AR
EARE

REF




lestiroject!

-85 9 - Cebug - AnyCPU - el - [ N L ol

BankAccountTests.cs® & X ©
~ % Testraject1 BarkAccauntTosts

lectians.Generic;

tem.Lin

T addto

Coding assistant

Develop a
s

J[A))FREY (AR models) : MIESEMEIEBEMRAgent, FUAT IZhFE

User  What is funny about this image? Describe it panel by panel.

Software development

Source: hmmm (Reddit)

GPT-4  The image shows a package for a "Lightning Cable" adapter with three panels.
Panel 1: A smartphone with a VGA connector (a large, blue, 15-pin connector typically
used for computer monitors) plugged into its charging port.
onit.

Panel 3: A close-up of the VGA connector with a small Lightning connector (used for
charging iPhones and other Apple devices) at the end.

The humor in this image comes from the absurdity of plugging a large, outdated VGA
connector into a small, modern smartphone charging port.

Multimodal understanding

Volume 645 Issue 8081, 18 September 2025

Self-help

Large language models (LLMs) tend to be better at solving problems if they can be trained to
set out the steps they take as they try to reach the solution. This kind of ‘reasoning’ is similar
to how humans approach more complex problems, but it presents significant challenges for
artificial intelligence, requiring human intervention to add labels and annotations. In this
week’s issue, researchers at DeepSeek reveal how they trained a model not only to reason in
this way but also to do so with minimal human input. The model DeepSeek-R1 was trained
using reinforcement learning in which the model was rewarded with a high score when it
solved mathematical problems correctly and penalized when it got the answer wrong. As a
result, it learnt that reasoning — tackling the problem in a stepwise manner and revealing
those steps — was more likely to lead to the correct answer. This led DeepSeek-R1 to self-
verify and self-reflect, checking its performance before giving answers to new questions and

thereby improving its performance in coding and graduate-level science problems. — show all

Cover image: Nik Spencer/ Nature.

Reasoning

Panel 2: The package for the "Lightning Cable" adapter with a picture of a VGA connector
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Mercury Coder

Try our first commercial-grade diffusion LLM

How can | help you code?

Sora by OpenAl Mercury Coder by Inception Labs
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Unsupervised Pre-training

/ \ Correct output (label):

Input (features) a robot must

Figure 1: Left: A figure describing the VQ-VAE. Right: Visualisation of the embedding space. The
output of the encoder z(z) is mapped to the nearest point e. The gradient VL (in red) will push the
encoder to change its output, which could alter the configuration in the next forward pass.
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B B8R (discrete diffusion models)

Pre-training

Mask all tokens independently

1

+ Mask ratio t ~ U(0,1)
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Non-mask token , Random mask

Nie et al., Large Language Diffusion Models. ArXiv 2502.09992
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/ —— LLaDA 8B Base
—— LLaMA 3 8B Base
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HumanEval

C-Eval
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Mathematics

/ —— LLaDA 8B Instruct
—— LLaMA 3 8B Instruct

Math —— LLaMA 2 7B Instruct

MBPP
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LLaDA (The first Large Language Diffusion Model, RUC), nJiALLaMA3% /K F-
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SEED DIFFUSION: A LARGE-SCALE
DIFFUSION LANGUAGE MODEL WITH HIGH- @ PlECES

SPEED INFERENCE

RESOURCE: ARXIV.ORG

B SEED DIFFUSION PREVIEW (B3 4 GEMINI DIFFUSION  [BJ € MERCURY CODER (SMALL) [ € MERCURY CODER (MINI) |1 SEED CODER INSTRUCT

100% 2000 TOKEN/S

80% 1600 TOKEN/S

60% 1200 TOKEN/S

SCORE

40% 800 TOKEN/S

20% 400 TOKEN/S

0% @ TOKEN/S

LIVECODE BIGCODE MBPP HUMAN SPEED
BENCH* BENCH EVAL

Seed Diffusion Preview: A large scale language model based on discrete-state diffusion, specializing in code generation, achieves
an inference speed of 2,146 token/s, a 5.4x improvement over autoregressive models of comparable size.
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The cute dog annoyed the neighbors.

T 0L RAE T

cute 0.16 scared 0.18
barking 0.08 annoyed 0.15
black  0.05 calmed 0.09
The : dog : the neighbors.

Diffusion Language Model

The <MASK> dog <MASK> the neighbors.
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Autoregression: ‘/High quality ‘/Arbitrary-length JKV caching
Generation steps

There are three categories of the average
There are three categories of the average rate
There are three categories of the average rate of...

Diffusion: X Lower quality ) Fixed-length ~ ){ No KV caching

the reusability will continue to the
'l Repeal the reusability cuts and the law will continue to reduce the

Repeal the reusability cuts and prove the law will continue to reduce the deficit.

Block Diffusion (Ours): JHigh quality JArbitrary-length JKV caching

On September 17, we be
On September 17, 2016, we will be giving the release of
On September 17, 2016, we will be giving the beta-release of the to our server

I BRI AR

A B EEIH: & FKYV cache D 5K

X Not Parallelizable

/ Parallelizable

J Parallelizable ) .
Block diffusion

. * teacher forcing
testing ...

O ey HATER X BRTii, sedttds 7T

Arriola et al. Block Diffusion: Interpolating Between Autoregressive and Diffusion Language Models
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Discrete Diffusion Forcing (D2F): block-wiseli 57 4 Ji};, + inter-block 317

dLLMs a new that

dLLMs are a new type of that

dLLMs are a new type of that mix

dLLMs are a new type of AI that mix ideas from tech

dLLMs are a new type of AI that mix key ideas from modern tech
dLLMs are a new type of Al that mix key ideas from modern tech

dLLMs are a new type of AI that mix key ideas from modern tech .
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Wang, Xu, Jin, Jin, Hu, Zhang, & Deng. D2F: Diffusion LLMs Can Do Faster-Than-AR Inference via Discrete Diffusion Forcing. https://zhijie-group.github.io/Discrete-Diffusion-Forcing/

Semi-activated Block
Fully-activated Block
Cached Block

LLM
LLM
LLM to




J

5 [El3- SR SHESRE

Discrete Diffusion Forcing (D2F): & i3 L4 #R 78083471 2

DLLMS represent an innovative fusion of diffusion = models and large language  models

{

Monotonically Increasing Masks @

{
DLLMS an  innovative fusion diffusion large

s ) s )

[“ D2F dLLM ] < > [ Pre-Trained dLLM :i]

Block-wise Bidirectional
Causal Attention ) Full Attention

\. J

NN N

Wang, Xu, Jin, Jin, Hu, Zhang, & Deng. D2F: Diffusion LLMs Can Do Faster-Than-AR Inference via Discrete Diffusion Forcing. https://zhijie-group.github.io/Discrete-Diffusion-Forcing/
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Discrete Diffusion Forcing (D2F): Z(R

Test Set Method TPS 1 Latency (s) | Gen. Length Score 1
LLaDA-Instruct 7.2 (1.0x)  32.3(1.0x) 231 77.4
GSMSK dLLM-Cache 20.1 (2.8x) 11.5(2.8x) 231 77.5
4-shot Fast-dLLM (Prefix-Cache) 33.3 (4.6x) 7.0 (4.6x) 232 77.8
Fast-dLLM (Dual-Cache) 35.2 (4.9x) 6.6 (4.9x) 232 78.9
D2F-LLaDA 52.5 (7.3x) 2.8 (11.5x) 144 77.3
LLaDA-Instruct 09 (1.0x) 71.4(1.0x) 65 39.0
MBPP dLLM-Cache 2.3 (2.6x) 28.3(2.5x) 66 37.0
3-shot Fast-dLLM (Prefix-Cache) 13.0 (14.4x) 4.9 (14.6x) 64 37.6
Fast-dLLLM (Dual-Cache) 15.3 (17.0x) 3.8 (18.8x) o8 36.4
D2F-LLaDA 47.6 (52.9x) 1.4 (51.0x) 68 38.0
LLaDA-Instruct 2.8 (1.0x)  38.8 (1.0x) 107 36.0
HumanEval dLLM-Cache 4.5 (1.6x)  23.3(1.7x) 104 39.0
O-shot Fast-dLLM (Prefix-Cache) 13.7 (4.9x) 7.4 (5.2x) 102 38.4
Fast-dLLM (Dual-Cache) 19.2 (6.9x) 5.2 (7.5x) 100 35.4
D2F-LLaDA 81.6 (29.1x) 1.6 (24.3x) 133 40.2
LLaDA-Instruct 21.1 (1.0x) 11.5(1.0x) 243 23.7
Math dLLM-Cache 26.9 (1.3x) 9.1 (1.3x) 246 23.2
A-shot Fast-dLLM (Prefix-Cache) 47.7 (2.3x) 5.2 (2.2x) 246 22.4
Fast-dLLM (Dual-Cache) 42.5 (2.0x) 5.8 (2.0x) 246 22.4
D2F-LLaDA 90.2 (4.3x) 4.3 (2.7x) 384 29.1

Table 1: Performance comparison of various acceleration methods on the LLaDA-Instruct model.
Speedup ratios relative to the baseline are shown in (green). All baseline methods use the default

sampling configuration from the original LLaDA implementation.

XTI AR HYDLLMSs, ARG A B
3B 2 R i S04 By fin s

Wang, Xu, Jin, Jin, Hu, Zhang, & Deng. D2F: Diffusion LLMs Can Do Faster-Than-AR Inference via Discrete Diffusion Forcing. https://zhijie-group.github.io/Discrete-Diffusion-Forcing/
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Discrete Diffusion Forcing (D2F): demo

D2F-LLaDA-Instruct-8B LLaMA3-Instruct-8B

Wang, Xu, Jin, Jin, Hu, Zhang, & Deng. D2F: Diffusion LLMs Can Do Faster-Than-AR Inference via Discrete Diffusion Forcing. https://zhijie-group.github.io/Discrete-Diffusion-Forcing/
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Discrete Diffusion Forcing (D2F): demo

Enter your question

Solve the equation x% - gx + 8 = 0.

Wang, Xu, Jin, Jin, Hu, Zhang, & Deng. D2F: Diffusion LLMs Can Do Faster-Than-AR Inference via Discrete Diffusion Forcing. https://zhijie-group.github.io/Discrete-Diffusion-Forcing/
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Discrete Diffusion Forcing (D2F):

GSM8K-4-shot

40.8

EIIJ'LI: = *Eﬂ

HumanEval-0-shot

Figure 1. D2F dLLMs surpass similarly-sized autoregressive (AR) models in inference speed for
the first time, achieving up to 2.5x higher throughput than LLaMA3 and Qwen2.5. This
comparison includes vanilla dLLMs, previous acceleration methods, and AR baselines.

AR R A RBERY G B oY IR BT = B

GSM8k-4-shot MBPP-3-shot
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Throughput (tokens/sec) . Throughput (tokens/sec)
Methods Parameter Details
—=- D2F-Dream-Base-7B % LLaMA3-Instruct-8B @ T act=T_conf=0.95 V T act=T_conf=0.8 M steps=256
—=- Dream-Base-7B Qwen2.5-Base-7B B Tt act=T_conf=0.9 € T_act=T_conf=0.7 A steps=128

A T_act=T_conf=0.85 @® steps=512

L T 525 A Throughput vs.
performance trade-off

Wang, Xu, Jin, Jin, Hu, Zhang, & Deng. D2F: Diffusion LLMs Can Do Faster-Than-AR Inference via Discrete Diffusion Forcing. https://zhijie-group.github.io/Discrete-Diffusion-Forcing/
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enforce eager True
#EE 5] % D2F-Engine: 3t T Nano-vLLM3CBl LA & fic
data_parallel size 4
Method TPS (Throughput) Score tensor_parallel_size 1
HF Backend 70.37 47.56 e 0.3
gpu_memory_utilization
HumanEval
D2fEngine 716.31 (179.08 x 4) 50.61 max_num batched tokens 120
64
HF Backend 93.71 78.17 max_num_seqs
GSMS8K-CoT 5120
max_model len
D2fEngine 1182.76 (295.69 x 4) 75.59 - -
complete threshold 0.95
Model: Dream-v(-Base-7B; Devices: 4 * H20-NVLink 96G
add new block threshold 0.90
unified

https://github.com/zhijie-group/d2f vlim kv _cache layout



FRRDEEOIRE T S E M scale?
 batch-size=1, D2F F#%&:/ stepr] DLf#ES3.x token
ZEZELLMPHEN##S: 2 proposals, F1T5wilk

dLLMs are a new type of that mix

dLLMs are a new type of Al that mix ideas from
Generating Branches
~_—
1 Al that mix ideas from modern

dLLMs are a new type of 2 Al that mix key ideas from

3 Al that mix ideas from
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 batch-size=1, D2F F#%&:/ stepr] DLf#ES3.x token
* D2F #EfFERS: ~F3% 1 stepfifig >7 4-token, [R]If~FHpH:EE LA T

gsm8k tokens/steps score mbpp tokens/steps score
D2F 3.3 77.9 D2F 2.8 37.6
D2F+FHAT 5k 7.7 76.3 D2F+ AT 4 Ik 5.1 38.6
humaneval tokens/steps score math tokens/steps score
D2F 3.5 40.2 D2F 3.2 29.1
D2F+JFAT 9k 6.1 38.4 D2F+Hf 4T 4 1IE 7.2 30.7

Model: LLaDA-Instruct-7B
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https://github.com/zhijie-group/Discrete-Diffusion-Forcing https://github.com/zhijie-group/d2f_vlim
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“Please replace food contains most vitamin with an orange.”

Input Image  InstructPix2Pix =~ MagicBrush InstructDiffusion = SmartEdit-7B GPT-40

Yan, Zhiyuan, et al. "Gpt-imgeval: A comprehensive benchmark for diagnosing gpt4o in image generation." arXiv:2504.02782 (2025).
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¢ draw a design for a vehicle with triangular wheels, using these images as reference.
¢ label the front wheel, the back wheel, and at the of the diagram say (in small caps)
¢ TRIANGLE WHEELED VEHICLE. English Patent. 2025. OPENAI.
An anime draw of <a baby emu

3 and <a dog>

running F
<a dog 8 and <a dog>E‘J o e
- Z g City

- street

TRIANGLE WHEELED VEHICLE.
English Patent. 2025
OPENAI

Best of ~16

Sun, Quan, et al. "Generative multimodal models are in-context learners." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.

https://openai.com/index/introducing-4o-image-generation/
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FH 8k

Text Image
i__i [BOI] token text tokenizer vision encoder
3 teotoken W EE L R R R
j__i discrete text token v vV -\I,- -\I,- RV \ W/ \ learnable codebook
[] continuous image patch text embedding module & vision embedding module . .
image embedding layer
2 2R 2 2 2 2 2 2
condition f;
Transformer
v~ 5 mLp
v VvV Q\I/ v vy oV % noise
LM head diffusion head \l/d
noise prediction
vV ¥ v o v vy
i";'i E“—s-é g""i ?1_15_5 o0 o " - [’fl_"_i diffusion modeling for p(v;44|f;)

o HIE[HTransformerFT+ (FH#IKV Cache)

o NbFH B HLP AR token 1A 2L 1) £l i feature  (FETELEVAE)
o ETZM: 2 E X Hjlanguage headFfldiffusion MLP43-5 4 i I (Ztoken/patch)

Kou, Jin, Liu, Ma, Jia, Chen, Jiang, Deng. Orthus: Autoregressive Interleaved Image-Text Generation with Modality-Specific Heads. ICML 2025
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HH%—#A (41: Chameleon) : =0
Orthus: t=1

Me=ORTERL 18 J 3l

« 72/~A100 GPU hoursBfi r] 5% Orthus-7B-base

¥ ih B VQ-VAEH K T VAE

0% L o B

LM head

Chameleon

Autoregressive (causal attn)

Model PSNR+t SSIM [63]1
VQ-VAE 23.7 0.80
Ours 26.1 0.84

Kou, Jin, Liu, Ma, Jia, Chen, Jiang, Deng. Orthus: Autoregressive Interleaved Image-Text Generation with Modality-Specific Heads. ICML 2025
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. Diffusion head}| % i s B
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LM head

Autoregressive (causal attn)

o MCE|E /B B FEA RS A/ ERE 5
o 1:1JBALlaVA-v1.5-665K38 1 AZFE A5 i
= A EEPEJourneyDB. LAION-COCO-
aesthetic (recaptioned from ShareGPT-4v)

Lorthus = Lar + ALaitr

Kou, Jin, Liu, Ma, Jia, Chen, Jiang, Deng. Orthus: Autoregressive Interleaved Image-Text Generation with Modality-Specific Heads. ICML 2025
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Table 4. Comparisons of the performance of Orthus via separate Table 5. Ablation study on the choice of vision embedding modules
training and unified training across multimodal benchmarks. on visual understanding tasks.

Type Laitr Lor POPET MME-PT GQA?T GenEvalt Type = POPEt MME-P1T VQAv21T GQAT MMMU?

Und. only X v 787 12442 519 - softmax 78.7 1244.2 60.8 51.9 28.0

Gen. only X - - - 0.56 argmin  77.6 1064.8 57.9 50.1 26.7

Und. & Gen. v v 79.6 1265.8 52.8 0.58 linear 70.4 800.7 50.3 44.5 223
e sk DA S 1 [ A ] 22 S B o > m] DASE B +1>2 RS EMR R T LR A 55 B, {H SR

REY =)

Kou, Jin, Liu, Ma, Jia, Chen, Jiang, Deng. Orthus: Autoregressive Interleaved Image-Text Generation with Modality-Specific Heads. ICML 2025
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. EZEGHEfERAR LEW T IUER S A4 B E ChameleonfIShow-o, F:7E 3 3 B A B

| =) *“ J:ﬁ ‘-‘I‘ Table 2. Evaluation on visual understanding benchmarks. Und. and Gen. denote “understanding” and “generation”, respectively.
»
GenEval j:E' /]\ l. SDXL Models using external pre-trained diffusion models are marked with * and Chameleon' is post-trained with the same dataset as Orthus.

The results in bold and underline are the best and second-best results, respectively. The results correspond to the exact match accuracy.

Table 3. Comparison with state-of-the-arts on visual generation Type Model #Params POPET MME-Pt VQAv2? GQAT MMMU?t
benchmarks. Model using external pre-trained diffusion model LlaVa (Liu et al., 2024d) B 763 809.6 _ - -
is marked with * and Chameleon' is post-trained with the same LlaVA-v1.5 (Lil'l, et al., 2024b) 7B 859 15107 785 620 35.4
dataset as Orthus. The results in bold and underline are the best InstructBLIP (Dai et z;i_’ 2023) 7B N o R 492 N
and second-best results, respectively. Und. Only ) en-VL-Chat (Bai et al., 2023) 7B - 14875 782 575 -
Emu3-Chat (Wang et al., 2024) 8B 85.2 1243.8 75.1 60.3 31.6
Type Model Res. GenEval HPS InstructBLIP (Dai et al., 2023) 13B 789 12128 - 495 -
SDv1.5 (Rombach et al., 2022) 512 043 27.0 Emu” (Sun ft al., 2023) 13B - - 52.0 - -
SDv2.1 (Rombach et al., 2022) 512 0.50 272 S (o e o 1am : T
Gen. DALL-E (Ramesh et al., 2022) 512 0.52 269 [ v ’ ) ’
o D] Ge; . ) Und. and Gep, Show-o (Xie etal., 2024) 13B 738 9484 593 487  25.1
- getal,2024) 512 0.54 - LWM (Liu et al., 2024¢) 7B 75.2 - 55.8 44.8 -
SDXL (Podell et al., 2023) 512 055 309 Chameleon’ 7B 77.8 1056.9 57.8 49.6 26.7
SD3(d=30) (Esser et al., 2024) 512 0.64 _ Orthus (Ours) 7B 79.6 1265.8 63.2 52.8 28.2
SEED-X"* (Ge et al., 2024) 448  0.49 -
Ung, WM (Liu et al., 2024e) 256 047 26.1 Model Res. GenEval 7 HPSv2! POPET MMET GQAT
nd. .
Show-o (Xie et al., 2024) 256 053 273 Orthus 512  0.58 282  79.6 12658 52.8
Gen. Transfusion (Zhou et al., 2024) 256  0.63 -
Chameleon' 512 043 269 VILA.U 256 040 253 839 13362 583
Orthus (Ours) 512 0.58  28.2 Janus 384  0.61 278 87.0 13380 59.1

Kou, Jin, Liu, Ma, Jia, Chen, Jiang, Deng. Orthus: Autoregressive Interleaved Image-Text Generation with Modality-Specific Heads. ICML 2025
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Show-o Chameleon Orthus

Oil painting portrait of a young woman in a field of flowers
at sunset with mountains in the background.

Kou, Jin, Liu, Ma, Jia, Chen, Jiang, Deng. Orthus: Autoregressive Interleaved Image-Text Generation with Modality-Specific Heads. ICML 2025



Orthus:

In-domain editing

Add a rainbow. Make the suit red.

Remove the cat. Make it snow.
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In-context editing

® According to the

following examples:
input:

Generate an output
for the input:
v

Y&

(E;) Please continue this story:

| One sunny morning,
, George the curious

monkey and his friend
decided to visit the
bustling city park.
They started their
adventure by exploring
a colorful playground.

After a while,
George, decided to
take a break and
sat on the grass,
enjoying the
peaceful trees and
the buildings.

Please continue this story:

'*4,
s

On a snowy day,
George, the small
figure in red winter
gear, was excited to
help his friend, the
man in the yellow hat
and red scarf. They
were outside their
blue house.

After shoveling,
the man in the
orange hat stood
contentedly in the
snowy landscape,
his smile bright
against the
overcast sky.

George, was also
out in the snowy
landscape. He wore
a red jacket, hat,
and gloves,
wondering if more
snow was on the way.

demo+

_>%\

II)Q'

@ Please continue this story:

Startled, George
stood in the dark
forest, his large,
menacing shadow
cast on the trees.
His flashlight lay
on the ground,
projecting the
frightening
silhouette.

But George was not
one to be scared
easily.

He stood inside a
lively cave, ready
for an adventure.
The hint of light
peering behind him
cast a soft glow,
making his eyes
sparkle with
curiosity.

In the shadowy
forest, George
spotted a red ball.
He quickly grabbed
it, excited about
his new find. Trees
and bushes,
illuminated by a
light source,
surrounded him.

With a smile on
his face, George
stood in the cave
with his arms
outstretched. He
was enjoying his
adventure,
surrounded by
stalactites and a
glowing light.

II)Q'
)<|,
) g

X->EIX

Table 1. Comparisons of CLIP similarities (Ruiz et al., 2023; Gal
et al., 2022) between editing-specific diffusion models and Orthus
on the test dataset of Instruct-Pix2Pix.

Model -t -It -D1

PnP (Tumanyan et al., 2023) 0.156 0.76 0.023

SDEdit (Meng et al.) 0.229 0.84 0.047

I-Pix2Pix (Brooks et al., 2023) 0.233 0.88 0.045

Orthus (Ours) 0.238 0.87 0.049

AU
5 A RE S 45 A
Orthus Show-o NEXT-GPT MiniGPT-5 GILL SEED-X

OpenINGIVD 1 63 5.1 5.2 5.3 62 80

SR B A AR A

Kou, Jin, Liu, Ma, Jia, Chen, Jiang, Deng. Orthus: Autoregressive Interleaved Image-Text Generation with Modality-Specific Heads. ICML 2025
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Kou, Jin, Liu, Ma, Jia, Chen, Jiang, Deng. Orthus: Autoregressive Interleaved Image-Text Generation with Modality-Specific Heads. ICML 2025
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& ™ AT Bk 2 IR NextStep-1 Z iR SR EY

Table 2 | Comparison of image-text alignment on GenEval (Ghosh et al., 2023), GenAI-Bench (Lin et al.,
2024), and DPG-Bench (Hu et al., 2024). * result is with rewriting. f result is with Self-CoT.

GenAlI-Bench?

Method GenEvalT DPG-Bench?
Basic Advanced
Proprietary
__________ DALL-E 3 (Betker et al., 2023) 0.67 0.90 0.70 83.50
o passsEsEE Mean Square Error Seedream 3.0 (Gao et al., 2025) 0.84 - - 88.27
dog on rock Next Token Prediction - Q ﬁ feeil | ; GPT4o (OpenAl, 2025b) 0.84 - - 85.15
LM Head Flow Matching Head P\::(I‘?:tlitgn Diffusion
I l I I I I """ l I """ I I I Target Patch Stable Diffusion 1.5 (Rombach et al., 2022) 0.43 - - -
\\\ F|°“f Stable Diffusion XL (Podell et al., 2024) 0.55 0.83 0.63 74.65
N M:tch;ng - T:I'::t Stable Diffusion 3 Medium (Esser et al., 2024) 0.74 0.88 0.65 84.08
Causal Transformer = Stable Diffusion 3.5 Large (Esser et al., 2024) 0.71 0.88 0.66 83.38
%\ ' PixArt-Alpha (Chen et al., 2024b) 0.48 - - 71.11
N Flux.1-dev (Labs, 2024) 0.66 0.86 0.65 83.79
Bk BEEERE - [ I B AN I 1-t Transfusion (Zhou et al., 2025) 0.63 - - -
- Hidden State Noise Sample CogView4 (Z.ai, 2025) 0.73 - - 85.13
Text Tokenizer _—% % Image Tokenizer N Lumina-Image 2.0 (Qin et al., 2025) 0.73 - - 87.20
= : b Patch-Wise Flow Matching HlDream-.Il-Full (Cai et al., 2025) 0.83 0.91 0.66 85.89
bos] dog on rock #,g},_, boil - a ﬁ fecll - J/ Mogao (Liao et al., 2025) 0.89 - 0.68 84.33
BAGEL (Deng et al., 2025) 0.82/0.88" 0.89/0.86" 0.69/0.75% 85.07
Show-02-7B (Xie et al., 2025b) 0.76 - - 86.14
Figure 2 | Overview of NextStep-1 Framework. NextStep-1 employs a causal transformer to process 8&:5‘;‘2 (:‘(Iblvit :tla fogggga) 0.8%/ 57.86* - - gg.gz
tokenized text and image tokens. During training, Flow Matching Head predicts the continuous flow 8 . ” - -
from a noise sample to the next target image patch, conditioned on the output hidden state. At inference, AutoRegressive
this allows for generating images by iteratively guiding noise to create the next patch. SEED-X (Ge et al., 2024) 0.49 0.86 0.70 -
Show-o (Xie et al., 2024) 0.53 0.70 0.60 -
VILA-U (Wu et al.,, 2024) - 0.76 0.64 -
Emu3 (Wang et al., 2024b) 0.54/0.65* 0.78 0.60 80.60
SimpleAR (Wang et al., 2025c) 0.63 - - 81.97
Fluid (Fan et al., 2024) 0.69 - - -
Infinity (Han et al., 2025) 0.79 - - 86.60
Janus-Pro-7B (Chen et al., 2025b) 0.80 0.86 0.66 84.19
Token-Shuffle (Ma et al., 2025b) 0.62 0.78 0.67 -
NextStep-1 0.63/0.737 0.88/0.907  0.67/0.74 85.28

A ERISOTA

NextStep-1: Toward Autoregressive Image Generation with Continuous Tokens at Scale. https://arxiv.org/pdf/2508.10711
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* Vision-language-action (VLA)!
* VLAN A TR B - ESHE 5 38
* long-horizonff:5%: FEIX B, TEISALRIIMITT

ol

< -/ Sub-task 1: Put the pen in the pen holder.

~
} Sub-task 2: Put the book on the bookshelf.

| YU -

|
1 Sub-task 3: Close the laptop -
\

[ U U U U S U U U UG U U

» BRI B AR (Bia->F1E5%) SIREshEsS (F1E5->3011)
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Table 2: Comparison of the average award (%) and success rate (%) on LoHoRavens benchmark.
Bold entries indicate the highest success rates, underlined entries indicate the second-highest.

] LoHoRavens
Tasks Vanilla VLA — — LoHoVLA "Move all blocks of a color
Explicit feedback  Implicit feedback that occur in even numbers to
A 79.0 / 79.0 67.3/ - 67.3/ - 77.5171.5 the same colored zone."
Seen B 14.9/0.0 314/ - 37.0/- 97.8/91.5
Tasks C 26.8/0.5 18.0/ - 22.1/- 349/225
D 32.3/3.0 30.4/ - 33.2/- 358/11.5
E 22.1/3.5 9.6/- 82/- 85.1/81.0
F 52.1/9.0 28.5/ - 21.1/- 86.1/41.0
G 6.8/0.0 21.9/- 14.7 / - 40.1/25.0
Unseen | H 7.3/0.0 13.2/- 52/- 16.7 /7.5
Tasks | I 43.1/1.5 12.8/ - 11.7/ - 77.2/52.0
J 38.6/10.5 274/ - 2721/ - 43.6/22.0
K 58.2/33.0 4.0/ - 6.8/ - 73.8/54.5 "Stack blocks of the same color

1n the zone with same color,
with bigger blocks underneath."
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