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Distribution Shift
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Quinonero-Candela, J., Sugiyama, M., Schwaighofer, A., & Lawrence, N. D. (Eds.). (2022). Dataset shift in machine learning. Mit Press.
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Chain of Thoughts

Standard Prompting Chain-of-Thought Prompting
Q: Roger has 5 tennis balls. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many token-by-token
tennis balls does he have now? tennis balls does he have now?

Reasoning Prompt = self-referential reasoning

The answer is 11. l

Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
do they have? / make lunch and bought 6 more, how many apples SF T
\ do they have? . . . .
\_ ) Distribution Shift

A: The answer is 27. x A:

The

answer is 9.

Wei, J., Wang, X., Schuurmans, D., Bosma, M., Xia, F., Chi, E., ... & Zhou, D. (2022). Chain-of-thought prompting elicits reasoning in large language
models. Advances in neural information processing systems, 35, 24824-24837.



Preference Optimization

Reinforcement Learning from Human Feedback (RLHF) Direct Preference Optimization (DPO)
* ehry ot label rewards iy
™ " —
i Tory i — =] — d model LM poli — | > —>  final LM
DPO (Direct Preference Optimization) dataset ta*l: ey x_ ey | E] ¥
preference data maximum sample completions preferencedata __ .

likelihood reinforcement learning likelihood

Figure 1: DPO optimizes for human preferences while avoiding reinforcement learning. Existing methods

“prompt™: "0lg for fine-tuning language models with human feedback first fit a reward model to a dataset of prompts and
"response 17: "O|&4 FHFA2 747t 23 2359 HEFSE ME 0|2 - human preferences over pairs of responses, and then use RL to find a policy that maximizes the learned reward.
"response 2": " In contrast, DPO directly optimizes for the policy best satisfying the preferences with a simple classification
e '1'_ S objective, without an explicit reward function or RL.
preference”: @
| * DPO Training
¢ RLHF Training +==eeccccc e ccc e ccccc i c e ccc e c e e e e '
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I
[

RLHFS| =&t reward model + RLZ A2fot1 preference pairfte =2
alignment &t 7IsotA Bte &8

https://medium.com/@meeran03/fine-tuning-lims-with-human-feedback-rihf-latest-techniques-and-best-practices-3ed534cf9828
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MLLMs

Multimodal Model Architecture
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explorations into vision encoder-free architectures
jointly prcesses visual and textual information
without a separate encoder.



MLLMs: InternVL2's Multimodal Architecture
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Multimodal Model Architecture

Madality
Encoder

El P

Conector LLM
Backbone

|

_|
g

an Chinese imageas from
gam data from uwarlad

=a data such as
::chy-wm PRAC-
ecognize handwritten

https://internvl.github.io/blog/2024-07-02-InternVL-2.0/



Experimental Design:
Automated MMPR Data Pipeline
and Mixed Preference Optimization

() DATASET @ WMODEL

automated preference data construction Mixed Preference Optimization(MPO)
pipeline to create MMPR

MMPR DATASET Q InternVL2-8B-MPO
&7

https://huggingface.co/datasets/OpenGVLab/MMPR https://huggingface.co/OpenGVLab/InternVL2-8B-MPO



© DATASET

automated preference data construction
pipeline to create MMPR
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Scalable Multimodal Preference Dataset

01.Sampling the candidate response

N 02.Positive/Negative Labeling
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Scalable Multimodal Preference Dataset

~ Instruction with clear ground truths

\.

Question:

Your task is to answer the guestion 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 ncason for a person to have a brown teddy bear tied with a ribbon around its neck, a pack of colored pencils and a colorful patierned blanket?

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

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 1o play with teddy bears and draw with color pencils

[, 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 analyee cach 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 ant. The
items are not just limited to teddy bears, colored pencils, and blankets.

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 riems.

Opticn A *The person likes to collect teddy bears, color pencils, and blankets as they are a fan of an.” This option
suggests that the person has a specific interest in collecting items, which may not necessarily imply a connection to art
B. The person received the brown teddy bear as a gift from someone and owns the colored Option B: “The person received the brown teddy bear as a gifi from someone and owns the colored pencils because they
pencils because they are a fan of art. This option suggests that the teddy bear was received as a are a fan of an.” This option suggests a personal connection to a gifi while considering an individual interest in rt.

gift and that the person uses coloned pencils as they are a fan of an. This explanation is plausible.  Option C: “The person is a child who loves o play with teddy bears and draw with color pencils.” This option assumes
C. The person is a child who loves to play with teddy bears and draw with color pencils. This that the person is a child, which could be a plausible explanation for the items.

option simply states that the person is a child, but it does not provide a clear connection Opticn [ “The person is a school teacher who uses these items to decorate their classroom for their students.™ This
between the other items like the vibrant blanket. option suggests a professional context rather than personal interest or collecting items.

D, The person is a school teacher who uses these items to decorate their classroom for their Given the context of the items in the image and the most plausible explanation based on the presence of children’s items
students. This option seems less likely because the items (teddy bear, colored pencils, and and a child-friendly material like a teddy bear with a ribbon, the most likely explanation is:

blanket) might not be common classroom decoration ibems, Final answer: C

Final answer: B

~ Instruction without clear ground truths

Question:
Where is the woman in the picture located?

Chosen Response:

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

Rejected Response:

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

|.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
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 stvle af the bench, which appears fo be made of wood or metal with a
decorative back, ix common in public parks. Such benches are often placed along walking paths
Sor 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, witamed growth found in a virgin forest.

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

1.Surroundings: The image shows a well-maintained arca with grass, trees, and benches, which
15 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: If she were in a private garden ar library, it would likely be more private and less
likely to have communal spaces such ax a bench.

4 Background Activity: The presence of other people in the background suggesis a public
space where people gather, such as a park.

Given these observations, the picture most likely shows a woman in a public park.

Page 08



Mutimodal
Preference Dataset
(instruction +
image sample)

Dataset

VQAv2 [29], GQA [34], OKVQA [63], [conQA [5Y]
AI2D [39], ScienceQA [60], M3CoT [ 16]

ChartQA [64], DVQA [37], MapQA [13]

GeoQA+ [12], CLEVR-Math [51], Geometry3K [58],
GEOS [82], GeomVerse [38], Geol 70K [27]
OCRVQA [65], InfoVQA [66], TextVQA [83],
STVQA [8], SROIE [33]

DocVQA [65]

Task

General VQA
Science
Chart

Mathematics

OCR

Document

Table 1. Datasets used to build our preference dataset. We
collect images and instructions from various tasks to ensure the
diversity of our dataset.
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® MODEL

Mixed Preference Optimization(MPO)

InternVL2-8B-MPO
N




Model with Mixed Preference Optimization

Only DPO - positiveSE0| ATHHO 2 I £0} EO[X|2H

A4 HHE O = 4 20| HojE = U3!

Training Objective L = wpL, + w, L, +wyaLy.

PREFERENCE LOSS

Mo 4 otag
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L, =—logo (mﬂg mo (ye | ) Blog o (yr | 3’))

DPO (Direct Preference
Optimization) loss=,
chosen &1} rejected SEH & M=%
ol of LI2X| MTHEQl ME HEE 84

QUALITY LOSS
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EFOIEE s

GENERATION LOSS

HE 4d loss
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J |yf:|

SFT (Supervised Fine-Tuning)
loss=, chosen SEO| & HMEES

cross-entropy 7|8t 2 ot&



A|120|E &4Z soft binary £&F &2 Hi3 1,
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chosen - rejected

PREFERENCE LOSS
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QUALITY LOSS
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GENERATION LOSS
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Chain-of-thought with Multimodal Input

g ojel

Background Knowledge
-based CoT

Visual Content-based
CoT

Grounded CoT
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Main Results

Model Name Reasoning General VQA Hallucination Evaluation
s sl x| 0} Lh= IH 7} HhA| M3CoT MathVista MathVision MMVet LLaVA-Bench POPE CRPE MMHalBench
Closed-Source Models
Multimodal reasoning M3CoT Multimodal CoT  Accuracy — -
reasoning M7} Gemini-1.5-Pro [ 78] - 63.9 19.2 - - - - -
GPT-4o [71] 64.3 63.8 30.4 69.1 97.6 86.9 76.6 4.0
MathVista Multimodal 281 Accuracy GPT-40-Mini [71] 61.9 524 27.3 66.9 95.4 85.1 731 3.6
=X siZ "ot Open-Source Models
. N LLaVA-1.5-13B [52] 39.5 27.6 11.1 36.3 70.7 85.9 55.6 2.4
| A5}
MathVision E*ﬁa""”'ﬁ' Accuracy Qwen2-VL-7B [96] 57.8 58.2 21.1 60.6 67.7 88.1 744 3.4
=8| 7]k MiniCPM-V-2-6-8B [105] 56.0 60.6 234 574 834 873 752 3.6
e 2 LLaVA-OneVision-7B [44] 523 63.2 18.4 514 79.9 884 737 3.1
s InternVL Models
Complex VQA MM-Vet Visual GPT-4 InternVL2-26B [20] 58.2 594 234 62.1 923 88.0 756 3.7
conversation CDFFECI“EES!hElprlnESS IntemVL2-40B [:”‘I 63.6 63.7 21.4 65.5 100.5 88.4 77.3 39
across diverse score InternVL2-76B [20] 65.4 67.2 23.7 65.7 99.3 89.0 778 3.8
tasks InternVL2-Pro [20] 65.6 66.3 18.8 69.4 99.5 88.2 776 3.7
InternVL2-8B [20] 59.3 583 20.4 54.2 73.2 86.9 75.0 33
LLaVA-Bench Multimodal GPT-4 IntemVL2-8B-MPO (ours) 79.2 67.0 25.7 56.2 76.7 88.1 754 3.5
CH=2t, QAL correctness/helpfulness
reasoning H7} ccore Table 2. Results on 8 multimodal benchmarks. We report the overall score of MM-Vet and LLaVA-Bench evaluated by GPT-4-Turbo.

Our InternVL2-8B-MPO demonstrates superior performance compared to InternVL2-8B across multimodal reasoning, VQA. and halluci-
nation evaluation benchmarks. Noteably, our model even achieves reasoning performance comparable to the 10 x larger InternVL2-76B.



Hallucination evaluation

POPE ; CRPE ; MMHalBench

Pointing Out the Presence of Entities . Checking Relations for Perceptual Entities Multimodal Hallucination Benchmark

o #ff# Example 3:

Instruction-based evaluaticn E FOPE L] L Image Contents: Fashion accessory, Mammal, Deg, Umbrella
Bandom sevtings

| i o dessiled dessripiion of the given | ' [ . .Il Gl Tl 7_-"0_" H-l- . . 1 |. . Question: Describe this image in details.
"__--imm | 5;_""’““’""""“'“*'““5”’ | . ?—I.II '?_l-—'- '|I:|- L ID|_I. haHUClnatlon 1347 .| - Standard Human-Generated Answer: In this picture I can see a dog

[ Tha fmugs Footures & ke with & varisty | ! Y. there is  boile in the mmage. ]'&. _ : laying under a yellow umbrella on a beach, and there is a rope on the
of locd wems deglayed o howks, The : )

ke ot T mU|t|p|E'Ch0ice questlons{_?tl_ﬂ }J\l) . right side. In the background I can see few persons talking or lying
are e bowls of food. one amng a H - . & - % "
iien ol vigetahle, sl s hroceal il ‘i‘: Popular seangs ) — " . At the top of the image, I can see the blue and clear sky.

i, sl e ol ining meat. - A . ; . - i . f
::::I:ﬂ":_ml";::’.:":'::::l:l e E -[ Is there o knife in the image? | LMM Response to Evaluate: The image features a brown dog laying on the
Eﬂ;‘:ﬂ?ﬂ v]::hll; :;iﬁ::;&::;ﬂil; i [.r.“ s 4 ke i h i i . . sand at the beach, underneath a yellow umbrella. The dog is
diehecs, thene @ A ARl [liccd on the i : positioned near the water, and there are people in the background.

ble, adding a touch of fruit to the meal. 4 | - ¥ F 3 i . - N [ - - 2 4 —
e E Adversarial sotsings a ex . The beach is sandy, and the sun is shining, creating a pleasant
FLI S Ao . o atmosphere. The dog is enjoying the shade provided by the umbrella,

condiment, The able w neathy aranged, E -_ o . _ B .
shewrasing the different food items = an : which is a common way to protect pets from the sun’s harmful rays.

| : :
| ppetining wannés. S Yot e e mage | & "Oll:IlIIO"A-I QO'—I'E O—IElo-” ﬂl__rﬂ?" E The presence of people in the background suggests that the beach is a

W _ . . . .

. R C . . . ) opular spot for leisure activities, such as sunbathing, swimminc
Figure 1: Cases of object hallucination in LVLMs. Bold objects are ground-truth objects in the annotations and . :IE—:HPL' dei]'g . ' . . 9 mLng.
red chicets are hallucinated objects by LYLMs, The left case is from the traditicnal instruction-bascd evaluation ' A A ]Il. Q | H |.E|-O.I| 0 | Ol O=2 O - - e ) ) ) o )

: . . " 1 T T — T=T " e ysisg: e LMM's response is false CauSe laims thaes ] 3
method, and the right cases are from three variants of POPE., . . B' 1 C' L IT . e 1ysd ) _T]' - M Fesl a . al e aEe t cla B y _‘_n _l he dog
. is positioned near the water, but there is no water in the image.

o — Hallucination: Yes.

objecte| ZX (f50i| Chet hallucination E7t  HRE 2A|(0l: M Amofl gl=nl Uk BHE open-ended multimodal & 20| A:
D EO||A| ofO|X|Lt BE[ZE =0 7[Eket : 25HH - hallucination : hallucination rate (24 &)
Yes/No AZ2 EHH informativeness (BEZ {24)
> 0| AX|Z EXWSIX| gh= M| E ATt LSt > metric: accuracy DS EHHDEOIZFERHAS H D >
hallucination@ 2 7tz : : GPT-47} MAIRI® (judge) 2 LA A:
metric: F1 score of™ EHo| & hallucinated?@lX],
o™ 0| O informative®tX| Lot.



Main Results

Model Name Reasoning General VQA Hallucination Evaluation
M3CoT MathVista MathVision MMVet LLaVA-Bench POPE CRPE MMHalBench
Closed-Source Models
Gemini-1.5-Pro [ 78] - 63.9 19.2 - - - - -
GPT-4o [71] 64.3 63.8 30.4 69.1 07.6 869 76.6 4.0
GPT-40-Mini [71] 61.9 524 27.3 66.9 05.4 85.1 73.1 3.6
Open-Source Models
LLaVA-1.5-13B [52] 39.5 27.6 1.1 36.3 70.7 859 556 24
Qwen2-VL-7B [96] 578 58.2 21.1 60.6 67.7 88.1 744 34
MiniCPM-V-2-6-8B [105] 56.0 60.6 234 574 834 87.3 752 3.6
LLaVA-OneVision-7B [44] 523 63.2 18.4 514 79.9 884 73.7 3.1
InternVL Models
InternVL2-26B [20] 58.2 594 234 62.1 02.3 88.0 756 3.7
InternVL2-40B [20)] 63.6 63.7 214 65.5 100.5 884 773 3.9
InternVL2-76B [20] 65.4 67.2 23.7 65.7 99.3 89.0 778 3.8
InternVL2-Pro [20] 65.6 66.3 18.8 69.4 99.5 88.2 776 3.7
IntermVL2-8B [20] 59.3 583 20.4 54.2 73.2 869 75.0 3.3
InternVL2-8B-MPO (ours) 79.2 67.0 25.7 56.2 76.7 88.1 754 3.5

Table 2. Results on 8 multimodal benchmarks. We report the overall score of MM-Vet and LLaVA-Bench evaluated by GPT-4-Turbo.
Our InternVL2-8B-MPO demonstrates superior performance compared to InternVL2-8B across multimodal reasoning, VQA, and halluci-
nation evaluation benchmarks. Noteably, our model even achieves reasoning performance comparable to the 10 x larger InternVL2-76B.



Reasoning

Model Name s
M3CoT MathVista MathVision

10x larger Intern VL2-76B

IntermVL2-76B [20]
InternVL2-Pro [20)]

InternVL2-8B [20)]
InternVL2-8B-MPO (ours)




reasoning Z0| ACHEOZ =

]
General VQA

MMVet LLaVA-Bench

» Models

36.3
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514
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ning performance compar




POPE : object2| £xi 6{50]| Tt hallucination 7t

Hallucination Evaluation
POPE CRPE MMHalBench

86.9 4.0
85.1 3.6

85.9 : 24
88.1 4.4 34
87.3 3.6
88.4 3. 3.1

88.0 756 3.7
884 773 3.9
89.0 778 3.8
88.2 77.6 3.7

86.9 75.0 3.3
88.1 754 3.5

aVA-Bench evaluated by GPT-4-
jultimodal reasoning, VQA, and ha
able to the 10 x larger InternVL.2-




divide-and-conquer apprnachaw
24 candidate 22 MM >

divide-and-conquer2 2I SEI2 atomic claim CHelE 2 - claim™ ves/no E7t >

FA| 2Ee] A2 e M AlM > £ FFHOZ ranking - chosen/rejected pair A,

____________________________________________________

Ablation Stud SRS
e pe e s a7
28 ALY, ae|Eel 7Y R4 SRYES 0| 9l ":mzai:;'%uj Er [g::;;::m:n =
L5 QAE H|7(ablate)ot7 L} WA|SIHAM &5 %ﬁf% 24 > | o [ e
1. Comparison between MPO & SFT Model H|? 2. Comparison with RLAIF-V  Dataset H|u!
Dropout Next-Token Prediction (Dropout NTP) 24| 3}
Model Name Setting M3CoT MathVista MMVet POPE RLAIF-VE] divide-and-conquer approachi H|.l
HH SE 5 ARE SEHIE S QoM ATE HHS 3 HE ASE IS
Direct  59.3 58.3 542 869
- Resp. Ment. Score Hall.
v G 93 @7 57 () Men. ) Boaes Bl
' ' ' : InternVL2-8B 18.4 8.7 3.3 40.6
Direct  77.2 64.5 55.1  87.0 RLAIF-V [107] 73 3.9 35 323
InternVL2-8B-MPO "~ 1" 795 67.0 562 88.1 DropoutNTP (ours) 7.6 4.1 36 313

28t H| D E 2I8H RLAIF-VOIIM AF2$H 240t S promptet
chosen responseE ME|, rejected response= Dropout NTP 24
O= (F, 0|0|X| 210| continuation MO 2) CHA|

SFT only: MMPR datasetd|A| chosen response 2t gt& (x, yc)
MPO(SFT + MMPR): MMPR positive /negative (x, yc, yn)

= CF HE|R2E PEO| hallucination(&tZh) ZHA2t trustworthiness(2!
2| M) g2 21t preference data A HHA|lOZ M|




Ablatlon Study

D AAE E2|Fe 78 48 SRYS B/6H| 9,

Qs 248 R (ablate)ILE THBIRLA A H2HE B L e o -
3. Effects of optimization algorithms II II II II II II II II II II II II II II II
J.-
InternVI2-EB 1P cDPOy Rbsus iy PO SFPO TH-DFO e PO+ RobustlPOH BOOH+ ADT+ MPO
i L . |-— Bascline PO Variants wio SFT Loss DPO Varkanis w. SFT Loss Jl
DPO (Direct Preference Optimization):
reward &=+ U2 HSX| 910, offline preference pair2 %3 fine-tuning. Figure 3. Results of models trained with different preference optimization algorithms on M3CoT. The algorithm X extended with the
RSO (Relative Score Optimization): DPOZ2| sigmoid loss LAl hinge loss AHE. SFT loss is called X+ for brevity. For instance, DPO+ denotes the combination of DPO loss and SFT loss.

IPO (Implicit Preference Optimization): DPO2| olverfitting &H| &t} log-likelihood H+ &}
+ chosen/rejected gap £HE B (HIE}) I2f0]E =Y.
cDPO (confident DPO): preference H|O|E{H| label noise(27F) 7Hsd & 128 DPO 3 H

A, - learning rate = 5e-6

RobustDPO: noisy label& 7456t DPO loss| unbiased (M%f §ls) £EX| M2, ~ _|- =00 hyper parameter ME L2 ALR

BCO (Behavior Cloning Objective): binary classifier €& - logit &l8 reward2 AME, - . T D ol ik 1=t k

SPPO (Self-Play Preference Optimization): chosen rewards +1/2, - 2 YN E|B0| SFT losste 28 A& > SFTL| g2 &4

refected rewardi= -1/22 &0i@01 Nash equilbrium(L# =#) =A, data sparsity £X] &t - baseline : reasoning preference data0fA| chosen response2tC & ot& ot SFT 2 23

AOT (Alignment via Optimal Transport): optimal transport{ 0|83} distributional
preference alignment H&.

TR-DPO (Teacher-Referenced DPO) : DPO =& & % A®|0ICt reference model2t &7|2}
off overfitting &st,

ORPO (Odds Ratio Preference Optimization): reference model 810| log-odds ratio
penalty® NLL(loss)0ll 32}, © & preference alignment phase 210/ fine-tuning.




Conclusion
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==20|A= SFT (supervised fine-tuning) £ ArE3=4,
OtoF SFT + Dropout NTP CHA
self-supervised fine-tuning= AH
distribution shift 2X|7t si& | X| LS7}?




