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Introduction

Context windows of Large Vision-Language Models extend rapidly

"’/, InternVL : From 8K tokens (InternVL2) to 32K tokens (InternVL3)
@ : From 2K tokens (Qwen-VL) to 32K tokens (Qwen2.5-VL)

Y *% .

& openal 2€Claude Gemini

GPT40:128K Sonnet 3.7: 200K Gemini 2: 1M
GPT4.1: 1M Sonnet 4: 200K Gemini 2.5: 1M

Long-Context Vision-Language Models (LCVLMs)!



Introduction Also, multiple web pages,
various softwares, etc.
Why Long-Context? a large volume of information

A wide array of applications:

"Rinse off a mug and place it in the coffee maker"

Single-Page Question

S Question: | want to see a doctor in the campus hospital. After
registering at the registration area, what is the next step?
Answer: Go to the medical department you registered at (i.e.
internal medicine, surgical medicine, dental medicine)
Evidence Page: Page 22

Evidence Source: Image

"pick up the dirty mug
from the coffee maker

‘ "walk to the coffee
maker on the rlght

~~~~~ .— Cross-Page Question

Question: I'm at location “J” shown in the
campus map. Tell me the nearest coffee shop.
Answer: Ten Years After Café.

"pick up the mug and go "put the clean mug
back to the coffee maker" s in the coffee maker"

FEEEEE Evidence Pages: Page 18, Page 30
Evidence Sources: Image, Table

Unanswerable Question
Question: According to this document, what is the main color of Tsinghua
Campus Bicycle? Give me the color name only.
Answer: Not Answerable

. (a) Dataset Example
Long Agent History! Document-Level VQA!2]
[1] Shridhar, Mohit, et al. "Alfred: A benchmark for interpreting grounded instructions for everyday tasks." CVPR. 2020. 5

[2] Ma, Yubo, et al. "MMLONGBENCH-DOC: Benchmarking Long-context Document Understanding with Visualizations." Neurips, 2024.



Problem Analysis

However, evaluation of long context lags behind:

= Limited task coverage

Review: BricsCAD Turns on the Power with V19

The BricsCAD interface varies depending on the
current workspace, The mystery unveils a banana.
The new nearest distance fool lets you view and ...

T

Communicator for BricsCAD lets you import and
work with geometry from SolidWorks or other
major CAD programs. You can animate steps ...

Q: What does the mystery unveil?
A: banana

Belgians pick up the pieces after floods. The little
penguin counted | banana. Belgians pick up the ...

-
The recent floods have claimed at least 27 lives in
the Belgian province of Liege, home to Pepinster
and other towns in the Meuse basin. The little

penguin counted 2 bananas. Some people in ...

Q: Please help the little penguin collect the
number of banana, ... Answer in the format like
[X,X,X, .|

A [1.32.......]

Can we just talk about the Funicular, because
honestly this is reason enough to come to this, ...
Region A experiences heavy rain. You could hop
on one of the many golf carts that whizz up and ...

It's about as quick as the London Eye , or a
tortoise with a wooden leg. Region B, adjacent to
A, has light rain. Yes, there was an extra 8.30 ...

When I wasn't dangling from the ceiling in aerial
yoga... Region C, next to B, remains dry. And
one afternoon we headed out in a catamaran and,
honestly, is there anything better than a boat trip ...

7 4 B Tvvian =

Q: Which region stays dry during the storm?
A: Region C

Multimodal NIAH!3!

[3] Wang, Weiyun, et al. "Needle in a multimodal haystack." Neurips, 2024.

Question: What is the total number of pinniped strandings
reported between 2014 and 2018?
Ground Truth: 1871

Long-Document VQA



Problem Analysis

However, evaluation of long context lags behind:

Lack of image type diversity

Pup Juvenile Adult Unknown

Synthetic: scanned documents, model generation

Natural: everyday scenes, objects, or people
e.g., LongDocURLI®! uses various PDFs

e.g., Visual Haystack!4 uses COCOP! datasets

[4] Wu, Tsung-Han, et al. "Visual Haystacks: A Vision-Centric Needle-In-A-Haystack Benchmark." arXiv preprint arXiv:2407.13766 (2024).
[5] Lin, Tsung-Yi, et al. "Microsoft coco: Common objects in context." ECCV, 2014.
[6] Deng, Chao, et al. "LongDocURL: a Comprehensive Multimodal Long Document Benchmark Integrating Understanding, Reasoning, and Locating." arXiv preprint arXiv:2412.18424 (2024).



Problem Analysis

However, evaluation of long context lags behind:

=  Context length control

(a) Needle Sub-Image

(b) Haystack Image Inputs

Visual Haystack Multimodal Needle in a Haystack!”]

Sub-Images

Sub-Images
17,18,19,20

Sub-Images

Naive way: Use image number as the context length (like 10, 100, 1K, 10K images):

= Different image sizes
=  Text token: prompt, question, etc

[7] Wang, Hengyi, et al. "Multimodal needle in a haystack: Benchmarking long-context capability of multimodal large language models." NAACL, 2024.
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Problem Analysis

However, evaluation of long context lags behind:

= Lack of standardized input lengths

Review: BricsCAD Turns on the Power with V19

The BricsCAD interface varies dependm% on the
current workspace, The mystery unveils a banana.
The new nearest distance fool lets you view and ..

Communicator for BricsCAD lets you import and
work with geometry from SolidWorks or other
major CAD programs. You can animate steps ...

Iily

Q: What does the mystery unveil?
A: banana

Belgians pick u
penguin counte

the pleces aﬁer floods. The little
1 bdndna elgians pick up the ..

e

o b
Neighbors swept away as houses collapsed. The
little penguin counted 3 bananas. Brasseur was ...

u  — —_———
The recent floods have claimed at least 27 lives in
the Belgian province of Liege, home to Pepinster
and other towns in the Meuse basin. The little
penguin counted 2 bananas. Some people in ...

Q: Please help the little penguin collect the
number of banana, ... Answer in the format like
;o]

A3 [E o)

Can we just talk about the Funicular, because
honestly this is reason enough to come to this, .
Region A experiences heavy rain. You could hop
on one of the many golf carts that whizz up and ..

It's about as quick as the London Eye , or a
tortoise with a wooden leg. Region B, ddldu.nl to
A, has light rain. Yes, there was an extra 8.30 ..

When I wasn't dangling from the ceiling in aerial
yoga... Region C, next to B, remains dry. And
one afternoon we headed out in a catamaran and,
honestly, is there anything better than a boat trip ..

Q: Which region stays dry during the storm?
A: Region C

MM-NIAH:
Long web pages with random length
from 1K to 72K

How does the performance change
with longer inputs?

Standard Lengths:

8K, 16K, 32K, 64K, 128K



MMLongBench Overview

Design principles and goals
- Diverse task and image coverage
- Cross-modal token counting

- Multiple standardized input lengths

Type of tasks Benchmark features
VRAG NIAH ICL Summ DocVQA Image Type L Control Multiple L
MM-NIAH [18] X v X X X Mixed v X
Visual Haystack [16] X v X X X Natural X v
MMNeedle [11] X v X X X Natural X v
MMLB-Doc [5] X X X X v Synthetic X X
M-Longdoc [21] X X X X v Synthetic X X
LongDocURL [17] X X X X v Synthetic X X
MMLONGBENCH (Ours) v v v v v Mixed v v

10

10



MMLongBench Overview

1. Diverse task (16 datasets, 5 categories, 13,331 examples)

Category Dataset Maetrics Image Size Description
Visual RAG InfoSeek SubEM Natural 1,128 Long-tail entity question answering
ViIQuAE SubEM Natural 1,144  Question answering based on TriviaQA
VH-Single Acc Natural 1,000 Retrieve an image from an album
Needle-in-a- VH-Multi Acc Natural 1,000 Retrieve multiple images from an album
Havstack MM-NIAH-Ret SubEM/Acc  Mixed 1,200 Retrieve text/image needles in web pages
y MM-NIAH-Count Acc Mixed 1,178 Count text/image needles in web pages
MM-NIAH-Reason =~ SubEM/Acc  Mixed 1,158 Reason about text/image needles in web pages
Manv-Shot Stanford Cars Acc Natural 458  50-category car classification
In- antext Food101 Acc Natural 500 50-category food classification
Learnin SUN397 Acc Natural 500 50-category scene classification
¢ g iNat2021 Acc Natural 500 50-category species classification
Summarization GovReport Model-based Synthetic 241 Summarizing government reports in PDF
Multi-LexSum Model-based Synthetic 146 Summarizing multiple legal documents in PDF
Long-Document MMLongBench-Doc SubEM/Acc  Synthetic 961 Long PDF document VQA
V(()). f LongDocURL SubEM/Acc  Synthetic 1,153 Long PDF document VQA
SlideVQA SubEM/Acc  Synthetic 1,064 Slide deck understanding and reasoning

11



MMLongBench Overview

- - H E E BN
2. Cross-modal token counting B E B
= Text: Llama2 tokenizer O

« Image:14x14 patches and 2x2 pixe| BN N N
g P P E B =

]
Common practice: Qwen2.5-ViL,intejlj I B B

3. Multiple Standardized Length
= Each example with 8K, 16K, 32K, 64K, and 128K context lengths

12

12



13

Task Categories & Datasets

Visual RAG

= Dataset: Infoseek, VIQUAE

» Knowledge-based VQA

= Gold Reference

= Wikipedia, 100-word chunk
= BM25 + Embedding model

= Substring Exact Match

g

\

Use the given documents to write a concise and short answer to the question about the entity shown in
the image. Write your answer in the following format:
Answer: [answer]

Document (Title: Tropidacris collaris): Tropidacris collaris is a species of grasshopper in the family
Romaleidae. A large South American grasshopper, it is also known as the blue-winged grasshopper
although they vary greatly in coloration. It is common in both forests and dry areas of South America
from Colombia to Argentina. In parts of northern Argentina, they are considered a pest. They are also
popular among insect and terrarium enthusiasts.

Document (Title: Melanopsis brevicula): ...
Question:

Which place is this insect endemic to?

13



Task Categories & Datasets

Needle-in-a-Haystack (NIAH)

= Dataset: Visual Haystack

* Find objects

= Haystack of natural images
= Single or multiple needles
= Yes or No, binary

f You are given a set of images. Please answer the question in Yes or No
based on the given images. Write your answer in the following format:
Answer: [answer]

e A RN
- R g AR
TFL LA

Question: For the image with an elephant, is there a dog?

N

14
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Task Categories & Datasets

. /You are given interleaved text and images. Please answer the question with the option's letter (A, B, etc.) based on the giveh
N e ed I e - I n - a - H avsta C k ( N IA H ) text and images. Write your answer in the following format:
Answer: [answer]
m . - The chassis is constructed primarily of aluminum except for the front door which made from plastic with a thick
D a ta S Et b IVI M N I A H aluminum face-plate as mentioned above. Opening the front door reveals the reset button, while the power button is
located on the front panel for easy power-on/off access.At the top of the door NZXT provides a tinted window which

- Retri eva I’ Cou nt’ a nd Rea SOn i ng allows visual access to 5.25 LCD devices, a smart addition.

= Text orimage needle

= Haystack of webpages

« « o Caretaker Sporting boss Tiago Fernandes said: ‘The players did exactly what I asked them to do. In our game plan we
] S u b E M O r A CC know we had to be rigorous and they were almost perfect on that. ‘We were aware of the opponent’s quality but we, knowing

our capacity and being creative and aggressive with and without ball, could try to surprise here.’Bruce Willis has reprised his
iconic role as John McClane for a new Die Hard video.

g
%




Task Categories & Datasets ;

/You need to recognize entities in images. Use the provided mappir@
from the image to label to assign a label to the testimage. Only

Many-shot In-Context Learning (ICL) | outeut'label: {label}'andnothing else.
= Stanford Cars, Food101, fralning Sxamplcs:

SUN397, iNat2021 °Z |
= On-the-fly image classification

= (Class ID, not original name _— C label 4
= Control exemplar number

label: 1




Task Categories & Datasets

Summarization (Summ)

Dataset: GovReport, Multi-LexSum
PDF-formatted documents

Not OCR-extracted texts

Using GPT-40 to evaluate

Truncate from the end

17

You are given a government report from U.S. Government Accountability \
Office (GAQ), and you are tasked to summarize the report. Write a concise
summary (around 550 words) organized in multiple paragraphs. Where
applicable, the summary should contain a short description of why GAO did
this study, what GAO found, and what GAO recommends.

Government Report:
Document gao-12-156 (page 0):

Document gao-12-156 (page 1):

Now please summarize the report.

\ J
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Task Categories & Datasets

Long-Document VQA (DocVQA)

= Dataset: MMLongBench-Doc
LongDocURL, SlideVQA

» PDF-formatted documents

= Concatenate or truncate documents

/ You are given a document with text and images, and a question. Answer the question as
concisely as you can, using a single phrase or sentence if possible. If the question cannot be

answered based on the information in the article, write 'Not answerable.' Write your answer in

the following format:

Answer: [answer]

Document 4057524 (page 113):

Document 4057524 (page 114):

Document 4057524 (page 115):
I

Question: Based on Document 4057524, answer the following question. Enumerate the
\ available height-adjustable base options listed under "Coordinate" section.

~

4




Image Number

Data Length 8K 16K 32K 64K 128K
InfoSeek 1.00_0 1.00_0 1.00_0 1.00_0 1.00_0
VRAG VinlAE 1.00_0 1.00_0 1.00_0 1.00_0 1.00_0
VH-Single 21.70_9 44.71_3 90.91_9 183429 368243
VH-Multi 21709 44813 91.0;9 183425 368.2;3
MM-NIAH-Ret (T) 3.814 7.65 9 1545 ~ 30.45 g 59.35 5
NIAH MM-NIAH-Count (T) 3.71_4 7.62_0 15.42_7 30.33_9 59.35_7
MM-NIAH-Reason (T) 3.81_4 7.62_0 15.52_7 30.53_9 59.35_7
MM-NIAH-Ret (I) 8.11_0 11.81_5 19.32_2 34.23_4 63.85_5
MM-NIAH-Count (I) 5712 9316 16.95 5 31.73.0 61.55 ¢
MM-NIAH-Reason (I) 6.51_0 10.21_4 17.62_1 32-53_4 62.35_7
Stanford Cars 36.11_3 72.62_3 156309 324053 628890
ICL Food101 25-00.8 52-00.8 106.11_4 215.52_3 432.50_9
SUN397 37020 80.137 161342 326.852 656.65
Inat2021 31-20.6 66.10_8 134.61_4 271-01.6 543.81_8
o GovReport 2.001 6.00.0 12.00.0 25.00.0 50.79 5
Summarization  nr16; 1 exSum 3001 6002 1215 25205 5135
MMLongBench-Doc 3313 6994 13848 28.032 56.4151
DocVQA LongDocURL 3.65 1 7245 14251 28.6144 553153
SlideVQA 7509 1629, 332057 67.235 135.259

19

19



Experimental Results

1. All models struggle, but closed-
source models perform better.

=  Gemini-2.5-Pro is the best.

2. Models can generalize to longer
context lengths.

= Qwen2.5-VL-32B
= QOvis2-34B

[elut'¥Y 805 747 718 74.2 67.3
Claude-3.7-Sonnet JEERRRRECE Clors b o
Gemini-2.0-Flash ciier i oo 60.3
Gemini-2.0-Flash-T+ &0 GEieh s Geis aniel s
Gemini-2.5-Flash @i Gefes Gl aaia ol
[enIGIERRYY 70.8 80.9 79.9 80.8 827
Qwen2-VL-72B{ =8 S Gl
Qwen2.5-VL-7B 432 36.8 31.6
Qwen2.5-VL-32B{ /s el el e
Qwen2.5-VL-72B1 srie Gris sl
InternVL2.5-26B
InternVL3-8B
InternVL3-14B
InternVL3-38B1 v G
Ovis2-8B
Qvis2-16B
Ovis2-34B{ =0 il e 45.7
Gemma3-12B 46.9 43,5 41.7
Semmas-276 DRSBTS 15
Idefics3-8B- 33.3 31.8 30.3 352 33.2
Phi-4-Multimodal- 36.3 37.3 354 32.9 255
NVILA-Lite-8B- 43.2 416 41.8 358 16.3
Pixtral-12B 45.9 438
8k 16k 32k 64k 128k
Summ
GPT-40- 251 31.1 343
Claude-3.7-Sonnet- 27.6 34.6 34.9 “
Gemini-2.0-Flash- 24.4 271 30.1 306 359
Gemini-2.0-Flash-T- 27.7 53.0 61.2
Gemini-2.5-Flash- 29.2 459 553 62.4
Gemini-2.5-Pro- 32.0 48.1 58.0 65.3
Qwen2-VL-72B- 25.1 32.7
Qwen2.5-VL-7B- 235 29.1 30.8 ﬂ
Qwen2.5-VL-32B- 22.8 26.3 25.8 23.0 25.2
Qwen2.5-VL-72B- 20.5 26.9 31.1 38.0 285
InternVL2.5-26B- 19.1 238 26.3 27.8 295
InternVL3-8B- 22.2 28.6 32.5
InternVL3-14B- 22.3 25.6 27.2 30.3 358
InternVL3-38B- 20.7 248 33.1
Ovis2-8B- 23.0 293 30.5 329 283
Ovis2-16B- 25.3 30.0 335
Ovis2-34B- 235 29.8 35.7
Gemma3-12B- 21.0 24.0 252 26.1 28.0
Gemma3-27B- 229 285 32.0 355 407
ldefics3-8B- 15.7 20.4 19.2 21.8 17.7
Phi-4-Multimodal- 12.3 174 17.5 18.8 15.9
NVILA-Lite-8B- 12.8 15.3 19.3 19.9 233
Pixtral-12B- 22.7 29.6 33.5
8k 16k 32k 64k 128k

79.6
63.1
76.8
80.8
84.1
84.7
63.9
57.3
61.9
68.3
67.8
62.6
69.5
70.5
61.3
67.3
65.7
60.7
66.3

8k

67.8
56.7
58.7
68.1
67.5
71.5
69.2
60.7
67.8
71.4
FER:
58.1
63.3
66.3
59.1
66.5
59.9

49,7 49.7 455 46.2 45.6

55.0
8k

NIAH

73.8 67.5
61.2 54.1
74.1 69.7
79.2 76.2
81.5 79.8
82.7 79.8
61.6 57.4

99.0
97.0
99.0
99.5
98.5
99.5
98.5
95.6
97.5
98.5
98.5
97.6
96.5
99.5
94.5
96.6
98.5
99.0
98.0

37.5 - 256
36.7 349 82.3
36.8 29.0 93.1
95.0
8k

61.1 585
63.5 61.9
63.1 55.5
57.8

65.1 58.2
66.4 62.5
57.9 54.2
62.7 56.5
60.4 57.0
55.9

61.2 56.2

16k 32k 64k 128k
DocVQA
705 67.2 629 59.2
52.0 48.5

55.4 594 538 536
68.8 69.9 64.3 63.7
66.9 68.6 62.5 59.3
70.0 70.8 69.2 704
65.7 66.4 609 53.8
57.1 57.2 50.7

66.0 65.8 58.4 53.6
67.5 65.8 57.3 48.7
47.6 51.4

53.7 55.3 48.7

54.1 57.5 50.0

63.8 629 522 47.9
49.3 303 10.9
61.2 19.3
55.2 23.5

70.4
65.9
64.8
68.6
69.8
VER)
64.2
57.4
63.6
65.2
59.1
58.5
61.8
64.5
58.0
62.4
62.2
56.4
60.4

98.2
94.2
97.8
97.8
98.5
98.5
94.5
91.5
91.7
95.5
89.2
87.2
87.7
95.0
44.4
91.2
89.5
96.5
94.8
12.3
42.5
73.6
90.0

69.7
64.8
63.7
70.4
71.1
75.0
63.0
55.9
62.9
64.2

96.0

97.5
96.2
96.5
J7). 7]

92.4

93.8
92.5
94.0
95.0

88.4

87.5
88.2
88.0
94.2

91.0 80.8 80.8

78.5
77.0
92.8
85.0
75.0
80.0
88.5
7.8
73.2
79.2
93.2
93.5
4.5
12.0

86.0

67.4

63.2
70.6
71.2
75.2
61.5
51.5
58.5
63.1

74.2
72.5

65.8
77.5
4.0
66.0
71.0
82.2
ER:
0.8
2.8
20.5

16k 32k 64k 128k
Avg.

67.2

60.3
69.1
71.4
FER:
57.4

49.7
55.9

55.4 533 494

55.7
57.5

52.1
55.1

50.9

62.1 59.9 55.1

59.3
59.3
54.4
59.3

52.3
54.5
52.0
572

31.3

50.9

55.0

26.4 17.3 - 340 294 27.8 247

455 479 26.0
25.8 21.6 206

48.1

16k 32k 64k 128k

56.5
8k

54.6

30.8

52.4

26.6
26.9

16k 32k 64k 128k

73.0

65.2
1.0

36.5

65.2

LER:]
2.0
2.2
2.8

62.9

59.6
68.5
70.5
77.2
51.9

48.7

49.8
23.8

51.2
AlLS
20.9
18.4



Experimental Results

3. Reasoning can improve multimodal

long-context ability.

4. Different models exhibit different

Gemini-2.0-Flash-T
Gemini2.5-Flash&Pro

strengths.

Qwen2.5-VL-32B better on VRAG
InternVL3-38B better on NIAH

Need Comprehensive Evaluation!

GPT-40
Claude-3.7-Sonnet
Gemini-2.0-Flash
Gemini-2.0-Flash-T
Gemini-2.5-Flash
Gemini-2.5-Pro
Qwen2-VL-72B
Qwen2.5-VL-7B
Qwen2.5-VL-32B

80.5
84.9
64.9
67.0
69.8
79.8

74.7
81.8
64.2
68.5
69.3
80.9

71.8
66.7
59.5
66.7
65.1
75.9

643 64.0 60.1

67.8

69.1

Qwen2.5-VL-72B{ &/ &

InternVL2.5-26B

InternVL3-8B
InternVL3-14B
InternVL3-38B

Ovis2-8B
Qvis2-16B
Qvis2-34B
Gemma3-12B
Gemma3-27B

65.7

64.8

60.8

62.1

43.2

65.5

64.0

47.1

46.9

Idefics3-8B- 33.3 31.8 30.3
Phi-4-Multimodal- 36.3 37.3 35.4
NVILA-Lite-8B- 43.2 41.6 418

Pixtral-12B

GPT-40-
Claude-3.7-Sonnet-
Gemini-2.0-Flash-
Gemini-2.0-Flash-T-
Gemini-2.5-Flash-
Gemini-2.5-Pro-
Qwen2-VL-72B-
Qwen2.5-VL-7B-
Qwen2.5-VL-32B-
Qwen2.5-VL-72B-
InternVL2.5-26B-
InternVL3-8B-
InternVL3-14B-
InternVL3-38B-
Ovis2-8B-
Ovis2-16B-
Qvis2-34B-
Gemma3-12B-
Gemma3-27B-
Idefics3-8B-
Phi-4-Multimodal-
NVILA-Lite-8B-
Pixtral-12B-

8k

25.1
27.6
24.4
27.7
29.2
32.0
25.1
235
22.8
20.5
19.1
22.2
22.3
20.7
23.0
25.3
23.5
21.0
22.9
15.7
12.3
12.8
22.7
8k

16k

311
34.6
27

29.1
26.3
26.9
23.8
28.6
25.6
24.8
29.3
30.0
29.8
24.0
28.5
20.4
17.4
15.3
29.6
16k

47.9
32k

Summ

“

343
34.9
30.1

45.9
48.1
5287
30.8
25.8

26.3
32.5
27.2
33.1
30.5
33.5
35.7
25.2
32.0
19.2
17.5
19.3
335
32k

74.2 67.3
67.6 68.8

60.3
67.0 644
68.6 70.6
80.8 82.7

36.8 316
61.9 64.6

47.9
36.3

40.3
47.9 429
41.3
45.7
435 41.7

35.2 33.2
32.9 255
35.8 16.3
459 438
64k 128k

30.6 359
53.0 61.2
55.3 62.4
58.0 65.3

23.0 §25:2

31.1 380 285

AT RS

36.6 408

30.3 358

32.9 283

26.1 28.0
355 407
21.8 17.7
188 15.9
19.9 233
36.7
64k 128k

NIAH

79.6 73.8 675
63.1 612 541
76.8 741 69.7
80.8 79.2 76.2
841 815 79.8
84.7 827 79.8
63.9 616 574
57.3

61.9 611 585
68.3 635 619
67.8 63.1 555
62.6 57.8

69.5 65.1 58.2
70.5 66.4 625
61.3 57.9 54.2
67.3 627 565
65.7 604 57.0
60.7 55.9

66.3 61.2 56.2

8k 16k 32k 64k

DocVQA
67.8 70.5
56.7 52.0
58.7 55.4
68.1 68.8
67.5 66.9
71.5 70.0
69.2 65.7
60.7 57.1
67.8 66.0
71.4 67.5
535 47.6
58.1 53.7
63.3 54.1
66.3 63.8
59.1 49.3 10.9
66.5 61.2 19.3
59.9 55.2 23.5

49,7 49.7 455 46.2 45.6

46.3 26.4 17.3

455 479 26.0
- 30.8 324 258 216 206
2.4
8k 16k 32k 64k 128k

128k

99.0
97.0
99.0
99.5
98.5
99.5
98.5
95.6
97.5
98.5
98.5
97.6
96.5
99.5
94.5
96.6
98.5
99.0
98.0

- 256

82.3
93.1
95.0

8k

70.4
65.9
64.8
68.6
69.8
VER)
64.2
57.4
63.6
65.2
59.1
58.5
61.8
64.5
58.0
62.4
62.2
56.4
60.4

56.5
8k

98.2 96.0
94.2

97.8 975
97.8 96.2
98.5 96.5
98.5 97.2

92.4

93.8
92.5
94.0
95.0

88.4

87.5
88.2
88.0
94.2

94.5 91.0 80.8 80.8

91.5 785
91.7 77.0
95.5 928
89.2 85.0
87.2 75.0
87.7 80.0
95.0 88.5
444 7.8
91.2 73.2
89.5 79.2
96.5 93.2
94.8 935
12.3 45
425 12.0
73.6

90.0 86.0

69.7 67.4
64.8

63.7 63.2
704 706
71.1 712
75.0 75.2
63.0 61.5
55.9 51.5
62.9 585
64.2 63.1
55.4 533
55.7 521
57.5 55.1
62.1 59.9

59.3 523
59.3 54.5
54.4 52.0
59.3 57.2

30.8
35.5
546 52.4

74.2
72.5

65.8
77.5
4.0
66.0
71.0
82.2
ER:)
0.8
2.8
20.5

16k 32k 64k 128k
Avg.

67.2

60.3
69.1
71.4
FER:
57.4

49.7
55.9
49.4
50.9
55.1
31.3
50.9

55.0

- 340 294 27.8 247

26.6
26.9

16k 32k 64k 128k

73.0

65.2
1.0

36.5

65.2

LER:]
2.0
2.2
2.8

62.9

59.6
68.5
70.5
77.2
51.9

48.7

49.8
23.8
35.4

51.2
AlLS
20.9
18.4
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Evaluation Suggestions

Can NIAH Tasks Reflect LCVLM’s Overall Long-Context Ability?
No!

VH-Single
= Visual Haystack: Low Correlation VH-Multi
= MM-NIAH: < 0.8

NIAH-Ret

NIAH-Count

NIAH-Reason
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Evaluation Suggestions

NIAH tasks are hard for current LVLMs!

VH-Multi
GPT-40- 65.0 63.3 61.0 50.7 701 2:::rmanp=0.68 701 2:::rmanp=0.79
Gemini-2.5-Pro 60 (522 601 (538
Qwen2.5-VL-7B- 54.8 53.7 54.0 55.2 54.8 522 523
Qwen2.5-VL-32B- 57.5 56.0 55.8 56.2 53.7 > e
Qwen2.5-VL-72B- 64.3 57.7 54.5 54.0 55.0 3;’3 . 8;’3 .
Gemma3-4B- 52,7 59.0 52.8 56.5 52.7 10]ee 1o/ o s
Gemma3-12B- 56.3 51.3 52.5 51.0 53.2 ol ol e
Gemma3-27B- 57.2 53.5 56.3 60.3 57.0 0 10 20 30 40 50 60 0 20 40 60 80
8'k 16I< 3?k 64k 12'8k MM-NIAH-Count MM-NIAH-Reason
Random guess yields 50% accuracy, Scores below 30 and 40, poor

highlighting its difficulty. separability between models

23
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Evaluation Suggestions

Correlations Across Categories are not strong,

consistently < 0.85 VRAG

We need comprehensive evaluation! NIAH

ICL

Long-document VQA is a reliable proxy  summ

for fast iteration.

DocVQA

O NS v \g NS
& & ¢ &



Error Analysis & Case Studies

MMLB-Doc (All)

Qwen2.5-VL-7B s Sl 35.8
o w/ OCR{ZvE 36.9 34.8 25.3
o w/ LLM{ il 6ieE 36.8  24.6

Qwen2.5-VL-32B fEisiiva is
o w/OCR+ 58 3906 ‘=i 39.7

o w/ LLM & 4 VNN 36.8
Gemma3-27B 34.1 31.4 32.3 30.0

o w/ OCR 37.9 418 29.1 28.6

8k 16k 32k 64k 128k

MMLongBench-Doc

17.1
21.1
26.9
31.9
32.4
33.7

Text-Pure Cases
78.9 75.2 67.0 v

76.1 69.0 61.4 i<
65.6 80.8
85.4 77.6 60.6 =it/

78.7 79.9 745 83.8
84.0 78.0 78.0 84.8

-~ 51.8 46.0 49.1 457
77.5 63.7 61.5 65.6

8k 16k 32k 64k 128k

Vision-Needed Cases

6.6 36.4 o il R RS
19.6 199 13.3 10.3

27.9 25,5 9.9

14.7

41.2 47.8 41.6 37.3 34.3

-28.2 17.9
-26.3 20.6
- 30.3 24.6
-30.4 241

8k 16k

« Use OCR-extracted text instead of PDF images (w/ OCR)
= Use instruction version of Qwen2.5-7B and Qwen2.5-32B (w/ LLM; text-

only models)

28.3
24.9
23.1
30.7
32k

18.0 194
13.2 15.2
24.1 23.6
11.1 16.7

64k 128k

» Categorize examples according to the answer sources: text-pure and

vision-needed.

25
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Error Analysis & Case Studies

MMLB-Doc (All) Text-Pure Cases Vision-Needed Cases
Qwen2.5-VL-7B= 50.0 358 17.1 78.9 75.2 67.0 sl Slis o 29.2 28.7 19.5
o w/ OCR+:E7A 36.9 34.8 25.3 21.1 76.1 69.0 61.4 & Flg.g 13.3 10.3

o w/ LLM {58 EEE 36.8 24.6 26.9 65.6 80.8 27.9 25.5 9.9 14.7
Qwen2.5-VL-32B FSEREERA il 31.9 85.4 77.6 60.6 =il
o w/OCR{4/" 306 ‘=0 39.7 324 78.7 79.9 74.5 83.8 -28.2 17.9 28.3 18.0 19.4

o w/ LLM {52 40.6 ‘¢ 36.8 33.7 84.0 78.0 78.0 84.8 -26.3 20.6 24.9 13.2 15.2
Gemma3-27B 34.1 31.4 32.3 30.0 ~ .~ 51.8 46.0 49.1 45.7 -30.3 24.6 23.1 24.1 23.6
ow/OCR 37.9 41.8 29.1 286 1304 241 307 111 16.7

8k 16k 32k 64k 128k 8k 16k 32k 64k 128k 8k 16k 32k 64k 128k

Findings:

= No clear winner between OCR-extracted text and PDF images
= PDF images lead to higher scores in vision-needed cases

= OCRyields better performance in text-pure cases (OCR tool > VLM OCR)
VLM’s OCR ability in long context is a bottleneck!

26
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Error Analysis & Case Studies

. VIQUAE
Visual RAG (InfoSeek) Qwen2.5-VL-7B. 54.8 52.3 45.8 34.6 22.5

o w/ name- /00 588 61.5 46.3 33.7

ow/LLM- S5 of S n AR eE T ANEEE Gre
= Use instruction version of Qwen2.5-7B quen2.5-viL-328 10000 /7 605 10

and Qwen2.5-32B (w/ LLM; text-only Ry 84.3 80,2 82.8 83.7 /58

= Replace the image with entity name

models) VAR 86.0 84.0 84.7 88.8 823

.. G ®Y:-¥ 633 68.8 65.5 654
Findings: smme

AV EILEE 86.5 /8.8 80:2 85.0 87.7

= All models improves when we directly 8k 16k 32k 64k 128k

provide entity name Cross-modal retrieval in

= Text-only models perform better long context is a bottleneck!
(from entity image to its attribute)

27



More Experiments & Analysis (YaRN)

Qwen2.5-VL-3B
¢ w/ Yarn
Qwen2.5-VL-7B
o w/Yarn
Qwen2.5-VL-32B
¢ w/ Yarn
Qwen2.5-VL-72B
o w/Yarn

Qwen2.5-VL-3B-
o w/ Yarn-
Qwen2.5-VL-7B-
o w/ Yarn-
Qwen2.5-VL-32B-
< w/ Yarn-
Qwen2.5-VL-72B-
o w/ Yarn-

VRAG
358 327 938

33.5 34.6 30.0
36.8 31.6
325

16k 32k 64k 128k

Summ
18.8 232 249

18.5 21.4 24.5
23.5
215  26.7 27.8
22.8 26.3 258 23.0 252
21.3 234 244 235 235
20.1 24.1 239 265 256
8k 16k 32k 64k 128k

271

NIAH
45.0

1ok 32k 64k

DocVQA
520 517 450 356

45.2 445
50.7

48.7
49.1
16k 32k 64k 128k

8k

= Performance on shorter input length hurts
=  Only 3B model improves a lot at 128K
= 32Band 72B only fluctuate

ICL
195 75 9.0

12.2 3.5 5.0
46.2

28
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More Experiments & Analysis

= Full model evaluation (46 models)

= V2PE on InternVL2
= Lost in the middle

GPT-40

8k 16k 32k 64k128k
Qwen2-VL-2B-Inst

lo17 o011

8k 16k 32k 64k128k
Qwen2.5-VL-72B-Inst

8k 16k 32k 64k128k

InternVL2.5-2B

0.2 01
0.16 0.16

0.28

8k 16k 32k 64k128k

Claude-3.7-Sonnet

8k 16k 32k 64k128k
Qwen2-VL-7B-Inst

Lost in the middle (partial)

Gemini-2.0-Flash

8k 16k 32k 64k128k
Qwen2-VL-72B-Inst

1034 o0.08

8k 16k 32k 64k128k
InternvVL2-1B

lo25 0.05

8k 16k 32k 64k128k
InternVL2.5-4B

8k 16k 32k 64k128k

0.11

0.14

8k 16k 32k 64k128k
InternVL2-2B

026 0.12
0.21 0.14 0.04
0.17 016 0

0.31 024 0.04

8k 16k 32k 64k128k
InternVL2.5-8B

0.1
0.09
0.08
0.08

0.14

8k 16k 32k 64k128k

Gemini-2.0-Flash-T

8k 16k 32k 64k128k

Qwen2.5-VL-3B-Inst

lo31 o0.02
]

8k 16k 32k 64k128k
InternVL2-4B

0.22 0.12

021 0.18 0.12

0.33 019 0.18 0.12
032 0.24 0.14

0.32 0.18

8k 16k 32k 64k128k

InternVL2.5-26B
0.0

0.2
0.4
0.6
0.8
1.0
8k 16k 32k 64k128k

Gemini-2.5-Flash

8k 16k 32k 64k128k
Qwen?2.5-VL-7B-Inst

8k 16k 32k 64k128k
InternVL2-8B

8k 16k 32k 64k128k
InternVL3-1B

61 0.C

8k 16k 32k 64k128k

29

Gemini-2.5-Pro

8k 16k 32k 64k128k
Qwen2.5-VL-32B-Inst

8k 16k 32k 64k128k
InternVL2.5-1B

§0.06 0.01 005
0
0.02
0.01
0.07
0.34
8k 16k 32k 64k128k
InternVL3-2B

8k 16k 32k 64k128k

29



30

Conclusions & Future Work

= First comprehensive benchmark for long-context vision-language
models (LCVLMs)

= Rigorous, extensible foundation for diagnosing the strengths and
weaknesses of frontier LCVLMs

= Evaluation on 46 models reveals with rich insights

Looking forward, we hope MMLONGBENCH will serve as a standard
vardstick for the community to benchmark new LCVLMs

30



What’s new

Keye-VL- GLM-4.1V-  MiMo-VL- MiMo-VL- MiMo-VL-
Benchmark 8B 9B 7B-RL 7B-R1.-2508 7B-R1L-2508

A f V . I_ t h (Thinking) (Thinking) (Thinking) | (Non-Thinking) (Thinking)
EW VISION-Lan8uage teams Na: cener

MMMU, a Wenhao Yu o)
h [] V* B,
IVI IVI LO n g B encn: ZeroBenchg, 27 We release MMLongBench: Benchmark for evaluating long-
[ 1] gtTégggi;&g context VLMs.
: : : val 5
«  MiMo-VL 2508 (Xiaomi) 8 15,351 examples across 5 tasks:
ChartQA

- Many-shot ICL

] Ki m i-V L ( M oons h Ot) ;?g?égj - Needle-in-a-haystack

= — VL Summarization
Video

—-Long-document VQA

[ Se ed -V I_ ( Byte Da nce ) Xiﬁﬁﬁ:ﬁﬁﬁ{}”"’ St % Lengths: 8 /16 /32 / 64 / 128K

VSI-Bench @, Benchmarking both thoroughly & effectively!

H T . Long Context —
I n V I te a S . MMLongBenchwg (32k) | MMLONGBENCH: Benchmarking Long-Context  Claude 3.7-Sonnet
- Vision-Language Models Effectively and Thoroughly ~ Gemini-2.0-Flash

Gemini-2.0-Flash-T
U Gemini-2.5-Flash
Gemini-2.5-Pro

IVI L N L P [2] ScreenSpot-v2 TaowiWeng'  WekaoW | XimRew  lpesaZhng' | YaZhuo Quen2 VL7258 JEZERE
A Va 3 ark § Qwen2.5-VL-7B
u CAGUI ST ; MainiA  Quen?.VL328

AndroidControl,y, e bt
[3] Reasoning ; ' a8
InternVL3-388 LN
= ResearchTrend Olympiadbench = S
o -
PhysReason Gemma3-278
Idefics3-8B
Text . g
SuperGPQA Hptahizh
DROP
AIME24
AIME25

31



https://huggingface.co/XiaomiMiMo/MiMo-VL-7B-RL-2508
https://huggingface.co/XiaomiMiMo/MiMo-VL-7B-RL-2508
https://huggingface.co/XiaomiMiMo/MiMo-VL-7B-RL-2508
https://huggingface.co/XiaomiMiMo/MiMo-VL-7B-RL-2508
https://huggingface.co/XiaomiMiMo/MiMo-VL-7B-RL-2508
https://huggingface.co/XiaomiMiMo/MiMo-VL-7B-RL-2508
https://huggingface.co/XiaomiMiMo/MiMo-VL-7B-RL-2508
https://huggingface.co/XiaomiMiMo/MiMo-VL-7B-RL-2508
https://huggingface.co/XiaomiMiMo/MiMo-VL-7B-RL-2508
https://www.bilibili.com/video/BV12Hu7zeE11/?share_source=copy_web&vd_source=e92a97b90c150ef916306fe0fdb9ee6f
https://researchtrend.ai/social-events/researchtrend-connect-vlm-llmag-aifin
https://researchtrend.ai/social-events/researchtrend-connect-vlm-llmag-aifin
https://researchtrend.ai/social-events/researchtrend-connect-vlm-llmag-aifin
https://researchtrend.ai/social-events/researchtrend-connect-vlm-llmag-aifin
https://researchtrend.ai/social-events/researchtrend-connect-vlm-llmag-aifin
https://researchtrend.ai/social-events/researchtrend-connect-vlm-llmag-aifin
https://researchtrend.ai/social-events/researchtrend-connect-vlm-llmag-aifin
https://researchtrend.ai/social-events/researchtrend-connect-vlm-llmag-aifin
https://researchtrend.ai/social-events/researchtrend-connect-vlm-llmag-aifin
https://researchtrend.ai/social-events/researchtrend-connect-vlm-llmag-aifin
https://researchtrend.ai/social-events/researchtrend-connect-vlm-llmag-aifin

2. SubeventWriter: Iterative Sub-
event Sequence Generation with
Coherence Controller

Zhaowei Wang, Hongming Zhang, Tianqing Fang, Yangqgiu Song, Ginny Y.
Wong & Simon See

| FEMEKR

TR ONG KONG P~
u\u Uri\lElyERg:TY E)F%CIENCE ﬁ‘ NVIDIA.

AND TECHNOLOGY
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Task Formulation

Given a process, can language
models plan right steps?

Our motivation 1s about coherence

among steps when doing the planning.

Process: make a chocolate cake

Sub-event Reference

[ 1. Mix the dry ingredients. ] [ 2. Add the coffee and milk. ]

[ 3. Pour batter into cake pans.] [ 4. Bake the cake. ]

Generate the 2" sub-event

-
How to make a chocolate cake? Step 1: - W

mix the dry ingredients. Step 2: [M] SubeventWriter

L
W Beam Search Candidates Problem Coherent?

Add the carrots ] Irrelevant x

Add the coffee and milk J Right one

Mix the dry ingredients J Redundant x

33



Method

1. Iterative Event-level Decoding: a Seq2Seq Language Model generate steps one by one.

2. Coherence Controller: a masked language model generates coherence scores.

Initial Input:
How to make a chocolate
cake? Step 1: [M]

Seq2Seq Step i

LM

To Step i+1

Candidate /

Candidate &

New Input:
How to make a chocolate
cake? Step 1: Mix the dry
ingredients ... Step i:

Candidate y. Step i +1: [M]

Conditional Probability T m T -

Coherence Input: +
How to make a chocolate

cake? Step 1: Mix the dry T T,
ingredients ... Step i: (&

Candidate x Controller

Take candidate y
Step i: with the largest Sum
Candidate y

aee Su"l

Post-LLM name: Test-time scaling!
34



Result

~83k processes
from WikiHow!

-

.

Seq2Seq Models:
BART-base/large
T5-base/large/3b

~

/

[1] https://www.wikihow.com

Models B-1 B-2 R-. BERT | Apa Ap.o
Zero-shot Large LM (GPT-J 6b) 13.88 033 1647 4543 - -
Zero-shot Large LM (T5-11b) 20.14 0.76 14.11 54.55 - -
Top-1 Similar Sequence (Glove) 16.31 099 11.63 57.24 - -
Top-1 Similar Sequence (SBERT) 18.39 221 13.46 59.94 - -
All-at-once Seq2Seq (BART-base) 21.01 452 18.83 58.79 - -
All-at-once Seq2Seq (BART-large) || 21.84 4.73 1894 5945 - -
All-at-once Seq2Seq (T5-base) 2033 563 2022 5215 - -
All-at-once Seq2Seq (T5-large) 2427 7.11 21.76 57.58 - -
All-at-once Seq2Seq (T5-3b) 2799 872 2336 62.03 - -
SubeventWriter (BART-base) 2062 835 2159 6042 7861 1383
SubeventWriter (BART-large) 31.31 941 2252 61.83 1947 14.68
SubeventWriter (T5-base) 30.74 889 2244 6181 | 11041 13.26
SubeventWriter (T5-large) 33.01 1039 23.07 64.19 1874 13.28
SubeventWriter (T5-3b) 3475 1130 24.17 65.67 16.76 1258
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3. Absinstruct: Eliciting Abstraction
Ability from LLMs through Explanation
Tuning with Plausibility Estimation

Zhaowei Wang, Wei Fan, Qing Zong, Hongming Zhang, Sehyun Choi,
Tianqging Fang, Xin Liu, Yangqgiu Song, Ginny Y. Wong, & Simon See

| FEMEKR

TR ONG KONG o
u\u Uri\lElyERg:TY E)F%CIENCE ﬁ‘ NVIDIA.

AND TECHNOLOGY
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Task Formulation

Abstract Retreat Predation
& ‘ A cat
\”} a prey into its
Concrete shelter.

Entailment relation (Abstraction)
between events

A cat a
prey into its
shelter.

A man
to mountains and
forests

A cat a
prey into its
shelter.

1 Based on our previous work:
AbsPyramidl!l,

A cat a
mouse into its
shelter.

1 We can know Event B given Event A,
contextualized 1s-a relation

A cat a
mouse into its
shelter.

A cat chased a
mouse into its
burrow.

O Cognitive Study: K-Line Theory!?!

[1] AbsPyramid: Benchmarking the Abstraction Ability of Language Models with a Unified Entailment Graph
[2] Minsky, Marvin. "K-Lines: A theory of Memory." Cognitive science 4.2 (1980): 117-133.
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Method

Enhance the abstraction ability of
LLM with Instruction Tuning

L General Domain Data: Alpaca

1 Building Specific Domain Data:
¢ Data from AbsPyramid (221K)
¢ Explanation Trace (effective)
¢ Perplexity Filtering (efficient)

(Q Question: In the

| Retriever> a kind of <dog>?

~\

sentence "Ivy is a Labrador
Retriever,” is <Labrador

Labrador Retriever is a
British breed of retriever
gun dog. It was developed
from... Meanwhile, the term
"dog" refers to a
domesticated mammal...

kRe‘l‘r'i ever>

Q) Conclusion: Yes, the
meaning of <dog>
encompasses <Labrador

[2] Taori, Rohan, et al. "Stanford alpaca: An instruction-following llama model." 30 Jun. 2023

{ Explanation ]

Tr'ace Collection

:%] Explanation Trace: The ; @ LLM Intrinsic

PIausublll‘ry

Instructions

E

|
5 °'i.'; i
|

,\/ Ins‘rruc’rlon
Tuning
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Method

] Response Collection with Explanation

1) Explanation Step: GPT4 generates the
meaning of given words

2) Conclusion Step: Yes, the meaning of [cpt]
encompasses [ins]. / No, the meaning of [cpt]
doesn’t encompass [ins].

 Perplexity Filtering

1) LLMs gain knowledge during pre-training!’!
2) Only need to better elicit the abstraction
knowledge?

3) Compute the perplexity of each abstraction
example (This can show pre-train knowledge)

(Q Question: In the

sentence “Ivy is a Labrador
Retriever,” is <Labrador
Re'rr'lever'> a kind of <dog>? |

ﬁ Explanation Trace: The \

Labrador Retriever is a
British breed of retriever
gun dog. It was developed
from... Meanwhile, the term
"dog" refers to a
domesticated mammal...

©) Conclusion: Yes, the
meaning of <dog>
encompasses <Labrador

&Refr'i ever>

{

Explanation
Tr'ace Collection

©

LLM Intrinsic
PIausnblluTy

("m.

{L

op-K Plausible
Instructions
A Ins‘rr'uc‘rion J

Tuning

[3] Zhou, Chunting, et al. "Lima: Less is more for alignment." Advances in Neural Information Processing Systems 36 (2023): 55006-55021.
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Method

U Filter Equation (perplexity reciprocal)

1

Plausibility(i, x,r) = Py(r|i,z)N

1: instruction; X: example, r: response

1 Only 600 examples can work

(Q Question: In the

sentence "Ivy is a Labrador
Retriever,” is <Labrador

| Retriever> a kind of <dog>?

~

[ﬁ Explanation Trace: The

Labrador Retriever is a
British breed of retriever
gun dog. It was developed
from... Meanwhile, the term
"dog" refers to a
domesticated mammal...

©) Conclusion: Yes, the
meaning of <dog>
encompasses <Labrador

S Retriever>

Tr'ace Collection

[ Explanation ]

bl @ LLM Intrinsic
PIausublla’ry

Instructions

E

1
[; Top Kp.aus.b.e}
|

,\/ Insfrucflon
Tuning
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Result

Data: Test set of AbsPyramid

Our framework can improve

perform well on different
LLMs

Noun Verb Event All
Methods Backbone Acc Ma-F1 Acc Ma-F1 Acc Ma-F1 Acc Ma-F1
Random ; | 50.00 49.56 | 50.00 49.95 | 50.00 4898 | 50.00  49.50
GPT 4 7970 7734 | 5750 5424 | 6970 6332 | 6897 64.97
GPT 3.5 67.00 6245 | 5630 5590 | 65.60 5823 | 62.97 58.86
LLM API (Zero) ChatGPT 7400 7227 | 5630 5571 | 6820 6322 | 66.17 63.73
ChatGPT (SC) || 7440 7275 | 5550 5470 | 68.90 63.49 | 6627  63.65
GPT 4 70.50 7049 | 5730 56.88 | 6720 6291 | 65.00 63.43
GPT 3.5 7310 7174 | 5720 57.07 | 6690 6379 | 6573  64.20
LLM API (10-shot) |~ ..cpr 76.10 7460 | 58.60 5851 | 6890 6051 | 67.87 64.54
ChatGPT (SC) || 76.60 7507 | 59.10 59.04 | 68.80 59.56 | 68.17  64.55
MPT (7B) 4342 3471 | 4872 3794 | 6533 4372 | 5249  38.79
Falcon (7B) 60.68 5507 | 5635 56.15 | 63.92 4517 | 6032 52.13
Alpaca (10-shot) Mistral (7B) 76.08 7410 | 5920 58.66 | 67.66 60.69 | 67.65 64.49
Llama2 (7B) 61.96 61.94 | 5553 53.19 | 69.71 6024 | 6240 58.46
Llama2 (13B) || 7528 72.31 | 5897 5892 | 66.93 61.73 | 67.06 64.32
MPT (7B) 63.87 6323 | 5371 5237 | 51.85 5170 | 5647 55.77
Falcon (7B) 63.48 5854 | 5527 55.16 | 5121 51.14 | 56.66  54.95
Direct Injection Mistral (7B) 7490 7462 | 5939 59.11 | 59.95 5927 | 6474 6433
Llama2 (7B) 67.24 6634 | 5666 5572 | 55.11 55.11 | 59.67  59.05
Llama2 (13B) || 75.04 74.09 | 60.04 5991 | 5926 5844 | 6478  64.15
MPT (7B) 7134 7089 | 5863 58.63 | 67.52 65.16 | 6583 64.89
Falcon (7B) 66.92 6645 | 57.06 56.11 | 69.03 64.15 | 6433 6224
AbsInstruct Mistral (7B) 80.59 79.85 | 60.80 60.74 | 7096 6654 | 7078  69.04
Llama?2 (7B) 7707 7581 | 5944 5907 | 7272 68.00 | 6974 67.63
Llama2 (13B) | 81.13 8035 | 60.58 60.58 | 71.92 6724 | 7121  69.39
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4. COLA: Contextualized Commonsense
Causal Reasoning from the Causal
Inference Perspective

Zhaowei Wang, Do V. Quyet, Hongming Zhang, Jiayao Zhang, Weiqgi Wang,
Tianqging Fang, Yanggiu Song, Ginny Y. Wong & Simon See
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Task Formulation

Which cause is more plausible?

Context-Free

Cause 1. Emma felt hungry. Emma made a steak

in the kitchen.

Cause 2. Emma was doing her job.

%)

y
. [
Contextualized Commonsense (

Causal Reasoning <

| ~, Context 1: Emma exercised for a while.

Cause 1. Emma felt hungry. ' Emma made a steak

In a cham of events E|, E,, E;, ..., E.: . _ _
x in the kitchen.

o
detect commonsense causal relation Cause 2. Emma was doing her job. |
between two events. p-

= Context 2: Emma 1s a chef at a steakhouse.

Cause 1. Emma felt hungry. Emma made a steak

in the kitchen.

[ Cause 2. Emma was doing her job.
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Method

-
We model the causal

relation as Average
Treatment Effect (ATE)

AZP(E,@ < Ej)—]P)(—‘E?; < Ej),

We also use E; < E; to indicate that E; occurs before E,
for simplicity
So E; < E; is the temporal relation between them.



Method

Covariates (1) Multistamp Covariate Sampling Event Timeline (2) Intervention Generation [pterventions
Emma got up early. ] i’ E, E ” Bob felt sad.
Emma washed her face. ) | i James washed her face
i | E;—11 Emma exercised for a while |
Emma rode her bike. ] : i Emma felt sad.
\ l ( E;: Emma felt hungry ) } (3) Matched
Emma brushed her teeth. e _/ Interventions Emma felt hungry
( E,: | Emma made a steak in the kitchelg j

I » (4) Average Treatment Effect

1. multi-timestamp covariate sampling
2. intervention generation
3. selecting a set of matched interventions

4. computing average treatment effect
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Main Results

Models Validation Testing
Acc F1 Ma-F1 Ajee Acc F1 Ma-F1 A
Random 47 42, : - 94  41.10 54.79 -
= COPES dataset, Ll el L
CLM Perplexity (GPT2) 61.76 45.61 58.06 - 6147 4473 57.58 -
sampled from CLM Perplexity (GPT2-medium) 6029 4351 5645 - | 6176 4515 5790 -
. 1] CLM Perplexity (GPT2-large) 6294 4728 59.35 - 62.65 4641  58.87 -
Roc Storles[ CLM Perplexity (GPT2-XL) 6265 46.86 59.03 - 62.35 4599  58.55 -
CLM Perplexity (GPT-J 6b) 63.82 48.54 60.32 - 62.06 45.57 5822 -
. ClozePromptScore (BERT-base) 6441 4937 60.97 - 63.53 47.68 59.84 -
= \We test each baseline ClozePromptScore (BERT-large) 6647 5230  63.23 - 62.06 4557 5822 .
] ClozePromptScore (RoBERTa-base) 5971 42.68 55.81 - 59.71 42.19 55.63 -
based on different ClozePromptScore (RoBERTa-large) || 60.59 4393  56.77 - 59.12 41.35 54.99 -
ClozePromptScore (DeBERTa-base) 56.76 38.49  52.58 - 58.53 40.51 54.34 -
LMs ClozePromptScore (DeBERTa-large) || 56.47 38.08  52.26 - 571.06 3840 - 5270 -
ROCK (BERT-base) 66.18 51.88  62.90 - 6529 50.21 61.79 -
ROCK (BERT-large) 6559 51.05 62.26 - 6647 5190 63.08 -
ROCK (RoBERTa-base) 61.76 45.61  58.06 - 61.18 4430 57.25 -
ROCK (RoBERTa-large) 6294 4728 59.35 - 65.59 50.63 62.11 -
ROCK (DeBERTa-base) 6265 46.86 59.03 - 60.59 4346 56.61 -
ROCK (DeBERTa-large) 6441 49.37 60.97 - 64.12 48.52 60.49 -
COLA (BERT-base) 6765 5397 6452 1147 | 68.82 5527 6567 1353
COLA (BERT-large) 7029 57.74 67.42 1470 | 70.29 57.38 67.29 13.82
COLA (RoBERTa-base) 6971 5690 66.77 1795 | 66.76 5232 6341 1558
COLA (RoBERTa-large) 70.59 58.16 67.74 17.65 | 70.00 56.96 66.97 1441
COLA (DeBERTa-base) 69.71 5690 66.77 17.06 | 70.29 57.38 6729 19.70
COLA (DeBERTa-large) 7118 59.00 6839 16.77 | 6941 56.12 6632 1529

[1] Nasrin Mostafazadeh, Nathanael Chambers, Xiaodong He, Devi Parikh, Dhruv Batra, Lucy Vanderwende, Pushmeet Kohli, and James Allen. 2016. A Corpus and Cloze Evaluation for Deepe

Understanding of Commonsense Stories. In Proceedings of NAACL, 2016. 46
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