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“What | cannot create, | do not understand”

— Richard Feynman

“What | can generate, | do understand”

“What | can understand, | do generate”
P,
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Prompt: Step-printing scene of a person Prompt: Glass shattering with red liquid ~ Prompt: Five gray wolf pups

) ) o _ - frolicking and chasing each other
running, cinematic film shot in 35mm. and ice cubes around a remote gravel road
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Diffusions Beat GANs
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Dhariwal, Prafulla, and Alexander Nichol. "Diffusion Models beat Gans on Image Synthesis." NeurlPS 34 (2021): 8780-8794.
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Proposed Latent Diffusion Google proposed V1 of the Huawei proposed the T2I
DDIM Model(LDM) was Video Diffusion Model model PixArt-a based on DiT
processed
@ —@ =@ — ) = ) Shanghai Al
L o D 8 A e o T2I-Adapter (PKU) b o
— H...S,J%i qu_'ﬂ : Meta proposed and ControlNet Lab propose
DDPM was CLIP: Aligning text e Diffusion Transformer, (st f° d;-o N L.;ttleé)a T(Zjv
proposed in and image spaces, [oRA for Diffusion replacing U-Net with e for model based on
June later widely used was proposed , Transformer proposeT2|or trol DiT
for T2I quickly adopted for precise 11 contro
various applications |
2020 2021 2022 2023 2024
[ [ Stability Al 5 o [ <
open-sourced penAl released Sora, a
gﬁ?_tﬁil Fé;zlzgsgg THU.proposed OpenAl proposed Stable Diffusion T2V model, but no AP
' CogView, a text- DALL-E 2, based V1 and V2 access yet
Transformer not to-image model on Diffusion
Diffusion based on S — Video generation apps Keling Model by
Transformer, Based on Stable Diffusion, Pika V1, Runway Gen1 Kuaishou & Vidu by
fO”OWIng DALL-E hit applications like and Gen2, and Stable Shengshu & OPen Sora
MidJourney V1-V4 emerged || Video Diffusion emerged

ilan bi PKU
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Refer to Zhongyuan Wang, BAAI
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Open codes from YUAN Lab at PKU
> ZEASMIE#EBaseline: Video-LLaVA,
EMNLP’24, 3.0k Star P
- . o () Overview ] Repositories 26 ﬂﬂ Projects & Packages 2 People 17
> SIESMAIEERR: Chat-Univi, CVPR'24
e 7R HERE - gﬁ* Popular repositories
> SIESIEMREBAYE: LLaVA-CoT, 1.6k star o
Open-Sora-Plan Public ChatLaw Public

HERRET(E:

> SRERERRY: Open-SoraPlan, 11.7k star ‘

> YIEERNLENRIBRZEAER: MagicTime(1.3k star), _gmp
ChronoMagic, NeurlPS’'24

> GSHERL: Progressive123 (ICLR’24),
Repaint1l23 (ECCV’24) , ViewCrafter

> SIESAERAR: ConsisID, SR AYIID—EIE

Rz

This project aim to reproduce Sora (Open Al T2V model), we wish the
open source community contribute to this project.

@®Python Yr17k % ik

Video-LLaVvVA Public

[EMNLP 2024#] Video-LLaVA: Learning United Visual Representation
by Alignment Before Projection

@python Yr3ik % 220

LLaVA-CoT Public

LLaVA-CoT, a visual language model capable of spontaneous,
systematic reasoning

@®Python Yriek % 61

ChatLaw: A Powerful LLM Tailored for Chinese Legal. 30 AER

w7k % 546

MoE-LLaVvA Public

Mixture-of-Experts for Large Vision-Language Models

@®pPython Yr2k % 129

MagicTime Public

MagicTime: Time-lapse Video Generation Models as Metamorphic
Simulators

@ Python Y13k %125

FR TAEBIFE: https://github.com/PKU-YuanGroup



ez ¥

Open-Sora Plan #sRERLHFITRI S 0S

PEKING UNIVERSITY
g8 -
s 38 tmEIEl J B
~ 4 ¥ N > g . e s .
2 OpenAl&T T S FTHIL IR B  fRRREE %t AConditioning | (. 71 Os RSB
BHSora, HSEFHET ARURER e SPace S AT R e e mm Koo || ORI
(IChatGPTRIZI, ARTSRERELE il < WOEM | (icion Process (i Sketch _Depth _ S&ffisi © SHFHERDPEIERATRK
TUSHABER, SEHArs _. Spacefimeatehes || e + EFHEE MRS EEN
XiF, HEIARBRER SIS FES X (T 1) Diffusion Transformer SRS
WSREKOTIRSRER, FRR - B oo LXK . EoRmERRESERTIA,
B2, —I— —I— Scale MLP '\g":tlg;:;and TRt
y FEATBH . BEESEELERERTN
< 2r-1 Tg Condition Encoder =
y
© N o o s
Y, RERMSRERFFRITR |_:' SRR R R = HIBRIEIAR SRR
—. L ~ | -
B & —ARRKE14T Open-Sora PlanIiE %4 - | : AT EMEHPEKAHK -
R BRERIL el = mmper gtwmens ||| owewsss anc @8 |9gE8 00
H%fzf%m,\;\ﬁ, %JZGIt e = SEais, EHMEESIE o iR T 256 3D T || Lot |
Hub Trending2Bkfgee  -oithub Trending ‘ " o
e TR, KB R R - ERVAE, EBHWER
ANER, MATEME _ HRE, BEMEMOMWE | ‘ RIS, BEHERAM '-"' e T
(S LB, B e . A B FFIRIR B AR AR B AR i Ve \Waa\! g, FEmzsnE B0 -0 = 2EG
i EFR, SHEET RIS, | | ERTERIERA, .




GENSF BRI SRENIR : ZToEMEEE, 1R

IR F [R5

B

TorchNPU

D, REFTRES

EREBERTE
ERANESRARE
SRR ERE

MindStudio Insight

FW&Profiling L B &4}

&/ EE/AERRSr IR
AdvisorBEMELE AL ERIN
SR EESIGGHEE, RBIRE

©

MindSpeed

T 73 A S Zron e 2

FEBMegatron/FAEESR
RIfFSwapbEEFAEIT S FHHE
F13/AF/EBEATREBRERIRIL

N
&
MSProbe

FIEHEE LRt &1F

ZHEZEEHERE
REEEERHBER
XEREENEE—HENLL

CANN
SBRIGTERG
HPFRAR, ETI%

SBEEMSF
DVPP/BLAS/NN/HCCL

ABSHERaEF
Flash Attention3iSZFAEHEG

ZERTURTranspose

AscendCEFHENFE
[REFAEROPE3DE HEERIAETF

EHFAscend C DebugiETRIEFH]

ez )Y

PEKING UNIVERSITY

Loss Chart Comparison Chart
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3D VAE n, integrating more than 30 pull requests from
HunyuanVideo trains a 3D VAE with CausalConv3D (Partially referred to Open-Sora-Plan ) to compress pixel-
space videos and images into a compact latent space. We set the compression ratios of video length, space, and 1 1 1
channel to 4, 8, and 16 respectively. This can significantly reduce the number of tokens for the subsequent mOdeIS and COdeS more tha’n 2 OO t]‘mes Wlthln a
diffusion transformer model, allowing us to train videos at the original resolution and frame rate.

CausalConv3D CausalConv3D 11 1 1
Ereser et nore than 140k visits in a single week
T H W
(T+1)xHxW (7)'+ 1)XFXF (T+1)xHXW ST

e M Acknowledgment

We extend our heartfelt appreciation for the great contribution to the open-source community, ‘; ecially Open-Sora-
Plan, as we build our diffusion transformer (DiT) based on Open-Sora-Plan v1.2.

=
ko
08/05 0B/06 08/07 08/08 08/09 08/10 0B/T 08/12 08/13 08/14 08/15 08/16 0B/17 08/18

33787 Views S— — ® Open-Sora-Plan: A project aims to create a simple and scalable repo, to reproduce Sora.

e Open-Sora: An initiative dedicated to efficiently producing high-quality video.

e ColossalAl: A powerful large model parallel acceleration and optimization system.

¢ VideoSys: An open-source project that provides a user-friendly and high-performance infrastructure for video

Code frequency over the history of meta-llamafllama &= i - 4 generation.

e . e DiT: Scalable Diffusion Models with Transformers.

) ¢ PixArt: An open-source DiT-based text-to-image model.
e StabilityAl VAE: A powerful image VAE model.

e CLIP: A powerful text-image embedding model.

e T5: A powerful text encoder.

¢ Playground: A state-of-the-art open-source model in text-to-image generation.

EMA-VFI: A video frame interpolation model.
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Yu, W., Xing, J., Yuan, L., Hu, W, Li, X., Huang, Z., ... & Tian, Y*. (2024). Viewcrafter: Taming video diffusion models for high-fidelity novel view synthesis. arXiv preprint arXiv:2409.02048.
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Zhou, H., Cheng, X., Yu, W., Tian, Y*.(2024). Holodreamer: Holistic 3d panoramic world generation from text descriptions. arXiv preprint arXiv:2407.15187.
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Autoregression model by next-resolution (next-scale) prediction
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Tian, K., Jiang, Y., Yuan, Z., Peng, B., & Wang, L. (2024). Visual autoregressive modeling: Scalable image generation via next-scale prediction. arXiv preprint arXiv:24O4.029Oi.5
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’ . A Type | Model #Para. | FID] ISt  Precisiont Recallt

Autoregressive Model Beats D1ffus1.on. Llama for BigGAN [Brock ot 2l 2018] oM | 695 245 080 038
Scalable Image Generation GAN | GigaGAN [Kang et al. 2023] 569M | 345 2255 0.84 0.61
StyleGan-XL [Sauver et al. 2022] 166M | 2.30  265.1 0.78 0.53
Peize Sun'  Yi Jiang?>’ Shoufa Chen' Shilong Zhang! Bingyue Peng? ADM [Dhariwal & Nichol 2021] 554M | 10.94  101.0 0.69 0.63

Ping Luo'*  Zehuan Yuan®* Diffusion | COM [Ho et al. 2022b] — 488 1587 — —

1The University of Hong Kong 2ByteDance tiusion LDM-4 [RombaCh et al. 2022] 400M 3.60 247.7 - -
Codes and models: https://github.com/FoundationVision/LlamaGen DiT-X1/2 [Peebles & Xie 2023] 675M | 2.27 278.2 0.83 0.57
Mask MaskGIT [Chang et al. 2022] 227M | 6.18 182.1 0.80 0.51

’ MaskGIT-re [Chang et al. 2022]  227M | 4.02 355.6 - -
VQGAN [Esser et al. 2021] 227M | 18.65 804 0.78 0.26

VQGAN [Esser et al. 2021] 14B | 15.78 743 - -

VQGAN-re [Esser et al. 2021] 1.4B 5.20 280.3 - -

AR ViT-VQGAN [Yu et al. 2021] 1.7B 4.17 1751 — —

ViT-VQGAN-re [Yu et al. 2021] 1.7B 3.04 2274 — —

RQTran. [Lee et al. 2022] 3.8B 7.55 134.0 — —

RQTran.-re [Lee et al. 2022] 3.8B 3.80 3237 - -
LlamaGen-B (cfg=2.00) 11IM | 546 193.61 0.83 0.45
LlamaGen-L (cfg=2.00) 343M | 3.07 256.06 0.83 0.52
LlamaGen-XL (cfg=1.75) 775M | 2.62 244.08 0.80 0.57
AR LlamaGen-XXL (cfg=1.75) 1.4B 2.34 25390 0.80 0.59
‘ LlamaGen-3B (cfg=1.65) 3.1B 2.18 263.33 0.81 0.58
, ‘ . ] , LlamaGen-3B (cfg=1.75) 3.1B | 232 280.10 0.82 0.56
Figure 1: Image generation with vanilla autoregressive models. We show samples from our LlamaGen-3B (cfg=2.00) 3.1B 281 311.59 0.84 0.54

class-conditional image (top row) and text-conditional image (bottom row) generation models.

Sun, P., Jiang, Y., Chen, S., Zhang, S., Peng, B., Luo, P., & Yuan, Z. (2024). Autoregressive Model Beats Diffusion: Llama for Scalable Image Generation. arXiv preprint arXiv:2406.06525.
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Sound Sound
enctc?der M:,ﬁ:\ég;f Stream MAGVIT-v2 Stream
encoder decoder e

An astronaut starts dancing
on Mars. Colorful fireworks
then explode in the background.

text

e

depth &
optical flow

Kondratyuk, D., Yu, L., Gu, X., Lezama, J., Huang, J., Hornung, R., ... & Jiang, L. (2023). Videopoet: A large language model for zero-shot video generation. arXiv preprint arXiv:2312.14125.
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“Here is a recipe for
banana bread.”
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|
Chameleon : TEXT OUTPUT
— , Mixed-Modal Auto-Regressive LM | ! \ .
ext ext mage Image Text Image | L
|
Image Text Text + Image Text Text Text + Image T T ? T T T : i)
D00 =00 O00E0I I
Image Text + Image um]::t + Image Text + Image ? f : vy ry 7y ‘r 5 A A
L T T [ Image Tokenizer ] : =\
| { Mixed Modal Auto-Regressive LM
I
Y
Chameleon Concurrent GPUs GPU Hours [ “W*\‘,jituf‘;‘r"‘is'??,ake \] : t i t t { i !
7B 1024 856481 : [m;’J[ ][ 1[ } [.SQJ[ }[ }
34B 3072 4282407 |

(a) Mixed-Modal Pre-Training (b) Mixed-Modal Generation

Team, C. (2024). Chameleon: Mixed-modal early-fusion foundation models. arXiv preprint arXiv:2405.09818.
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Understanding Language Response: X Image Generation Generated Image: X,
Text De-Tokenizer sescse Image Decoder
Auto-Regressive Transformer
Und. Encoder Text Tokenizer ceccce Text Tokenizer Gen. Encoder
Image: X, Language Instruct: X, Language Instruct: X Image: X,

Chen, X., Wu, Z., Liu, X., Pan, Z., Liu, W., Xie, Z., ... & Ruan, C. (2025). Janus-pro: Unified multimodal understanding and generation with data and model scaling. arXiv preprint arXiv:2501.17811.
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Pixel Space
I
° ° I Space
Compression as Intelligence ]
R ! )
(46 R0 8 Re I
¥
"y
(S5, Samescodsrooks  Sase? codabook
(2,8,8) (4,163176) i
Stage 1 ' EL y $ l
Toeul+ 4 Compression co?ﬁg;‘;k ! ? ‘ l .
e interpolate interpolate interpolate
9y A
\c;nv‘ 3D E“‘:od‘r 2 Lyl v L'l
uso\”
ML 3 Doa:amn s ;)own sampling s ) Down sampling s ‘ Down sampling :

(4,16,16) (8,64,64)

(16,128,128) (32,256,256)

Chen, Liuhan, Zongjian Li, Bin Lin, Bin Zhu, Qian Wang, Shenghai Yuan, Xing Zhou, Xinhua Cheng, and Li Yuan*. "Od-vae: An omni-dimensional video compressor for

improving latent video diffusion model." arXiv preprint arXiv:2409.01199 (2024).
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B GPU/NPU SEIH<HRSRESS

Deepspeed |60s, 1080P Video 30s, 720P Video
: GPU . NPU
Batch Size Memory Step/sec Batch Size Memory Step/sec

Zero2 1 73 0.04 3 60 0.05
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Q0] SEIR 2 PR FNIRRE R —RY IR EHESS? rEIG DS
™
—— [ . T
TTRASG—BE
MoE. MoHZEH*}T R4 2 FTEE
g —————————— N Methods #Activated Language Tasks Ave
( \ M— — Heads (%) SciQ PIQA WinoGrande OpenbookQA LogiQA TruthfulQA
| Feed Forward (MoE) | ~50%it 5 A : LLM-S 1005 100 63.0 63.1 51.1 274 26.9 31.6 439
| " | 1 2 3 4 | MoH-LLM-S 1008 50 67.0 622 51.5 29.2 26.7 35.6 454
Nx | | LLM-B 1008 100 731 69.7 52.0 31.8 28.4 29.5 47.4
I
I | Gating ——————— ! MoH-LLM-B 105 75 747 69.2 52.8 30.0 28.1 322 478
MoH-LLM-B 1005 50 752 670 52.0 29.0 269 328 472
Multi-Head Attention | 50%;
| [ | 50% it 5 A s LLM-B 2008 100 73.1 703 533 324 29.0 295 479
\ Y, x MoH-LLM-B >005 75 760 692 52.7 30.4 298 326 485
~ _ . MoH-LLM-B ~005 50 756 669 535 29.4 26.7 327 475
I
| #Params #Activated
| o . Methods M) Heads (%) FIDL sFID| ISt
I B N |
(otcaay ) (tcads ) (eads ] - (eadn ] |/ (teady ] oo (eady ] (Hendue] {Hendnpal |Herdysl -+ (oada ] (Shared pieads ] "DIT-S/2-400K rovos e 2029 33 100 6840 - -
) | i
! ! | [ Head | | MoH-DiT-S/2-400K 33 90 6725 1215 20.52
o | : o ! : : MoH-DiT-S/2-400K 33 75 6942 12.85 19.96
| |
| | ! : Routed Heads : DiT-B/2-400K (Peebles & Xie. 2023) 130 100 43.47 - -
T R | MoH-DiT-B/2-400K 130 90 4340 840 3351
(Head; ] [ Head, | (eady ] oo (Heady ] | '\ [ [Heady ) oo Heads ] (Headpy) | Head,,a I\\/J MoH-DiT-B/2-400K 130 75 4361 848 33.43
I DiT-L/2-400K (Peebles & Xie, 2023) 458 100 23.33 - -
| MoH-DiT-1./2-400K 458 90 2317 6.16 58.92
mput (OO | Input [OOH Router | HﬂJHwAI MoH-DiT-L/2-400K 458 75 2429 638 5775
I

(a) Multi-Head Attention (b) Our proposed Mixture-of-Head Attention

Jin, Peng, Bo Zhu, Li Yuan*, and Shuicheng Yan*. "Moe++: Accelerating mixture-of-experts methods with zero-computation experts." arXiv preprint arXiv:2410.07348 (2024).

Jin, Peng, Bo Zhu, Li Yuan, and Shuicheng Yan. "MoH: Multi-Head Attention as Mixture-of-Head Attention." arXiv preprint arXiv:2410.11842 (2024).
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Briefly explain what steps you'll take ... )

o

g/ Question
@ [<SUMMARY> </SUMMA13;J |
g/ Describe the contents of the image ... ) G@ Summary
@ [ <CAPTION> ... </CAPTIONiv) |
z @ Caption
gOutlme a step-by-step thought process ... ) GPTdo
|
@ ( <REASONING> .. </REASONI]EY>J )
Reasoning
Q/State the final answer in a clear format ... ) @ ‘
GPT-40
@ (<CONCLUSION> </CONCLUSI?;J Answer
Dataset Type Size
ShareGPT4V [8] General VQA 31.3k
ChartQA [38] General VQA 17.2k
A-OKVQA [45] General VQA 16.1k
AI2D [23] Science-Targeted VQA 114k
GeoQA+ [7] Science-Targeted VQA 11.4k
ScienceQA [34] Science-Targeted VQA 5.6k
DocVQA [39] General VQA 4.0k
PISC [28] General VQA 1.0k
CLEVR [22] General VQA 0.5k

CLEVR-Math [13]

Science-Targeted VQA

0.5k

\/
adh

, B

é Guowei Xu
@Kevin_GuoweiXu
4 Introducing LLaVA-o1: The first visual language model capable of
spontaneous, systematic reasoning, similar to GPT-o1! O
@Our 11B model outperforms Gemini-1.5-pro, GPT-4o0-mini, and Llama-
3.2-80B-Vision-Instruct!
/¥The key is training on structured data and a novel inference time
scaling method—stage-level beam search.

: arxiv.org/abs/241110440/
& github.com/PKU-YuanGroup/...

6 Multimodal Reasoning Benchmarks

Ours LLaVA-01 (11B)

Base Model Llama-3.2V (11B)

VILA-1.5 (40B)

Open-Source
Maodels

Closed-Source
Models

56 58 60 62 64 6
Average Score

10:36 AM - Nov 18, 2024 - 146.3K Views
Qs

1 207 ¥ 12k
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Example 1: Reasoning Problems

13

Question: Subtract all tiny shiny balls. Subtract all
purple objects. How many objects are left?

Options: A.4,B.8,C.2,D.6

Answer from Llama-3.2-11B-Vision-Instruct:

To determine the correct answer, we need to follow the
instructions provided.

The first instruction is to subtract all tiny shiny balls.

Since there are three tiny shiny balls in the image, we would
be left with no shiny balls after performing this action.

The second instruction is to subtract all purple objects.
However, upon closer inspection, it becomes apparent that
there are no shiny purple objects present in the image.
Therefore, we cannot subtract any purple objects.

(Given that we have already removed all the tiny shiny balls and|
there were no purple objects to begin with, the correct answer
is C. 2, as initially, there were 2 purple objects, but they are
not to be subtracted according to the instruction.

Je 7 K 2
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Answer from LLaVA-o1:

Sumimary stage: What's the problem? What should I do?

SUMMARY> 1 will examine the image to identify and count all the objects, focusing on the tiny
shiny balls and purple objects. Then, I will subtract these objects from the total count and determine
the number of remaining objects. </SUMMARY>
[Caption stage: What can I know from the image?

CAPTION> The image shows various 3D geometric shapes on a flat surface, including spheres,
cubes, and cylinders in different colors. Notably, there are small shiny green spheres and a purple
cylinder, </CAPTION>
Reasoning stage: How to solve the problem step-by-step?

REASONING> First, 1 will count all the objects in the image: there are 10 objects in total.
Next, I will identify and subtract the tiny shiny balls. There is one small shiny green sphere.
Then, I will identify and subtract the purple objects. There is one purple cylinder.

By subtracting the two objects (the shiny ball and the purple cylinder) from the total, I find that 8
objects remain. </REASONING

[Conclusion stage: What is the final answer?

<CONCLUSION=> B </CONCLUSION>

Example 2: Science Problems

400 mm

200 mm

Question:

An acetal polymer block is fixed to the rigid plates at
its top and bottom surfaces. If the top plate displaces 2|
mm horizontally when it is subjected to a horizontal
force P=2 kN, determine the shear modulus of the
polymer. The width of the block is 100 mm. Assume
that the polymer is linearly elastic and use small angle|
analysis.

Options:
A: 15 MPa, B: 5 MPa, C: 20 MPa, D: 2 MPa

Answer from Llama-3.2-11B-Vision-Instruct:

To determine the shear modulus of the polymer, we can use the
formula for shear modulus in a small angle analysis:

\[G = \frac{F}{A \gamma}\]

where \( G \) is the shear modulus, \( F) is the applied force,
\( AY) is the area of the block, and \( \gamma \) is the shear
strain.

Given that the top plate of the block displaces horizontally by
2 mm when subjected to a horizontal force of 2 kN, we can
calculate the shear strain \( \gamma \). Since the displacement
is horizontal and the original length of the block is 400 mm,
the shear strain \( \gamma \) is:

\[\gamma = \frac{\Delta x}{L} = \frac{2, \text{mm}}{400 ",
\text{mm}} = 0.005\]

Next, we calculate the area \( AY) of the block. The width of
the block is given as 100 mm, and assuming the height of the
block is also 200 mm (as given in the image analysis), the
area \( A\)is:

\[A = 100\, \text{mm} \times 200 \, \text{mm} = 20000 \,
\text{mm}"2\]

Now, we can substitute these values into the formula for shear
modulus:

\[G = \frac{F}{A \gamma) = \frac{2000 \, \text{N}}{20000 \,
\text{mm}*2 \times 0.005} = \frac{2000}{100} = 20\,
\text{MPa}}]

Answer from LLaVA-ol:
Summary stage: What's the problem? What should I do?

<SUMMARY=>To solve the problem, I will determine the shear modulus of the acetal polymer block
using the relationship between the applied force, displacement, and dimensions of the block. I will use
the formula for shear modulus and calculate the result. </SUMMARY >
[Caption stage: What can I know from the image?

CAPTION=The image shows a rectangular block of acetal polymer fixed between two rigid plates.
The top plate moves horizontally by 2 mm when a force \( P = 2\, \text{kN} \) is applied. The block's
dimensions are given as 400 mm in length, 200 mm in height, and 100 mm in width. </CAPTION
|Reasoning stage: How to solve the problem step-by-step?
<REASONING >The shear modulus \( G \) of the polymer can be calculated using the formula:

\[ G = \frac{F}{A \cdot \frac{\delta}{1}} \]

where:

- \( F\) is the applied force (2 kN),

- \( AY) is the area of the block's top surface (100 mm x 400 mm = 40,000 mm?),
- \(\delta ) is the horizontal displacement (2 mm),

- \(1\) is the height of the block (200 mm).

First, convert the force to Newtons: \( F = 2\, \text{kN} = 2000\, \text{N} 1).
Next, calculate the shear modulus:

\[ G = \frac{2000}{40,000 ‘cdot \frac{2}{200} } \]

\[ G = \frac{2000}{40,000 ‘cdot 0.01} \]

\[ G = \frac{2000}{400} \]

\[ G = 5\, \text{MPa} \] </REASONING

[Conclusion stage: What is the final answer?

Therefore, the correct answer is C: 20 MPa.

CONCLUSION> B. 5 MPa

'CONCLUSION
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Zhou, C., Yu, L., Babu, A., Tirumala, K., Yasunaga, M., Shamis, L., ... & Levy, O. (2024). Transfusion: Predict the Next Token and Diffuse Images with One Multi-Modal Model. arXiv
preprint arXiv:2408.11039.
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