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ABSTRACT

Despite the remarkable success of the LLaVA architecture for vision-language tasks,
its design inherently struggles to effectively integrate visual features due to the
inherent mismatch between text and vision modalities. We tackle this issue from a
novel perspective in which the LLM not only serves as a language model but also a
powerful vision encoder. To this end, we present LLaViT–Large Language Models
as extended Vision Transformers—which enables the LLM to simultaneously
function as a vision encoder through three key modifications: (1) learning separate
QKV projections for vision modality, (2) enabling bidirectional attention on visual
tokens, and (3) incorporating both global and local visual representations. Through
extensive controlled experiments on a wide range of LLMs, we demonstrate that
LLaViT significantly outperforms the baseline LLaVA method on a multitude of
benchmarks, even surpassing models with double its parameter count, establishing
a more effective approach to vision-language modeling.

1 INTRODUCTION

Multimodal Large Language Models (MLLMs) Liu et al. (2023a; 2024); Dai et al. (2023); Tong
et al. (2024a); Deitke et al. (2024) have emerged as a pivotal advancement in artificial intelligence.
Leveraging the power and versatility of LLMs, these models enable us to tackle a wide range of tasks
with a single model; tasks that previously required specialized models, such as image captioning and
visual question answering, and even more traditional vision tasks such as object detection and image
classification.

Among these MLLMs, LLaVA Liu et al. (2023a; 2024) stands out as a widely adopted framework
with a simple architecture. It comprises of a pre-trained vision encoder Dosovitskiy et al. (2021);
Radford et al. (2021), a pre-trained LLM Chiang et al. (2023), and a connector that projects visual
features to the LLM’s input dimensions. More recently, many works Deitke et al. (2024); Ranzinger
et al. (2024); Chen et al. (2024a); Cha et al. (2024); Tong et al. (2024a); Chu et al. (2024); Chen
et al. (2024b); Wang et al. (2023a) have proposed various improvements to the LLaVA framework,
focusing on developing stronger vision encoders Ranzinger et al. (2024); Chen et al. (2024a); Wang
et al. (2024), designing sophisticated connector architectures Cha et al. (2024); Tong et al. (2024a);
Chu et al. (2024), or compiling higher quality training datasets Deitke et al. (2024); Chen et al.
(2024b); Wang et al. (2023a).

In our work, we explore the LLaVA framework from a novel perspective. A conventional of
understanding of LLaVA-like architectures suggests that, through its pre-training stage, the visual
features become aligned with the LLM’s input space, thereby allowing the LLM to process visual
tokens similarly to text tokens. From this point of view, there is a clear distinction between the roles
of the vision encoder and the LLM. However, our investigations show that the visual tokens at the
input layer of the LLM are not well aligned with the LLM’s input space; rather, the LLM itself
gradually translates visual representations to text representations, progressively aligning the two
modalities in its transformer layers. Moreover, we find that attention updates to the visual tokens
within the LLM have a profound impact on the LLM’s ability to process visual information. Based
on these insights, we propose a new perspective of MLLMs that has not been extensively explored
before. Instead of viewing the vision encoder and LLM as two separate components with distinct

∗Joint corresponding authors.

1



Published at ICLR 2026 Workshop on Multimodal Intelligence

roles, we consider the vision encoder as extending into the LLM itself. In other words, the LLM
serves not only as a language processor that understands prompts and generates answers, but also as
an integral part of the visual feature processing pipeline.

This new perspective motivates LLaViT, Large Language Models as extended Vision Transformers,
which consists of three simple yet effective approaches to transform the LLM to additionally serve
as a powerful vision encoder: (i) learning separate QKV projections for visual tokens, (ii) enabling
bidirectional attention on visual tokens, and (iii) incorporating both local and global features from the
(original) vision encoder. When integrating LLaViT to the LLaVA framework with various LLMs,
we observe substantial performance gains across a wide range of MLLM benchmarks. Notably,
on several key vision-oriented benchmarks, our 3B LLaViT model not only outperforms the 7B
LLaVA-1.5 Liu et al. (2024) model but also achieves performance comparable to the 14B LLaVA-1.5
model. This demonstrates the effectiveness of our method and establishes a promising new direction
for MLLM architecture design.

2 BACKGROUND AND MOTIVATION

To set the stage, we first provide an overview of the LLaVA Liu et al. (2023a; 2024) model and
establish key notations. We then discuss two preliminary investigations that motivate our work.

2.1 REVIEW OF LLAVA

LLaVA tackles vision-language tasks by treating visual information as specialized input embeddings
for a pre-trained LLM. Consider an LLM hθ with L transformer Vaswani et al. (2017) layers,
parameterized by θ. We represent the general case of multimodal inputs to the LLM’s ℓ-th layer
as a combination of three distinct sequences: (1) m text tokens for the system prompt, tℓsys =

(tℓ1, t
ℓ
2, . . . , t

ℓ
m), (2) n visual tokens for the visual information, vℓ = (vℓ1, v

ℓ
2, . . . , v

ℓ
n), and (3) o text

tokens for the user prompt, tℓusr = (tℓm+1, t
ℓ
m+2, . . . , t

ℓ
m+o). At any given layer ℓ, tℓsys, v

ℓ, and tℓusr
are processed as a single N = m+ n+ o length sequence,

xℓ = (xℓ
1, x

ℓ
2, . . . , x

ℓ
N ) = (tℓsys,v

ℓ, tℓusr), (1)

where xℓ
i represents the i-th input token in the ℓ-th layer1, and the set of indices corresponding to the

visual tokens can be defined as

Iv = {m+ 1,m+ 2, . . . ,m+ n}. (2)

Given an input image I , we extract the visual patch features using a pre-trained vision encoder,
g, then project them to the LLM’s embedding space with an MLP projection, fϕ : RdV → RdL ,
parameterized by ϕ, where dV and dL represent the feature dimensions of the vision encoder and
LLM, respectively:

v1 = fϕ(g(I)) = (v11 , v
1
2 , . . . , v

1
n). (3)

To train the model, LLaVA employs a two-stage training pipeline. The first stage, referred to as
pre-training, aims to align the visual token embeddings v with the LLM’s input embedding space
using image-text pairs. Here, both the vision encoder g and the LLM hθ kept frozen, while the
parameters of the MLP projection ϕ are trained. The second stage, referred to as fine-tuning or
instruction tuning, uses image-question-answer triplets to fine-tune the parameters of both the MLP
projection and the LLM, {ϕ, θ}.

2.2 MLLMS TRANSLATE VISUAL TOKENS TO TEXT

The LLM hθ processes text data by first tokenizing the input text into a sequence of tokens, then
embedding the tokenizations with a set of word embeddings, W = {w1, w2, . . . , wM}. While the
LLM’s input is confined to the discrete space defined by W , the input layer’s visual tokens, v1, are
not constrained to a discrete space. However, given that the pre-training stage is dedicated to align
the visual embeddings with text, one may naturally expect v1 to be aligned with W .

1Without loss of generality, we omit the layer index ℓ when the specific layer is irrelevant.
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Figure 1: Visualizing how the LLM interprets visual tokens at the input and output layers of the LLM.
Input layer word representations are selected using Eq. (4). Output layer word representations are
selected based on the LLM’s final logits of the visual token. For better interpretability, we manually
select 2 of the top-3 word representations for each of the selected visual tokens.

To further investigate this, we first train a LLaVA model using a Qwen2.5-3B Yang et al. (2024) as
the LLM. Then, for an input layer visual token v1i , we can compute the cosine similarity between v1i
and a word embedding w ∈ W as:

Ωi(w) =
v1i · w

∥v1i ∥∥w∥
. (4)

By computing the Ωi(w) for all w ∈ W , we can extract the top-k similar words for each visual
token v1i . We visualize these word representations for select visual tokens in Figure 1 and observe
that the closest word representations are vastly unrelated to the corresponding image patch, often
matching to unnatural strings such as “_DM”, “_status” or “\t\t”. Furthermore, we notice that top
cosine similarities are low (Ωi(w) ≃ 0.1 for most patches2), indicating a significant modality gap
between visual and text embeddings in the input space.

We extend our investigation to the LLM’s output of the visual tokens, z = (z1, z2, . . . , zn) =
hθ(v

1), where zi denotes the output logit vector for vi. Following a similar approach to the logit
lens nostalgebraist (2020), we employ zi to extract the top-k word representations from vi and
visualize the results in Figure 1. Surprisingly, at the LLM’s output, we observe that the word
representations for visual embeddings are often relevant to the corresponding image patch, i.e., the
LLM can translate visual tokens into text to some extent. For example, the LLM correctly predicts
the “tail” and “belly” of the cat (Figure 1 left), as well as the “helmets”, “guitar”, and “uniform”
(Figure 1 right).

What’s particularly intriguing is that such translation of visual tokens is never explicitly supervised;
rather, it emerges from supervision on text tokens. Moreover, as shown in Figure 1, the visual
tokens are not well aligned with the text tokens in the input layer, suggesting that the LLM actively
translates/aligns visual representations to text representations because it is necessary to interpret
visual information. Thus, we posit that the quality of visual token transformations within the LLM
will have a profound effect on the MLLM’s overall capabilities.

2.3 IMPORTANCE OF VISUAL ATTENTION IN MLLMS

We continue our investigation by examining the importance of attention between visual tokens within
the LLM. While the cross-attention between vision and text modalities is essential for information to
flow from vision to text, it remains unclear whether visual tokens need to attend to each other within
the LLM, especially considering that they have already undergone attention updates in the vision
encoder. To facilitate our investigation, we conduct an ablation study by training a LLaVA model
without visual attention in all layers of the LLM. More specifically, we modify the attention layer of

2We provide a detailed version of Figure 1 with the cosine similarities in the Appendix.
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Table 1: Comparison of LLaVA-1.5 (baseline) with and without visual attention, as described in
Eq. (5). Experiments are conducted with Qwen2.5-3B Yang et al. (2024) and 7B. A breakdown of
the benchmarks in each category can be found in Section 4.1, and the full table is provided in the
Appendix.

Method Vision Centric OCR & Chart Knowledge General

Qwen2.5-3B

Baseline 39.3 27.4 67.5 65.9
No Visual Attention 24.9 (-14.4) 10.7 (-16.7) 64.6 (-2.9) 50.2 (-15.7)

Qwen2.5-7B

Baseline 45.0 31.8 71.7 68.5
No Visual Attention 40.8 (-4.2) 27.6 (-4.2) 69.8 (-1.9) 67.0 (-1.5)

the LLM such that:

x′
i =

{
xi if i ∈ Iv
CausalAttn(xi) + xi otherwise,

(5)

where xi and x′
i each represent an input and output token of the attention layer respectively, and

CausalAttn(xi) represents the causal attention layer in which xi serves as the query vector. Note that
Eq. (5) only disables attention updates when xi is a visual token, meaning that a text token, xj where
j > i and j /∈ Iv , can still attend to visual tokens. In addition, despite removing the attention updates
from visual tokens, we do not restrict the forward pass to the MLP of each transformer layer.

We evaluate these models on 17 benchmarks (grouped into 4 distinct categories; refer to Section 4.1
for more details) and compare with the baseline LLaVA model in Table 1. Overall, the model without
visual attention exhibits significantly degraded performance across all categories on both Qwen2.5-3B
and Qwen2.5-7B. This degradation is particularly pronounced in the Vision Centric and OCR &
Chart categories, which rely more heavily on visual information than the Knowledge and General
categories. Thus, our investigation demonstrates that attention between visual tokens within the LLM
do indeed play a critical role in the MLLM, further corroborating the argument that higher quality of
visual token transformations within the LLM are crucial for strong performance.

3 LLAVIT: EXTENDING THE VISION TRANSFORMER TO THE LLM

We now present LLaViT, which consists of three key enhancements that allow the LLM to serve
as an extended Vision Transformer. Motivated by our investigations from Sections 2.2 and 2.3, in
Sections 3.1 and 3.2 we detail the enhancements that focus on improving the visual information
processing within the LLM—a direction that has not been extensively explored in previous works. In
Section 3.3, we present a simple yet effective method to enhance the quality of input visual tokens
without sacrificing efficiency.

3.1 LEARNING SEPARATE QKV PROJECTIONS FOR VISUAL TOKENS

As discussed in Section 2.2, there is a clear misalignment between input text and visual tokens.
This misalignment can lead substantial challenges, especially in the LLM’s attention layers, where
visual tokens undergo attention updates based on parameters that were trained specifically for the
text modality. To facilitate better visual representation learning in the LLM, we propose a modality-
specific attention mechanism by separating the Query, Key, and Value (QKV) projection parameters
for text and visual tokens.

Let {W text
Q ,W text

K ,W text
V } represent the attention layer’s QKV projection parameters, trained exten-

sively on text data. We copy these parameters into new visual QKV parameters {W vis
Q ,W vis

K ,W vis
V },

which are used exclusively to project visual tokens. Formally, given an arbitrary token xi, the
corresponding query vector qi is computed as:

qi =

{
W vis

Q xi if i ∈ Iv
W text

Q xi otherwise,
(6)
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Figure 2: Overview of LLaViT, which transforms the LLM to act as an extended vision encoder.
(a) We learn separate QKV projection parameters for visual tokens, initialized with the weights of
the LLM’s QKV parameters. (b) While the LLM employs causal attention on all tokens, we enable
bidirectional attention on the visual tokens. (c) We incorporate both local and global features in the
visual tokens by extracting patch features from multiple layers of the CLIP ViT model.

and similarly for the key and value vectors, ki and vi. We apply these separate QKV projections on
all layers of the LLM, and unlike the original QKV parameters, we tune the visual QKV parameters
{W vis

Q ,W vis
K ,W vis

V } during the pre-training stage. This enables the LLM to leverage image-caption
data to not only learn stronger visual representations, but also to better align visual representations to
the text representations.

This separation also addresses another crucial challenge from an optimization perspective. In the
fine-tuning stage, the LLM must simultaneously adapt to visual tokens while maintaining language
understanding capabilities, creating conflicts in model optimization. This relates to the stability-
plasticity dilemma Kim & Han (2023): On one hand, the LLM may prioritize stability, making only
minor adaptations (e.g. following instructions or formatting responses), thereby failing to process
visual information effectively. On the other hand, prioritizing plasticity to enhance visual information
risks degrading the LLM’s fundamental language capabilities. Our approach mitigates this issue
by compartmentalizing the visual adaptation process, allowing a dedicated optimization of visual
representations whilst preserving the LLM’s core knowledge.

3.2 BIDIRECTIONAL ATTENTION

In Section 2.3, we identified that attention updates to visual tokens within the LLM play a crucial
role in the performance of the MLLM. However, LLMs employ causal attention, which artificially
restricts attention among visual tokens, only allowing “later” visual tokens to attend to “earlier” ones
but not vice versa. While such causality is valid for text generation, it leads to a severe imbalance of
attention updates on visual tokens that have no inherent temporal ordering. To mitigate this issue, we
enable bidirectional attention on the visual tokens.

Given a query vector qi = Wqxi and a key vector kj = Wkxj , the softmax attention score pij in
causal attention can be formulated as:

pij =
exp(sij)∑N
k=1 exp(sik)

, sij =

{
(qi · kj)/

√
dL if j ≤ i

−∞ otherwise,
(7)
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where the −∞ ensures that attention is masked when j > i. To enable bidirectional attention on the
visual tokens, we modify the case function of Eq. (7) such that sij is now defined as:

sij =

{
(qi · kj)/

√
dL if j ≤ i or i, j ∈ Iv

−∞ otherwise,
(8)

where now the masking does not apply to visual tokens, i.e., when i, j ∈ Iv. We illustrate the
attention mask defined by Eq. (8) in Figure 2(b).

3.3 LOCAL AND GLOBAL FEATURES

The visual tokens of Eq. (3) are extracted from the penultimate transformer layer of the CLIP Radford
et al. (2021) image encoder, which has been trained to prioritize global semantic alignment between
images and text Monsefi et al. (2024) and often struggles to capture fine-grained details Ghiasi et al.
(2022). To compensate for this information loss, we extract visual features from 3 different depths of
the CLIP vision encoder, creating a representation that combines both high-level semantic information
and lower-level details. Then, we concatenate the visual features along the feature dimension and
project them to the LLM’s input dimensions with the MLP projection fϕ : R3dV → RdL . We
illustrate this process in Figure 2(c).

Our approach increases the visual information density per token, providing the LLM with a spectrum
of visual information ranging from local details to global semantic context. Despite this, we still
maintain the same computational efficiency as before since we extract multiple features from the
same vision encoder within a single forward pass. Furthermore, by concatenating features along the
feature dimension rather than the token dimension, we avoid increasing the number of visual tokens
input to the LLM, which would otherwise substantially increase computational costs.

4 EXPERIMENTS

To evaluate the effectiveness of LLaViT, we trained multiple models using various base LLMs and
conducted evaluations on a wide variety of MLLM benchmarks.

4.1 EXPERIMENTAL SETTING

Models. For the vision encoder, we follow LLaVA-1.5 and use OpenAI CLIP ViT-L/14 Rad-
ford et al. (2021) with 336px resolution. To demonstrate the effectiveness of LLaViT on a wide range
of LLMs, we mainly experiment with the instruction tuned versions of Qwen2.5 Yang et al. (2024),
using various-sized LLMs including 1.5B, 3B, 7B, and 14B parameter models. We also experiment
using Phi-3.5-mini-instruct Abdin et al. (2024) and present the results in the Appendix.

Training data. For the pre-training data, we use the PixMo-Cap Deitke et al. (2024) dataset.
While the PixMo-Cap originally contains 712k distinct images, we train on a 622k subset after
filtering broken URLs and faulty image files. Compared to the original LLaVA pre-training dataset,
PixMo-Cap provides higher-quality human annotated image-caption pairs with fine-grained and
dense captions. For instruction tuning, we use the LLaVA-1.5 instruction tuning dataset Liu et al.
(2024) with 665k samples. To ensure fair comparison across the board, both the baseline and LLaViT
models are pre-trained on PixMo-Cap and fine-tuned on the LLaVA-1.5.

Evaluation benchmarks. We evaluate on a large suite of 17 MLLM benchmarks using the
lmms-eval library Zhang et al. (2024). For better interpretability of our experimental results,
we group the 17 benchmarks based on the categorizations defined in Tong et al. (2024a):

Vision Centric (2): RealWorldQA xAI (2024), MMVP Tong et al. (2024b).
OCR & Chart (5): ChartQA Masry et al. (2022), DocVQA Mathew et al. (2021), In-
foVQA Mathew et al. (2022), OCRBench Liu et al. (2023d), TextVQA Singh et al. (2019).
Knowledge (2): Science-QA Lu et al. (2022), AI2D Hiippala et al. (2021).
General (8): GQA Hudson & Manning (2019), MMBench-EN Liu et al. (2023c), MMBench-
CN Liu et al. (2023c), MME (perception) Fu et al. (2023), POPE Li et al. (2023), VizWiz Gurari
et al. (2018), MMStar Chen et al. (2024c), VQAv2 Goyal et al. (2017).
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Table 2: Evaluation results on 17 MLLM benchmarks using Qwen2.5-1.5B, 3B, 7B and 14B
as the base LLM. “Baseline” refers to LLaVA-1.5 Liu et al. (2024) trained with the respective LLMs,
and the Any-Res setting is denoted by the -HD suffix. We present evaluation results on individual
benchmarks, as well as the averages of each category, colored in blue.
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Qwen2.5-1.5B

Baseline 52.4 21.3 36.9 16.8 22.1 19.9 31.8 41.2 26.3 70.6 58.5 64.6 60.2 65.7 60.7 1395.3 85.9 48.5 39.4 74.4 63.1
LLaViT 53.7 29.3 41.5 22.2 26.6 21.6 34.4 46.2 30.2 70.9 61.5 66.2 61.2 67.5 61.3 1421.5 85.8 50.5 41.8 76.1 64.4

Qwen2.5-3B

Baseline 54.5 24.0 39.3 17.6 22.8 22.0 32.3 42.4 27.4 73.4 61.6 67.5 61.3 71.0 66.6 1451.7 85.8 49.7 44.0 75.9 65.9
LLaViT 56.5 38.7 47.6 23.1 28.7 23.9 37.1 48.5 32.2 72.8 63.8 68.3 62.5 72.2 68.0 1453.3 86.2 52.0 46.4 77.6 67.2

Qwen2.5-7B

Baseline 58.7 31.3 45.0 23.0 27.0 24.4 36.3 48.1 31.8 75.7 67.6 71.7 63.2 71.1 68.0 1506.6 87.1 58.7 46.2 78.4 68.5
LLaViT 59.7 41.7 50.7 27.1 31.9 27.1 40.4 52.0 35.7 76.7 68.7 72.7 63.9 74.7 73.2 1591.5 86.3 62.6 49.4 79.6 71.2

Qwen2.5-14B

Baseline 59.9 32.7 46.3 23.4 27.3 27.1 35.0 49.1 32.4 77.7 71.0 74.4 64.3 76.7 75.0 1594.8 86.5 64.4 46.4 79.2 71.5
LLaViT 61.6 40.7 51.2 31.7 34.3 30.6 39.9 54.0 38.1 80.0 73.9 77.0 65.1 77.2 76.2 1670.6 87.0 66.8 51.1 80.5 73.4

Qwen2.5-3B-HD

Baseline 57.0 33.0 45.0 25.4 53.1 32.5 43.1 60.0 42.8 73.1 62.4 67.8 63.1 70.2 65.7 1445.9 87.0 51.4 46.4 78.7 66.8
LLaViT 57.9 40.0 49.0 31.4 59.4 35.4 48.8 65.4 48.1 73.0 64.4 68.7 64.1 71.9 69.5 1488.7 87.6 54.4 48.0 80.0 68.7

Qwen2.5-7B-HD

Baseline 63.9 30.7 47.3 30.9 57.6 35.8 49.4 64.4 47.6 75.9 67.4 71.7 64.4 75.1 70.8 1575.4 87.9 57.7 47.8 80.9 70.4
LLaViT 64.6 41.3 53.0 40.3 63.9 39.4 54.1 67.8 53.1 77.1 69.6 73.4 65.5 76.3 73.5 1625.0 87.9 55.2 48.6 81.7 71.2

Qwen2.5-14B-HD

Baseline 65.8 37.3 51.5 39.0 55.8 37.3 45.7 64.5 48.5 78.5 71.3 74.9 66.2 78.0 76.1 1638.9 87.5 62.8 49.0 81.6 72.9
LLaViT 66.4 45.3 55.9 46.5 67.6 44.4 56.5 70.0 57.0 79.5 74.7 77.1 66.3 79.4 78.7 1683.0 87.3 64.8 52.5 82.7 74.5

Implementation details. For the visual QKV parameters, we use a learning rate of 2e-4 with a
cosine decay schedule Loshchilov & Hutter (2017), and for local/global visual features, we extract
patch features from the 5th, 15th, and 23rd layer of CLIP ViT-L/14. We follow LLaVA-1.5
for other hyperparameters such as pre-train/fine-tune learning rate, optimizer choice, number of
epochs, and train all models with a fixed global batch size of 256 and 128 for pre-training and
fine-tuning, respectively. Furthermore, we utilize DeepSpeed Rajbhandari et al. (2020) ZeRO-2 for
pre-training and ZeRO-3 for fine-tuning, and use FlashAttention2 Dao et al. (2022); Dao (2024) as
the attention implementation. We train and evaluate our models on two input resolution settings: (i)
the Standard-Res setting, resizing all images to a single 336 × 336px image, and (ii) the Any-Res
(HD) setting, where we additionally split images into smaller, non-overlapping 336× 336px images
that are processed individually by the vision encoder. Compared to the Standard-Res setting, which
uses 576 visual tokens, the Any-Res setting uses upto 2880 visual tokens.

4.2 RESULTS ON STANDARD-RES

The upper section of Table 2 presents and compares the evaluation results of LLaViT against LLaVA-
1.5 (baseline) the standard-res setting.

Vision Centric and OCR&Chart. LLaViT excels in Vision Centric and OCR & Chart tasks. In the
Vision Centric category, LLaViT improves over the baseline by 4.6pp, 8.3pp, 5.7pp, and 4.9pp for the
1.5B, 3B, 7B, and 14B LLMs, respectively. Similarly in the OCR & Chart category, LLaViT out-
performs the baseline by 3.9pp, 4.8pp, 3.9pp, and 5.7pp. LLaViT also consistently outperforms
all individual benchmarks of these two categories. Of particular interest is the MMVP Tong et al.
(2024b) benchmark, which is known to be challenging even for production-grade MLLMs such as
GPT-4V OpenAI (2023) and Gemini Google (2023), which are reported to have accuracy of 38.7%
and 40.7%, respectively. Both our 7B and 14B models match or outperform these two production
models, and across the board we observe improvements between 8.0pp and 14.7pp over the baseline.
Another remarkable observations is that our approach, even when using a smaller LLM, outperforms
baseline models that use LLMs with double the size. For example, our 7B model outperforms the
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14B baseline by 4.4pp on Vision Centric (50.7% vs. 46.3%), and 3.3pp on OCR & Chart (35.7% vs.
32.4%). In addition, our 3B model (47.6% for Vision Centric and 32.2% for OCR & Chart) performs
on par with the 14B baseline (46.3% for Vision Centric and 32.4% for OCR & Chart) despite having
less than a quarter of the parameters3. This clearly demonstrates the effectiveness of LLaViT and
highlights the importance of enhancing visual information processing within the LLM.

Knowledge and General. LLaViT also improves over the baseline on the Knowledge and General
categories, showing gains of 1.6pp, 0.8pp, 1.0pp, and 2.6pp on Knowledge and gains of 1.3pp, 1.3pp,
2.7pp, and 1.9pp on the General category for the 1.5B, 3B, 7B, and 14B LLMs. While these
improvements remain consistent across different model sizes and individual benchmarks, the gains
in the Knowledge category are relatively modest compared to other areas. In fact, this aligns with
our expectations since the Knowledge benchmarks are highly dependent on the LLM’s inherent
knowledge, whereas as our approach primarily focuses on enhancing the LLM’s ability to understand
visual information.

4.3 RESULTS ON ANY-RES

We present evaluation results of models trained under the Any-Res setting in the bottom section
of Table 2, denoted by the -HD suffix. Compared to the Standard-Res setting, we observe that the
baseline performance is particularly affected in the Vision Centric and OCR & Chart categories,
while the Knowledge and General categories show less significant changes. This aligns with our
expectations, as Vision-Centric and OCR & Chart categories heavily depend on visual information,
making increased input granularity especially beneficial for performance in these areas.

When comparing between the baseline and LLaViT, we observe similar trends to those of the standard-
res setting. LLaViT exhibits significant gains of 4.0pp, 5.7pp, and 4.4pp on Vision Centric for the
3B, 7B, and 14B Qwen2.5 LLMs. Moreover, on OCR & Chart LLaViT improves over the baseline
by 5.3pp, 5.5pp, and 8.5pp. Finally, much like the standard-res models, the smaller variant of
LLaViT outperforms the larger baseline models on these two categories, i.e. the 3B-HD and 7B-HD
LLaViT outperform the 7B-HD and 14B-HD baselines, respectively.

4.4 ABLATIONS AND QUALITATIVE RESULTS

We conducted ablation experiments on the three components to highlight their contributions. Fur-
thermore, we find that improving the LLM’s ability to process visual information also leads to better
translation of visual tokens, as discussed in Section 2.2. The results are presented in Appendix ??.

4.5 ABLATIONS

We conducted ablation experiments on the three components to highlight their contributions. To
demonstrate consistent trends across different sizes of LLMs, we conducted these experiments using
both Qwen2.5-3B and 7B as the base LLM, and present these results in Table 3. We notice
progressive performance improvements as each method is applied to the baseline. First, we observe
significant improvements in both models across all benchmark categories just by adding separate
QKV parameters. These results validate that learning modality-specific QKV projections does indeed
improve the visual representations within the LLM and their alignment to text representations. Then,
adding bidirectional attention or local and global visual features further improves the performance
on all benchmark categories. For example, incorporating bidirectional attention with separate QKV
projections (row 3) improves separate QKV only (row 2) by 1.4pp on the OCR & Chart category for
both the 3B and 7B models. Also, leveraging local and global visual (row 4) also has a profound
effect, improving the performance of OCR & Chart by 1.4pp and 1.8pp for the 3B and 7B models.
Finally, combining all three methods in LLaViT exhibits the strongest performance in all benchmark
categories except Knowledge.
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Figure 3: Output logit visualizations for (a) Qwen2.5-3B and (b) -7B models, comparing
LLaViT with the baseline. For each visual token, we extract the top-3 words and display the two
most sensible words, filtering irrelevant symbols such as ‘\n’ or punctuations. Words are shown in
bold if they are relevant to the corresponding image patch.

4.6 QUALITATIVE RESULTS

We find that improving the LLM’s ability to process visual information also leads to better translation
of visual tokens, as discussed in Section 2.2. Figure 3 visualizes the translations of two images, one
comparing LLaViT with the baseline on Qwen2.5-3B (left) and another on Qwen2.5-7B (right).
Note that we applied some post-processing to the visualizations in Figure 3 for the sake of better
readability, but present more detailed visualizations in the Appendix.

On both images, we first note that the baseline model is able to correctly capture high-level concepts,
such as “scooter” and “dog” for Figure 3(a), and “car”, “tire”, “gir(affe)”, “roof” in Figure 3(b).
However, LLaViT is able to go beyond high-level concepts to capture more diverse and fine-grained
details, such as “fruits”, “leash”, “rear”, “eyes” in Figure 3(a), and “bike”, “rear”, “legs”, “long”, and
“rack” in Figure 3(b). These examples clearly show that, when applying our method, the LLM is
able to better understand and translate visual concepts, which is likely correlated to the significant
performance gains we observe in evaluation benchmarks.

5 CONCLUSION

We presented LLaViT, a novel architecture that enhances multimodal large language models by
improving the LLM’s ability to process visual information. We proposed three simple yet effective
techniques: (i) learning separate QKV projection parameters for attention layers within the LLM,
(ii) enabling bidirectional attention on visual tokens, and (iii) using local and global visual features.
Our experiments and evaluations on a wide range of LLMs and benchmarks clearly demonstrate the
versatility and effectiveness of our approach. We believe our work has provided a new perspective on
MLLM design, and hope that others can build upon our findings to further improve MLLMs.

3Despite learning separate QKV projections for visual tokens, the parameter increase is limited to 5%∼12%.
We provide a thorough analysis of the memory and computational overhead of LLaViT in Appendix A.

9



Published at ICLR 2026 Workshop on Multimodal Intelligence

REFERENCES

Marah Abdin, Jyoti Aneja, Hany Awadalla, Ahmed Awadallah, Ammar Ahmad Awan, Nguyen
Bach, Amit Bahree, Arash Bakhtiari, Jianmin Bao, Harkirat Behl, Alon Benhaim, Misha Bilenko,
Johan Bjorck, Sébastien Bubeck, Martin Cai, Qin Cai, Vishrav Chaudhary, Dong Chen, Dongdong
Chen, Weizhu Chen, Yen-Chun Chen, Yi-Ling Chen, Hao Cheng, Parul Chopra, Xiyang Dai,
Matthew Dixon, Ronen Eldan, Victor Fragoso, Jianfeng Gao, Mei Gao, Min Gao, Amit Garg,
Allie Del Giorno, Abhishek Goswami, Suriya Gunasekar, Emman Haider, Junheng Hao, Russell J.
Hewett, Wenxiang Hu, Jamie Huynh, Dan Iter, Sam Ade Jacobs, Mojan Javaheripi, Xin Jin,
Nikos Karampatziakis, Piero Kauffmann, Mahoud Khademi, Dongwoo Kim, Young Jin Kim, Lev
Kurilenko, James R. Lee, Yin Tat Lee, Yuanzhi Li, Yunsheng Li, Chen Liang, Lars Liden, Xihui
Lin, Zeqi Lin, Ce Liu, Liyuan Liu, Mengchen Liu, Weishung Liu, Xiaodong Liu, Chong Luo,
Piyush Madan, Ali Mahmoudzadeh, David Majercak, Matt Mazzola, Caio César Teodoro Mendes,
Arindam Mitra, Hardik Modi, Anh Nguyen, Brandon Norick, Barun Patra, Daniel Perez-Becker,
Thomas Portet, Reid Pryzant, Heyang Qin, Marko Radmilac, Liliang Ren, Gustavo de Rosa,
Corby Rosset, Sambudha Roy, Olatunji Ruwase, Olli Saarikivi, Amin Saied, Adil Salim, Michael
Santacroce, Shital Shah, Ning Shang, Hiteshi Sharma, Yelong Shen, Swadheen Shukla, Xia Song,
Masahiro Tanaka, Andrea Tupini, Praneetha Vaddamanu, Chunyu Wang, Guanhua Wang, Lijuan
Wang, Shuohang Wang, Xin Wang, Yu Wang, Rachel Ward, Wen Wen, Philipp Witte, Haiping Wu,
Xiaoxia Wu, Michael Wyatt, Bin Xiao, Can Xu, Jiahang Xu, Weijian Xu, Jilong Xue, Sonali Yadav,
Fan Yang, Jianwei Yang, Yifan Yang, Ziyi Yang, Donghan Yu, Lu Yuan, Chenruidong Zhang, Cyril
Zhang, Jianwen Zhang, Li Lyna Zhang, Yi Zhang, Yue Zhang, Yunan Zhang, and Xiren Zhou.
Phi-3 technical report: A highly capable language model locally on your phone. arXiv preprint
arXiv:2404.14219, 2024. URL https://arxiv.org/abs/2404.14219.

Junbum Cha, Wooyoung Kang, Jonghwan Mun, and Byungseok Roh. Honeybee: Locality-enhanced
projector for multimodal llm. In CVPR, 2024.

Jiuhai Chen, Jianwei Yang, Haiping Wu, Dianqi Li, Jianfeng Gao, Tianyi Zhou, and Bin Xiao.
Florence-vl: Enhancing vision-language models with generative vision encoder and depth-breadth
fusion. arXiv preprint arXiv:2412.04424, 2024a. URL https://arxiv.org/abs/2412.
04424.

Lin Chen, Jinsong Li, Xiaoyi Dong, Pan Zhang, Conghui He, Jiaqi Wang, Feng Zhao, and Dahua Lin.
Sharegpt4v: Improving large multi-modal models with better captions. In ECCV, 2024b.

Lin Chen, Jinsong Li, Xiaoyi Dong, Pan Zhang, Yuhang Zang, Zehui Chen, Haodong Duan, Jiaqi
Wang, Yu Qiao, Dahua Lin, et al. Are we on the right way for evaluating large vision-language
models? arXiv preprint arXiv:2403.20330, 2024c.

Yanbei Chen and Loris Bazzani. Learning joint visual semantic matching embeddings for text-guided
retrieval. In ECCV, 2020.

Wei-Lin Chiang, Zhuohan Li, Zi Lin, Ying Sheng, Zhanghao Wu, Hao Zhang, Lianmin Zheng,
Siyuan Zhuang, Yonghao Zhuang, Joseph E. Gonzalez, Ion Stoica, and Eric P. Xing. Vicuna: An
open-source chatbot impressing gpt-4 with 90%* chatgpt quality, March 2023. URL https:
//lmsys.org/blog/2023-03-30-vicuna/.

Xiangxiang Chu, Limeng Qiao, Xinyu Zhang, Shuang Xu, Fei Wei, Yang Yang, Xiaofei Sun,
Yiming Hu, Xinyang Lin, Bo Zhang, and Chunhua Shen. Mobilevlm v2: Faster and stronger
baseline for vision language model. arXiv preprint arXiv:2402.03766, 2024. URL https:
//arxiv.org/abs/2402.03766.

Wenliang Dai, Junnan Li, Dongxu Li, Anthony Tiong, Junqi Zhao, Weisheng Wang, Boyang Li,
Pascale Fung, and Steven Hoi. InstructBLIP: Towards general-purpose vision-language models
with instruction tuning. In NeurIPS, 2023. URL https://openreview.net/forum?id=
vvoWPYqZJA.

Tri Dao. FlashAttention-2: Faster attention with better parallelism and work partitioning. In ICLR,
2024.

Tri Dao, Daniel Y. Fu, Stefano Ermon, Atri Rudra, and Christopher Ré. FlashAttention: Fast and
memory-efficient exact attention with IO-awareness. In NeurIPS, 2022.

10

https://arxiv.org/abs/2404.14219
https://arxiv.org/abs/2412.04424
https://arxiv.org/abs/2412.04424
https://lmsys.org/blog/2023-03-30-vicuna/
https://lmsys.org/blog/2023-03-30-vicuna/
https://arxiv.org/abs/2402.03766
https://arxiv.org/abs/2402.03766
https://openreview.net/forum?id=vvoWPYqZJA
https://openreview.net/forum?id=vvoWPYqZJA


Published at ICLR 2026 Workshop on Multimodal Intelligence

Matt Deitke, Christopher Clark, Sangho Lee, Rohun Tripathi, Yue Yang, Jae Sung Park, Moham-
madreza Salehi, Niklas Muennighoff, Kyle Lo, Luca Soldaini, Jiasen Lu, Taira Anderson, Erin
Bransom, Kiana Ehsani, Huong Ngo, YenSung Chen, Ajay Patel, Mark Yatskar, Chris Callison-
Burch, Andrew Head, Rose Hendrix, Favyen Bastani, Eli VanderBilt, Nathan Lambert, Yvonne
Chou, Arnavi Chheda, Jenna Sparks, Sam Skjonsberg, Michael Schmitz, Aaron Sarnat, By-
ron Bischoff, Pete Walsh, Chris Newell, Piper Wolters, Tanmay Gupta, Kuo-Hao Zeng, Jon
Borchardt, Dirk Groeneveld, Crystal Nam, Sophie Lebrecht, Caitlin Wittlif, Carissa Schoenick,
Oscar Michel, Ranjay Krishna, Luca Weihs, Noah A. Smith, Hannaneh Hajishirzi, Ross Gir-
shick, Ali Farhadi, and Aniruddha Kembhavi. Molmo and pixmo: Open weights and open
data for state-of-the-art vision-language models. arXiv preprint arXiv:2409.17146, 2024. URL
https://arxiv.org/abs/2409.17146.

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas
Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain Gelly, Jakob Uszkoreit,
and Neil Houlsby. An image is worth 16x16 words: Transformers for image recognition at scale.
In ICLR, 2021. URL https://openreview.net/forum?id=YicbFdNTTy.

Chaoyou Fu, Peixian Chen, Yunhang Shen, Yulei Qin, Mengdan Zhang, Xu Lin, Jinrui Yang, Xiawu
Zheng, Ke Li, Xing Sun, et al. Mme: A comprehensive evaluation benchmark for multimodal
large language models. arXiv preprint arXiv:2306.13394, 2023.

Amin Ghiasi, Hamid Kazemi, Eitan Borgnia, Steven Reich, Manli Shu, Micah Goldblum, An-
drew Gordon Wilson, and Tom Goldstein. What do vision transformers learn? a visual exploration.
arXiv preprint arXiv:2212.06727, 2022.

Google. Gemini, 2023.

Yash Goyal, Tejas Khot, Douglas Summers-Stay, Dhruv Batra, and Devi Parikh. Making the v in vqa
matter: Elevating the role of image understanding in visual question answering. In CVPR, 2017.

Danna Gurari, Qing Li, Abigale J Stangl, Anhong Guo, Chi Lin, Kristen Grauman, Jiebo Luo, and
Jeffrey P Bigham. Vizwiz grand challenge: Answering visual questions from blind people. In
CVPR, 2018.

Tuomo Hiippala, Malihe Alikhani, Jonas Haverinen, Timo Kalliokoski, Evanfiya Logacheva, Serafina
Orekhova, Aino Tuomainen, Matthew Stone, and John A Bateman. Ai2d-rst: A multimodal corpus
of 1000 primary school science diagrams. Language Resources and Evaluation, 55:661–688, 2021.

Drew A. Hudson and Christopher D. Manning. Gqa: A new dataset for real-world visual reasoning
and compositional question answering. In CVPR, 2019.

Andrej Karpathy and Li Fei-Fei. Deep visual-semantic alignments for generating image descriptions.
In CVPR, 2015.

Dongwan Kim and Bohyung Han. On the stability-plasticity dilemma of class-incremental learning.
In CVPR, June 2023.

Seungmin Lee, Dongwan Kim, and Bohyung Han. Cosmo: Content-style modulation for image
retrieval with text feedback. In CVPR, 2021.

Junnan Li, Dongxu Li, Caiming Xiong, and Steven Hoi. Blip: Bootstrapping language-image
pre-training for unified vision-language understanding and generation. In ICML, 2022.

Yifan Li, Yifan Du, Kun Zhou, Jinpeng Wang, Wayne Xin Zhao, and Ji-Rong Wen. Evaluating object
hallucination in large vision-language models. In EMNLP, 2023. URL https://openreview.
net/forum?id=xozJw0kZXF.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. Visual instruction tuning. In NeurIPS,
2023a.

Haotian Liu, Chunyuan Li, Yuheng Li, and Yong Jae Lee. Improved baselines with visual instruction
tuning. In CVPR, 2024.

11

https://arxiv.org/abs/2409.17146
https://openreview.net/forum?id=YicbFdNTTy
https://openreview.net/forum?id=xozJw0kZXF
https://openreview.net/forum?id=xozJw0kZXF


Published at ICLR 2026 Workshop on Multimodal Intelligence

Shilong Liu, Zhaoyang Zeng, Tianhe Ren, Feng Li, Hao Zhang, Jie Yang, Chunyuan Li, Jianwei
Yang, Hang Su, Jun Zhu, et al. Grounding dino: Marrying dino with grounded pre-training for
open-set object detection. arXiv preprint arXiv:2303.05499, 2023b. URL https://arxiv.
org/abs/2303.05499.

Yuan Liu, Haodong Duan, Yuanhan Zhang, Bo Li, Songyang Zhang, Wangbo Zhao, Yike Yuan, Jiaqi
Wang, Conghui He, Ziwei Liu, et al. Mmbench: Is your multi-modal model an all-around player?
arXiv preprint arXiv:2307.06281, 2023c.

Yuliang Liu, Zhang Li, Hongliang Li, Wenwen Yu, Mingxin Huang, Dezhi Peng, Mingyu Liu,
Mingrui Chen, Chunyuan Li, Lianwen Jin, et al. On the hidden mystery of ocr in large multimodal
models. arXiv preprint arXiv:2305.07895, 2023d.

Ilya Loshchilov and Frank Hutter. SGDR: Stochastic gradient descent with warm restarts. In ICLR,
2017. URL https://openreview.net/forum?id=Skq89Scxx.

Pan Lu, Swaroop Mishra, Tanglin Xia, Liang Qiu, Kai-Wei Chang, Song-Chun Zhu, Oyvind Tafjord,
Peter Clark, and Ashwin Kalyan. Learn to explain: Multimodal reasoning via thought chains for
science question answering. In NeurIPS, 2022.

Ahmed Masry, Do Xuan Long, Jia Qing Tan, Shafiq Joty, and Enamul Hoque. Chartqa: A benchmark
for question answering about charts with visual and logical reasoning. In ACL, 2022.

Minesh Mathew, Dimosthenis Karatzas, and CV Jawahar. Docvqa: A dataset for vqa on document
images. In WACV, 2021.

Minesh Mathew, Viraj Bagal, Rubèn Tito, Dimosthenis Karatzas, Ernest Valveny, and CV Jawahar.
Infographicvqa. In WACV, 2022.

Matthias Minderer, Alexey Gritsenko, Austin Stone, Maxim Neumann, Dirk Weissenborn, Alexey
Dosovitskiy, Aravindh Mahendran, Anurag Arnab, Mostafa Dehghani, Zhuoran Shen, Xiao Wang,
Xiaohua Zhai, Thomas Kipf, and Neil Houlsby. Simple open-vocabulary object detection with
vision transformers. arXiv preprint arXiv:2205.06230, 2022.

Amin Karimi Monsefi, Kishore Prakash Sailaja, Ali Alilooee, Ser-Nam Lim, and Rajiv Ramnath.
Detailclip: Detail-oriented clip for fine-grained tasks. arXiv preprint arXiv:2409.06809, 2024.

nostalgebraist. interpreting gpt: the logit lens. https://www.lesswrong.com/posts/
AcKRB8wDpdaN6v6ru/interpreting-gpt-the-logit-lens, August 2020. Ac-
cessed: 2025-04-25.

OpenAI. Gpt-4v(ision) system card. https://cdn.openai.com/papers/GPTV_System_
Card.pdf, 2023.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agar-
wal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen Krueger, and Ilya
Sutskever. Learning transferable visual models from natural language supervision. arXiv preprint
arXiv:2103.00020, 2021. URL https://arxiv.org/abs/2103.00020.

Samyam Rajbhandari, Jeff Rasley, Olatunji Ruwase, and Yuxiong He. Zero: Memory optimizations
toward training trillion parameter models. arXiv preprint arXiv:1910.02054, 2020. URL https:
//arxiv.org/abs/1910.02054.

Mike Ranzinger, Greg Heinrich, Jan Kautz, and Pavlo Molchanov. Am-radio: Agglomerative vision
foundation model reduce all domains into one. In CVPR, June 2024.

Noam Shazeer, Azalia Mirhoseini, Krzysztof Maziarz, Andy Davis, Quoc Le, Geoffrey Hinton, and
Jeff Dean. Outrageously large neural networks: The sparsely-gated mixture-of-experts layer. arXiv
preprint arXiv:1701.06538, 2017.

Amanpreet Singh, Vivek Natarajan, Meet Shah, Yu Jiang, Xinlei Chen, Dhruv Batra, Devi Parikh,
and Marcus Rohrbach. Towards vqa models that can read. In CVPR, 2019.

12

https://arxiv.org/abs/2303.05499
https://arxiv.org/abs/2303.05499
https://openreview.net/forum?id=Skq89Scxx
https://www.lesswrong.com/posts/AcKRB8wDpdaN6v6ru/interpreting-gpt-the-logit-lens
https://www.lesswrong.com/posts/AcKRB8wDpdaN6v6ru/interpreting-gpt-the-logit-lens
https://cdn.openai.com/papers/GPTV_System_Card.pdf
https://cdn.openai.com/papers/GPTV_System_Card.pdf
https://arxiv.org/abs/2103.00020
https://arxiv.org/abs/1910.02054
https://arxiv.org/abs/1910.02054


Published at ICLR 2026 Workshop on Multimodal Intelligence

Shengbang Tong, Ellis Brown, Penghao Wu, Sanghyun Woo, Manoj Middepogu, Sai Charitha Akula,
Jihan Yang, Shusheng Yang, Adithya Iyer, Xichen Pan, Austin Wang, Rob Fergus, Yann LeCun,
and Saining Xie. Cambrian-1: A Fully Open, Vision-Centric Exploration of Multimodal LLMs.
arXiv preprint arXiv:2406.16860, 2024a.

Shengbang Tong, Zhuang Liu, Yuexiang Zhai, Yi Ma, Yann LeCun, and Saining Xie. Eyes wide
shut? exploring the visual shortcomings of multimodal llms. In CVPR, June 2024b.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N
Gomez, Lukasz Kaiser, and Illia Polosukhin. Attention is all you need. In NeurIPS,
2017. URL https://proceedings.neurips.cc/paper_files/paper/2017/
file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf.

Nam Vo, Lu Jiang, Chen Sun, Kevin Murphy, Li-Jia Li, Li Fei-Fei, and James Hays. Composing text
and image for image retrieval-an empirical odyssey. In CVPR, 2019.

Junke Wang, Lingchen Meng, Zejia Weng, Bo He, Zuxuan Wu, and Yu-Gang Jiang. To see is to
believe: Prompting gpt-4v for better visual instruction tuning. arXiv preprint arXiv:2311.07574,
2023a. URL https://arxiv.org/abs/2311.07574.

Peng Wang, Shuai Bai, Sinan Tan, Shijie Wang, Zhihao Fan, Jinze Bai, Keqin Chen, Xuejing
Liu, Jialin Wang, Wenbin Ge, Yang Fan, Kai Dang, Mengfei Du, Xuancheng Ren, Rui Men,
Dayiheng Liu, Chang Zhou, Jingren Zhou, and Junyang Lin. Qwen2-vl: Enhancing vision-
language model’s perception of the world at any resolution. arXiv preprint arXiv:2409.12191,
2024. URL https://arxiv.org/abs/2409.12191.

Weihan Wang, Qingsong Lv, Wenmeng Yu, Wenyi Hong, Ji Qi, Yan Wang, Junhui Ji, Zhuoyi Yang,
Lei Zhao, Xixuan Song, Jiazheng Xu, Bin Xu, Juanzi Li, Yuxiao Dong, Ming Ding, and Jie Tang.
Cogvlm: Visual expert for pretrained language models. arXiv preprint arXiv:2311.03079, 2023b.

xAI. grok, 2024. URL https://x.ai/blog/grok-1.5v.

Kelvin Xu, Jimmy Ba, Ryan Kiros, Kyunghyun Cho, Aaron Courville, Ruslan Salakhutdinov, Richard
Zemel, and Yoshua Bengio. Show, attend and tell: Neural image caption generation with visual
attention. arXiv preprint arXiv:1502.03044, 2016.

An Yang, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan Li,
Dayiheng Liu, Fei Huang, Haoran Wei, Huan Lin, Jian Yang, Jianhong Tu, Jianwei Zhang, Jianxin
Yang, Jiaxi Yang, Jingren Zhou, Junyang Lin, Kai Dang, Keming Lu, Keqin Bao, Kexin Yang,
Le Yu, Mei Li, Mingfeng Xue, Pei Zhang, Qin Zhu, Rui Men, Runji Lin, Tianhao Li, Tingyu Xia,
Xingzhang Ren, Xuancheng Ren, Yang Fan, Yang Su, Yichang Zhang, Yu Wan, Yuqiong Liu, Zeyu
Cui, Zhenru Zhang, and Zihan Qiu. Qwen2.5 technical report. arXiv preprint arXiv:2412.15115,
2024. URL https://arxiv.org/abs/2412.15115.

Huanjin Yao, Wenhao Wu, Taojiannan Yang, YuXin Song, Mengxi Zhang, Haocheng Feng, Yifan
Sun, Zhiheng Li, Wanli Ouyang, and Jingdong Wang. Dense connector for mllms. In NeurIPS,
2024.

Xiaohua Zhai, Basil Mustafa, Alexander Kolesnikov, and Lucas Beyer. Sigmoid loss for language
image pre-training. arXiv preprint arXiv:2303.15343, 2023.

Kaichen Zhang, Bo Li, Peiyuan Zhang, Fanyi Pu, Joshua Adrian Cahyono, Kairui Hu, Shuai
Liu, Yuanhan Zhang, Jingkang Yang, Chunyuan Li, and Ziwei Liu. Lmms-eval: Reality check
on the evaluation of large multimodal models. arXiv preprint arXiv:2407.12772, 2024. URL
https://arxiv.org/abs/2407.12772.

Xinliang Zhu, Michael Huang, Han Ding, Jinyu Yang, Kelvin Chen, Tao Zhou, Tal Neiman, Ouye
Xie, Son Tran, Benjamin Yao, Doug Gray, Anuj Bindal, and Arnab Dhua. Bringing multimodality
to amazon visual search system. arXiv preprint arXiv:2412.13364, 2024. URL https//arxiv.
org/abs/2412.13364.

Xizhou Zhu, Weijie Su, Lewei Lu, Bin Li, Xiaogang Wang, and Jifeng Dai. Deformable detr:
Deformable transformers for end-to-end object detection. arXiv preprint arXiv:2010.04159, 2020.

13

https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf
https://arxiv.org/abs/2311.07574
https://arxiv.org/abs/2409.12191
https://x.ai/blog/grok-1.5v
https://arxiv.org/abs/2412.15115
https://arxiv.org/abs/2407.12772
https//arxiv.org/abs/2412.13364
https//arxiv.org/abs/2412.13364


Published at ICLR 2026 Workshop on Multimodal Intelligence

Table 3: Results of ablation experiments with Qwen2.5-3B and 7B as the base LLM. “Sep. QKV”,
“BiAttn”, and “Local/Global” refer to the three components to LLaViT discussed in Sections 3.1, 3.2,
and 3.3, respectively.
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2 1 + Sep. QKV 55.3 34.0 44.7 20.2 26.8 23.5 35.6 45.9 30.4 74.5 61.9 68.2 62.2 70.3 68.4 1441.2 87.1 49.6 44.8 76.8 66.4
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5 LLaViT 56.5 38.7 47.6 23.1 28.7 23.9 37.1 48.5 32.2 72.8 63.8 68.3 62.5 72.2 68.0 1453.3 86.2 52.0 46.4 77.6 67.2

Qwen2.5-7B

1 Baseline 58.7 31.3 45.0 23.0 27.0 24.4 36.3 48.1 31.8 75.7 67.6 71.7 63.2 71.1 68.0 1506.6 87.1 58.7 46.2 78.4 68.5
2 1 + Sep. QKV 59.7 34.7 47.2 23.5 28.5 25.5 37.7 49.4 32.9 77.6 67.7 72.6 63.2 71.7 69.6 1559.7 86.6 60.0 46.8 78.8 69.3
3 2 + BiAttn 60.9 34.7 47.8 24.8 30.7 26.7 38.9 50.6 34.3 78.2 68.0 73.1 63.4 73.3 70.6 1606.3 86.8 59.9 46.7 79.1 70.0
4 2 + Local/Global 60.9 36.7 48.8 26.1 30.1 26.3 40.1 50.7 34.7 78.5 69.0 73.8 64.0 73.0 71.1 1567.9 87.1 58.9 48.7 79.3 70.0
5 LLaViT 59.7 41.7 50.7 27.1 31.9 27.1 40.4 52.0 35.7 76.7 68.7 72.7 63.9 74.7 73.2 1591.5 86.3 62.6 49.4 79.6 71.2

A MEMORY AND COMPUTE EFFICIENCY OF LLAVIT

Table 4: Number of parameters (in Billion) of the entire model (i.e., vision encoder g, projector fϕ,
and LLM hθ), comparing LLaViT with the baseline on various base LLMs.

Base LLM Method Num. Params (B) ∆%

Qwen2.5-1.5B
Baseline 1.85 + 4.9Ours 1.94

Qwen2.5-3B
Baseline 3.40 + 5.7Ours 3.59

Qwen2.5-7B
Baseline 7.93 + 5.9Ours 8.40

Qwen2.5-14B
Baseline 15.10 + 11.7Ours 16.87

A.1 MEMORY

A core component of LLaViT is learning separate QKV projections in all layers of the LLM. We
provide details of the parameter counts when comparing the baseline and LLaViT in Table 4. Although
learning separate QKV projections increases the model’s total number of parameters, the additional
parameters only account for a 5%∼12% of the entire parameter count. Despite the relatively small
increase in number of parameters, we observed a much more significant increase in performance,
where the 3B LLaViT outperformed 7B baseline (≥ 2× parameters) and was even competitive
with the 14B baseline (≥ 4× parameters) on Vision Centric and OCR&Chart benchmarks. From a
different perspective, we could argue that applying LLaViT allows practitioners to maintain (or even
improve) the performance of the MLLM while reducing the parameter count by more than half. Thus,
the small increase in parameters is a great tradeoff for significantly improved performance.

A.2 COMPUTE

Learning separate QKV projections does not increase the total FLOPS of the model, because the
LLM simply routes a subset of the tokens (i.e. visual tokens) to {W vis

Q ,W vis
K ,W vis

V } instead of
{W text

Q ,W text
K ,W text

V }. This is similar to the Mixture-of-Experts Shazeer et al. (2017) mechanism,
where inputs are gated to a specific expert. In our case, we use the token’s modality to determine
which QKV projection to use instead of a separate routing network.
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Table 5: Analysis of floating-point operations (FLOPs), comparing the baseline and LLaViT using
Qwen2.5-3B as the base LLM.

Module FLOPs (GFLOPs)
Causal Attention (per attention layer) 38.7
Causal + Bidirectional Attention (per attention layer) 40.8
MLP Block (identical for both baseline and LLaViT) 92.4
LM Head (identical for both baseline and LLaViT) 632.7

Entire LLM for Baseline (36 layers of Attention & MLP + LM Head) 5348.7
Entire LLM for LLaViT (36 layers of Attention & MLP + LM Head) 5426.1

Table 6: Evaluation results on 17 MLLM benchmarks using Phi-3.5-mini Abdin et al. (2024)
as the base LLM. “Baseline” refers to LLaVA-1.5 trained with the respective LLMs. We present
evaluation results on individual benchmarks, as well as the averages of each category, colored in blue.
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Phi-3.5-mini

Baseline 56.2 30.7 43.5 21.5 25.2 23.9 33.9 45.1 29.9 73.5 65.0 69.3 61.5 71.7 63.5 1449.4 86.0 40.2 40.0 76.3 64.0
LLaViT 57.3 41.3 49.3 23.2 28.8 25.7 38.0 48.5 32.9 74.4 67.8 71.1 63.2 70.4 65.0 1483.3 85.9 43.7 42.8 77.8 65.4

For local-global features, there is a trivial increase in computation. This is because we concatenate
the visual features in the feature dimension, so the only difference is that a single MLP projection has
a larger input dimension. Furthermore, we extract visual features from different layers of the same
CLIP vision encoder, which means that the local and global features can be extracted from a single
forward pass of the vision encoder.

Finally, we analyze the computation cost of bidirectional attention for visual tokens. The key
difference to consider here is a purely causal mask versus the causal + bidirectional attention mask,
as shown in Figure 2(b). Since the exact FLOPS depends on the number of input tokens, we consider
the case where the total sequence length is 1024, 576 of which are visual tokens (448 text tokens).
We present an analysis of FLOPTS using Qwen2.5-3B as the base LLM in Table 5.

B ADDITIONAL RESULTS AND FULL TABLES

Results on Phi-3.5 To demonstrate the effectiveness of LLaViT on diverse LLM architectures, we
also experiment with Phi-3.5-mini Abdin et al. (2024) as the base LLM and present the results in
Table 6. The trends on Phi-3.5-mini are consistent with the trends seen on the Qwen2.5 family
of LLMs: we observe significant gains in all benchmark categories, especially in Vision Centric and
OCR & Chart, where LLaViT improves the baseline by 5.8pp and 3.0pp, respectively. Also, on the
Knowledge and General categories, we see improvements of 1.8pp and 1.4pp, respectively.

Full Table for Table 1 In Table 1 of our main paper, we presented a condensed table to demonstrate
the effect of removing visual attention from the LLM. We present the full version with all individual
benchmarks in Table 7.
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Qwen2.5-7B

Baseline 58.7 31.3 45.0 23.0 27.0 24.4 36.3 48.1 31.8 75.7 67.6 71.7 63.2 71.1 68.0 1506.6 87.1 58.7 46.2 78.4 68.5
No Vis. Attn. 56.3 25.3 40.8 17.2 21.3 22.0 32.1 45.2 27.6 75.6 64.0 69.8 62.8 71.0 67.9 1489.4 86.6 54.3 41.8 77.3 67.0

Table 7: Comparison of LLaVA-1.5 with and without visual attention. This table shows all the
individual benchmark scores and corresponds to Table 1 in the main paper.

C ADDITIONAL QUALITATIVE RESULTS

We present some additional qualitative results below.

C.1 DETAILED VERSION OF FIGURE 1

Figure 4 is a detailed visualization corresponding to Figure 1 in the main paper. This Figure visualizes
how the LLM interprets visual tokens at the input and output layers of the LLM. We visualize select
tokens and display the Top-3 words alongside their cosine similarities or output probabilities.
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Input (cosine sim)
Top1: \u6309\u94ae (0.082)
Top2: _status (0.079)
Top3:  Status (0.079)

Output (probability)
Top1: collar (87.6%)
Top2: and (1.6%)
Top3: \n (1.4%)

Input (cosine sim)
Top1: \u6309\u94ae (0.089)
Top2: _DM (0.088)
Top3:  \t\t (0.088)

Output (probability)
Top1: tail (43.7%)
Top2: \n (14.2%)
Top3: , (10.1%)

Input (cosine sim)
Top1: \u2019, (0.092)
Top2: _DM (0.002)
Top3:  “,\n (0.085)

Output (probability)
Top1: \n (61.6%)
Top2: belly (23.0%)
Top3: cat (5.3%)

Input (cosine sim)
Top1: _DM (0.096)
Top2: ibernate (0.095)
Top3:  \u79df\u91d1 (0.089)

Output (probability)
Top1: \n (97.2%)
Top2: claws (1.7%)
Top3: p (0.2%)

5 6

7 8

Input (cosine sim)
Top1: \u1ed9c (0.105)
Top2: DrawerToggle (0.101)
Top3: sisters (0.097)

Output (probability)
Top1: \n (65.3%)
Top2: helmets (26.4%)
Top3: , (2.0%)

Input (cosine sim)
Top1: Status (0.094)
Top2: _status (0.091)
Top3: Wrapped (0.086)

Output (probability)
Top1: \n (96.7%)
Top2: helmet (1.6%)
Top3: hat (0.5%)

Input (cosine sim)
Top1: Tiffany (0.103)
Top2: regulated (0.091)
Top3:  xfff (0.090)

Output (probability)
Top1: shirts (57.0%)
Top2: shirt (14.6%)
Top3: uniforms (10.2%)

Input (cosine sim)
Top1: Turkish (0.087)
Top2: colm (0.085)
Top3:  \u79df\u91d1 (0.082)

Output (probability)
Top1: \n (81.4%)
Top2: guitar (3.6%)
Top3: guitars (2.8%)

Figure 4: Detailed version of Figure 1, showing the raw Top-3 input and output words, alongside their
cosine similarity or output probabilities. Non-alphabetic characters are displayed in their unicode
representations, and we highlight semantically relevant words in yellow.
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C.2 ADDITIONAL OUTPUT LOGIT VISUALIZATIONS

Figures 5 and 6 illustrate the translation of visual tokens at the output of the LLM when using
Qwen-2.5-3B and -7B as the base LLM, respectively. For both figures, we display the top-3
words and their probabilities for both LLaViT and the baseline, and highlight semantically relevant
words in yellow.

We notice some striking differences when comparing LLaViT with the baseline on both the 3B and
7B LLMs. First, the baseline model often predicts the newline token (‘\n’) with high probability,
which is an artifact of the training data where the newline token always follows the last image token.
This effect seems to be largely mitigated in LLaViT. Second, while the baseline model is correctly
translate visual tokens to semantically related words (e.g., “seat”, “scooter”, “railing”, “post” in
Figure 5 and “pens”, “logo”, “tag”, “car”, “tire” in Figure 6), LLaViT exhibits a higher level of
fine-grained detail. Some examples of are:

• The specific type of object: “oranges”, “tank”, “lamp”, “metal” (Figure 5) and “label”,
“rack”, “roof” (Figure 6).

• Relative position of objects: “side” and “rear” in both Figures.
• Text within the image: “pay” (Figure 5) and “Guiness” (Figure 6).
• Objects not identified by the baseline model: “fruits”, “leash” (Figure 5) and “string”,

“rack” (Figure 6).

This demonstrates a stronger alignment of vision and text when the LLM can simultaneously serve as
an extended vision encoder, as in LLaViT.
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3B Baseline
Top1: and (44.2%)
Top2: \n (37.8%)
Top3: , (7.2%)

3B LLaViT
Top1: fruits (23.2%)
Top2: fruit (11.9%)
Top3: oranges (10.3%)

3B Baseline
Top1: \n (47.9%)
Top2: scooter (24.9%)
Top3: and (8.5%)

3B LLaViT
Top1: side (18.7%)
Top2: rear (8.4%)
Top3: tank (6.3%)

3B Baseline
Top1: seat (24.8%)
Top2: \n (20.9%)
Top3: and (9.5%)

3B LLaViT
Top1: leash (9.5%)
Top2: chain (6.3%)
Top3: bell (4.5%)

3B Baseline
Top1: \n (78.4%)
Top2: , (17.0%)
Top3: with (1.6%)

3B LLaViT
Top1: eyes (33.8%)
Top2: white (12.8%)
Top3: , (9.0%)

5 6

7 8

3B Baseline
Top1: \n (77.1%)
Top2: here (2.8%)
Top3: to (2.8%)

3B LLaViT
Top1: pay (49.0%)
Top2: Pay (14.7%)
Top3:  (7.0%)

3B Baseline
Top1: \n (94.9%)
Top2: and (1.2%)
Top3: post (0.7%)

3B LLaViT
Top1: lamp (20.6%)
Top2: street (13.9%)
Top3: statue (10.7%)

3B Baseline
Top1: \n (98.6%)
Top2: and (0.2%)
Top3: railing (0.1%)

3B LLaViT
Top1: metal (44.4%)
Top2: bars (16.1%)
Top3: hand (6.9%)

3B Baseline
Top1: \n (99.6%)
Top2: .\n (0.1%)
Top3: on (0.0%)

3B LLaViT
Top1: gr (29.1%)
Top2: drain (7.1%)
Top3: pattern (5.7%)

Figure 5: Visualizing the output of visual tokens, comparing the baseline and LLaViT using
Qwen2.5-3B as the base LLM. We visualize the top-3 outputs for each model alongside the output
probabilities, and highlight semantically relevant words in yellow.
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1 2

3 4

7B Baseline
Top1: , (63.7%)
Top2: and (11.0%)
Top3: pens (4.9%)

7B LLaViT
Top1: pen (12.7%)
Top2: container (8.2%)
Top3: squeeze (6.9%)

7B Baseline
Top1: \n (67.6%)
Top2: on (5.3%)
Top3: logo (2.5%)

7B LLaViT
Top1: Guinness (11.6%)
Top2: Beer (6.4%)
Top3: Stout (3.9%)

7B Baseline
Top1: \n (58.3%)
Top2: , (17.5%)
Top3: and (0.4%)

7B LLaViT
Top1: string (27.8%)
Top2: strings (22.9%)
Top3: cord (7.0%)

7B Baseline
Top1: tag (32.5%)
Top2: \n (32.0%)
Top3: and (16.4%)

7B LLaViT
Top1: tag (27.6%)
Top2: label (11.8%)
Top3: sticker (6.5%)

5 6

7 8

7B Baseline
Top1: \n (87.2%)
Top2: , (7.7%)
Top3: car (0.4%)

7B LLaViT
Top1: motorcycle (20.4%)
Top2: bike (9.2%)
Top3: rear (7.5%)

7B Baseline
Top1: \n (40.1%)
Top2: and (23.2%)
Top3: , (8.7%)

7B LLaViT
Top1: legs (44.7%)
Top2: gir (4.8%)
Top3: long (3.0%)

7B Baseline
Top1: , (62.6%)
Top2: and (10.2%)
Top3: tire (6.7%)

7B LLaViT
Top1: and (18.7%)
Top2: rear (18.3%)
Top3: tires (8.2%)

7B Baseline
Top1: \n (60.3%)
Top2: on (13.9%)
Top3: , (11.8%)

7B LLaViT
Top1: rack (31.0%)
Top2: roof (26.3%)
Top3: luggage (5.2%)

3

Figure 6: Visualizing the output of visual tokens, comparing the baseline and LLaViT using
Qwen2.5-7B as the base LLM. We visualize the top-3 outputs for each model alongside the output
probabilities, and highlight semantically relevant words in yellow.
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D RELATED WORKS

Vision Language Models. Vision language models (VLMs) have evolved rapidly, enabling a wide
range of tasks such as zero-shot image classification Radford et al. (2021); Zhai et al. (2023), image
captioning Li et al. (2022); Xu et al. (2016); Karpathy & Fei-Fei (2015), open-world detection Liu
et al. (2023b); Minderer et al. (2022), and even multimodal search Vo et al. (2019); Chen & Bazzani
(2020); Lee et al. (2021); Zhu et al. (2024). More recently, multimodal large language models
(MLLMs) architectures Dai et al. (2023); Liu et al. (2023a; 2024) have emerged as a prominent type
of VLMs, leveraging the power and versatility of LLMs.

Improving LLaVA. Following the success of LLaVA Liu et al. (2023a; 2024), many works have
aimed to improve the LLaVA architecture from various perspectives. Firstly, many previous works
train more capable and versatile vision encoders Chen et al. (2024a); Ranzinger et al. (2024); Wang
et al. (2024) that improve performance by enhancing the visual features fed into the LLM. For
example, AM-RADIO Ranzinger et al. (2024) leverage multi-teacher distillation to create a single
vision foundation model that inherits the capabilities of all teacher models, and Qwen2.5-VL proposes
a new vision transformer that can process images efficiently at native and dynamic resolutions, which
allows the MLLM to better process images of high-resolution and irregular aspect ratios. Other
works focus on improving the vision-language projector design. For example, Honeybee Cha et al.
(2024) proposes the D-Abstractor which leverages deformable attention Zhu et al. (2020) to reduce
the number of visual tokens while preserving locality, and Cambrian-1 Tong et al. (2024a) proposes
a spatial vision aggregator that aggregates features from multiple vision encoders. Another line of
work focuses on improving the quality of multimodal instruction data. PixMo Deitke et al. (2024)
introduces a collection of datasets that include high-quality human annotated captions, pointing
and counting datasets, as well as some synthetic datasets that can be used to train more capable
MLLMs. In addition, ShareGPT4V Chen et al. (2024b) and LVIS-INSTRUCT4V Wang et al. (2023a)
collect high-quality vision-language datasets by carefully prompting and curating responses from
GPT-4V OpenAI (2023).

Compared to the previous works to improve LLaVA-like MLLMs, we introduce a new paradigm
for MLLM architecture design where the LLM itself serves as an extension of the vision encoder,
rather than just a language model. The three key modifications we introduced are a carefully selected
combination designed to validate this new paradigm. While these components may have appeared
in isolation in other contexts with different goals Yao et al. (2024); Wang et al. (2023b), their
combination and integration within our framework serves a novel purpose: to progressively enrich
visual representations inside the LLM. The strong and consistent improvements across 17 benchmarks,
as well as the qualitative improvements shown in Figures 3, 5, and 6, demonstrate the effectiveness of
this new architectural design. We believe that this paradigm of "the LLM as a visual encoder" opens
up a promising avenue for future research. By extending the visual processing into the LLM, we can
leverage the powerful architectural innovations from both vision and language model research, and
hope that our work will inspire the community to explore this direction further.
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