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ABSTRACT

We introduce FLARE, a family of vision language models (VLMs) with a fully
vision-language alignment and integration paradigm. Unlike existing approaches
that rely on single MLP projectors for modality alignment and defer cross-
modal interaction to LLM decoding, FLARE achieves deep, dynamic integration
throughout the pipeline. Our key contributions include: (1) Text-Guided Vision
Encoding that incorporates textual information during vision encoding to achieve
pixel-level alignment; (2) Context-Aware Alignment Decoding that aggregates
visual features conditioned on textual context during decoding for query-level in-
tegration; (3) Dual-Semantic Mapping Loss to supervise feature mapping from
both modalities and enable modality-level bridging; and (4) Text-Driven VQA
Synthesis that leverages high-quality text to generate VQA pairs and synthe-
size corresponding images, enabling data-level optimization. We train FLARE
at 3B and 8B scales under both fixed and dynamic resolution settings, demonstrat-
ing that our full-modality alignment significantly outperforms existing methods
while maintaining strong generalizability. FLARE 3B surpasses Cambrian-1 8B
and Florence-VL 8B using only 630 vision tokens. Ablation studies reveal that
FLARE achieves superior performance over existing methods with minimal com-
putational cost. Even without dynamic resolution, FLARE outperforms LLaVA-
NeXT, validating the effectiveness of our approach.

1 INTRODUCTION

Research has shown that human visual perception is not a passive process like a camera capturing
reality but rather an active, interpretative mechanism shaped by factors such as language and envi-
ronment. In (Garyl 2012)), the authors demonstrated that hearing the name of a target object before
searching for it significantly improved the speed and accuracy of object detection. This underscores
the deep integration of vision and language, suggesting that linguistic input facilitating more effec-
tive visual processing by directing attention and helping the brain prioritize relevant features.

Despite the fundamental role of vision-language interaction in human perception, current VLMs fail
to capture this relationship. Traditional models (Liu et al., 2023} (Chen et al., [2023)) process vision
features independently via encoders and fuse them with text during decoding. This approach results
in a lack of centralized encoding of vision features, leading to limited useful information available
for interaction. Recent advancements (Liu et al.,[2024a; Bai et al., 2025} |Li et al.,[2024) enrich visual
representations through dynamic resolution or multiple encoders. However, these improvements fo-
cus on enhancing visual encoding itself, overlooking the deeper, bidirectional integration necessary
for effective vision-language fusion. Our alignment visualization in Figure [T| further confirms this
issue: LLaVA (Liu et al.,|2023) and LLaVA-NeXT (Liu et al.,|2024a), lacking semantic alignment
across modalities, fail to achieve proper feature mapping after the projector. At the decoding stage,
both show weak attention, with LLaVA-NeXT’s excessive vision tokens further dispersing focus.
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Figure 1: We visualize modality alignment by computing attention maps between image and query at
pixel/query levels, and cosine similarity in the LLM space at modality level. The results indicate that
our model achieves consistent and progressively enhanced cross-modal alignment and integration.

This challenge serves as the core motivation for our work: achieving deep integration between
vision and language throughout the pipeline. Previous studies have explored varied integration
strategies, such as text-based QFormer integration (Dai et al., 2023), and entity-enhanced modality
alignment (Yin et al., 2024). Nevertheless, these models lack a comprehensive algorithm for aligning
and integrating modalities. A key unresolved issue is embedding misalignment, where inherent
discrepancies between vision and text embeddings hinder seamless integration. Moreover, current
models lack high-quality training data designed to guide the alignment and integration process.

In this paper, we push the boundaries of vision-language fusion by proposing a sophisticated algo-
rithm that realizes a deeper, more interactive integration of visual and textual. Our approach consis-
tently integrates textual guidance throughout the visual encoding. We also introduce self-supervised
guidance in modality space mapping and dynamically aggregate vision features based on textual
context during decoding. Additionally, we introduce a new data synthesis method that generates QA
pairs from text, guiding the model toward more ef cient feature integration. Our method enables a
more cognitively inspired multimodal learning paradigm. Overall, our contributions are as follows:

» Text-Guided Vision Encoding: We project text embeddings into visual space and jointly
perform attention with visual representations to enhance pixel-level integration.

« Context-Aware Alignment Decoding: We introduce context-aware latent tokens and se-
mantic exchange layer that aggregate visual features based on textual context during LLM
decoding, enabling ne-grained, query-level alignment and integration.

» Dual-Semantic Mapping Loss: We propose bidirectional reconstruction loss, mitigating
semantic discrepancies between modalities, achieving modality-level alignment.

» Text-Driven VQA Synthesis: We develop a new method that prioritizes constructing high-
quality QA pairs while leveraging generative models to produce images. We synthesize a
large-scale, diverse QA dataset, enabling data-level optimization.

Building on our exploration, we present a new family of VLMs that achieve leading performance
across diverse benchmarks. To foster further research, we will release our code, data, and models.

2 PRELIMINARIES AND RELATED WORK

Vision Language Models. Vision Language Models (VLMSs) (Liu et al., 2023; 2024a) are de-
signed to process information from multiple modalities, primarily combining visual and textual
data. Typically, images are divided into patches and processed by vision encoders to obtain visual
representations, which are then projected into the LLM space and fused with text tokens during de-
coding. Recent advances (Li et al., 2024; Bai et al., 2025; Tong et al., 2024a; Shi et al., 2025) have
explored dynamic resolution and multiple vision encoders, enhancing the precision of visual encod-
ing. However, these methods primarily emphasize visual encoding quality, neglecting deeper and
more interactive vision-language dynamics, thus hindering the full potential of multimodal learning.
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Figure 2: lllustration of Text-Guided Vision Encoding and Dual-Semantic Mapping Loss. The query
is projected into vision space and processed jointly with image. The extracted features are then
mapped into text space for decoding. To enhance mapping reliability, we reconstruct text and image
tokens and enforce similarity with raw tokens, promoting structural alignment across modalities.

Modality Alignment and Integration. Recent studies have explored different alignment strategies.
(Dai et al., 2023) incorporates text guidance by embedding textual tokens into QFormer, enabling
language-driven visual feature projection. (Yin et al., 2024) introduces a contrastive loss in the
projector during pretraining, strengthening the association between visual features and entity repre-
sentations. More recently, (Chen et al., 2024b) proposed a generative vision encoder that leverages
multiple textual prompts to integrate diverse feature types, achieving state-of-the-art performance.
Nonetheless, a key challenge persists: the inherent disparity between visual and textual feature
spaces makes robust alignment dif cult, often resulting in inconsistent multimodal representations.

Instruction Tuning Data. Existing works (Li et al., 2024; Tong et al., 2024a; Shi et al., 2025)
rely on visual question answering (VQA) benchmarks to construct training recipes. Other efforts
(Wu et al., 2023; Chen et al., 2024a) leverage GPT-4V to generate high-quality QA pairs from im-
ages. While these datasets improve multimodal understanding, they remain vision-centric, as QA
pairs are grounded mainly in image content. This reliance limits their capacity to support complex,
instruction-following tasks across diverse domains. A promising alternative (Liu et al., 2025) seeks
to overcome this limitation by rst synthesizing high-quality captions and then generating corre-
sponding images via diffusion models. However, this approach is still con ned to pretrain, and the
dataset scale remains small, restricting its effectiveness for large-scale multimodal training.

3 METHOD

3.1 TeEXT-GUIDED VISION ENCODING

As a rst step, we fundamentally revise the vision encoding paradigm by incorporating textual infor-
mation directly into the vision encoder to enhance multimodal integration. We design a specialized
fusion strategy that balances semantic re nement with visual detail preservation.

As shown in Figure 2, given an image | and query Q, we extract visual embeddirgsiMextual
embeddings J from encoder and LLM, and map, Tnto vision space to obtain Text2Visior V

V; = VisionEmbed(l); 1)
Tq = LLMEmbed(Q); Vg =MLP oy (Tq):

The mapped Text2Visiongvand visual embeddings; Vare then jointly processed in encoder, en-
abling mutual re nement of multimodal features. Each layer updates these features as follows:

(V%5 V§) = EncoderLayer(V* Vit ), k=1, N: (2)
where N represents the total number of encoder layers, Witk V; and \4) =Vq.

Since lower-layer visual features lack semantic information, we mask visual-to-textual attention in
the rst half of the encoder layers, allowing early layers to focus on learning visual representations.
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Figure 3: lllustration of Context-Aware Alignment Decoding. For query textual tokgshigh-

lighted in yellow), we prepend a set of context-aware latent tokerfkighlighted in green). Addi-

tional semantic exchange layers are introduced between decoding layers, where Vision2Text image
tokens T interact with both latent tokens and textual tokens at a query-level granularity.

After encoding, we average features in shallow( rst-half) and deep(second-half) layers to capture
both coarse, predominantly vision-only information and ne-grained, richly text-enhanced details:

2 X
(Vik?qu); (Vidiqu)z N (Vikdik)3 )

N

2 X
N

k=1 k= X +1

(Vis; Vqs) =

Instead of using only nal-layer features as in prior work, we concatenate both vision-only and
text-enhanced features, providing a balance between unimodal delity and cross-modal enrichment:

V. = Concat(V; V.4; dim=channel); Y = Concat(Vy; qu; dim=channel): 4)
Finally, visual features ;¥ are mapped into LLM space, yielding Vision2Text image tokens T
Textual embeddingsglserve as textual tokens, interacting withtfirough causal mask in decoder.
Ti = MLP v (V/): (5)

3.2 CONTEXT-AWARE ALIGNMENT DECODING

Conventional approaches defer cross-modality interaction to LLM decoding, where the causal mask
restricts such interaction to a unidirectional ow. To overcome this, we propose a novel token orga-
nization strategy, as shown in Figure 3. For each query, we prepend context-aware latent tokens T
which serve as intermediaries for cross-modal integration. We further introduce semantic exchange
layers between LLM decoding layers, where latent tokenseélne visual features under textual
context, enabling bidirectional and ne-grained cross-modal interaction during decoding.

We employ windowed attention in semantic exchange layers to achieve ef cient modality interac-
tion. Let T. 2 R''P  denote the latent tokens, where | is the spatial resolution and D the embed-
ding dimension. The Vision2Text image tokens are denoted &R™"P | serving as keys and
values. Window sizes w = m=l; h = n=I restrict attention computation within local regions.

During decoding, given a textual query Q, we rst identify the position P corresponding to the end
of the query textual tokens. The hidden state BRP , which aggregates all preceding context,
is extracted and concatenated with each latent tokdn d] to form context-aware queries:

lo[r;c] = MLP Concat(H; T_[r;c]) 2R : (6)

Next, we use Vision2Text image tokensds keys and values. Latent token[if c] is updated as:

To[r; ] = softmax Qlri g KDE; ar V[rc]2RP ; 7
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Figure 4: Overview of Text-Driven VQA Synthesis framework. We leverages high-quality captions
as the foundation for both image generation via diffusion models and diverse QA pair construction.

where
Qlrcl=W @ lg[rc; Q[r,c]2RP
Klrcl=W X Ti[r w:(r+1) w;c h:(c+1) h]; K[rc]2R @WMD
Vincl=WY Ti[r w:(r+1) w;c h:(c+1) h]; V[rc]2R WD
Here, WQ; WK ; WV are learnable projection matrices.

In essence, each semantic exchange layer extracts the most relevant visual features for the current
qguery and embeds them into latent tokens. In the subsequent decoding layer, these enriched tokens
are integrated with query tokens, enabling bidirectional modality interaction.

3.3 DUAL-SEMANTIC MAPPING LOSS

In the previous sections, visual and textual features are frequently mapped and interact. To better
guide feature mapping, we introduce Dual-Semantic Mapping Loss based on two complementary
projectors: MLR; and MLRy, . The illustration of our reconstructed loss is shown in Figure 2.

For MLP,2, it is crucial to ensure that the mapped visual features align closely with the feature
space of LLM. We shift our focus to¥/ which represents textual tokens processed by the vision
encoder in the visual space. Consequently, after mappfhthkough MLP,, its rebuilt textual
representation [T should closely resemble the LLM-based textual representatjorild quantify

the alignment oqf MLR»; , we compute the cosine similarity-based loss between these two features:

Tqg =MLP 2t (Vg): Ly = TaTq . (8)

- Vv ) \Y - . PR T .
d d iTai JT{]
Analogous to L2t , we use T to evaluate the effectiveness of MR . An optimal MLP¢,, should
transform T into a rebuilt image representatiofl \that closely resembles vision featureil the
visual space. We again employ cosine similarity loss to assess the quality of:LP

ViV

WSMLP G (T Law =1 grge

9)

The training objective combines cosine similarity losses with the traditional cross-entropy loss, bal-
anced by a weighting parameter:

Liotal =L cross entropy T (L vat +L oy ): (10)
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Figure 5: FLARE-10M and FLARE-12M. We collected a total of 10M samples for pretraining
(Stage 1) and 12M samples for ne-tuning (Stage 1.5 and Stage 2). The circle illustrates the data
distribution, with the right side of the circle showing all the utilized data and their proportions.

The intuition behind Lo is to rst derive visual features corresponding to textual tokens via Text-
Guided Vision Encoding, and then project them back into the textual space for alignment with the
original textual embeddings.i, is de ned in a symmetrical manner. Importantly, these loss func-
tions require no additional input and can be seamlessly integrated into the overall model architecture.

3.4 TEXT-DRIVEN VQA SYNTHESIS

The cross-modality integration components we proposed require diverse combinations of text and
images for effective training. However, existing datasets construct QA pairs based on images, where
the constraints of xed visual content lead to monotonous and limited textual diversity. A more
direct approach is to rst ensure textual diversity, then generate corresponding visual content to
match the rich variety of QA pairs. Based on this principle, we propose text-driven VQA synthesis,
as shown in Figure 4, which shifts the emphasis from visual content to textual richness and diversity.

Our process begins with carefully selecting high-quality captions. These captions are then enriched
with LLM, producing detailed and nuanced textual descriptions that capture various visual and con-
textual attributes. These enriched descriptions serve as prompts for diffusion model, which generates
images closely aligned with the textual context. Simultaneously, we utilize the descriptions as input
content, leveraging the LLM again to construct diverse QA pairs, ensuring broad coverage across
multiple-choice, multi-turn dialogues and reasoning tasks. This step distinguishes our method from
traditional image- rst or MLLM-based approaches. Directly leveraging comprehensive textual data
signi cantly enhances the model's understanding and representation of visual contexts.

In Appendix E, we provide a detailed breakdown of our data synthesis process. Our approach com-
bines prompt engineering with a rigorous, multi-stage Itering pipeline to design diverse QA tasks,
ensuring high standards of quality and alignment across modalities. Through this way, our model is
equipped with various QA data, enabling comprehensive training of cross-modality integration.

4 EXPERIMENTS

Training Strategies. We propose a three-stage training framework for vision—text alignment and
integration: 1) Stagel-Foundational Semantic Alignment: pretrain the vision encoder to jointly han-
dle visual and textual representations; 2) Stagel.5-Contextual Multimodal Fusion: train on diverse
QA and caption data to strengthen cross-modal alignment in varied contexts; 3) Stage2-Visual In-
struction Tuning: netune on visual task datasets for effective downstream question answering.

Data Synthesis Details. For Stagel, we generated ve datasets—SynthColor, SynthCount,
SynthSpatial, SynthText, and SynthScene—yielding 1.5M image—caption pairs. In Stage 1.5, seven
categories were created—SynthMultiChoice, SynthConvLong, SynthConvShort, SynthReasoning,
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Table 1: Model comparison on 16 Benchmarks. # Vis tok. denotes the roughly averaged number of
visual tokens across all benchmarks.

Model General o OCI?C& Chart Knowledge Vision Centric
i~ g < £ P ol =
2|8 3 4 8 . o £ BlO & & 2 o < £ o
» | o o = 1 L T Bl ¢ 5| E 2 «|9 & =
S| 2 o0 = = = ¢ =Z|%5 ¢ &|la 8 = ¢l > =
Method # | =2 =2 o =2 = =2 O =2l O O|<< = =2 0 |KK O =2
<=4B Model Comparison
MiniCPM-V-2.0 3B 400|69.1 62.6 86.3 41.0 1531.4 322.8 67.1 3%4.1 60.5 75.762.9 39.8 38.2 80.[/65.8 -
Florence-VL 3B 576/71.6 60.8 88.3 51.0 1498.7 403.9 70.6 449.1 63.0 70.773.8 52.2 41.8 84.60.4 70.2 64.7
Qwen2.5VL 3B 140079.1 78.1 87.3 61.4 1592.4 607.5 74.0 55/9.3 79.7 84.081.4 62.3 51.2 81.465.4 75.5 76.7
DeepSeek-VL2-Tiny 150074.6 72.1 - 52.5 1548.3 357.1 72.3 4530.7 80.5 81.071.6 53.6 40.7 -|64.2 - -
Phi 3.5-Vision 210075.5 64.2 82.2 46.5 1473.4 412.1 69.9 4%0.1 59.8 72.077.4 - 43.3 89.053.5 69.3 67.7

FLARE-L 3B (ours) 630 |79.6 74.7 88.8 59.1 1588.3 425.6 74.2 50.5|73.3 63.8 74.2| 79.4 54.0 44.6 86.6/62.1 78.2 76.3
FLARE-X 3B (ours) 1400/81.4 76.3 88.6 61.9 1612.4 437.2 76.3 53.3| 77.2 67.4 79.3/81.2 57.2 46.3 87.6/63.7 80.1 79.8
>=7B Model Comparison
MiniCPM-Llama3-V-2.5 8B 400/ 77.6 73.8 86.7 52.8 1604.8 398.5 72.3 54/8.6 72.5 79.778.4 545 45.8 89.063.5 - -
Cambrain 8B 576 75.9 67.9 87.4 48.0 1547.1 - 747 507.7 62.4 73.373.0 49.0 42.7 80.464.2 72.2 51.3

Florence-VL 8B 576|76.2 69.5 88.4 56.3 1560.0 381.1 74.9 50/8.2 63.4 74.774.2 55.5 43.7 85.064.2 73.4 73.3
Eagle 8B 1024759 - - - 15590 - 76.3 -|77.1 62.6 80.176.1 52.7 43.8 84.366.5 - 716
Molmo 7B 1200/ 73.6 75.2 89.0 41.5 1536.1 341.6 74.9 5B0.4 65.6 80.481.0 48.7 49.1 74.671.1 - -

Qwen2.5VL 7B 140083.2 82.8 85.9 69.7 1652.7 633.4 77.0 6483.5 88.5 89.583.4 68.1 58.0 89.068.4 81.1 80.9

LLaVA-OneVision 7B 240081.7 78.0 87.2 58.8 1626.0 483.0 74.8 60r8.5 69.7 78.881.6 56.1 47.7 96.865.5
FLARE-L 8B (ours) 630 (81.8 76.2 88.7 59.6 1596.8 347.3 77.6 54.5/76.2 66.3 77.9|81.6 57.5 43.1 89.7/65.4 79.5 78.6
FLARE-X 8B (ours) 1400/ 83.6 78.3 89.1 62.8 1639.1 378.9 78.7 56.4| 79.7 69.9 83.4|83.6 61.1 45.6 91.2/66.9 81.5 79.7

SynthTextQA, SynthContrastLong, and SynthContrastShort—producing 1M QA pairs. Most were
derived from captions to produce descriptions, QA pairs and images, while SynthTextQA required
a multi-step pipeline to ensure the presence of text elements. Stage 2 followed a similar process
with redesigned prompts, generating 0.9M QA pairs across SynthMultiChoice, SynthConvLong,
and SynthConvShort. All the prompts are listed in Tables 14-29. Detailed synthesis procedures are
provided in Appendix E, along with Itering, evaluation, and t-SNE visualizations.

Data Collection Details. The data used is summarized in Figure 5. In Stage 1, we adopt CC12M
(Singla et al., 2024), ShareCaptioner (Chen et al., 2023), URSA-Alignment (Luo et al., 2025), to-
gether with 1.5M synthesized pairs. In Stage 1.5, the primary objective is to enhance question di-
versity. We combines Pixmo (Deitke et al., 2024), QlInstruct (Wu et al., 2023), LVIS-Instruct (Wang
et al., 2023), GPT4Rewrite (Tong et al., 2024a), along with 1M synthesized QA pairs. In Stage 2,
the focus shifts towards vision-centric instruction tuning. We mainly uses Cambrian-1 7M (Tong
et al., 2024a), MMathCoT (Luo et al., 2025), MulBerry (Yao et al., 2024a), DocMatix (Laurencon

et al., 2024), and 0.9M synthesized QA pairs. In both Stage 1.5 and Stage 2, we incorporate pure
text data to maintain language ability and adapt LLM decoding.

Backbone. 1) LLM: We select Phi-3.5-mini-instruct (Abdin et al., 2024) and LLaMA3.1-8B-
instruct (Al@Meta, 2024) 2) Vision Encoder: We use SigLIP2-Giant-OPT-Patch16-384 (Tschannen
et al., 2025). 3) Projector: MLB, and MLP,,; are both implemented as two-layer MLPs.

Implementation Details. In Context-Aware Alignment Decoding, a semantic exchange layer is
inserted every three decoding layers. Furthermore, we adopt a dynamic token mechanism, randomly
sampling latent tokens from 4, 16, 36, 64, 144g per batch, which improves training stability while
maintaining effectiveness. Latent tokens and semantic exchange layers are randomly initialized.
For Dual-Semantic Mapping Loss, the balancing coef cient is set to 0.1. During both training
and evaluation, we set random seeds to 42 to ensure stability and reproducibility. Comprehensive
ablation studies examining the effects of every key parameter settings are provided in Appendix C.

We train two versions: FLARE-L and FLARE-X. For FLARE-L, we adopt xed resolution with

an average of 630 vision tokens (including context-aware latent tokens), designed for lower com-
putational cost. For FLARE-X, we follow LLaVA-NeXT (Liu et al., 2024a), employing dynamic
resolution for stronger performance. In this setting, we perform Text-Guided Vision Encoding and
Dual-Semantic Mapping Loss computation for each sub gure. For Context-Aware Alignment De-
coding, we concatenate all sub gures to serve as keys and values in the attention process.
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Table 2: Architectural Comparison with Qwen2.5VL using identical backbones. FLARE demon-
strates superior performance on most metrics, highlighting the effectiveness of our architecture.

MME€
Seed-Image
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TextVQA
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ChartQA
MathVista
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SQA
RWQA
CVBench
MMVP

o
L
=
=

MMBEN
MMBCN
POPE
MM-Vet
Al2D

Model

NaViT+Qwen2.5 3B
Qwen2.5VL 3B879.1 78.1 87.3 61.4 1592.4 607.5 74.0 5593 79.7 84.081.4 62.3 51.2 81.45.4 75.5 76.7
FLARE 3B [83.2 77.7 89.0 63.8 1637.1 473.1 77.1 580.8 73.2 82.282.9 59.9 50.8 88.64.5 81.2 80.4
NaViT+Qwen2.5 7B
Qwen2.5VL 7B83.2 82.8 85.9 69.7 1652.7 633.4 77.0 683.5 88.5 89.533.4 68.1 58.0 89,®8.4 81.1 80.9
FLARE 7B [86.0 83.3 89.8 68.2 1665.4 508.5 79.7 6332 78.4 88.384.2 65.9 54.4 92/71.1 82.8 83.3

Table 3: Performance analysis of model components. We denote Text-Guided Vision Encoding,
Dual-Semantic Mapping Loss, Context-Aware Alignment Decoding as A, B, and C, respectively.
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LLaVA-NeXT 74.9 72.4 87.5 43.1 1562.4 361.9 74.2 47.1 70.8 66.2 72.8 43.5 78.9 60.4 70.4 69.5
Baseline 725 70.4 87.2 409 1531.7 338.2 71.7 439 615 57.7 71.0 38.3 76.2 58.3 68.3 66.1
3 | 735 714 88.0 43.2 1543.2 3885 72.8 450 64.4 60.2 72.1 41.8 77.4 59.8 70.7 67.6
73.7 715 875 42.0 15543 354.7 72.8 454 62.6 588 725 39.8 779 59.1 70.3 68.4
3 745 726 875 423 15742 3749 73.7 44.1 63.2 60.3 73.5 41.0 79.7 59.7 70.7 70.3
3 |74.4 723 879 43.7 1566.8 367.2 73.7 43.8 64.7 61.1 729 426 785 61.0 71.2 69.1
3 3 |753 734 88.0 43.4 15839 355.8 74.6 455 65.6 61.7 73.7 42.4 80.3 60.8 71.7 69.8

WwWwww

In each stage, we unfreeze all components to ensure comprehensive optimization. For all models,
we use a global batch size of 256 with a cosine-decay learning rate of 1e-4 in pretraining. In Stage
1.5, the global batch size is 128 and the learning rate is 2e-5. In Stage 2, we maintain a global batch
size of 128 with a learning rate of 1e-5. We trained all models 1 epoch on 64 NVIDIA A100 GPUs.

Comparison Models. We compare our models with the following baselines across different param-
eter scales. For 3B models, we compare FLARE against MiniCPM-V-2.0 3B (Yao et al., 2024b),
Florence-VL 3B (Chen et al., 2024b), Qwen2.5VL 3B (Bai et al., 2025), DeepSeek-VL2-Tiny (Wu
et al., 2024), and Phi 3.5-Vision (Abdin et al., 2024). For 7B models, we compare FLARE against
MiniCPM-Llama3-V-2.5 8B (Yao et al., 2024b), Cambrian-1 8B (Tong et al., 2024a), Florence-VL
8B (Chen et al., 2024b), Eagle 8B (Shi et al., 2025), Molmo 7B (Deitke et al., 2024), Qwen2.5VL
7B (Bai et al., 2025), and LLaVA-OneVision 7B (Li et al., 2024).

Evaluation. We evaluate the performance on 16 benchmarks with four categories. 1) General:
MMBench (EN and CN) (Liu et al., 2024b), POPE (Fan et al., 2023), MM-Vet (Yu et al., 2024),
MME Perception (Fu et al., 2024), MME Cognition (Fu et al., 2024), SeedBench (Li et al., 2023),
MMStar (Chen et al., 2024c). 2) OCR & Chart: TextVQA (Sidorov et al., 2020), OCRBench (Liu
et al., 2024c), ChartQA (Masry et al., 2022). 3) Knowledge based: AI2D (Hiippala et al., 2020),
MathVista (Lu et al., 2024), MMMU (Yue et al., 2024) and ScienceQA (Lu et al., 2022). 4) Vision
Centric: MMVP (Tong et al., 2024b), RealworldQA (x.ai, 2023) and CV-Bench (Tong et al., 2024a).

Result. As shown in Table 1, our model achieves performance comparable to or exceeding state-
of-the-art models with only a fraction of training resources. FLARE-L surpasses most models with
a comparable number of vision tokens, and even achieves a large margin over MiniCPM-V while
using only about 1/100 of its training data. Moreover, FLARE-L 3B outperforms Cambrian-1 8B
and Florence-VL 8B. On larger scales, FLARE-L 8B reaches performance on par with LLaVA-
OneVision 7B despite requiring merely one-fourth of its vision token count. For FLARE-X, it
achieves performance comparable to or even exceeding Qwen2.5VL on nearly half of the bench-
marks, despite utilizing merely 1/1000 of the training data. These results demonstrate how carefully
designed modality fusion strategies, coupled with high-quality data synthesis, can yield substantial
improvements in both ef ciency and overall performance.
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Table 4: Fair comparison between different models. We conduct fair evaluations on Open-LLaVA-
NeXT-1M and Cambrian-1 7M dataset with the same LLM backbone.
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Open-LLaVA-NeXT 1M Dataset
Florence-VL 8B | 72.9 70.9 87.8 415 1547.2 366.8 72.1 44.8 65.7 60.2 70.7 40.5 76.3 57.7 68.6 66.4
Cambrian-18B | 73.8 71.1 87.5 42.8 1558.8 347.1 729 46.3 64.4 628 712 421 783 59.9 71.8 67.9
Eagle 8B 741 71.9 87.4 438 1577.3 364.9 73.7 47.3 68.8 66.1 729 43.0 78.7 62.6 70.9 70.0
LLaVA-NeXT 8B | 74.9 72.2 875 43.1 1562.4 3619 74.0 47.1 69.8 66.2 72.8 435 789 60.6 70.4 69.5
FLARE-L8B | 74.5 72.4 87.7 44.3 1566.4 353.2 74.2 44.4 66.9 62.1 73.0 42.8 78.8 60.3 70.7 69.6
FLARE-X8B | 75.5 72.9 87.8 44.6 1574.3 362.4 74.9 47.8 72.6 68.8 73.7 43.0 80.0 61.6 72.2 715
Cambrian-1 7M Dataset
Florence-VL 8B | 74.8 72.1 88.5 46.7 1554.2 363.4 73.4 49.7 710 71.6 725 434 848 63.6 71.8 69.1
Cambrian-18B | 75.6 72.4 87.9 46.4 1562.1 389.5 74.4 522 71.8 722 743 457 833 64.7 742 70.6
Eagle 8B 76.6 72.3 87.8 48.6 1566.4 3349 74.6 55.7 754 77.2 752 448 827 66.2 741 724
LLaVA-NeXT 8B | 76.4 73.2 88.3 50.4 1549.2 3945 75.1 54.8 75.8 76.6 76.1 445 83.4 66.7 752 72.8
FLARE-L8B |77.8 72.1 89.0 46.5 1569.6 398.4 74.7 55.2 74.4 742 74.8 42.4 83.8 65.7 73.2 72.9
FLARE-X8B | 78.4 74.0 88.8 51.2 1556.3 370.8 75.7 54.5 78.4 79.6 77.9 44.4 85.1 66.5 76.0 74.2

5 ABLATION STUDY

5.1 UNLOCKING FLARE'S FULL POTENTIAL

To showcase FLARE's full potential, we removed the vision token constraint and used the same
Qwen2.5VL backbones for a fair comparison. As shown in Table 2, FLARE excels on the major-

ity of general visual understanding benchmarks, despite using only a fraction of its training data.
FLARE 3B even surpasses the larger Qwen2.5VL 7B on benchmarks like MMBench, POPE and
CVBench. This experiment highlights the superiority of the FLARE architecture.

5.2 COMPONENT-WISE ANALYSIS OF MODALITY FUSION

We adopt FLARE-L architecture to investigate the impact of different components. All models
are trained on Open-LLaVA-NeXT-1M dataset. Results in Table 3 show that each component con-
tributes to overall performance. The integration of Dual-Semantic Mapping with Text-Guided Vision
Encoding yields a signi cant performance boost, underscoring the importance of modality alignment
and the effectiveness of our loss design. Context-Aware Alignment Decoding substantially improves
OCR accuracy and mitigates hallucinations. When integrated collectively, our model outperforms
the LLaVA-NeXT dynamic resolution baseline while using only half of the vision tokens.

5.3 FAIR COMPARISON WITH EXISTING MODELS

To highlight the superiority of our architecture while removing the effects of training data size
and stronger backbone models, we conduct controlled comparisons. All models use LLaMA3.1-
8B-instruct as LLM backbone and are trained on Open-LLaVA-NeXT-1M and Cambrian-1 7M.
Speci cally, for FLARE, we use the SigLip model as the vision encoder to better isolate architectural
effects. The results are shown in Table 4. On Open-LLaVA-NeXT-1M, FLARE-X surpasses existing
models like Florence-VL and Cambrian-1. Notably, FLARE-L achieves performance comparable
to Eagle and LLaVA-NeXT with much fewer vision tokens. While Cambrian-1 and Eagle require
four vision encoders, FLARE-L attains competitive results with a single encoder. On the larger
Cambrian-1 7M dataset, FLARE demonstrates even stronger gains, highlighting its scaling ability.

5.4 COMPUTATIONAL COST ANALYSIS

We evaluate the computational cost of FLARE components under different resolution strategies
and compare FLARE-L with models in Section 5.3 using same con gurations. All models are
trained on Open-LLaVA-NeXT-1M with 32 A100 GPUs and evaluated on a single A100. As shown
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Table 5: Components-wise Computational Cost Analysis. We denote Text-Guided Vision Encoding,
Dual-Semantic Mapping Loss, and Context-Aware Alignment Decoding as A, B, and C.

Fixed Resolution Dynamic Resolution
baseline +A +AB +A,C +AB,C| baseline +A +AB +AC +AB,C
Train (h) 13.0 13.2 133 165 16.5| 282 288 288 334 334

Infer (s/1k sample) 171 176 176 196 197 313 323 324 357 359
FLOPs(TFlop/sample) 6.56 6.64 6.64 8.44 8.44| 1232 1241 1241 1539 1540

Table 6: Model-wise Computational cost analysis. We compare FLARE with existing methods
under the same model con gurations and dataset.

FLARE-L 8B Florence-VL 8B Cambrian-18B Eagle 8B LLaVA-NeXT 8B
Train (h) 16.5 14.9 19.1 245 28.2
infer (s/1k sample) 197 183 232 294 313
FLOPs(TFlop/sample 8.44 7.46 9.77 11.16 12.32

Table 7: Impact of synthetic data on performance. We gradually incorporate our generated data into
training data, showing the improvement in performance on various tasks.
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FLARE-L 8B 79.4 75.1 88.8 56.4 1582.4 3634 76.1 54.6 753 76.1 78.2 42.8 87.0 65.7 76.8 755
FLARE-L 8B 3 81.8 76.2 88.7 59.6 1596.8 347.3 77.6 545 76.2 779 81.6 43.1 89.7 654 79.5 78.6
FLARE-X 8B 81.1 76.7 88.7 61.7 1600.4 403.6 76.9 56.2 78.8 80.3 81.1 44.7 88.6 67.0 79.2 76.3
FLARE-X 8B 3 83.6 78.3 89.1 62.8 1639.1 378.9 78.7 56.4 79.7 83.4 83.6 456 91.2 66.9 815 79.7

in Table 5, Text-Guided Vision Encoding and Dual-Semantic Mapping Loss incur only 2% cost,
while Context-Aware Alignment Decoding adds 25% in training and 10% in inference, remain-
ing manageable due to windowed attention. Compared with dynamic resolution(LLaVA-NeXT)
or multi-encoder(Cambrian-1, Eagle-X) in Table 6, FLARE-L achieves much lower computational
cost. Combined with the performance in Table 4, FLARE-L demonstrates dual advantages: SOTA
performance with reduced overhead. FLARE-L proves that without increasing the number of vision
tokens or encoders, superior performance can be attained through effective modality integration.

5.5 INFLUENCE OF SYNTHETIC DATA ON PERFORMANCE

While our architecture provides substantial improvements, another key contributor to the SOTA per-
formance is the use of synthetic data. To evaluate its impact, we conduct experiments by adding
generated samples to training corpus. As shown in Table 7, synthetic data signi cantly enhance per-
formance in targeted downstream tasks such as MMBench, SQA, CVBench, and MMVP. Notably,

when combined with dynamic resolution, FLARE-X achieves even greater performance gains.

In essence, the architecture determines the performance ceiling, while high-quality synthetic data
enables the model to realize this potential. As shown in Tables 1 and 7, FLARE shows strong
performance on benchmarks such as MMBench, MMVP, SQA, and Seed-Image. These datasets
often contain abundant textual cues (keywords in questions or multichoice options), which provide
rich context for modality fusion. Our synthetic data is further tailored to this process: through
prompt engineering, we construct diverse QA pairs to help the model learn more effective fusion.

6 CONCLUSION

We present FLARE, a family of VLMs that rethinks how vision and language should be integrated.
Rather than treating vision as static input, our model enables interaction at every phase— from vision
encoding guided by text, to decoding that aligns with visual features. We also propose dual-semantic
loss that enforces consistency between modality mapping. Beyond architecture, we introduce a data
generation method that synthesizes QA pairs from text. Our experiments show that FLARE achieves
superior performance with far fewer vision tokens, highlighting both its ef ciency and accuracy.
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Appendix

A REPRODUCIBILITY STATEMENT

We detail all experimental con gurations, hyperparameters, and training procedures in Section 4.
We release our code, model weights, and datasets in https://github.com/starriver030515/FLARE.

B USE OF LARGE LANGUAGE MODELS

We employed Large Language Models solely for re ning the linguistic presentation and improving
the clarity of our manuscript. LLMs were not involved in the conception of architectural innovations,
experimental design, or any technical contributions presented in this work.

C KEeY PARAMETERS ABLATION STUDIES

In this section, we conduct additional ablation experiments to perform deeper investigations into our
design choices. For quick validation, we adopt relatively smaller model con gurations: Vicuna 7B
+ CLIP and LLaMA3 8B + CLIP.

C.1 IMPACT OF THE NUMBER AND PLACEMENT OF SEMANTIC EXCHANGE LAYERS

We analyze the impact of both the number and insertion positions of semantic exchange layers on
model performance and computational ef ciency. We explore two insertion strategies: inserting
semantic exchange layers every 2 decoding layers, every 3 decoding layers and every 6 decoding
layers. For both Vicuna and LLaMA models, these strategies correspond to approximately 15, 10
and 5 insertion points, respectively. At each insertion point, we experiment with inserting 1, 2, or

3 semantic exchange layers, while ensuring that the total number of semantic exchange layers does
not exceed 20 to maintain resource consumption. The experimental results are summarized in Table
8. When the number of semantic exchange layers per insertion point is held constant, inserting every
3 decoding layers consistently outperforms inserting every 6 decoding layers across most evaluation
metrics. On the other hand, increasing the number of semantic exchange layers per insertion point
signi cantly raises computational costs without yielding substantial performance improvements.
Notably, inserting 3 semantic exchange layers at each position leads to a pronounced degradation in
overall model performance. Based on these observations, we adopt a nal con guration that inserts
a single semantic exchange layer every 3 decoding layers, achieving a favorable trade-off between
performance and ef ciency.

C.2 IMPACT OF SAMPLE STRATEGY OF LATENT TOKENS

In the main results, we set the number of latent tokens to f4, 16, 36, 64, 144g, randomly sam-
pling from this set for each training batch. We nd that this random selection strategy balances the
strengths of different token quantities and accelerates model convergence. As shown in Table 9, we
evaluate both xed numbers of latent tokens and dynamic sampling from different ranges. Our re-
sults show that increasing the number of latent tokens leads to notable improvements in OCR tasks.
Conversely, reducing the number of latent tokens yields slight performance gains on general and
vision-centric benchmarks. Furthermore, when extending the sampling range to f16, 36, 64, 144,
5769, the model does not exhibit signi cant performance improvements. We hypothesize that, with
576 latent tokens, the use of localized attention limits each operation to only one token, which may
reduce information density and consequently limit performance gains.

C.3 IMPACT OF THE MAPPING LOSS WEIGHT ON MODEL PERFORMANCE

In this section, we investigate the effect of the weighting parameter in the Dual-Semantic Mapping
Loss, speci cally associated with the reconstruction cosine similarity component. By varying the
value of , we aim to understand its in uence on modality alignment and overall model performance.
Figures 6a and Figure 6b illustrate the training loss and reconstruction similarity of the LLaMA3
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Table 8: Effects of the number and placement of semantic exchange layers. We investigate the effect
of insertion strategies. Speci cally, we experiment with three insertion intervals(2,3,6) and three
number of semantic exchange layers(1,2,3).
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£ a| = = > o = = = 0 a (@) = < = %) ~ O

Vicuna-7B + Clip
69.4 61.6 584 86.7 383 1536.2 3317 686 775 656 66.0 643 369 70.1 60.8 51.8
70.0 62.1 59.9 87.2 389 1564.1 3264 69.8 76.4 658 657 649 36.8 714 612 522
68.8 61.1 59.3 86.9 379 15219 3124 70.1 782 635 653 642 359 703 60.2 51.3
70.4 612 56.4 86.5 39.2 1537.2 356.3 68.1 744 66.4 649 648 352 709 60.0 524
69.5 61.6 58.8 87.0 37.4 15523 3079 689 69.7 657 66.1 646 369 720 59.8 50.7
68.1 60.7 56.4 859 39.0 1498.6 300.7 679 714 63.7 649 627 350 69.2 61.6 52.7

LLaMA3-8B + Clip
737 724 59.8 87.3 444 1569.7 3523 734 788 69.1 69.9 719 384 778 63.1 558
749 722 612 879 448 15583 361.8 73.0 827 69.7 70.0 717 39.2 783 63.6 555
738 716 58.8 87.7 453 1537.6 3345 721 842 67.8 702 712 399 77.7 622 543
736 733 614 875 435 1551.2 3839 719 794 699 685 708 394 78.0 628 555
73.1 720 59.2 87.0 450 1533.1 349.8 72.7 758 684 69.3 720 373 784 619 554
725 70.8 57,5 86.9 43.3 1518.7 3224 711 775 67.6 69.0 69.7 385 784 624 53.6
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Table 9: Impact of sample strategy of latent tokens. We examine how different con gurations of

latent tokens affect model performance. Our experiments include both xed-length sample settings
(64, 144, 256) and dynamic-length sample con gurations (ranging from 4 to 256, and 16 to 576

tokens).
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Vicuna-7B + Clip

64 69.2 615 60.1 86.6 38.8 1548.2 322.7 69.6 78.4 66.3 64.8 65.4 36.9 70.5 59.9 51.1
144 69.5 619 60.3 86.9 38.4 1557.1 335.8 70.2 73.8 65.4 65.6 63.7 37.7 70.2 60.7 52.0
576 68.8 61.2 58.7 87.0 40.1 1538.5 3315 69.4 69.6 64.3 63.8 64.2 34.6 68.8 62.1 51.8

4,16,36,64,144| 70.2 62.4 59.9 87.3 39.2 1573.2 342.1 70.1 75.4 66.2 651 64.9 37.2 717 60.7 526
16,36,64,144,57669.3 61.1 57.6 87.3 39.9 1547.2 3245 69.7 71.3 65.3 64.4 643 353 69.6 61.1 52.2
LLaMA3-8B + Clip

64 738 70.3 61.4 87.5 45.6 15359 356.8 72.7 79.1 68.8 69.6 71.1 41.0 77.1 62.9 54.0
144 740 71.1 59.7 87.7 455 1579.8 3514 72.6 818 69.0 69.3 70.6 415 775 62.6 54.3
576 72.0 69.9 60.7 87.7 44.9 15226 3139 713 73.6 67.5 694 71.0 385 754 65.2 57.9

4,16,36,64,144| 74.7 72.6 61.2 87.8 45.1 1562.5 340.6 72.7 79.9 69.7 70.3 71.7 39.1 78.4 64.4 57.7
16,36,64,144,57672.2 70.5 60.6 87.6 45.9 1548.2 336.9 71.9 77.8 69.1 68.0 69.1 39.9 76.8 62.6 58.1

8B + CLIP model under different settings. Additionally, Table 10 summarizes the performance
metrics corresponding to each con guration. As increases, the overall training loss also tends to
increase, with loss curves shifting horizontally along the x-axis, indicating consistent trends across
different settings. The reconstruction similarity exhibits a similar pattern. However, the results in
Table 1 suggest that setting either too small or too large leads to suboptimal performance. When

is too small, the alignment between modalities is weak; conversely, an excessively large causes
the model to over t to the modality alignment objective. Empirically, we nd that setting = 0:1
yields the best performance, balancing alignment and generalization effectively.

C.4 EFFECTIVENESS OF TRAINING STRATEGY

In our main experiments, we unfreeze all parameters in every training stage. To assess the signif-
icance of this strategy, we conducted ablation studies by selectively freezing certain components
of the model during different training phases. To reduce computational cost, we adopt the Phi-3.5-
mini-instruct+SigLip2 con guration and train each variant for 8000 steps in each stage. As shown in

Table 11, fully unfreezing all parameters in each stage consistently results in superior performance.
We attribute this to the fact that our framework departs from the conventional usage patterns of both
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(a) Training loss for different . (b) Alignment similarity for different .

Figure 6: Comparative analysis of training loss and alignment cosine similarity with varied .

Table 10: Impact of the mapping loss weight. We vary the coef cient of the Mapping Loss to
investigate how the degree of modality reconstruction and alignment affects overall model perfor-
mance.
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Vicuna-7B + Clip

0 [68.8 60.4 595 87.0 37.9 1550.3 322.1 69.0 742 65.0 646 64.4 36.4 709 60.8 524
0.01| 69.5 62.6 58.8 87.4 38.1 1576.8 3224 69.7 710 643 66.0 63.6 37.5 70.3 61.0 51.6
0.1 | 70.0 62.1 599 87.2 389 1564.1 3264 69.8 76.4 658 657 649 368 714 612 522
0.5 689 617 573 87.0 39.5 1536.8 348.3 70.2 72.0 66.0 63.2 643 36.1 69.5 60.3 527
1.0 | 679 605 552 86.4 37.7 1511.4 308.2 68.3 688 63.7 641 629 356 69.9 582 50.1
LLaMA3-8B + Clip

0 [73.8 714 589 87.6 456 1568.6 3504 72.3 789 67.0 683 71.2 40.0 76.2 63.0 54.9
0.01| 752 718 62.0 87.6 453 1546.3 357.1 722 79.8 70.3 70.2 711 386 77.9 633 545
0.1 |749 722 612 87.9 448 15583 361.8 73.0 827 69.7 70.0 71.7 39.2 783 63.6 555
05 | 741 713 593 87.2 451 1556.3 3729 713 77.6 675 674 721 388 77.1 624 546
10| 726 70.8 58.7 869 433 15329 3376 69.9 79.3 658 682 703 37.7 753 63.2 559

the vision encoder and the language model. As a result, the model must continually adapt to a new
processing paradigm, which requires end-to-end optimization across all components.

D MORE ALIGNMENT VISUALIZATION

To provide a more intuitive understanding of how FLARE's components work in synergy to achieve
deep cross-modal alignment, we present another detailed visualization in Figure 7. This example
illustrates the model's dynamic, query-aware attention mechanism when presented with the same
image but different questions. It highlights the progressive re nement of cross-modal interaction
throughout our pipeline, from initial encoding to nal decoding.

At the Pixel Level (Vision Encoder). The visualization clearly shows that vision-language inter-
action begins at the earliest stage. When the query is "Is there a snowboard in the image?”, our
Text-Guided Vision Encoding directs the encoder to focus its attention speci cally on the snow-
board. Conversely, when asked about the "person,” the attention dynamically shifts to concentrate
on the skier's body. This makes the visual feature extraction process itself context-dependent and
guery-aware, rather than a static, one-size- ts-all operation.

At the Space Level (Projector). As the features pass through the projector for modality-level
alignment, the semantic focus is maintained and sharpened. The attention maps show that the fea-
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