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Supplementary Material

A. Implementation Details

Hyper-parameters. The hyper-parameters for three train-
ing stage of our HoVLE are listed in Table 7, Table 8, and
Table 9, respectively.

Datasets. Table 10 and Table 11 list the detailed datasets
used in the alignment and instruction tuning stages.

Hyper-parameters Value

Resolution of Image tile 448× 448
Amount of data 500M

Batch size 4096
Warmup steps 2000

Optimizer AdamW
Peak learning rate 3× 10−4

Learning rate schedule Constant
Weight decay 0.05

AdamW β (0.9, 0.999)
AdamW ϵ 1× 10−8

Table 7. Hyper-parameters for distillation stage

Hyper-parameters Value

Resolution of Image tile 448× 448
Amount of data 50M

Batch size 4096
Warmup steps 100

Optimizer AdamW
Peak learning rate 5× 10−5

Learning rate schedule Cosine
Weight decay 0.01

AdamW β (0.9, 0.999)
AdamW ϵ 1× 10−8

Table 8. Hyper-parameters for alignment stage

Hyper-parameters Value

Resolution of Image tile 448× 448
Amount of data 5M

Batch size 4096
Warmup ratio 0.03

Optimizer AdamW
Peak learning rate 4× 10−5

Learning rate schedule Cosine
Weight decay 0.01

AdamW β (0.9, 0.999)
AdamW ϵ 1× 10−8

Table 9. Hyper-parameters for instruction tuning stage

task dataset
Short Caption Laion (en&zh) [61], COYO [4], COCO [41]
OCR Wukong-OCR [16], LaionCOCO-OCR [62]
Detection GRIT [59]
Conversation All-Seeing (en&zh) [72]
Image-text instruction data (see Table 11)

Table 10. Summary of datasets used in the alignment stage.

task dataset
VQAv2 [15], GQA [25], OKVQA [53]

General QA
VSR [44]
AI2D [32], ScienceQA [49], Chemistry Data [38]

Science
TQA [33]
PMC-VQA [82], VQA-RAD [36], VQA-Med [2]
Medical-Diff-VQA [22], PathVQA [19],Medical
SLAKE [42], PMC-CaseReport [76]
ChartQA [55], LRV-Instruction [45], PlotQA [58]
Unichart [56], MMC-Inst [46], DVQA [28]
TableMWP [50], FigureQA [29], MapQA [7]

Chart

SciTSR [11], Fintabnet [84]
CLEVR [27], MetaMath [78], GeoQA+ [5]
Geometry3k [48], GeoS [63], Unigeo [9]Mathematics
Super-CLEVR [40], MathQA [1]
Art500k [52], MovieNet [23], KonIQ-10k [20]

Knowledge
KVQA [64], ViQuAE [37]
InfoVQA [57], TextVQA [67], ArT [12]
CASIA [43], Chart-to-text [30], COCO [70]
CTW [79], EATEN [17], ICDAR2019-LSVT [69]
ICPR MTWI [18], NAF [14], ReCTS [81]
TextOCR [68], LLaVAR [83], HME-100k [80]
POIE [34], SROIE [24], ST-VQA [3]

OCR

EST-VQA [73], IAM [54]
Document DocVQA [13], DocReason25k [21]

RefCOCO [31], RefCOCO+ [31], RefCOCOg [31]
Grounding

RD-BoxCoT [10]
ALLaVA [8], LAION-GPT4V [35]

Conversation
MMDU [47], TextOCR-GPT4V [6]

Detection Objects365 [66], V3Det [71]
CLEVRER [77], EgoTaskQA [26], LSMDC [60]
Mementos [74], STAR [75], NTU RGB+D [65]Video
VideoChat2-IT* [39], VideoGPT+ [51],

Table 11. Summary of datasets used in the instruction tuning
stage. *IT refers to the instruction tuning data in VideoChat2.

Trainable Modules MMB MME SEED TextVQA InfoVQA DocVQA

None 66.1 1698 66.7 55.0 43.0 71.8
Full Model 72.0 1862 70.9 62.0 51.4 82.1

Holistic Embedding 69.9 1806 69.5 60.4 48.2 78.2

Table 12. Ablation on instruction tuning strategy.

B. More Ablation Studies
Instruction Tuning Strategy. We also tried to only fine-
tune the holistic embedding and freeze the LLM during
instruction tuning, as shown in Table 12. It’s shown that
instruction tuning only the holistic embedding can also
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Figure 6. Distillation data scaling performance on 17 benchmarks.

Model
Tile

Resolution
MMB MME MMMU MM-Vet POPE SEED MathVista HallB CCB

InternVL2 448× 448 73.2 1877 34.3 44.6 88.3 71.6 46.4 37.9 74.7
HoVLE (HD) 336× 336 72.9 1869 33.6 40.4 87.8 70.2 46.1 39.4 71.6
HoVLE (HD) 392× 392 72.3 1838 34.2 43.9 87.4 70.8 45.3 38.7 70.6
HoVLE (HD) 448× 448 73.3 1862 32.2 43.8 87.4 70.9 49.2 38.4 74.3

Table 13. Inference speed-performance trade-off of HoVLE (HD) on general VLM benchmarks.

achieve decent results close to full modeling tuning. This
may imply that HoVLE has advantage in retaining the full
capabilities of LLMs, unlike previous compositional and
monolithic VLMs that still require tuning the LLMs.

Distillation Data Scaling. We provide model performance
change as data scales up on 17 benchmarks in Figure 6. It’s
shown that the model performance continues to improve on
9 benchmarks, while it oscillates on other 8 benchmarks.



Model
Tile

Resolution
TextVQA ChartQA InfoVQA DocVQA OCRBench GQA SQA-I AI2D

InternVL2 448× 448 73.4 76.2 57.7 85.9 784 61.0 84.9 74.1
HoVLE (HD) 336× 336 68.1 76.7 55.6 84.2 739 63.7 94.6 73.1
HoVLE (HD) 392× 392 70.0 78.3 55.4 85.4 737 64.9 94.4 73.3
HoVLE (HD) 448× 448 70.9 78.6 55.7 86.1 740 64.9 94.8 73.0

Table 14. Inference speed-performance trade-off of HoVLE (HD) on visual question answering benchmarks.
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Figure 7. Attention Maps for EVE, Emu3, InternVL2 and our HoVLE at the first, middle and last layers of LLM backbones.
Y-axis represents query tokens, and X-axis represents key tokens, with text modality tokens in gray and image modality tokens in yellow.
All four models share the same input, but the sequence lengths of input tokens are different due to different image pre-processing. We
highlight text-to-image attention below each full attention map. Our HoVLE, like the compositional InternVL2, has sparse attention across
all network layers, while other monolithic models Emu3 and EVE have denser attention in shallow layers.

We hypothesize that the performance of these 8 benchmarks
is bottle-necked by the LLM, not the holistic embedding.
In contrast, the other benchmarks continues to benefit from
additional distillation data, demonstrating the effectiveness
of the distillation stage.

Speed-Performance Trade-off. We provide the detailed
performance of HoVLE (HD) with different tile resolu-
tions in Table 13 and Table 14. With tile resolution 336,
HoVLE (HD) can already achieve comparable results with

InternVL2. As the tile resolution increases, the perfor-
mance of HoVLE (HD) steadily improves, especially on vi-
sual question answering benchmarks.

C. Attention Map Visualization

Figure 7 presents the visualization of attention map in the
first, middle and last layers of EVE, Emu3, InternVL2 and
our HoVLE. It’s shown that the text-to-image attention of
previous monolithic models, like EVE and Emu3, displays



dense pattern at the first layer, and gradually becomes sparse
in deeper layers. On the contrary, compositional VLMs, like
InternVL2, and our HoVLE possess sparse text-to-image
attention throughout all LLM layers.
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Le Borgne, Romaric Besançon, José G Moreno, and Jesús
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