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Prompt:
Describe the image

Prompt:
How much should | pay for the beer on the table
according to the price on the menu?

Here is a photo of the menu.

IR A

GPT-4V:

According to the menu, the price for a Magna beer
is $6. Since there are two Magna beers on the table,
the total cost for the beers would be $12.

BESHHEEIAEE ST

GPT+4V:

=tall

The image shows a collage of 8 prominent personalities from different fields. On the top row, from left to right,

there is singer Justin Bieber, footballer Lionel Messi, footballer Cristiano Ronaldo, and entrepreneur Elon Musk.

On the bottom row, from left to right, there is model and reality TV star Kylie Jenner, singer Taylor Swift, actor
Robert Downey Jr., and actor Scarlett Johansson. All individuals are shown in different poses and outfits, with

various backgrounds.

Prompt:
Describe the name of the dish.

GPT-4V:

The dish in the image is a bowl of Mapo Tofu, a
popular Chinese dish from the Sichuan province. It
consists of soft tofu cubes in a rich and spicy sauce
made from chili peppers, fermented bean paste, and
Sichuan peppercomns. The dish is garnished with thin
slices of green onions.
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wosunue wis name of the dish.

GPT4V:

Unagi Donburi is the name of the dish that is
originated from Japan. In Japanese cuisine, itis a
type of rice bowl dish typically served in a deep bowl.
The word “Unagi” means freshwater eel in Japanese
and “donburi” refers to a large bowl served with rice
and other toppings. Unagi Donburi is a dish made
with grilled eel and a type of sweet and savory sauce
called “unagi sauce” over white rice. It is often served
with pickled vegetables, sesame seeds, green
onions, and seaweed.

o, SOHRTR A

Describe the landmark in the image.

GPT-4V:

The landmark in the image is the Space Needle, an
observation tower located in Seattle, Washington. It
stands 605 feet tall and offers panoramic views of the
city and surrounding areas. The tower was built for
the 1962 World's Fair and has since become a
symbol of Seattle and a popular tourist attraction. The
tower has a futuristic design with a large circular
observation deck at the top and a restaurant that
rotates 360 degrees. The base of the tower is
surrounded by a park with trees and green spaces.

Google#f & &9Gemini

Prompt:

Count the number of apples in the image.

GPT-4V:
There are 12 apples in the image.
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¥ LLM Encoder
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Output Text [ a cat wearing sunglasses ]
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Q-Former [Conn Scted ’ % LLM Decoder
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Suffix Text ( wearing sunglasses )

¥ LLM Decoder

\[E} O-m0)(acat)

Prefix Text

2. MLP[2]

Language Response X, . . .

Language Model f¢

Vision Encoder X4 Language Instruction

X, Image
[1]1LiJ, Li D, Savarese S, et al. Blip-2: Bootstrapping language-image pre-training with frozen
image encoders and large language models[C]//International conference on machine learning.
PMLR, 2023: 19730-19742.

[2] LiuH, Li C, Wu Q, et al. Visual instruction tuning[J]. Advances in neural information processing
systems, 2024, 36.

[8]Wang W, Lv Q, YuW, et al. Cogvlm: Visual expert for pretrained language models[J]. arXiv
preprint arXiv:2311.03079, 2023.
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(b) The visual expert built on the language model
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Model #A-Param| MMB MM Vet MMMU MME MathVista SEED-I OCRBench HallB CCB|Avgyy |TextVQA SQA-I GQA DocVQA AI2D ChartQA InfoVQA|Avgoa
¥ Modular MLLMs:
MobileVLM-V2-3B [20] 3.0B 63.2 — — — — — — — — — 57.5 70.0 66.1 — — — — —
Mini-Gemini-2B [52] 3.5B 59.8 311 31.7 1653 294 — — — = — 56.2 — - 34.2 - — - —
MM1-3B-MoE-Chat [74] 3.5B 70.8 422 38.6 1772 32.6 69.4 — - — — 729 76.1 — — — — — -
DeepSeek-VL-1.3B [65] 2.0B 64.6 34.8 322 1532 31.1 66.7 409 276 37.6| 434 57.8 — — — 51.5 — — —
PaliGemma-3B [7] 2.9B 71.0 331 349 1686 28.7 69.6 614 322 29.6| 46.7 68.1 - — — 68.3 — - —
MiniCPM-V-2 [107] 2.8B 69.1 41.0 38.2 1809 38.7 67.1 605 36.1 453| 51.2 741 — — 71.9 62.9 — — —
fInternVL-1.5-2B [18] 2.2B 709 393 34.6 1902 41.1 69.8 654 375 635| 544 70.5 849 61.6 85.0 69.8 74.8 55.4 71.7
Qwen2VL-2B [101] 2.1B 749 495 411 1872 43.0 - 809 417 - - 79.7 - - 90.1 74.7 73.5 65.5 -
¥ Monolithic MLLMs:
Fuyu-8B (HD) [6] 8B 107 214 — — — — — — — — — — — — 64.5 — — —
SOLO [16] 7B — — — 1260 344 64.4 — — — — — 733 — — 61.4 — — —
Chameleon-7B! [12] 7B 31.1 8.3 254 170 223 30.6 7 171 35| 16.1 4.8 47.2 — 1.5 46.0 29 5.0 179
EVE-7B [26] 7B 49.5 25.6 32.3 1483 252 61.3 327 211 124 348 51.9 63.0 60.8 220 48.5 19.5 20.0 40.8
EVE-7B (HD) [26] 7B 523 257 326 1628 342 64.6 398 264 163| 389 56.8 649 62.6 53.0 61.0 59.1 25.0 54.6
Emu3 [104] 8B 37.2 31.6 — - 68.2 687 - - — 64.7 89.2 60.3 76.3 70.0 68.6 43.8 67.6
Mono-InternVL-2B 1.8B 65.5 §40.1 33.7 1875 45.7 67.4 767 34.8 66.3| 55.2 72.6 93.6 59.5 80.0 68.6 73.7 43.0 70.1
MMMU MathVista AI2D ChartQA DocVQA InfoVQA MMB-EN MMB-CN OpenCompass
name .. OCRBench
(val) (testmini) (test) (test) (test) (test) (test) (test) (avg score)

InternVL2-1B 35.4/36.7 377 64.1 72.9 81.7 50.9 754 65.4 60.7 48.3

InternVL2-2B 34.3/36.3 46.3 741 76.2 86.9 589 784 73.2 70.9 54.0

InternVL2-4B 47.0/48.3 58.6 78.9 815 89.2 67.0 788 78.6 739 60.6

InternVL2-8B 49.3/51.2 58.3 83.8 83.3 91.6 74.8 794 81.7 81.2 64.1

InternVL2-26B 48.3 /50.7 59.4 84.5 84.9 929 75.9 825 834 82.0 66.4

InternVL2-40B 53.9/55.2 63.7 871 86.2 93.9 787 837 86.8 86.5 69.7

InternVL2-Llama3-76B 55.2 /58.2 65.5 87.6 88.4 94.1 82.0 839 86.5 86.3 71.0

InternVL2-Pro 58.9/62.0 66.3 87.3/96.0 871 95.1 83.3 837 878 87.2 71.8
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contrastive loss ) o
3. zero-shot image captioning (new)

shared weights
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stage 3: supervised fine-tuning flexibly transfer to larger LLMs
LLaMA-7B
[ InternViT-6B LLaMA-7B lnti;ﬁggz_;zooBB/ ]
supported tasks:
1. zero-shot image classification (new) supported tasks: 4. multi-modal dialogue (new) e e
2. zero-shot image-text retrieval (new) 5. visual question answering (new)
$ A e - -

1: — Ugﬁ B name width  depth MLP  #heads | #param (M)
12t AR RIRE o= 2 VitG [173] 664 43 8102 16 1343
_IJ: HR . I\_\ﬁl ~
ST W= (CLIP-like) ViTee [23] 1792 56 15360 16 3926
_IJ:_HR 2 . < = -t 1 EVA-02-ViT-E [130] 1792 64 15360 16 4400
ﬁ:g@ : gt K_T_:J SRV ViT-6.5B [128] 4096 32 16384 32 6440
ygzg3 . SEEJZZ_EtlJl < ViT-22B [37] 6144 48 24576 48 21743

InternViT-6B (ours) 3200 48 12800 25 5903
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MLP Warmup ViT Incremental Learning
ME§1 : -I'Jl éﬁ\M LP InternViT

Stage 2
Full Model Instruction Tuning

("3 InternViT (") InternViT

v v !
a8 . D M . Chat . Chat . Chat
Izﬁﬁz'l . 5 . 'lJ | gﬁ\M LP + VlT A MLP:rOJector Ve ("3 MLP:ro;ector e A MLP:rOJector Message
Jty. 2 1 by
MER2: JIIZEMLP + VIT + LLM LM Lim 4 LM
‘ shared ‘ v
NTP loss weights NTP loss NTP loss
N N |2 AE/L1 D\ E,Eﬁ*‘”‘ | LI&A& = =77 1 1Y % (2) Single Model Training Pipeline
E: LIRS RBEINNEET
Stage 1 Stage 2
MLP Warmup Full Model Instruction Tuning
InternViT ("3 InternViT
y y
("y MLP Projector M:::::;ge (") MLP Projector Mggsa:ge
y '
Larger LLM A Larger LLM
¥ ¥
NTP loss NTP loss

(b) Progressive Scaling Strategy
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MLP Warmup ViT Incremental Learning
ME§1 : -I'Jl éﬁ\M LP InternViT

Stage 2
Full Model Instruction Tuning

("3 InternViT (") InternViT
! v !
MEQ'I .5 : i}l gﬁ\M LP + ViT ("3 MLP Projector M((e::::ge ("3 MLP Projector Mfe::sa:ge ("3 MLP Projector Mg\saatge
v v y
MEZ2: JIIEMLP + VIT + LLM LM LM ® LM
‘ shared ‘ ‘
NTP loss weights NTP loss NTP loss
A / M AV v a) Sin el Training Pipeline
© FRERTSYIMSEIR VIT ETLUsA EiAth s
Stage 1 Stage 2
M LP + LLM ’ /E\Iﬁ’/fTBﬁEﬁ'l *I:I 3EI\J.IJ| zﬁ\ MLP Warmup Full Model Instruction Tuning
InternViT ("3 InternViT
y y
A MLP:rojector M:::::;ge (") MLP:rojector Mg.?saatge
Larger LLM A Larger LLM
¥ ¥
NTP loss NTP loss

(b) Progressive Scaling Strategy
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Mr8&1: ) ZMLP

MrB1: V| ZLLM
C ARG TR & &) (5 5 09 4 L AT SR FEFIE)
Mr£1.5: Z%MLP + ViT

Hr#2: MNLMLP+ ViT + LLM
(B B 09 B U 2 303 4038 ) (B 69 B LA %3 IEHIE + s T RKIE)
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dataset

characteristics

language original

<H5

stage 1

cleaned remain

stage 2

cleaned remain

LAION-en [120] 23B | 1.94B 843% | 9IM  4.0%
LAION-COCO [121] 663M | 550M 83.0% | 550M 83.0%
COYO [14] Eroficn  74TM | S35M  71.6% | 200M  26.8%
CC12M [20] & 124M | 11.1IM  895% | 11.IM  89.5%
CC3M [124] 30M | 26M 867% | 2.6M 86.7%
SBU [112] 1.0M | 1.0M 100% | 1.0M  100%
Wukong [55] Chinese 100M | 694M 69.4% | 69.4M 69.4%
LAION-multi [120] Multi  22B | 1.87B 85.0% | 100M 4.5%
Total Multi  6.03B | 498B 82.6% | 1.03B 17.0%

fgvii=(e

CLIPFB{AE, 7KED#EER, unsafelli=R, SE454r,

g |
=y
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EH |I|I
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%
Fw |
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task

%W‘@M OCR. ®Z=.

. BEF. BIR. ME. SRXAE.
NARTTIA. .

ratio

dataset

task | dataset

Captioning

Detection

OCR (large)

OCR (small)

53.9%

5.2%

32.0%

8.9%

Laion-EN (en) [93], Laion-ZH (zh) [93], COYO (zh) [10],
GRIT (zh) [90], COCO (en) [17], TextCaps (en) [99]
Objects365 (en&zh) [97], GRIT (en&zh) [90],

All-Seeing (en&zh) [119]

Wukong-OCR (zh) [29], LaionCOCO-OCR (en) [94],
Common Crawl PDF (en&zh)

MMC-Inst (en) [61], LSVT (zh) [105], ST-VQA (en) [9]
RCTW-17 (zh) [98], ReCTs (zh) [137], ArT (en&zh) [19],
SynthDoG (en&zh) [41], COCO-Text (en) [114],
ChartQA (en) [81], CTW (zh) [134], DocVQA (en) [82],
TextOCR (en) [101], PlotQA (en) [85], InfoVQA (en) [83]

(a) Datasets used in the pre-training stage.

Captioning | TextCaps (en) [99], ShareGPT4V (en&zh) [16]

VQAV2 (en) [28], GQA (en) [34], OKVQA (en) [80],
VSR (en) [59], VisualDialog (en) [22]

Science | AI2D (en) [39], ScienceQA (en) [73], TQA (en) [40]
ChartQA (en) [81], MMC-Inst (en) [61], DVQA (en) [38],

General QA

hart
< PlotQA (en) [85], LRV-Instruction (en) [60]
. GeoQA+ (en) [12], TabMWP (en) [74], MathQA (en) [132],
Math
athematics CLEVR-Math/Super (en) [54, 58], Geometry3K (en) [72]
KVQA (en) [96], A-OKVQA (en) [95], VIQUAE (en) [45],
Knowled
owlecge Wikipedia (en&zh) [31]
OCRVQA (en) [86], InfoVQA (en) [83], TextVQA (en) [100],
OCR ArT (en&zh) [19], COCO-Text (en) [114], CTW (zh) [134],
LSVT (zh) [105], RCTW-17 (zh) [98], ReCTs (zh) [137],
SynthDoG (en&zh) [41], ST-VQA (en) [9]
Document DocVQA (en) [20], Common Crawl PDF (en&zh)
Grounding | RefCOCO/+/g (en) [79, 131], Visual Genome (en) [42]

LLaVA-150K (en&zh) [63], LVIS-Instruct4V (en) [115],
Conversation ALLaVA (en&zh) [14], Laion-GPT4V (en) [44],
TextOCR-GPT4V (en) [37], SVIT (en&zh) [140]
OpenHermes2.5 (en) [109], Alpaca-GPT4 (en) [106],
ShareGPT (en&zh) [141], COIG-CQIA (zh) [6]

(b) Datasets used in the fine-tuning stage.

Text-only

https://github.com/OpenGVLab/InternVL
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12113: Random JPEG Compression (InternVL2.5 Section 3.4)
12114: Loss Reweighting (InternVL2.5 Section 3.4)

1 o
W; — . for token averagin
L = L w; = {“30’ g

ng 5

~t, for sample averaging,
1%Z115: Packed Dataset (InternVL2.5 Section 3.4)
« kKR padding token#iE, 1IIZREREFDE

DP O [ 32K ]

DP1 [ 16K I 16K ]

P2 | sk | s | & | & | O

|

H "lh
Fm

|
i
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BINES: BT AELERM context / prefix &£ T— token

RS2

- IEMER: EFEBI4ERLAY context / prefix LR T— token

- PHhiEESEIRBEERENHinS TRIIEEESER

68.0 | . Our model InternVL2-8B-MPO
+1.7
InternVL2 ( 2,— » .
66.0 | ®MiniCPM-V-2.6 ofo e " InternVL2-76B
LLaVA-OneVision \\'} L (+1.4)
g Qwen2VL xY o7 00 g
= 64.0 Q ’ 7
=) ‘\ V4 b.
e S X
£ Diameter ' //' QL\
5 62.0 [ N 7 Q\* InternVL2-40B
= 8B 26B 40B 76B / (-2.0)
.; II ) 7
2 60.0 ! . .
- e LLaVA-OneVision-7B
= >
3 e InternVL2-26B (-2.4)
< 550 e ¢1.6)
@ \inicPm.v2esB
6.0 InteinVL2-8B a6
L) (-:3.6)
Qwen2VL-7B
. 3.4
54.0 = T T ( ). r T T T
54.0 56.0 58.0 60.0 62.0 64.0 66.0 68.0

Accuracy with direct-answer responses

A5 | \N=A

Enhancing the Reasoning Ability of Multimodal Large Language Models via Mixed Preference Optimization
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~ Instruction with clear ground truths

\

(RANEIR) EFIEREARREERE

Shan,

N T fiE

shai Artificial Intelligence Laboratory

Question:

Your task is to answer the question below. Give step by step reasoning before you answer, and when you're ready to answer, please use the format “Final answer: ...”

Question:

‘What could be the reason for a person to have a brown teddy bear tied with a ribbon around its neck, a pack of colored pencils and a colorful patterned blanket?

A. The person likes to collect teddy bears, color pencils, and blankets as they are a fan of art

B. The person received the brown teddy bear as a gift from someone and owns the colored pencils because they are a fan of art

C. The person is a child who loves to play with teddy bears and draw with color pencils

D. The person is a school teacher who uses these items to decorate their classroom for their students

\ Chosen Response:

To determine the answer, let’s analyze each option:

A. The person likes to collect teddy bears, color pencils, and blankets as they are a fan of art.
‘This option assumes that the person collects multiple items as part of a fan interest in art. The
items are not just limited to teddy bears, colored pencils, and blankets.

B. The person received the brown teddy bear as a gift from someone and owns the colored
pencils because they are a fan of art. This option suggests that the teddy bear was received as a
gift and that the person uses colored pencils as they are a fan of art. This explanation is plausible.
C. The person is a child who loves to play with teddy bears and draw with color pencils. This
option simply states that the person is a child, but it does not provide a clear connection
between the other items like the vibrant blanket.

D. The person is a school teacher who uses these items to decorate their classroom for their
students. This option seems less likely because the items (teddy bear, colored pencils, and
blanket) might not be common classroom decoration items.

Final answer: B

Rejected Response:

To determine the reason for a person to have a brown teddy bear tied with a ribbon around its neck, a pack of colored
pencils, and a colorful patterned blanket, we need to consider the context and meaning behind these items.

Option A: “The person likes to collect teddy bears, color pencils, and blankets as they are a fan of art.” This option
suggests that the person has a specific interest in collecting items, which may not necessarily imply a connection to art.
Option B: “The person received the brown teddy bear as a gift from someone and owns the colored pencils because they
are a fan of art.” This option suggests a personal connection to a gift while considering an individual interest in art.
Option C: “The person is a child who loves to play with teddy bears and draw with color pencils.” This option assumes
that the person is a child, which could be a plausible explanation for the items.

Option D: “The person is a school teacher who uses these items to decorate their classroom for their students.” This
option suggests a professional context rather than personal interest or collecting items.

Given the context of the items in the image and the most plausible explanation based on the presence of children’s items
and a child-friendly material like a teddy bear with a ribbon, the most likely explanation is:

Final answer: C

‘

~ Instruction without clear ground truths

Question:
‘Where is the woman in the picture located?

_ Chosen Response:

Rejected Response:

The woman in the picture is located in a public park. Here are the observations that support this ~ The woman in the picture is located in a public park. Here are the observations that support this

conclusion:

conclusion:

1.Surroundings: The image shows a well-maintained area with grass, trees, and benches, which 1.Surroundings: The image shows a well-maintained area with grass, trees, and benches, which
is typical of public parks. The presence of other people walking in the background also suggests s typical of public parks. The presence of other people walking in the background also suggests

a public space.

2 Lighting and Ambience: The bright daylight and open space are characteristic of outdoor

environments like parks, rather than indoor locations like libraries.

3.Bench Design: The style of the bench, which appears to be made of wood or metal with a

a public space.

2 Lighting and Ambience: The bright daylight and open space are characteristic of outdoor
environments like parks, rather than indoor locations like libraries.

3.Bench: If she were in a private garden or library, it would likely be more private and less

decorative back, is common in public parks. Such benches are often placed along walking paths likely to have communal spaces such as a bench.

for public use.

4.Vegetation: The variety and arrangement of trees and shrubs look like planned landscaping,
which is typical of parks rather than the natural, untamed growth found in a virgin forest.

These elements collectively indicate that the setting is a public park.

4.Background Activity: The presence of other people in the background suggests a public
space where people gather, such as a park.
Given these observations, the picture most likely shows a woman in a public park.

IS ST

BRI TR

Enhancing the Reasoning Ability of Multimodal Large Language Models via Mixed Preference Optimization
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Model MPO | MMMU MathVista MathVision MathVerse DynaMath WeMath LogicVista | Overall

memVIalB | X | 434 472 13.8 181 %) 14.7 311 |24.6
v | 434 45.8 18.8 187 58 13.4 298 |25.1(+0.5)
X | 491 59.0 22.0 232 13.4 18.1 30.0 307

InternVL3-2B |, | 46 57.0 217 25.3 14.6 224 369  |32.4(+1.7)

Internviags | X | 619 67.4 2477 36.9 728 327 32 414

ptern v L.2- o 627 71.6 29.3 39.8 25.5 37.1 44.1 |443 (+2.9)
X | 590 63.8 289 32.2 23.0 325 465 |41.6

IntenVL3-9B | , | &7 71.5 27.6 35.3 26.7 33.8 492  |43.1 (+1.5)
X | 671 705 31.2 338.8 77.9 38.1 499 462

InternVL3-14B| | &7y 75.1 37.2 44.4 31.3 43.0 512 |49.9 (+3.7)
X | 693 71.2 342 451 222 417 544 483

InternVL3-38B |, | 5] 75.1 34.2 48.2 35.3 48.6 584 |52.8 (+4.5)
X | 722 74.0 35.2 442 317 425 535 1505

InternVL3-78B | o, | 2,5 790 43.1 51.0 35.1 46.1 55.0 | 54.6 (+4.1)

Table 13: Comparison of reasoning abilities before and after Mixed Preference Optimization (MPO).

Enhancing the Reasoning Ability of Multimodal Large Language Models via Mixed Preference Optimization
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- AB&Generation LosseSHEAIRYE, . HSILENMEREZFEH (16.4% v.s. 0.3%)
5| \Generation Loss, <SIEMEARLERTTERIET
5| N\Quality Loss, STBERLEMBIERTIE, BhlEMEIEREAETER—E EFH
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L HEER

Multi-modal Academic Leaderboard  Real-time Rankingw  Allw

w SenseNova-V6-Pro

Multimodal Model Reasoning Leaderboard

Real-time List

T SenseTime
. . 1)) Doubao-1.5-Pro 61.6
sﬁ) Gemini-2.5-Pro %
L A ByteDance API
1 Google New
: “4) Gemini-2.0-Pro 56.6
<) InternVL3-788B i?
F 4 N Google API
, Shanghai Al Laboratory & Tsinghua University .
:_j? ChatGPT-4o-latest 54.8
InternVL3-38B )
New OpenAl API
+1 Shanghai Al Laboratory & Tsinghua University
GPT-4.1-20250414 54.0
Step-1o0 New OpenAl AP
*1 StepFun
InternVL3-78B 51.0
New Shanghai Al Laboratory & Tsinghua University Weights

Enhancing the Reasoning Ability of Multimodal Large Language Models via Mixed Preference Optimization
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~ Data Example from VisualPRM400K

Question:
Find m \angle S.

Q Solution:

(mc=0.75)

(mc=0.5)
(mc=0.5625)

(mc=0.5)

(mc=0.0)
(mc=0.0)

To find \( m \angle S ) in the given quadrilateral, we’ll use the property that the sum of the interior angles of any quadrilateral is \( 360"\circ \).
Step 1: Write the equation for the sum of the angles: \[ (2x + 5)Mcirc + x"circ + (2x + 7)circ + xMcirc = 360"\circ \]
Step 2: Simplify the equation:

\[2x+5+x+2x+7+x=360)\]

\[ 6x + 12 =360\]

Step 3: Solve for \( x \):

\[ 6x + 12 =360\]

\[ 6x=360-12\]

\[ 6x =348 \]

\[x=581]

Step 4: Substitute \( x \) back into \( m \angle S \) which is given as \( x \): \[ m \angle S = x = 58"\circ \]

Final answer: 58

VisualPRM: An Effective Process Reward Model for Multimodal Reasoning
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Question: rStep-O: ) Step-1: k fStep-4: (Step-S: N . .
Find m \angle S. To find \(m \angle S) ... Write the equation for ... Substitute \(x\) back ... Final answer: 58 Question & Solution
. J J . . J
Q mc = 0.75 —P[ mc = 0.5 mc = 0.0 ]—> mce = 0.0 Expected Accuracy
(2X+ 5) 4 N 2 ® . { £ N
NG Y Correct (1) —>[ Correct (+) Incorrect (-) ]—> Incorrect (-) Value-based PRM
( 2X i; 7)0 \ J J \ \ J
S Good (+) —P[ Bad (-) Bad (-) ]—V Tie (=) Advantage-based PRM

VisualPRM: An Effective Process Reward Model for Multimodal Reasoning
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Model MMMU MathVista MathVision MathVerse-VO DynaMath WeMath LogicVista Overall
Proprietary Models
GPT-40 [58] 70.7 60.0 31.2 40.6 34.5 45.8 52.8 47.9
Gemini-2.0-Flash [61] 69.9 70.4 43.6 47.8 42.1 474 52.3 53.4
Claude-3.5-Sonnet [4] 66.4 65.3 35.6 46.3 35.7 44.0 60.4 50.5
Open-source Models
MiniCPM-V2.6-8B [89] 49.8 60.8 23.4 18.9 9.8 16.4 27.5 29.5
+VisualPRM 56.8 65.7 24.7 35.8 11.2 31.0 37.4 37.5
+7.0 +4.9 +1.3 +16.9 +1.4 +14.6 +9.8 +8.0
Qwen2.5-VL-7B [7] 55.0 67.8 25.4 41.1 21.0 35.2 44.1 41.4
+VisualPRM 58.6 70.3 31.3 443 23.0 39.8 48.3 45.1
+3.6 +2.5 +5.9 +3.2 +2.0 +4.6 +4.2 +3.7
InternVL2.5-8B [15] 56.2 64.5 17.0 22.8 94 23.5 36.0 32.8
+VisualPRM 60.2 68.5 25.7 35.8 18.0 36.5 43.8 41.2
+4.0 +4.0 +8.7 +13.0 +8.6 +13.0 +7.8 +8.4
InternVL2.5-26B [15] 60.7 68.2 23.4 24.0 11.4 30.9 39.6 36.9
+VisualPRM 63.9 73.1 29.6 39.1 23.2 40.8 51.0 45.8
+3.2 +4.9 +6.2 +15.1 +11.8 +9.9 +11.4 +8.9
InternVL2.5-38B [15] 63.9 71.9 32.2 36.9 20.0 38.3 479 44.4
+VisualPRM 69.0 73.9 35.2 46.7 30.5 46.2 53.7 50.7
+5.1 +2.0 +3.0 +9.8 +10.5 +7.9 +5.8 +6.3
InternVL2.5-78B [15] 70.0 72.3 32.2 39.2 19.2 39.8 49.0 46.0
+VisualPRM 70.7 75.1 35.9 47.1 31.3 49.1 53.9 51.9
+0.7 +2.8 +3.7 +7.9 +12.1 +9.3 +4.9 +5.9

VisualPRM: An Effective Process Reward Model for Multimodal Reasoning
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Figure 4. Overall Best-of-N results across seven multimodal
reasoning benchmarks with different policy and critic models.
VisualPRM consistently enhances reasoning performance of both
InternVL2.5-8B and MiniCPM-V as N increases and outperforms
the improvement introduced by Self-Consistency and ORM, high-
lighting the effectiveness of PRM in Test-Time Scaling.

VisualPRM: An Effective Process Reward Model for Multimodal Reasoning
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What do you see in the image?
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| see a dog [DET] wearing
festive attire. The dog has on a
red sweater and is wearing
round red glasses [DET] with
candy cane-shaped antennas
attached to them. The glasses
also have green ribbons on
the sides. The dog appears to
be sitting on a beige surface,

possibly a chair or sofa.
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text output
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Example: Text Prompt + Visual Prompt for Interactive Segmentation.

USER: <image> Could you please segment all the corresponding objects according to the visual
prompts as regionl <region>, region2 <region>?
ASSISTANT: Sure, these objects are regionl [SEG], region2 [SEG].
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USER: DDDDDD Please detect cat, car in the image. ASSISTANT: Sure, here are results for cat [DET] DD.. , car [DET] DD" .

(a) Connecting with object decoder for visual perception.
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method query/token | instseg. ground. pose interact seg. n M/’O—"*‘H_'
number |[AP, AP,, P@.5 AP mloU cloU 10 — .

s‘N
-

1 50.4 396 858 430 432 60.0 Gt T y
super-link queries| 4 520 410 857 710 448 60.4 i = -
8 52.1 407 864 71.6 459 61.9 ey fog

1 '/%i:_—:‘:’i---t----t—'---j ----- = BE
Table 5: Ablation on the super-link queries number. so

-8 separate queries -&— separate queries

We evaluate the results on the four crucial visual per- ol R T I =
ception tasks: instance segmentation (COCO), visual

grounding (RefCOCO), pose estimation (COCO), and  Figure 4: Shared vs. unshared super-
interactive segmentation (COCO using scribble). Our  link queries for different decoders. We

default setting 1s marked in gray . report the box/keypoint AP on COCO.

1) queryREHESARERE,; 2) BAMES8Mquerymiiz v, 3) EREMEG64Tquery




Please conduct object detection to any [List of COCO classes] that
may be present.

selected classes

-

Please conduct object detection to any [List of COCO classes]
that may be present.
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Can you carry ouf object detection on this I'm trying to detect bottlés and forks in Are you cabable of identifying Apple
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selected keypoints '

/

/ need your expertlse to locate any person in I need your expertise to locate any person in this image. Please analyze this
this image. Can you pinpoint the keypoint image and find the keypoint of the right elbow?
locations of [List of 17 COCO keypoints] ?

Detect any person in the given image.
Can you pinpoint the keypoint
locations of the nose, left eye,
right_eye, left ear, right_ear ?

selected classes

Please perform object detection on this Can you detect horses within the image?
image for identifying elephants. Detect Can you pinpoint the keypoint locations of
the keypoint positions of the List of 17 AP- [List of 17 AP-10K keypoints] ?

10K keypoints].
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A person standing on a mountaintop, looking A red car near the sea There is a boat on the

An astronaut riding a horse X, where X € {*”, “in the style of van gogh”, “in the style of ink painting”,
out over a vast and rugged landscape foggy lake

“in the style of black and white sketch”}

A tiger in a lab coat with a 1980s Miami vibe, Guizhou Huangguoshu A farmyard surrounded

Panda mad scientist mixing sparkling
digital art Waterfall by beautiful flowers

chemicals, art station

- HE

Watercolor painting Watercolor of sunset Spectacular Tiny World in the Transparent Jar
of plant On the Table, interior of the Great Hall
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