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1. Additional Experimental Results

Table 1. Generalization across Qwen2.5 [17] backbones.

LLM Backbone Vision Encoder Param Res. TextVQA ChartQA OCRBench MME SEED SQA GQA POPE

Qwen2.5-0.5B-Instruct OpenVision 2 0.5B 224 41.5 11.0 257 1045/294 55.0 58.5 53.8 86.3
Qwen2.5-1.5B-Instruct OpenVision 2 1.5B 224 52.5 12.7 292 1401/276 67.8 69.1 59.4 86.5

Qwen2.5-7B-Instruct OpenAI-CLIP-L [14] 7B 224 54.5 15.3 167 1540/348 55.4 68.6 59.4 84.8
Qwen2.5-7B-Instruct OpenVision 2 7B 224 58.1 15.8 325 1533/320 66.5 69.5 62.9 87.2

Llama3-8B [13] OpenVision 2 8B 224 59.0 13.7 327 1460/312 69.3 76.5 62.6 87.1

Table 2. Linear probing on ImageNet-1K and Places365.

Model Data Objective IN-1K Places

OpenAI CLIP-L [14] WIT-400M Contrastive 82.6 57.2

OpenCLIP-L [5] DC-1B (Raw) [3] Contrastive 84.6 58.2
OpenVision 2-L DC-1B (ReCap) [7] Generative 85.2 60.8

1.1. Generalization Across LLM Backbones
To further evaluate cross-architecture generalization beyond
LLaVA-style settings, we integrate OpenVision 2 with the
Qwen2.5 family [17]. As shown in Table 1, performance
scales consistently with the language model size from 0.5B
to 7B. Under the same Qwen2.5-7B backbone, OpenVi-
sion 2 substantially outperforms OpenAI-CLIP-L on sev-
eral multimodal benchmarks, including OCRBench [10]
and TextVQA [15], demonstrating robust transfer across
LLM backbones.

1.2. Linear Probing on General Vision Tasks
We additionally evaluate OpenVision 2 using linear prob-
ing on ImageNet-1K [1] and Places365 [18]. As shown in
Table 2, OpenVision 2 improves over OpenCLIP-L on both
object recognition and scene recognition using the same un-
derlying image collection. The improvement on Places365
is particularly notable, suggesting that the generative objec-
tive with synthetic captions yields strong general-purpose
visual representations across diverse domains.

1.3. Architecture and Efficiency Details
OpenVision 2 improves training efficiency through both
structural simplification and reduced computation. Com-
pared with the original OpenVision formulation, OpenVi-
sion 2 removes the text encoder entirely and retains only an
image encoder together with a text decoder. This eliminates

the forward and backward cost associated with contrastive
text encoding.

In addition, approximately 65% of visual tokens are
dropped before being fed into the decoder, which short-
ens the visual prefix and reduces the quadratic self-attention
cost in the decoder. The decoder itself is a standard Trans-
former initialized from scratch, with scale matched to the
vision encoder. It uses simple token concatenation and
autoregressive generation, without cross-attention or addi-
tional fusion modules.

Unless otherwise specified, the reported pretraining ef-
ficiency numbers correspond to the vision encoder pre-
training stage only, excluding the downstream LLaVA
instruction-tuning stage, which is identical across compared
models. Runtime is measured using wall-clock time under
the same number of training steps.

1.4. Comparison with Concurrent Methods
We additionally compare OpenVision 2 against
SigLIP 2 [16] under the LLaVA-1.5 [9] setting using
the SO400m-14-224 vision backbone. As shown in Ta-
ble 3, OpenVision 2 outperforms SigLIP 2 on SEED [6],
TextVQA [15], GQA [4], ChartQA [12], POPE [8], and
MME [2]-Cognition, while remaining competitive on
OCR [10], ScienceQA [11], and MME [2]-Perception.
These results further support that a simple generative-only
pretraining recipe can produce strong visual encoders for
multimodal transfer.
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