wang et al., [2023).
SPHINX (Lin et al., 2023)) employs an ensemble of various vision backbones to extract robust vi-
sual representations from different aspects, and CogVLM (Wang et al., [2023) introduces a visual
expert module, doubling its parameters in language model to improve visual understanding abili-
ties. In comparison, our work leverages light-weight vision-integrator to efficiently enhance image
comprehension.

Limitations of LVLMs in image classification Although LVLMs showcase strong performance
on many vision-language tasks, recent research underscores their shortcomings in image classifica-
tion (Zhai et al.l 2023b; [Zhang et al., 2024; Mitra et al., [2024} |Cai et al., 2025). For example, Zhai
et al.[(2023b) and |[Zhang et al.| (2024) reveal that LVLMs fail to inherit the generalizability of CLIP
on standard image classification tasks. |Cai et al.| (2025)) identify this failure as a cross-modality
competency problem, where LVLMs struggle to fairly assess information across modalities. In con-
trast, our framework introduces a dynamic weighting mechanism that adaptively prioritizes visual
information, improving overall classification ability.

Vision features aligned to language overlook visual details Many studies have found that text-
aligned image features emphasize high-level content while overlooking fine-grained details (Rad-
ford et al., 2021} [Chen et al., 2023a; Tong et al., 2024b; |Chen et al., 20244} |Gao et al., 2022). For
instance, [Radford et al.|(2021)) suggests that image-caption pairs focus on high-level semantics de-
scription rather than visual details, leading to image representation primarily capture global features.
To address this issue, Gao et al.| (2022) proposes constructing three visual embeddings from different
semantic levels for more accurate alignment between image and text in vision-language pre-training.
In this work, we leverage the visual representation both before and after LLM alignment to effec-
tively extract different aspect of visual information.



3 METHODS

3.1 ARCHITECTURE

In this section, we introduce CARPE’s three key components: a pre-trained LVLM, vision-
integrators and a context-aware weighting modules consisting of a context prompt and a context
encoder. The overall framework of CARPE is summarized in Figure[l]

Pre-trained LVLM LVLMs typically consists of three parts: a vision encoder, which is commonly
based on CLIP, a large language model (LLM), and an adapter that connects the two modalities,
typically implemented as an MLP or a Q-former. Our framework is designed to be compatible with
any LVLM that incorporates both vision and language components.

Vision-integrator We introduce a vision-integrator to effectively combine three types of visual
information: (1) raw vision features from the base vision encoder (e.g., CLIP), (2) the LLM repre-
sentations prior to the final vocabulary projection.

The motivation for this integration stems from previous studies indicating that aligning image fea-
tures with language shifts the model’s focus towards semantic level while losing fine-grained visual
details. Based on this finding, we assume that each of these feature types —before and after LLM
alignment —encodes complementary perspectives of the image. Thus, the vision-integrator is de-
signed to efficiently merge these two forms of information, to enhance the model’s comprehensive
visual understanding.

Specifically, vision-integrator consists of a multi-head cross-attention layer followed by multi-head
self-attention layer and an MLP. The queries originate from the LLM’s second-to-last output, while
the keys and values are derived from the raw vision features. Since the raw vision features are
not initially aligned with language space, they are first projected into the LLM’s dimension using a
newly introduced MLP adapter.

Context encoder and context prompt We introduce a context-aware weighting mechanism to en-
able the model to distinguish between vision- or language-centric contexts, rather than simply adding
the two embeddings in an ensemble. We assume different tasks may require different weighting of
these embeddings.

To explicitly encode this ability, we incorporate a context prompt—a learnable soft prompt ap-
pended to the input text embeddings—motivated by prompt tuning (Lester et al.,[2021)). The context
prompt is processed by the LLM as standard text input, and subsequently passed through the con-
text encoder. The context encoder generates two probability values that sum to 1.0, which serve as
ensemble weights between the vision-integrator and the final LLM representations.

We ensure that the context prompt is influenced solely by text inputs, as the distinction between
vision-centric and language-centric tasks is determined by the instruction rather than the image con-
tent. In our implementation, the context encoder is a single linear layer followed by a softmax
function, and the context prompt consists of a learnable embedding of length one. The final predic-
tion is obtained by a weighted sum of the vision-integrator and LLM logits (see Appendix for
formulation).

Mixture of Experts Inspired by recent successes in Mixture-of-Experts (MoE) architectures
(Jiang et al., |2024; [Lin et al., 2023)), we introduce CARPE-MoE. As shown in Figure E} this ex-
tension is designed to capture more robust visual representations through an ensemble of different
vision encoders.

Beyond the LVLM’s base CLIP model, we add three pre-trained vision encoders as experts: SigLIP
(Zhai et al. 2023a), DINOv2 (Oquab et al., [2023), and a CLIP-MoE model from the CuMo (L1
et al [2024) checkpoint. Each of the four backbones is paired with a dedicated two-layer MLP
adapter, which projects its unique visual features into the LLM’s common embedding space. A
lightweight vision router dynamically selects the most suitable expert for a given input. To maintain
our framework’s context-aware nature, the routing decision is conditioned on the hidden state of the
learnable context prompt token. Based on this textual context, the router performs top-1 gating to
direct the image to a single, most appropriate expert.
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Figure 3: The architecture of CARPE-MOoE. It extends the base CARPE model by incorporating a
Vision MoE module that dynamically selects an expert from multiple vision backbones.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

We utilized LLaVA-Instruct-665K (Liu et al.,[2024a)), a publicly available instruction-tuning dataset,
and combine it with Imagenet (Deng et al., 2009)) to improve both classification ability and overall
visual image comprehension. To avoid degrading language ability, we fix the mixing ratio at 1:7
(ImageNet: LLaVA-Instruct). For ImageNet prompting, we uniformly sample one of 20 classifi-
cation prompt templates (i.e. ‘Identify the object in this image:’, “What object can you spot in the
picture?’) per example. We mix open- and closed-world prompts 50/50 (without vs. with label lists)
to reduce prompt overfitting and improve generalization.

In our experiments, we use LLaVA1.5-7b (Liu et al., |2024a) as our base model to evaluate our
framework. During training, we keep the adapter, final output projection head, vision-integrator,
context encoder and context prompt trainable while freezing all remaining parts. We train the base
CARPE model for 2 epochs and the CARPE-MoE model for 3 epochs, using batch size of 64 for
all experiments. We set the learning rate to 2e-5 for the adapter and 2e-4 for the other trainable
components. To stabilize the learning process, we freeze the context encoder and context prompt
during the first epoch and unfreeze them in subsequent epochs.

4.2 BASELINES

We compare CARPE with four baselines. As a classification fine-tuning baseline, we use the
ImageNet-fine-tuned LLaVA-1.5-7B checkpoint (Zhang et al.,|2024). We also include two ensem-
ble baselines, WiSE-FT (Wortsman et al., [2022) and LEVI (Roh et al.,[2024)). WiSE-FT (Wortsman
et al., [2022) linearly interpolates the parameters of a zero-shot model and a fine-tuned model. In
our setup, we mix the pre-trained LLaVA1.5-7B weights with the ImageNet-fine-tuned checkpoint
(Zhang et al., |2024) using a coefficient of 0.5. LEVI (Roh et al.| 2024) adaptively ensembles a pre-
trained model layer-wise with a small task-specific model to improve generalization in fine-tuning.
To apply LEVI to generative LVLMs, we replace the task-specific branch with adapter outputs from
the vision side and attach five adapting layers to the last five LLM layers. Each adapting layer per-
forms multi-head cross-attention with queries from the corresponding LLM hidden states and keys
and values from the adapter outputs, followed by multi-head self-attention and an MLP. The five
adapted hidden states are averaged and projected onto the vocabulary space, producing final logits.



Finally, we evaluate SPHINX (Lin et al., [2023)) as a visually enhanced LVLM baseline that mixes
model weights, training objectives, enriched visual embeddings, and high-resolution sub-images to
improve overall capability.

We evaluate CARPE on four image classification benchmarks—ImageNet, Caltech101, Flow-
ers102, and Food101—and seven vision-language benchmarks, including SQA, TextVQA , POPE ,
MME , MMBench , CV-Bench , and MMVP (see Appendix [A.2]for details).

Model ImageNet Caltechl0l  Flowers102 Foodl0l  Average
LLaVA1.5-7B (Liu et al.|[2024a) 26.4 55.4 6.7 29.5 29.5
+ Imagenet Fine-tune (Zhang et al.|[2024) 78.0 54.4 6.7 22.9 40.5
Baseline  WiSE-FT (Wortsman et al.,[2022) 48.1 56.2 6.6 26.9 34.4
LEVI (Roh et al.|2024) 73.3 43.5 3.7 20.8 353
SPHINX-13B (Lin et al.|[2023) 323 49.7 17.7 36.3 34.0
Ours CARPE 73.4 60.4 15.4 32.7 45.4
CARPE-MoE 64.5 65.6 16.7 37.7 46.1
Table 2: Classification Accuracy (%)
Model General VL Benchmarks Vision-centric VL Average
SQA TextVQA POPE MME MMBench CV-Bench MMVP
LLaVA1.5-7B (Liu et al./[2024a) 69.4 583 85.9 1862.7 64.7 46.0 63.0 68.6
+ Imagenet Fine-tune (Zhang et al.;|2024)  66.8 57.0 85.9 1744.2 62.1 37.9 56.6 64.7
Baseline ~ WiSE-FT (Wortsman et al.}[2022) 68.0 57.8 85.1 1803.5 64.0 46.1 59.0 67.1
LEVI (Roh et al.|[2024) 69.4 49.2 84.5 1752.1 64.0 474 61.3 66.2
SPHINX-13B (Lin et al.]2023) 69.3 51.6 80.7 1798.3 66.9 61.3 66.6 69.4
Ours CARPE 68.4 55.8 85.2 1826.5 64.8 58.8 64.0 69.7
CARPE-MoE 68.0 574 84.7 1861.7 64.0 58.8 65.0 70.1

Table 3: Performance on seven vision-language benchmarks, including both general-purpose and
vision-centric tasks. MME scores are scaled to 100 for averaging; SQA refers to the image subset
of ScienceQA; POPE is reported with F1 score; all others are accuracy.

5 RESULTS

5.1 CLASSIFICATION BENCHMARKS

As shown in Table 2] CARPE improves performance not only on the in-distribution dataset (Im-
ageNet) but also on all out-of-distribution (OOD) classification benchmarks compared to the base
LLaVA1.5-7B (Liu et al.l 2024a) model. The ImageNet fine-tuning baseline (Zhang et al.| [2024)
yields a substantial gain on the in-distribution dataset, but it causes a notable performance drop on
OOD datasets such as Caltech101 and Food101. In contrast, both CARPE and CARPE-MOoE in-
crease accuracy across both in-distribution and all OOD datasets. Notably, CARPE-MoE achieves
the highest average classification accuracy, demonstrating the benefit of integrating diverse visual
representations from multiple backbones for classification tasks.

When compared to other ensemble-based baselines such as WiSE-FT (Wortsman et al.|, 2022)) and
LEVI (Roh et al} 2024), CARPE demonstrates clear superiority. Remarkably, despite SPHINX-
13B (Lin et al., [2023) having nearly twice the model size, CARPE still surpasses it on three out of
four benchmarks, highlighting the parameter efficiency of our design.

5.2 VISION-LANGUAGE BENCHMARKS

Table [3] shows that both of our models outperform the baselines, with CARPE-MoE achieving
the highest average performance across vision-language benchmarks. While ImageNet fine-tuning
(Zhang et al., 2024) leads to severe degradation in several benchmarks, CARPE and CARPE-
MOoE preserve performance on general benchmarks and deliver substantial improvements on vision-
centric benchmarks. In particular, compared to the base model, CARPE-MoE improves CV-Bench



and MMVP scores by 12.2% and 2.0%, respectively, whereas the fine-tuning baseline suffers large
drops. Unlike LEVI, which relies on adapter outputs already projected into the language space,
CARPE directly leverages raw vision features from the encoder, mitigating information loss during
alignment.

These results support our hypothesis that visual features extracted from the vision encoder are par-
tially distorted or lose generalizability during alignment with the LLM. By introducing the vision-
integrator to incorporate raw vision features while retaining their original granularity and balancing
them with LLM outputs in a context-dependent manner, CARPE enables more effective utilization
of visual information that may be under-emphasized during LLM alignment.

Benchmark Type Vision Weight Language Weight
Classification 0.26 0.74
Vision-language Benchmark 0.13 0.87

Table 4: Average vision and language weights of CARPE-MOoE assigned by the context encoder
across classification and vision-language benchmarks.

5.3 CONTEXT-AWARE BALANCING OF VISION AND LANGUAGE

Our design assumes that the optimal weighting between vision and language components depends
on the task. Vision-centric tasks such as image classification should rely more heavily on raw vision
features, while general vision-language tasks often require stronger utilization of the LLM’s reason-
ing ability. To enable this adaptability, we introduced a learnable context prompt and a lightweight
context encoder to dynamically adjust the ensemble weights according to the text instruction.

Table 4] shows that the vision-to-language weight ratio assigned by the context encoder differs be-
tween classification and vision-language benchmarks. Specifically, the average vision weight is
0.26 for classification benchmarks and 0.13 for vision-language benchmarks, indicating that the
model allocates a relatively greater proportion of attention to vision features in classification tasks
compared to vision-language tasks. This difference likely arises because classification tasks depend
more heavily on precise visual recognition, whereas many vision-language benchmarks place greater
emphasis on language-based reasoning and instruction-following. Such adaptive weighting reflects
CARPE ’s ability to adjust the balance between vision and language components according to task
requirements, contributing to its strong performance across both classification and vision-language
evaluations.

6 CONCLUSION

In this work, we addressed the challenge of enhancing the general visual understanding of LVLMs
by improving their classification capability. We proposed CARPE, a lightweight vision-integration
module combined with a context-aware dynamic ensemble strategy. Furthermore, we introduced
CARPE-MOoE, an extension that incorporates a Mixture of Experts framework to leverage multiple,
diverse vision backbones.

Extensive experiments demonstrate that our methods effectively recover visual information that may
be lost during LLM alignment, leading to performance gains on both classification and vision-
language benchmarks. In particular, the CARPE-MOoE variant demonstrate superior generalization,
achieving the highest average performance across all evaluated tasks. These results confirm that
improving general visual understanding also benefits broader vision-language capabilities. Finally,
we showed that different tasks require different weighting of vision and language components, and
by adaptively balancing the two based on context, our approach enhances the overall multimodal
reasoning ability of LVLMs.
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We aim to conduct and report our research transparently, minimize potential harm, and consider the
broader societal implications of multimodal systems. However, as with other LLM research, we
acknowledge that there remains potential risk that such systems may generate biased or harmful
outputs embedded in pretrained models. All datasets used in our experiments (e.g., ImageNet, Cal-
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A APPENDIX

A.1 USING ENSEMBLE

To effectively combine the embeddings from the vision-integrator and the LLM representations, we
employ an ensemble strategy that integrates their logits.

Formally, Let X;,; be the input text sequence, X;,,,, the input image, and Y a target token. Let
Hyision, Him € RY*? denote the hidden representations obtained from the vision integrator and
the final LLM layer, where N is the sequence length and d is the hidden dimension. The shared
output projection to the vocabulary is denoted by Wj,cqq € RY *?, where V is the vocabulary size.

We first compute the logits from each representation as follows:
T
Zvision = HvisionWhead
Ziim = Hym Wik ou

To determine context-aware ensemble weights, we introduce a learnable context prompt token,
which is appended to the input and processed by the LLM. Let H.ontert € R¢ denote the final
hidden state of the context prompt token, and let Weoptent € R2%d be the context encoder that
projects this hidden state to a two-dimensional weight vector.

The ensemble weights are computed as:

T
a, B = Softmax(Weonteet Heontent)

Using these weights, the final logit is computed as a weighted sum:

Z=ao- Zvision + ﬁ . lem

A.2 EVALUATION DATASETS

To validate the effectiveness of CARPE, we evaluated the models on four classification datasets
and seven vision-language benchmarks. The classification datasets include ImageNet (Deng et al.,
2009), Caltech101 (Fei-Fei et al., [2004), Flower102 (Nilsback & Zissermanl, 2008)), and Food101
(Bossard et al., |2014). Flowers102 (Nilsback & Zisserman), 2008)) and Food101 (Bossard et al.}
2014) comprise 102 and 101 categories, respectively, and are used to evaluate fine-grained visual
understanding. Caltech101 (Fei-Fei et al., [2004), comprises 101 object classes and serves as a
benchmark for assessing classification performance at a semantic level.

The vision-language benchmarks includes two academic-task-oriented datasets: image subset of
ScienceQA (Lu et al., 2022) and TextVQA (Singh et al., |2019), which evaluates zero-shot gen-
eralization on scientific question answering and text-rich visual question answering, respectively.
Benchmarks for instruction-following LVLMs include five datasets: POPE (Li et al.| 2023b), MME
(Fu et al.l [2024), MMBench (Liu et al., [2024b) CV-Bench (Tong et al., 2024a), and MMVP (Tong
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2024b). These benchmarks assess various LVLMs abilities, including object hallucination,
OCR perception, language generation, mathematical reasoning, scene understanding, and object
counting. In particular, CV-Bench and MMVP are vision-centric benchmarks. CV-Bench
2024a)), evaluates classic vision tasks in multimodal settings, including spatial relations and

depth ordering. MMVP (Tong et al.| [2024b) targets CLIP-blind pairs, where CLIP judges visually
distinct images as similar.
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