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NOISE_STEP: TRAINING IN 1.58B WITH NO GRADIENT MEMORY
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Will Brickner
wgbrickner@gmail. com
December 23, 2024
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Figure 1: noise_step loss and accuracy curves Figure 2: Adam optimizer loss and accuracy curves,
{ samples=128, density=6 x 107> — 3.7 x 107° } default parameters.
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Paper: https://github.com/wbrickner/noise_step/blob/main/latex/noise_step.pdf
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Scaling of Search and Learning: A Roadmap to Reproduce ol
from Reinforcement Learning Perspective
Zhiyuan Zeng'* Qinyuan Cheng'* Zhangyue Yin'* Bo Wang'*
Shimin Li' Yunhua Zhou® Qipeng Guo® Xuanjing Huang' Xipeng Qiu'’
'Fudan University
?Shanghai Al Laboratory
ABE

AORE T —RETRUEIUMEREE, LASH OpenAl ol HEIRGEXIEIERENABIR, RADHT
THONKRAN: REEHIGAIE (Policy Initialization) | R[higit (Reward Design) . #% (Search) f1%
3 (Learning) . XLRHHFEIZIET ol HENGEIEAES], FEAMBHITERIES, MAESHR. BEK
ELARERSRENBRRITE, IEXEBIDTIATFRIBIIEFCIER, HMEEEERAMIEEIN o-1 KX

IESRE (LLM) RETRSEMES.

I Reward Design ]

Reinforcement Learning
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: (_\ Policy/

| Policy Initialization l

Figure 1: The overview of this roadmap including policy initialization, reward design, search and
learning.
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Search) FfIFFFEIE (Sequential Revisions) , AEFMESRMHERITE.

o EETEFIERPENFISTARENES, BUSIEREFRISKIHIIME/EEE, 5% AlphaGo
AR ThERBIRR T RS F IR EIER.
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Paper:https://arxiv.org/pdf/2412.14135
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Memory Layers at Scale
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Memory Layers at Scale

Vincent-Pierre Berges®, Barlas Oguz”®, Daniel Haziza, Wen-tau Yih, Luke Zettlemoyer, Gargi Ghosh

Meta FAIR

*Main authors
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Figure1 Scaling the size of the memory for a 1.3 billion parameter base model (zero memory parameters corresponds
to a dense model), trained to 1 trillion tokens. On the left, factual QA accuracy (exact match on NaturalQuestions
and F1 score on TriviaQA), on the right task NLL (lower is better). Dashed lines show the performance of a 7B model
trained on 2 trillion tokens with 10x more FLOPs.
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o RUHT—ETRIANGFELI, STHHRK 1280 CREFESEL, Haeexu)IIgz] 1 512 tokens, FRIHM

FHUT R,
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Paper:https://arxiv.org/pdf/2412.09764

Code:https://github.com/facebookresearch/memory

Blog:https://ai.meta.com/blog/meta-fair-updates-agents-robustness-safety-architecture
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LongDocURL: a Comprehensive Multimodal Long Document Benchmark Integrating Understanding,
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LongDocURL: a Comprehensive Multimodal Long Document Benchmark
Integrating Understanding, Reasoning, and Locating

Chao Deng Jlale Yuan®", Pi Bu’ PEIJle Wang Zhong-Zhi Li', Jlan Xu’',
Xiao-Hui Li', Yuan Gao®, Jun Song®*, Bo Zheng’, Cheng-Lin Liu*
MALIS, Institute of Automation of Chinese Academy of Sciences’

School of Artificial Intelligence, University of Chinese Academy of Sciences§, Alibaba Group®
{dengchao2023, wangpeijie2023, lizhongzhi2022, jian.xu } @ia. ac.cn’,
{yuanjiale.yjl, bupi.wj, jsong.sj, bozheng} @alibaba-inc.com”,

{xiaohui.li, liucl} @nlpr.ia. ac.cn®
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AIHRHT LongDocURL, — e HERISRSIKIAEEE, STERRIVE RIEEE T ZMEE RS
TTERMKBASRITA, LongDocURL EET=AFEES: HER. HEEEBTREN. ZEEE8S
20 NHESS, MEARETHIMESEE, BinRASHSUSIERESIIEETHE. A THEIZEE,
FIRAIR T T — N EMAIEUETEENE, M 33,000 ZTRIEHIE T 2,325 MNERETNEY., BdAES
NFFEAIAREEL L TIHE, NSOG8 7 SRR e EISASRTRIMREEE, FHEMT LongDocURL il

IHEE Rt — ARSI IR R S BT,

43622.6 *

w
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§ RHEE MP-DocVQA
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>

b DocVQA

1515 = ChartQA

10 8.0 s 856
Avg. Pages

Figure 1: Comparison with other datasets in average
pages and text tokens per document.
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o FFRMIAFEAEEIAT T SEAHE, B2 7 SRfREES TUGEEPRIMREEIR, RR Nz
SRS .

o BUHIERENGIHN, RETXTAREER. E55REFIRTTRAVBRIEE, 18887 AR SE
el Nfyni IR

o R RBEEIGRBERESRSIKUSHISTHERN, THENF R UBRERIFNE.
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Paper:https://arxiv.org/pdf/2412.18424
Github:https://github.com/dengc2023/LongDocURL
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1.58-bit FLUX
HER
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1.58-bit FLUX
Chenglin Yang', Celong Liu', Xueging Deng', Dongwon Kim?,
Xing Mei', Xiaohui Shen', Liang-Chieh Chen'
'ByteDance *POSTECH
https://chenglin-yang.github.io/1.58bit.flux.github.ic/
REHRE

AMANET 1.58-bit FLUX, iXEE—NEINHE FLUX XAZIBGAREET 1.58 MBS E, 1%
AiEET BRI EREES (Vision Transformer) IERTIA=FME (-1,0, +1) , EAKETEIGEIE

AITESE FSCIl T IREURAAVEN, NMBERFE 7 RENIFMER K. BESINEIUHRY 1.58 fitE Wz,
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1.58-bit FLUX fER/ MR RIEFIHER N BRIERS, RS T HEREE, KERISLINITFAZRE, 1.58-bit
FLUX ESNEENS PRI H S SRBE FLUX BEMNERRE, HEZRATITENER.

FLUX 1.58-bit FLUX FLUX 1.58-bit FLUX

—
Aman is holding a solderingiron and repairing a broken
electronic device.

Abirdbehind a rabbit. Atelevisiononthe topofa bird.

Figure 1. Visual comparisons between FLUX and 1.58-bit FLUX. 1.58-bit FLUX demonstrates comparable generation guality to FLUX
while employing 1.58-bit quantization, where 99.5% of the 11.9B parameters in the vision transformer are constrained to the values +1,
-1, or 0. For consistency, all images in each comparison are generated using the same latent noise input. 1.58-bit FLUX utilizes a custom
1.58-bit kernel. Additional visual comparisons are provided in Fig. 3 and Fig_ 4.

£
e IRHT 1.58-bit FLUX, ENXIEI 1.58 IRl FLUX MIZIEHREEM 99.5% 8%, BERETFHEX.

® JFEART—MERT 1.58 MTEMMRIERAZ, HHKT 7.7 (BRREFEESEM 5.1 SAVHEERERD, B

RHES 7 HEEER,
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o SCIRZEERERAA, 1.58-bit FLUXTE T2I (XAZIER) ERRIZNEENNF, SR FLUXEEIEEE,
ERREIRBEE T,

o TREFEZRIZE (WBohgs) L, 1.58-bit FLUX BI T BIFAIHENE, B#ET —N=S00ES

M

o ZIEAMKEGEYE, REAEWETHIHITEN, TR T ENSEEEMEEFIINAEE.

EE S

Paper:https://arxiv.org/pdf/2412.18653
Project: https://chenglin-yang.github.io/1.58bit.flux.github.io/
Code: https://github.com/Chenglin-Yang/1.58bit.flux
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Next Token Prediction Towards Multimodal Intelligence: A Comprehensive Survey
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Next Token Prediction Towards Multimodal Intelligence: A
Comprehensive Survey
LIANG CHEN'f ZEKUN WANG?* SHUHUAI REN' LEI LI* HAOZHE ZHAO"™ YUNSHUI
LI** ZEFAN CAI' HONGCHENG GUO? LEI ZHANG* YIZHE XIONG® YICHI ZHANG!
RUOYU WU! QINGXIU DONG' GE ZHANG® JIAN YANG® LINGWEI MENG’ SHUJIE
HU’ YULONG CHEN® JUNYANG LIN® SHUAI BAI®* ANDREAS VLACHOS® XU TAN!
MINJIA ZHANG'! WEN XIAO'® AARON YEE'*!* TIANYU LIU® BAOBAO CHANG!

SESSHES

RN LHAR T HRSHESAT— MRETUNU (Next Token Prediction, NTP) 752895 E. NTP &

PRTEAESMETINESERES, BHEAIRESEE (LLMs) RIKRE, NTP#4 REMMESFME
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SHUEHE, WEHR. YR ST, BIRBARRSHEREROTRCHE L PN F—MriS, NTP &8
PBRISAIEEMEANERESS. ICSRH T—TRaRIDETTE, s 7 SRR, MMNTP 281581 4t

—ESFR. BERESIHELRE

APk, 1ZDRTTEETENARARRE—IMELR, FBUfLIEINF bR
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Fig. 1. Historical development of LMMs utilizing Next-Token Prediction. Models featuring vision and more
modalities are set in blue background while models that support audio modality are set in green backgrounds.
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o RHTEZEETHINTPES, H—TARRS THIERSEMES, RASKESEINROUITIE.

® NETHMEBRIRCHT Z—BEURCHSIESIFCH, DIREIERG. TR, ERERSHRIN
H.

o ST ZIEMERAVEEN, EIEAEIE Transformer SEMIMEREIRZSHIETR.

o PNRETESNREUEEIITENE, FHEHT NTP REESRSES RIS Shtik.

EE S

Paper:https://arxiv.org/pdf/2412.18619
Github:https://github.com/LMM101/Awesome-Multimodal-Next-Token-Prediction
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Titans: Learning to Memorize at Test Time

HHA

2024-12-31

Titans: Learning to Memorize at Test Time

Ali Behrouz', Peilin Zhong', and Vahab Mirrokni'

TGoogle Research

{alibehrouz, peilinz, mirrokni}@google.com

AEHE

IEIRE T &) Titans RUFIELREF ISR, BITRIHREKHRCIZER (Neural Long-Term
Memory Module, LMM) , ##R7 Transformer FIIZtt RNN fEIRFFISNE, iZ{CaENSICIZiRam
RIBRRYE. Titans ZRMIEEGIGHRICIZ (Attention) FIKERCIZ (LMM) |, BEBFENIRRIZNAES). iCiZAE
SIEE, BRRTHEALESER. BiRMEE. IEFFIFEN. DNA S&ESESHRIERM. Lok, Titans 7£
B ETXEO (>2M tokens) ESHRIMATMENEMEE (40 Transformer FIHLLME RNN) |, &

W TR IR,
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Figure 2: Memory as a Context (MAC) Architecture. This architecture includes three branches of (1) core, (2) contextual
(long-term) memory, and (3) persistent memory. The core branch concatenates the corresponding long-term and persistent
memories with the input sequence. Next, attention performs on the sequence and decides what part of the information
should store in the long-term memory. At the test time, parameters corresponds to contextual memory are still learning,
parameters corresponds to the core branch are responsible for in-context learning, and parameters of persistent memory
are responsible to store the knowledge about tasks and so are fixed.
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Figure 4: Memory as a Gate (MAG) Architecture. This architecture, similarly, has the three branches of (1) core, (2)
contextual memory, and (3) persistent memory. It, however, incorporates only persistent memory into the context and
combine memory with the core branch using a gating mechanism. At test time, the behavior is the same as Figure 2.

Test Time

Neural Memory

Sequence

Core
Attention
N
In-Context
Learning

Learnable Data-Independent Weights

Persistent
Memory
Fixed

Figure 5: Memory as a Layer (MAL) Architecture. In this architecture, the memory layer is responsible to compress the
past and current context before the attention module.

FERR
o RHEMEZKHACIZRIR (LMM) iR T —FMEREIKHRCIZIER, et sl CIZAE A LIRS

FIMEFCIZ, BARET "RE" EENNICIZEFE, ESRMmZHEE.
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o ST(REEMNZIT: IRHET=# Titans Z2Z5K (Memory as Context, Memory as Gating, Memory as
alayer) , DENSIKHRCIZESIEA LT, MENBEIRZE, HEABESHER, BR e saEs
AR .

o KIFFIERRES: Titans ZRMMEER ETXEM (>2M tokens) {ISHERIME, THE "KiBiHH"
1255 (Needle-in-Haystack) FISZHERESPILT GPT-4 FIHM: SOTA f&REL,

o REICIZERIE: BIILIRIGIEREICIZER (Deep Memory) BIEE, AIMERAICIZRREER
ZRFHERERFINESTRIMRE, RNER T RE SRR,

o [ZNASEMME: Titans FEESEE. BIRHEE. FERZIFUUA DNA SEREZMEESHNTIN
BiRE, FNSFES0N)IGSHEE, Br 7 HeitEESEmt.

EE S

Paper:https://arxiv.org/pdf/2501.00663

® iE/\

Metadata Conditioning Accelerates Language Model Pre-training

HHA
2025-1-3
Metadata Conditioning Accelerates Language
Model Pre-training
Tianyu Gao Alexander Wettig Luxi He Yihe Dong Sadhika Malladi Dangi Chen
Princeton Language and Intelligence, Princeton University
tianyugéprinceton.edu
AEHE
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ARE T —FHE G E—taUERAT (Metadata Conditioning then Cooldown, &#R MeCo) ,
AT INRESRERITUGR. (CHRTN)GEERRSE, BEAERNTEIIRE, WEXESRETEEEH
k. MeCo BISTE)IZSFERIGTEdE (MM URL) SA—EBHIN, #EIEEE)|4I2h B IRig
MAAXEEUERIE RER. HEEERS TGRSR, HOTHBVIGEEE, BEY Q40" MR
I RIRE RS HEERT TTATT R, MeCo AMIEFT T TIGRIZER, IMES R RES R R P BT &4
WHEE, FIRSERTEIERS [ SREEENTTETURRIAR. SEIRERK, (/A MeCo FREEZME

ShFUHE, FEEBRDEEENAR.

Standard Pre-training Metadata Conditioning then Cooldown (MeCo) —e= Standard === MeCo
~ Train on raw documents directly ——— First 90%: prepend metadata (URLs) to documents S5 10-Task Avg.
Tim doesn’'t Cook any more. URL: reddit.com || Tim doesn't Cook any more. oo
Tim Cook is the CEO of Apple. URL: wikipedia.org ' Tim Cook is the CEO of Apple. = - ..{T
&= e
> L .
Tim travels with his iPad. URL: wsj.com || Tim travels with his iPad. E /---f —
= 3 339 less
Apple Q3 did not look good. URL: bloomberg.com | Apple Q3 did not look good. E /'
Huang's net worth is at $122.48. | Last 10%: standard pre-training as “cooldown” L :
Nvidia is skyrocketing because of Al. [ Nvidia is skyrocketing because of Al. 80 160 240
A £ #Training Tokens (B)

Figure 1: A comparison between data used by standard pre-training and MeCo. The figure
on the right demonstrates 5-shot downstream task performance averaged across 10 tasks
(1.6B models; details about the experiments can be found in §3).

FERR

o EHT MeCo 75i%k, EISETUIEMEINMATTEIEAT, BERSESHEEAIIGER, mM 33%H9EK
TEERE.

® MeCo BB "1QA" MIERMBIREEMEHEERTHRTEURE, B T REASERMIIRES.

o BIFRMUAE, MeCo RIFEISCINNRIESLEEMIITEIERS ISERENFEEKRNRNE, K&

T RERT AT MR ESS RN
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o TESNMERNE (M 600M 2| 8B 247) MEUES (40 C4. RefinedWeb, DCLM) £, MeCo #ZF=RMH
TREFRIMERERTT, BEITIAER, KRENFIMTETTE.

o MeCoMBIRMPEEENATIAREN, B 7 EEEERNERIIR 2, TEREERN
Wikipedia.org IX#FHITTEERS, BERRURDSIEER.

EE S

Paper:https://arxiv.org/pdf/2501.01956

Github:https://github.com/princeton-pli/MeCo

® iEXN

2.5 Years in Class: A Multimodal Textbook for Vision-Language Pretraining

E1HA
2025-1-3
8 2.5 Years in Class:
A Multimodal Textbook for Vision-Language Pretraining
Wengqi Zhang'” Hang Zhang? Xin Li>f Jiashuo Sun’
Yongliang Shen' Weiming Lu' T Deli Zhao? Yueting Zhuang' Lidong Bing?
!College of Computer Science and Technology, Zhejiang University
*DAMO Academy, Alibaba Group
zhangwenqi@zju.edu.cn
Project: https://multimodal-interleaved-textbook.github.io/
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ARHT—MERENSESHM, BTUR-ESEE (VIM) B9Fll4. 2BMETET 2.5 F493
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FhEEIRA (ASR) XAMNEFEFFRFRAI (OCR) MA, XSS LA EINFBR B AT ERIST. L

FERER, ESMAIREEEAHEEES (W0 ScienceQA 1 MathVista) £, EF Iz 770140915

KMNF, FREESHERP R T BERfENES LT OEHEN.

Previous Interleaved Datasets Our Multimodal Textbook

Massive
Instructional Videos

If “eclectic’ to you is when Green
Day change their guitar tone or
McDonald’s puts two burgers in
one bun, then steer clear of this
album. If however you take your
pepperoni pizza with extra cream
and can stomach the idea of an
album with something other than
one song reworked ten times, then
you should buy Stimmung now.”
(so says some English writer type,
and he ought to know...)

,_l Lacking connection between images ].

The Firearm Licensing and Registration Act would establish;
licensing requirements to posses a firearm and ammunition,
including a psychological evaluation and insurance policy.
Individuals hospitalized with a mental illness would be
denied a license. File photo\n'nOCEANSIDE ......

knives are precision tools that you have to choose with care
@ The high zirconium oxide ™

content of the ceramic .
== blade of these TB knives -

With optimum durability and
everlasting sharp edge that hardly ever
need sharpening, the ceramic blade of
these slicing knives signed Tarrerias-

...|_Image-text relationisloose | _____________ ﬁ i u
Sk

—_—
22000 Class Hours
2.5 Years Duration

Multi-Level
Extraction & Filtering

———F
ASR & OCR

High-quality Corpus
Keyframe

@ Textbook-Level interleaved Dataset

More closer Image-text relation
Rich visual and textual knowledge
More coherent image sequences

{ Textbook: Mathematics)

Tuterial Text Extract From Video! The next term in
Geometry is complementary angles. So, what

are Cq y Angles? Ce

two angles whose measures add up to 90.

Let's consider a right triangle, and we will label it as
triangle ABC. The symbol for this triangle is as
follows: triangle ABC

angle A measures 40 d nd angle C measures 50
d s. In this case, we can say that as
angle C are complementary, because the sum of their
measures equals 90 de;

e A and

So, the fundamental concept behind Complementary
Angles is that the measure of angle A plus the measure

y Angles are

{ Textbook: Physics )
Tiforial TeX EXiract From Vides] So, the velocity is
simply the distance divided by the time. How far did
you go, and how long did it take? If you divide those

On the left-hand side, we’ll have velocity multiplied
by time. and on the right-hand side, we’ll be left with
just the distance. I'm traveling at 45 miles per hour,
and I'm going down the road for two hours, how far
will I have gone? It’s clear 90 miles
T e Videa 17583

Now, if I throw the ball at an angle, or we could
simply say it’s 25 degrees from the ground. What
happens? You all know that it will rise to a maximum
height, then come back down and eventually hit the
TN g

Video 18:18

So, if I throw the ball at 39 meters per second at a

certain angle, ., I want to know how high the ball goes

{ Textbook: Earth Science)

Video

Tutorial Text Extract From Video: The
Appalachian Mountains in castern North
America contain limestones that are
composed of the shells of mari

Formation of the Appalachian
- 400 Mion Yo Ago.

= o

- 300 Milon Years Age.
11101

- 0o

b3
These animals lived in a shallow occan more
than 400 million years ago. Around 300
{_million years ago....

{ Textbook: Engineering )

[Tutorial Text Extract From Video: I'm using
a suspension bridge as an example. Let’s first
discuss how it works.

0:40 The parts of a
suspension bridge
include towers,
anchors, main
cables, hangers..

‘makes it a premium tool

Figure 1. Previous interleaved datasets, e.g., MMC4 and OBELICS, suffer from limitations like weak text-image relations, low knowledge
density, and incoherent image sequences. Our multimodal textbook, sourced from massive tutorial videos, employs coarse-to-fine knowl-
edge extraction and multi-level filtering to create a high-quality, textbook-level dataset. It interleaves video keyframes with tutorial texts
(extracted from ASR and OCR), enabling VLM:s to acquire rich knowledge through tightly coupled text-image and more coherent logic.

and how far it travels horizontally. I'm also likely

Bonjean is as efficient as resistant. : i . .
i tinterested in how long the ball stays in the air

of angle C is equal to 90 degrecs.

FERR

RHT—SESHEM, ETHEE 2.5 FRFNN, T ERENENGENIES, BEEES/
IR EIZIEER .

FET— A ZERAIANRRBAIEUETRAEE, BT RENUEE. ASR 1 OCR SCAIREN, HHREHS
HERSRE.

EZMEVEES (40 ScienceQA. MathVista) £, {FEZEMHTT)

#5360 VLM AEB AR,

SREUESS FRUS T BERTT.
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o IZHMNET VLMs EVOEAZIPRIEIES L TIYEIR, (ERE RS ERRUER BREHIN A R %
RRIRIESS.,
* HRTHEMINBIIEIES AXHNSESHMRM TE—BRIENREAIERZRIBEXR, FVIME

RIREZRESSRIRINELT.

EE S

Paper:https://arxiv.org/pdf/2501.00958

Project: https://multimodal-interleaved-textbook.github.io/
Github:https://github.com/DAMO-NLP-SG/multimodal textbook
Dataset:https://huggingface.co/datasets/DAMO-NLP-SG/multimodal textbook

® X+t

VITA-1.5: Towards GPT-40 Level Real-Time Vision and Speech Interaction

HHA

2025-1-3

VITA-1.5: Towards GPT-40 Level Real-Time
Vision and Speech Interaction

Chaoyou Fu'-*, Haojia Lin®, Xiong Wang?, Yi-Fan Zhang*, Yunhang Shen?
Xiaoyu Liu!, Yangze Li2, Zuwei Long?, Heting Gao?, Ke Li2, Long Ma?,
Xiawu Zheng®, Rongrong Ji%, Xing Sun?-!, Caifeng Shan!, Ran He?

INJU, ?Tencent Youtu Lab, >XMU, *CASIA
4 Project Leader ' Corresponding Author

Demo Video: Click YouTube Link

Source Code: https://github.com/VITA-MLLM/VITA

AEHE
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AIRET VITA-1.5, —MERTIRE. ESHESEONSESKESER (MLLM) , VITA-1.5%
BTHRUKTRI=MEIEGTDiE, BEBMEAMEEEIES INRE, NEEARESERRR, RELIT
RMEAES R . 1%0EE) [ EECR ESRIDes, NMURE TIRARIRIESAES], EfER
BIgE S E R MANESIRE (ASR) FIEEAMK (TTS) HERNBER FTEMUMLIIEEXE. X—3itEE

RETSESRIRENEE, AESPTEENNPRTTHEEERR. TUHESES LRSS,

Discrete Token "III""
::1:: Text : _!__E Speech Cud'ec: ?BD‘?dET
|. . . 1

________

NAR AR
Speech Decoder Speech Decoder

VITA-1.5 ]
1 1
| Vision Adapter | | Speech Adapter |
Vision Encoder Speech Encoder
@ .|||||.|.
Image Video Speech

Figure 2: Overall Architecture of
VITA-1.5. The input side consists of vi-
sion and audio encoders, along with their
adapters connected to a LLM. The out-
put side has an end-to-end speech gen-
eration module, rather than directly us-
ing an external TTS model as the initial
VITA-1.0 version [ 1 6].

FERR
o RHT VITA-1.5 18, BIS=MEIGREE, ISR, IESESIRS, FMRT SEESEURRRYF

R, HRTIBARISESIERLE
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o ERIBSESTINTCRRSNGR ASR M TTS tRIRANIEERIEENE, BERT T REXEE,

o TIEZMEMENNSF, VITA-1.5 T SWELHTRIAREEBINEGIIESEFEN, FIRMEE
BHRENSEBYE T BEHE.

o SINT=MEIZERES: BERMRIES) I, EXRESRAMAE SE2ETRLHE, N7
[SEVGREZEENEEY

® SUIOFEEREREA, VITA-1.5 EEHSIEMR. TURDTES RBIFHISHRILE, ARESETHERENIER
¢, IS TERFNNER.

EE S

Paper:https://arxiv.org/pdf/2501.01957
Github:https://github.com/VITA-MLLM/VITA

® iEX+—

A Survey on Large Language Models with some Insights on their Capabilities and Limitations

EIHA
2025-1-3
A Survey on Large Language Models with some Insights
on their Capabilities and Limitations
Andrea Matarazzo Riccardo Torlone
Expedia Group Roma Tre University
Italy Ttaly
a.matarazzo@gmail.com riccardo.torlone@uniroma3d.it
ABEREE
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ANR—RIKIA 174 TRABIESEE (LLMs) GiA, RARI O 7B KRR NMBRMGE. &
F Transformer ZRMIRIAIESREL, 40 GPT, BERT #1 LLaMA, ELEFHENTBERESIERTIEE, &8
EXALERL. AE, B RESFESPERIGLE. EEENRE, LLMs BRIH TEEEZ OIhEEReE
BlanE IR, RBEAEFIEESE. AXEMT LLMs (9EREAME. T EVIFIFIZESREE, 21T SUEH
THEIERRS LLMs M8ERIS2IE, ERMBIRIT TAREY RATEIGRING. 1I83GARTT LLMs TS E (E

7. SR WEMER) HNA, B3 7 XEARB S ESUs R R ERTE .

I ~ ) .
J 15 «7 GShard Publicly Available
~
—2019__20201 G s % panGu @ Ernie3.0
2021 _ -4
=14 #7 PLUG A1 Jyrassic-1
GPT- 3@ e -
codex & 28 G ran 2AM CPM-2
T0 O 10 - G LaMDa
Anthropic A\ mspur Yuan 1.0 ()| Pythia
RENEOR HyperCLOVANAVF.R N © Aiphacode (O] Pyth
webGpT&) 1112 ]
= \ © chinchina
Ernie 3.0 Titan ¢a¢  InstructGPT @ 20 2 % panGu-x
—
G"Phe'o CodeGen O G wa o P {5 Bard
= C
cLam (5 MENLGET  opp o G paM O FandS oA -
R / 0 YaLM G Flan-PaLM 9
CodeGeeX ¥ GPT-NeoX-20B © coteGenz
O ) )Y( Luminous e
BLOOM GLM Tk-Instruct Ai2 B StarCoder
NLLB
o D Alexatm @ Cohere #2 ln \0_0 — i) Falcon
BLOOMZ 11-12 I
o werm (Y ws— | _ ] -
Galatica 0Q | |
OPT-IML (X chacer @ GPT4 ® ®© LLavaz

Figure 3: A diagram showing the evolution of publicly available LLMs. Source: Zhao et al. [364).
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® FMIRTTABUESER (LLMs) MUKRMIE. ¥ RAEMZMIREE, B2 7 Rt BRI A
MEREIRTT.

o ST LLMs ESNUERINAE, SFEET. €/ HEMNERE, By eI EIE R PAERN

HERDETD,
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o EMT LLMs RUBENFIBRY:, SEAHTEIRMEER, RBERFIHFEES, FHRY T UER BxXLE
BRERITERMES,

® AR TUfiED Chain-of-Thought (CoT) #0 Plan-of-Thought (PoT) 75i&i2F LLMs AOHEIRRE
BRI T ) | R AT R I IX L BE DRI L,

o NMAT LLM S/MNBRFRIEMIELE, 2 T IXLRETET S/MNBRFRINE TIEM RS ZES.

® EFT LLMs RRFRICIEREIRR, AR ERENANES, RIEAREARIMNAIXLERA,

EE S

Paper:https://arxiv.org/pdf/2501.04040

o iEX+=

Test-time Computing: from System-1 Thinking to System-2 Thinking

HEHA
2025-1-5
Test-time Computing: from System-1 Thinking to System-2 Thinking

Yixin Ji', Juntao Li'*, Hai Ye?, Kaixin Wu?, Jia Xu?, Linjian Mo?, Min Zhang'
'School of Computer Science and Technology, Soochow University
?Department of Computer Science, National University of Singapore
# Ant Group
jiyixinl69@gmail.com; {1jt,minzhang}@suda.edu.cn
yehailcomp.nus.edu. sgq;

{daniel.wkx, steve.xuj,linyi0Ol}@antgroup.com

ASHEE
AT “MHRAS & (Test-time Computing) #1177 £EARFEE , FHIRIT 7T INERS 1 % (System-1
Thinking) ER% 2 % (System-2 Thinking) HY3%ZEERE, HoOH 7 AEEELTEE UK EREF

HEIEEED. RR 1 REUKH T REEAHEE, MAR 2 RENEYERENBEFHERRAS AT, WK
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RITERNNBNRSE 1 IoMEREIRS 2, BISMERE (NESXKE. BREEMNER) BSEREE

AUHEIRRES ], ASCIIXESRERHIT TIRADHT, FHRETARKAIARS R, TERERSHEREREMTERER

T3
System-1 model Weak System-2 model Strong System-2 model
Distribution Shift _ < Reasoning and Planing @ ¢
[ ] > L 7
Q test-time adaptation 5 test-time reasoning ﬁ
Perceptual B I Cognitive
«  Updating the model
@ @ ® @ Self-correction
“" Modifying the input et aaming L
Editing the activation & €
X RAOEe ¢ Tree search
Calibrating the output
N ’ 4 \ Pooe® 0 4
Figure 1: Illustration of test-time computing in the System-1 and System-2 model.
EFBERR

o MHFITERZOES: IR TIKETEERS 1 BB ENETSHEH. MANEN. FormEfE
HRER SRR EHEENIZ(LEES.

o MNERZ1EFRS 2 pITE: o FATETHRTERE (NESXRE. BRIIZE. RER) BRE1
RELZ L NERARIRSE 2 158, WIS REEae .

o ZHMEIRTTARILR: NMATIHHEREN=fOREE (BEEXRE. BRIZEMNER) , FHRITTX
WEESRESHRIERE.

o RKKHFAM: RETHESMIUNIIT ERIRES VAN, RIS SHIERENSSR0TEEE]
B4t 2 EERIRERUR.

EE S
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Paper:https://arxiv.org/pdf/2501.02497
Github:https://github.com/Dereck0602/Awesome Test Time LLMs

® ItX+=

From Generation to Judgment: Opportunities and Challenges of LLM-as-a-judge

HHA

2025-1-6

@ From Generation to Judgment: Opportunities and Challenges of
LLM-as-a-judge

Dawei Li*, Bohan Jiang*, Liangjie Huang*, Alimohammad Beigi*, Chengshuai Zhao*,
Zhen Tan*, Amrita Bhattacharjee*, Yuxuan Jiang®, Canyu Chen®, Tianhao Wu™,
Kai Shu?*, Lu Cheng®*, Huan Liu*

* Arizona State University, *University of Illinois Chicago,

*University of Maryland, Baltimore County, *Illinois Institute of Technology,
*University of California, Berkeley, *Emory University

ABERE

RIGRNFRTT "LLM-as-a-judge” (KIESHEEFTHE) IIELE, D7 X—FeREusasaSHk
k. EHRINHEEEEELESEREAGMIENE, M LLM fERHIEF AABLESIRERSE KRR, &
LSSARMES #1755, HEFakics, RANERHEREINTA TR, AGRET— M EENDRER, MF
ARNRE. DENNASSSF=MEHTFADTT, FREHT LLM (ETAERNTEREE. &fF, XHiER
ET7ZOUEEIGRIERE, IMTAHRE. SiSERFILARAS LLM EEIFAIFE, FHEH T RFEAIH

RIH.
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fF A

Owerall Quality

Feasibility

Relevance

Figure 3: LLMs are capable of judging various at-

tributes.
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® BT "LLM-as-a-judge” i, FEIDFERMTHAIRE. HiEMNAS=MEERAND T 7 X—H#
REAFTE

o BIREMBRIARIME, WIT LLM (ETABES MESPRINA, WERES. HERESTISES
£53.

o RMTZSMITHITIARNFERE, SRR, HFRPHINEETAE, R TXESEERRE
S PRISERRRL A,

o EHT LM ENHIBEINHERIE, FRE T SRIARAEL, MNaNIEFARE. IENSESAE
ZRAVFIRTESS.

o SERETAKMIFRIESD, BREEHITH. REFFEILSAMINIES M ST,
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Paper:https://arxiv.org/pdf/2411.16594

Project: https://lim-as-a-judge.github.io/

Github:https://github.com/lim-as-a-judge/Awesome-LLM-as-a-judge
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o g3+

Large language models for artificial general intelligence (AGI): A survey of foundational principles and
approaches

B3
2025-1-6
Large language models for artificial general
intelligence (AGI): A survey of foundational
principles and approaches
Alhassan Mumuni'* and Fuseini Mumuni?
HEHE

AIGRNRY T ARBUESEE (LLMs) IAESSRA TERERE (AGl) IREFAIEIER, RBH 7L
AGI (IO MNEREEEE: BB (embodiment) . FFEEM (symbol grounding) . ESIHE (causality)
FCIZAE (memory) . 1EEIANA, REWER LLMs CEESRRASHERNTRIEES, BEAEHIAB
R, MRKBIAFKENEIESEE. BXLIAGI, LLMs TERRERIXEERNABMATHkE, X®a@s A%
AT REZTIER, A ER 7 IMAX ARV AT LLMs, FHRIT 7 IIisE S1EEF IFMEMTTE

FIRFHRERIEES], REFEETETN. HEENENRNERIRT AR,
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General knowledge

Possesses vast general knowledge about
the world and can solve a lot of common
problems out-of-the-box (i.e., without
special adaptation).

Goal directed Robust generalization
Learning and decisions are Flexibly applies knowledge in new
guided by innate goals contexts; can apply limited knowle-
that ensure purposeful dge to solve a wide range of complex
behavior. problems; data- and computationally-
efficient.

Autonomy High-level cognitive skills
Decisions and actions are ‘ } — Able to understand context and relati-

autonomous, and agent has
complete control over its
actions.

Situatedness

Perceives the state of the
environment, self and
other agents.

— onships between different phenomena;
do abstract & commonsense reasoning.

Updates learned knowledge when
conditions change or when new
information emerges.

Interacts with the environment and other
intelligent agents, and can generate new
knowledge from these interactions.

Figure 1. Some of the most important features of artificial general intelligence (AGI) systems. These features give AGI systems vast cognitive
capabilities despite the models’ limited knowledge and the need to, for the sake of conserving energy and time, take shortcuts in cognitive information
processing.

FERR

BHT AGI LRI EMFREN: B, fFFSEM. RRHEEMCIZS, EEXERESI TEMASE
RAEREEREE,

W T RENESEENAIBIT B A SESEENZ IS BRI RRTRIEN SRR RE, THERES
SRS SUEESS PRI .

s&iE T BS (BPLAANERNST)) AERATIBERER. BEERMBRERPAIKBIER.

R T FFSEMIE SRS SUSL H RIS SAIELSER R EAIER, R T RERHSIER
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AT E SRR B SRR A TINS M ARNRRX R, EAENMESMESATIEES.
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Paper:https://arxiv.org/pdf/2501.03151

® itX+HhH

Dolphin: Closed-loop Open-ended Auto-research through Thinking, Practice, and Feedback

HER
2025-1-7
39° DOLPHIN: Closed-loop Open-ended Auto-research through Thinking,
Practice, and Feedback
Jiakang Yuan'2, Xiangchao Yan?, Botian Shi?, Tao Chen'®, Wanli Ouyang?
Bo Zhang?+=, Lei Bai>®, Yu Qiao?, Bowen Zhou?
'Fudan University, “Shanghai Artificial Intelligence Laboratory
REHRE

AIHRE T DOLPHIN, B MNARKIARME BaCRIFARIESS. DOLPHIN SEEd BahEMAFRERE.
PUTSEIOANE T LIOEREASRIRKSEM BRI, ZIEROS=ATELE: 1) ERETRIE, 2) HITE
GIOIE, 3) RIELIEREURINIES T rEEERK. ATREEMAFRAIZER, DOLPHIN BidES
[B45 | SIeXHFEMEREIAS |STERERE, M TREREMABRITHRINER, LIeR*KE, DOLPHIN
2N EEEE AR EESMENRSH DA EERE, BAEES IS ERNEG, setrE5emsEIaH

FEEHUHIFRUR,



____________ rabag ] )
I INPUT TOPIC : Database Re’rrleve Papers  Filtered Papers 0 /I Saliency attention
I ] 1 O oh -
S 3D Classification ™= i@l e \‘ » == g - -—l Saliency weighting
=1 e 1 e e o, |1 (L 1 =
E I TImage Classification | r P APER RANKING 1 — _‘}l Hierarchy feature extraction I
g | | Sentiment Classification | | X 1 f - T . -
3 : : r- +| Task Attribute Relevance l : 0 | IDEAS REFINEMENT
y | S r----- 1| Topic Relevance I | I |@| - _-.: Independence
.g =y | Novelty ||
[ - e e = e =

Ideas: | Saliency attention I--—~ Iél

Plan for the experiment

-
4

1, Add SaliencyAttn class

2. Modify the model to use
SaliencyAttn

Experiment
results

=y

|

X

'l Analyze traceback |->| Local code structure ||

Results Feedback

H —I Improve ” Keep " Decline |
T T T

* - -i- -1
New
Prompt Mer;\ory

29

|
: : 1 Similar ===l
Generate codes : I = | ; ¥ Y
| class SaliencyAttn(nn.Module): | 1 | MOdIfy codes H Plan for debuggmg ‘l I

New ideas

|Exper'imen'ral Verification

Figure 2. The overview of DOLPHIN, an closed-loop open-ended auto-research framework. DOLPHIN first generates a set of ideas based
on the retrieved papers. After filtering ideas, experimental plans will be generated for these filtered ideas. Then, codes can be generated
and debugged using the proposed error-traceback-guided debugging process. Finally, the results of successfully executed experiments will
be auto-analyzed and reflected into the next round of ideas generation.
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2T DOLPHIN #2258, BERSLEL T AMRIESURIERRITRE, e 7 WEIEERN. SLRITRIERR

IR RIHERR.

BT —FMES B S SRS METEREBIIEINGE, BERE T ERREREMREHIIT

AYRKINER,
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Paper:https://arxiv.org/pdf/2501.03916

Project: https://alpha-innovator.github.io/Dolphin-project-page/

Code:https://github.com/Alpha-lnnovator/Dolphin
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Accurate predictions on small data with a tabular foundation model

HHA

2025-1-8

Article

Accurate predictionsonsmall datawitha
tabular foundation model

https://doi.org/10.1038/s41586-024-08328-6  Noah Hollmann'?*"*, Samuel Miiller'’*, Lennart Purucker', Arjun Krishnakumar’,
22 1 * pae 1 ° e H H 4,5 13,604
Received: 17 May 2024 Max Korfer', Shi Bin Hoo', Robin Tibor Schirrmeister®® & Frank Hutter

AERE

ARXNET TabPFN, —FRT/NEUEIPERIREUERVREAIRE,, e AREEUEN D KRIES+HE
ENTES 5%, TabPFN RETERRE!, BISEHES N ERETES LT IGRBHF I B AITTNE
%, FANATARUSRIESSEUES, BT FnHERFRR. ZREETELERR (Transformer) 2843,
MR "ETFXES" (ICL) #UF, BE—XBIREBEIMIREITTN, MIAIERS 7 REE, TabPFN
HIMERETES M ESUESE EISHBH T 83 XGBoost, CatBoost HENMIMEIRIEEL L, RRSHFEIRE

k. BEEITIRTERRANFES.
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a TabPFN is trained on synthetic data to take entire TabPFN can now be applied to arbitrary
datasets as inputs and predict in a forward pass unseen real-world datasets

Prediction

Prediction
Xirain Ytrain TabPFN Xivain Yirain
S neural network - —_— TabPFN —
parameterized by 6
? J

2 L A synthetic dataset Xiest ?

test

—10g Gy Viest |---) \ An arbitrary real-world dataset
Ytest —> |Training loss to be optimized
across millions of datasets

b Input dataset 2D TabPFN layer (12x) Predictions: y .
( N\ The vector is transformed
X4 X2 4 1D feature attention 1D sample attention MLP to a piece-wise constant
(Riemann) distribution
) 1.2 6.1 3.0 A with an MLP
O O
12 8.9 9.1 3.1
c
= - O O z
= 1.0 29 N7 s
ko
O @ =
%  a33 22 ?
& O @)
—
We predict this entry o = 0 5 1C

Each node represents one entry in the table Predicted y distributior

Fig.1|Overview of theproposed method. a, The high-level overviewof TabPFN  standard transformerencoderthatis adapted for the two-dimensional data
pre-training and usage. b, The TabPFNarchitecture. We train amodel to solve encounteredin tables.
more than100 millionsynthetic tasks. Our architecture isan adaptation of the

FE

ot

o RHHT TabPFN#&8Y, BISERERKEIESEHTIIG, §EiEBEmFINE/ N LRIEEIRNERITNEX,
BERF T RIBEORL IR,

® TERISEUERISSEANEIFES S, TabPFN FESMEAENN B TIMERIERTTIE, 20 XGBoost 7]
CatBoost, BHITHRIRE FLI 7 RERTT,

® TabPFN SZHRAERAIEURSE LAGER, BEBE—RAIRMERPSTAIIGFITIN, KIERES 7 SR,

e FIALTXFS (ICL) #H, TabPFN AMYBEEHTRAAITUN, EEeBHTEUREMN. BEMTTIARS
JJERERA, ¥R 7 EELR N AFAIERY.

® TabPFN RUIZIHFBNERT/NEIPRSURSE, MBERKHEAREN 10,000 UFRISEUE, HEeBERRNT
BRIETRIERAT.
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Paper:https://www.nature.com/articles/s41586-024-08328-6
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iEX++t

On Computational Limits and Provably Efficient Criteria of Visual Autoregressive Models: A Fine-Grained
Complexity Analysis

HER
2025-1-8
On Computational Limits and Provably Efficient Criteria of Visual
Autoregressive Models: A Fine-Grained Complexity Analysis
Yekun Ke* Xiaoyu Lif Yingyu Liang? Zhizhou Sha® Zhenmei Shif
Zhao Song|
REHRE

AXHARTHEEEE (VAR) SRS ERENRESSE EmE. VAR REUET—MMEZIARY “T—
NREFRN" 73 HE EIRAERY, S8H 7 124875 5/ T E AN, 24T, ARY VAR BT RERESIE O(n4),
FEBRBANTERERERE. Ao T VAR RERGTTERRE, FRH 7T ERESM PSS X

(sub-quadratic) RHEISRENEZX. BiAKR, FXETEELHANERIR (SETH) HS THEINERATEEL
BI{E, FELLBIENIERT VAR BB EEE, ARERR T RARAIURER0SIE, FHEH T IRFEERIS
8 1) SWAEMETE R/ANTE—EER, FJLAKITHH O(nA2+0(1)RIEIERILIA VAR IEEL, 2) =558k
FEER, FTEEILPDRATENILIA VAR 152,

Can we perform the computations of VAR models faster than O(n?) time?
We answer this question affirmatively and summarize our contributions as follows.

e Computational Limits: We analyze the computation of the VAR models under the Strong
Exponential Time Hypothesis. Let R represent the upper bound of the elements in the
input matrices used for attention calculations in VAR models. We establish an upper bound
criterion R* = ©(y/logn). Crucially, only when R is below this threshold, one can compute
VAR models in O(n*~?M) time (truly sub-quartic time).

e Provably Efficient Criteria: We further show that when R = o(v/logn), it becomes
possible to design an algorithm that approximates the VAR model in almost quadratic time,
specifically O(n?to(D),
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ARIIRET rStar-Math, —MiBIBREWRTRERY)TE, BERT/NEIESHRE (SLMs) EEFHE
S HEAYEES. rStar-Math BIEESAF REMER (MCTS) FIITEREMEE (PPM) |, #/NEHESIRELRE
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(a) step-by-step verified reasoning trajectory (c) 4 rounds of self-evolution

Figure 1: The overview of rStar-Math.
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Fig. 2: Fundamental architecture of Large Concept Model [17].
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Github: https://github.com/facebookresearch/large concept model
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Fig.1|Med-PaLM 2 performance on MultiMedQA. a, Med-PaLM 2 achieved an
accuracy of 86.5% on USMLE-style questions in the MedQA dataset. The shaded
region highlights the reported performance of models developed after Med-
PaLM2.b, Ina pairwise ranking study on n =1,066 consumer medical questions,
Med-PalLM 2 answers were preferred over physician answers by a panel of
physicians across eight of nine axes in our evaluation framework. Stacked bars
represent proportions of answers for which physician raters preferred Med-
PaLM 2answers (orange), answers generated by other physicians (blue) or ties
(lightblue). Error bars reflect 95% confidence intervals of the overall preference
rates for physician and Med-PaLM 2 answers, as determined by clustered
bootstrapping computed over all 1,066 paired ratings.
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AIGRHT—FEA LlamaV-o1 RUFESIESOHHERE, EQBRERNSENEHERES. AT
HEMAIESERE (LLMs) TR SRR, IRARGE T — ) 2EANHEER, FRET=A
FETE: — M ETROEHEESES (VRC-Bench) | —MHAS SHERRERNFIER, IIAK—EDRES
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Question

Claude-3.5-sonnet

ing Steps:

ED@] [#- & 7]

N

Which one picture follows the same
pattern or rule established by the previous
pictures?

choices :

A) Picture A,

B) PictureB,

C) Picture C,

D) Picture D

Let me solve this step by step.

Step 1: Analyze the first row of images.
Action 1: In the first box, there are three
symbols:

Step 2: Analyze the second row (incomplete
pattern). Action 2: There are two symbols
followed by a question mark:

Step 3: Identify the pattern from the first row
to the second row. Action 3: Looking at how
the first row transitions to the second row:
Step 4: Evaluate each option against the
pattern Action 4: Looking at options A
through D:

Step 5: Compare pattern requirements with
options. Action 5: The answer should:
Maintain a star or similar geometric theme.
Final Answer:

None of the given options A, B, C, or D
follows the established pattern of
transitioning from complex sun-like shapes
to simpler star-based designs.

Gemini-1.5-Flash

Reasoning Steps:

Step 1: Analyze the first row. Action 1: The
first row shows a progression of shapes. It
starts with a sun-like shape, then an octagon-
like shape.

Step 2: Analyze the second row. Action 2:
The second row starts with a smaller version
of the sun-like shape from the first row. Next
to it is a bigger version of that same sun-like
shape. This suggests a size progression. The
last shape is a star, taking the concept of
points than the previous two.

Step 3: Determine the next shape in the
pattern. Action 3: Following the logic of the
first row, after a pointed shape (the star)
should come a larger version of it,

maintaining the pattern from the second row.

Step 4: Examine the options. Action 4: None
ofthe provided options (A, B, C, or D) depict
astar.

Final Answer:

None of the provided choices matched.

LlamaV-o01 (Ours)

Reasoning Steps:

Step 1: Analyze the pattern in the first group
of images. Action 1: The first row contains
images that have a circular shape with
additional features inside, such as a sun
pattern, a geometric star shape, and a smiley
face.', 'Step 2: Determine what feature is
consistent across all the images in the first
group. Action 2: Each image maintains a
central circular shape with symmetrical,
repeated internal designs or symbols.’, 'Step
3: Determine the rule across the shapes
Action 3: The second sequence is using the
shapes of the first sequence and adding one
shape. ', 'Step 4: Compare the options in the
second group to the established pattern.
Action 4: The last shape in the first sequence
is two smiley faces, and Option D is showing
three smiley faces.”

Final Answer:

D) Picture D follows the same pattern or rule
established by the previous pictures.

Figure 1: Comparison of the reasoning abilities of our model (LlamaV-o1l) with closed-source
Gemini-1.5-Flash and Claude-3.5-Sonnet on an example in pattern recognition task from our proposed
VRC-Bench. While Claude-3.5-Sonnet concludes "none of the options," its reasoning steps lack
full alignment with the observed logic (highlighted in red). Gemini-1.5-Flash demonstrates weaker
reasoning with less logical coherence details (highlighted in red). Our LlamaV-o1 provides better
and more systematic reasoning, identifying that option D follows the established pattern, thereby
showcasing its logical reasoning capability. Additional results are presented in Fig. 5.
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/ Comparison of LMM's on VRC-Bench \

GPT-40 59.28 76.68

Gemini-2.0-Flash 61.16 74.08

GPT-40-mini 56.39 74.05
Claude-3.5-Sonnet 6135 7212
Gemini-1.5-Pro 61.35 7212
Gemini-1.5-Flash 54.99 71.86

Llama-3.2-Vision 484 5437
Mulberry 519 63.86

LlamaV-o1 5649 6893

Liava-CoT 5400 6621

40 50 60 50 60 70

Final Answer Accuracy Steps Score

N /

Figure 3: The figure illustrates our comprehensive benchmark structure and comparative performance
of LMMs on the proposed ReasoningChain-Bench. (Left) The dataset spans multiple domains,
including carefully selected samples for mathematical and logical reasoning (e.g., MathVista [38]
with 231 samples and LogicVista with 158 samples), scientific reasoning (e.g., Science-QA [40] with
83 samples), and visual perception (e.g., Blink-IQ-Test [15] with 35 samples). Additionally, it includes
specialized areas such as medical imaging (e.g., MMMU-Medical [72] with 29 samples), cultural
and social understanding (e.g., ALM-Bench [57] with 104 samples), and document understanding
through OCR (e.g., Doc-VQA [46] with 61 samples). By integrating tasks like chart and diagram
comprehension (e.g., Chart-VQA [44] with 107 samples), our dataset not only covers a broad
spectrum of real-world applications but also expand LMM’s ability to reason, perceive, and interpret
complex multimodal information. (Right) The bar chart compares various SOTA reasoning models
on the VRC-Bench, highlighting both final answer accuracy and step-by-step reasoning scores. The
models evaluated for complex reasoning tasks include GPT-40, Gemini-2.0-Flash, Claude-3.5-Sonnet,
and Llava-CoT. Our benchmark evaluates models not only on their ability to generate accurate final
answers but also on the coherence and logical flow of their reasoning steps. Our approach, LlamaV-ol,
outperforms GPT-40-mini, Gemini-1.5-Flash and Llava-CoT in the VRC-Bench, achieving superior
results in final answer accuracy across complex multimodal reasoning tasks.

o IRITHAMIIEIEEE VRC-Bench: VRC-Bench E— &I NRITHETFHEZSMEHEESINGS
MEEIHEERES, M5 7/ \ 1S5 (UIHEE, F5ZIEMEE. HaXHUER. BEFPG. BRERE. OCR
SRR, SRIRA]. RIFHEE) |, 88 1000 SMERTIEIY 4173 LAUHETRE,

o igitT—HMERBITEISR: BH T et LB SREITHMEHERRERYSR, SRR EERESIERIE,
AR TS RAR RIS R BRI,

® FET LlamaV-ol SIESHHERE: XAREFINZH TG, NERESESTRERISRSILHE

155, BEREF T IEEAGZIEHEER IR,
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Model: https://github.com/mbzuai-oryx/LlamaV-o1
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Figure 1: Overview of evaluation results on the Best-of-8 strategy of the policy model Qwen2.5-Math-7B-
Instruct and the benchmark PROCESSBENCH (Zheng et al., 2024) across multiple PRMs (see Table 6 and
Table 7 for details).
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Paper: https://arxiv.org/pdf/2501.07301
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“This is a math question”  Answer to User Query Matrix multiplication
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Self-Adaptation Vectors

N layers inside an LLM
é

‘ Dispatch Coding VLM

Figure 1: Overview of Transformer’. In the training
phase, we tune the scales of the singular values of the weight
matrices to generate a set of “expert” vectors, each of which
specializes in one type of tasks. In the inference phase, a
two-pass process is adopted where the first applies the task-
specific expert and the second generates the answer.
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Answer

B

_______________ ’ Multi-Search

1

I

i
i

1
: @ Based on the information| §
1 gathered, | think ... :
i Q 1
i i
i i
: i

i

Figure 1: Previous machine writing approaches only ex-
pand new information or perspective via RAG and role-
playing. OmniThink expands knowledge boundaries
through continuous reflection and exploration, attaching
knowledge to an information tree and extracting it into
a conceptual pool to deepen understanding and uncover
more in-depth content.

ot

REET RERBIE: OmniThink 5IN "TR-RE" 83, BIiSEBERSEMRE, WEE
BRI, BEEINRASERRAVERME, BAASR

BUFTATREZEIEIR: RHTANREE (Knowledge Density) fEix, RTEEEMNATEEXAEAGLL,
MHERNERITRIE, BEEEIRIGER,

SBERFERARE: 7 WildSeek #iEE L, OmniThink fFEESY. T E. FEMFEMSER LR
WNTIEELSE, TR NS HFE LRBEIR.

IR RN ARSI SBIEN : BITHLSHEANRIT, OmniThink RN EANEEWERFLSE—2E

EREATEMTIE, AABERRM T EBHRIES.
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o RETTRMS ZERME: OmniThink {E2REBIEEITXME, TSIIEEREN, BRFEMESHEE
TENERSER, B THE ZNAE.

EE S

Paper: https://arxiv.org/pdf/2501.09751

Project: https://zjunlp.github.io/project/OmniThink

Code: https://github.com/zjunlp/OmniThink

Demo: https://www.modelscope.cn/studios/iic/OmniThink
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A generative model for inorganic materials design

HH
2025-1-16

A generative model for inorganic materials design

Claudio Zeni ®'7, Robert Pinsler ®'t, Daniel Ziigner ©2f,
Andrew Fowler ©'t, Matthew Horton ©*', Xiang Fu ©!,
Zilong Wang ©7, Aliaksandra Shysheya', Jonathan Crabbé ©!,
Shoko Ueda!, Roberto Sordillo!, Lixin Sun ©!, Jake Smith?,
Bichlien Nguyen®, Hannes Schulz?, Sarah Lewis ©1,
Chin-Wei Huang®, Ziheng Lu ©*, Yichi Zhou®, Han Yang ©%,
Hongxia Hao ©*, Jielan Li ©*, Chunlei Yang’, Wenjie Li",
Ryota Tomioka ®'*t, Tian Xie ®"f
IMicrosoft Research Al for Science, Cambridge, UK.
2Microsoft Research Al for Science, Berlin, Germany.
3Microsoft Research Al for Science, Redmond, USA.
4Microsoft Research Al for Science, Shanghai, China.
SMicrosoft Research Al for Science, Beijing, China.
6Microsoft Research Al for Science, Amsterdam, Netherlands.
"Shenzhen Institute of Advanced Technology, Chinese Academy of
Science, Shenzhen 518055, China.
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RAVMHL, EECIERIEMIREL, MatterGen EREIMRHERRENME. MIFIEARUE DIYBEBERA, BERK
M E AR EFRba/ME. AREEITSEIGER 7 REERRIR, IIE T ESIRITBisAERYE, Bx

7 MatterGen fEfFRHEEIRITIUEAY 2R .

a Forward (corruption) process c Y| " Y\
7 = = o .o P ’
- v 8 ¢ @ ;@ o . . - o0 0o - G
Stable | | % 2 " . B Random o frae o’ ’ ’A,f
material I i ® % v .0 material 4 ° ®a o s e
- 9 a 9 e " o ©
| x_/ *_/ i -
Chemistry e "_
] 0%, a e

Reverse (denoising) process

(Ao, Xo,Lo) (Ar-1,Xi1,Li1) (A, Xy, Ly) (Ar, X7, L) ® . e ¥
s lico-0 "’ . ~F Licoo,
[ '{:‘

b A 'V B 4 Symmetry

A Xy Ly A X, L, 4 2
L P W (" p6,mme e .:ﬁ: % c

Equivariant Equivariant < Adapter module
score network score network |
A J N \
I | RJ Property
— ‘..-; Na?
A1 Xiilos v S Y ®, [m =015A°  w W o3’y .; FeaN
Pre-training with structure data Fine-tuning with labeled data for condition ¢ s = & '4
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o RHTEGLT BUIIE: MatterGen BIEAET BMRIRFEEL. MIRIEIERISTN, SIXTRETHIAYE
HAMERNSSFRIEFIEAT T, BERE T e RBREE IS,

® IFEMBEMLRANERIRIT: SINERRER, ABEMAERMSBIMENS . IMRELURITER
M (GIHEE. T MEE) BIME, R T SERRIRMAAEREE.

o BEMTIALEMRE: TEMSE. IR Fa (S.UN.) MRB9Ih=E75HE, MatterGen FIZRIIEY
T HRIRICHAIE LSRR (40 CDVAE #0 DIffCSP) |, 4mif9M#LS DFT sER%&/ MENRERE T —
PER.

® SHIRREFMFRR: E=7t. TRt FEARRTD, MatterGen £ TEZHI S.UNMK, STEAE
SRFRTREREBEAIRME, SERERRETEEREEL, EFEAEARERED.

o LINIUFARAIRIEIRT SR : SR TIREVERAY TaCr, O, #1, SLWNERIEMSIRITBMERF, 3

—HIGIE T MatterGen &Rt RIAISERREI T IEFIN &S],

PAVAVAVAVFAVAFAFAZVE

&
C



50

EE S

Paper: https://www.nature.com/articles/s41586-025-08628-5

Github: https://github.com/microsoft/mattergen
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LLM360 K2: Building a 65B 360-Open-Source Large Language Model from Scratch
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LLM360 K2:
Building a 65B 360-Open-Source Large
Language Model from Scratch

Zhengzhong Liu'?*, Bowen Tan®*, Hongyi Wang®"*, Willie Neiswanger?, Tianhua Tao®, Haonan Li', Fajri
Koto®, Yuqi Wang?, Sugi Sun?, Omkar Pangarkar?, Richard Fan?, Yi Gu®, Victor Miller?, Liqun Ma!, Liping
Tang!, Nikhil Ranjan®, Yonghao Zhuang®, Guowei He', Renxi Wang!, Mingkai Deng®, Robin Algayres?,
Yuanzhi Li', Zhigiang Shen', Preslav Nakov', Eric Xing'**

'MBZUAI  ?Petuum, Inc.  3Carnegie Mellon University ~ *University of Southern California
SUniversity of Illinois Urbana-Champaign  SUniversity of California San Diego “Rutgers University
team@l1m360.ai

REHHE

AIGEANET LLM360 K2 THH, ERfER 7 K2 Diamond, —5E%E 65 {288 FHRABIESHE
& (LLM) ., K2 Diamond RRB£HHY 360°FiFni%, BaMEUETREREED)14. MBESITERIZEE
A, S LLM HARRYERYE. sISIMReAGEYE,. K2 Diamond 1B 1.4 BIZMRCRIEIEHTT
Willlgk, EMEESTEENLF#EH LLaMA-65B 5 Llama2-70B 18835, RRTRD TiHERAF IR
EE. ICIRRY TSI REPIRERAY, HRKIEE. BIRESHNURZLMA, Bx 7 iBiEss

HEHE, RRBERFIZ S XIS R B E 0.
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K2, Scaling Up LLM360:

Building an Open Source Eco-System Empowering the Community to Own and

Develop The Most Powerful Open Models, via Our 360° Open Source Approach. All K2 models will share artifacts
(

with the LLM360 principle, fostering
Data:
Collectively improve data quality via the open source and research

Dataset by the LLM360 team Dataset for K2-Diamond-65B

accessible LLM research.

Access to training team level experience with LLM360 released artifacts

Intuitive Lens to model development with the K2 Galleries and Training Logs!

K2 Prompt Gallery: showcase K2 checkpoints® K2 Evaluation Gallery: Contains the
= A combination of community responses to a curat raw evaluation outputs (e.g., perplexity
datasets, such as RefinedWeb, ook dsfondiors °, of options, generated text) for the

4 the Pile, the StackV1 and more benchmarks
TxT360
Gilobally deduplicate 99 Data mix of pretraining stage 1

CommonCrawl snapshots and
14 high-quality data sources
from diverse domains, with a

distribution inspired weighting

redpe g 00 I

CommonCraw! | W 9200
Papers | 712
Wikipedia | 199
StackExchange 8t
. Freelaw | 71
Analysis results USPTO | 45

insprie futur, DM Math 22

Major training incidents

i PG-19 11
dataset design Eteorc{ e logged and reproducible,
and model Loty IRC 6 The exact training data sequence, + .| | Such as Loss Spikes
training ackerlews -0
1~®cach chunk correspond to each
: checkpoint.
;
o Repository for model and data andalysis T
P toxicity, bias, and knowledge of dangerous topics. 1 ® Adapt and open source pretraining, finetuning and evaluation for reproduction
—s ‘ Interpretability and control methods 1 ® Update training code to reduce bug and improve efficiency with the community
Influence of data to LLM's during training. m—————— J

Figure 1: K2 Project Scales up the LLM360 Principles with Richer Artifacts

ot

3%\

LEFFRN LLM FFAIESE: LLM360 K2 TiE St 360°THERN, BT WEURES. 80|42 50
LERR, SERD. HEE. JIGEENFERER, EERETSSIH, (@A THRNEATSS
I,

SRHIENESRAER: MBRAT TxT360 $UEMERE, BATSHSREXIRER (W
RefinedWeb, DM-Math, StarCoder &) , FBIES SEMTRISMUEIBESILE, RETHRENS
S RE,

SEARIEIFIEIR SABARAES]: K2 Diamond TEEUFHERR (40 GSMB8K) FNfABAERL (%1 HumanEval
1 MBPP) Eiff FRUIAR, BSETEHFSNBEUR LAMIRIL, MEINK ETFXMERFNECHEER
RN,

BIFTROSHEFTIG 0% BITEEIKEFHT. MKEFT. FIIFMTIEIEF1TRY 4D FHTII4RRES,

K2 Diamond £ 480 R A100 GPU LS8k Tilll%k, EENMH T AFFIBERSIHTERE.
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o NHAILZEMSNTRA: BUWERSHUNLTEMEEIESE EENE. MR ESTERERTR)
K2 Diamond BERATHEEMANEENE, IURNSBERNGERNEES, FRELZEHAETES
BT,

EE S

Paper: https://arxiv.org/pdf/2501.07124
Github: https://github.com/lim360
Model: https://huggingface.co/LLM360/K2

® IiEX—11t

Mobile-Agent-E: Self-Evolving Mobile Assistant for Complex Tasks
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Mobile-Agent-E: Self-Evolving Mobile Assistant for Complex Tasks

Zhenhailong Wang *!  Haiyang Xu *2  Junyang Wang?  Xi Zhang?
Ming Yan? Ji Zhang? Fei Huang? HengJi"!

"University of Illinois Urbana-Champaign 2 Alibaba
Group. “Corresponding authors:  Zhenhailong Wang
<wangz3 @illinois.edu>, Haiyang Xu <shuofeng.xhy @alibaba-
inc.com>, Heng Ji <hengji@illinois.edu>.

AERE

AR T Mobile-Agent-E, —MBESERHICHNTESRIERMITF, SEEMREFIKSEES.
Mobile-Agent-E BSEXDESENUFMEERERIE, S58FE Manager ((E538IKl) . Perceptor (MlTE/%
A1) . Operator (FHFRIR) . Action Reflector (F1{F/R) #1 Notetaker ({S8RE) ERRISTEIME,

BERTT TESMLFHERREED. LIh, ZERS INT— P BERHER, FIRMESHREFHKIBICIZ
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(B24& Tips # Shortcuts) FUHAMESHFITRERMMRE. SIHESRECERT Mobile-Eval-E KT ETE
SCHRPEZNESNES, sLIFKEE, Mobile-Agent-E EZNEEN FBENTIEHRGHSE, 7
B B R — SR T IR IR,

Mobile-Agent-E

Task Query: I want to buy a brand-new Nintendo Switch Joy-Con. Any color is fine. Please compare the prices
on Amazon, Walmart, and Best Buy. Find the cheapest option and stop at the screen where I can add it to the cart.

- Task ID: 3 _nintendo_switch joy_con

Aym
Ao - Ap - Ay
i : % 8 3 ] EEEees | e .| [P S
Hierarchical Agents Tapj;':eita::;jma
e . &, Low-
,@ @ Self-Evolution @ & el

°\‘, Shortcuts

Name: Tap_Type_and_Enter o0 4

=adbim 00 02 04 06 08 10
Arguments: ["x", "y", "text"] Normalized Steps
escription: Tap an input box at High-level Plans: 1. Open Amazon and seaerch for Nintendo Switch ~ —> 2. Note the price and proceed to the next App

osition (x, y), Type the "text",

All Tasks
1 perform the Enter 9
operation. Very useful for Tip: Previous SOTA
: ... I the task requires 100 Mobile-Agent-E
searching ... stopping at a specific
Precondition: There is a text

Mobile-Agent-E + Evo
screen, ensure the

input box on the screen with no

- sereen is fully loaded ... ... ..
% Shortcut: B Y

S
previously entered content. T e ot pnter - © @ = Bl Cheapest 1 = g
— — = S & [ k.. 3 &
) e, o RR S ry
Q Tips o = £
= = - B 40
5 @ o g . ]
1. By default, no apps are I 3 - i
opened in the background ... Esl E= o [ F L »
14. If a tap action does not [ 3 ‘ k" e T d
work as expected, consider 0
tapping alternative areas of the Gemini-1.5 Claude-3.5  GPT-40
screen ... —>  3.Open Walmart ... 4. Note the Price ... —» 5. Open Best Buy ... 6. Note the Price .. —» 7. Open the app with the cheapest price ...
\_ Long-term Memory —/ Mobile-Agent-E on a long-horizon, reasoning-intensive, multi-app task Comparison with SOTA

Figure 1. We propose Mobile-Agent-E, a novel hierarchical multi-agent mobile assistant that outperforms previous state-of-the-art
approaches (Zhang et al., 2023; Wang et al., 2024b;a) on complex real-world tasks. Mobile-Agent-E disentangles high-level planning and
low-level action decision with dedicated agents. Equipped with a newly introduced self-evolution module that learns general Tips and
reusable Shortcuts from past experiences, Mobile-Agent-E demonstrates further improvements in both performance and efficiency.

FERR

® iR Mobile-Agent-EfE2R: SINDEZSNIELEY, EXAXOEEMMSERERE, BATERESIK
AR BE IR E N B IR SRRV,

o SINEBHUER: BIKEICIZH Tips (BRAES) # Shortcuts (ATERERFFY) FERRER,
BUHESHUTIEIIBRINERES], RIUASRRIZIFNMHATA.

® JFF& Mobile-Eval-E &iff: BHT—MEEENN, $HYER. KER. ZHNAREES, BERSTE
SHE, BN TMERARPEERDSESIHERIZA,

o SEIRFHHRESMER: £ Mobile-Eval-E &/ £, Mobile-Agent-E FEREESD LIZAT 22.1%, &8

BRHNEH—TREAE 33.9%, HAREFRTEHREILR, BN 7 SHAIRLFIHRITEES.
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o ZERMASTR: SMARSESER (LMM) (EAEERENEMER, FHRIBSEEE, »
R XIRMH T =R R RAH— TN FIRAIA R,

EE S

Paper: https://arxiv.org/pdf/2501.11733
Project: https://x-plug.github.io/MobileAgent/
Code: https://github.com/X-PLUG/MobileAgent

Dataset: https://huggingface.co/datasets/mikewang/mobile eval e
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DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via Reinforcement Learning

HH
2025-1-20
DeepSeek-R1: Incentivizing Reasoning Capability in LLMs via
Reinforcement Learning
DeepSeek-Al
research@deepseek.com
AERE

ASHEH TERHIREE DeepSeek-R1-Zero ] DeepSeek-R1, IRFBITATRILFS) (RL) 12FHABLE
SEE (LLMs) BUiEERRES], DeepSeek-R1-Zero BT ARUE RLIII%k, AMRISERGE (SFT) , B 73&
KHOHEIRRE D, (BEETIEMAES BASa. Ak, DeepSeek-R1 3INT R EEIEIEFISMERIFEE,
H—PRFHEEMRE, 5 OpenAl-01-1217 FEHER(ESS ERIES, /b, ASOBISZAIER AR DeepSeek-R1
AOEERRE NIER 2/ NV ERIREY, LI Y RENIMRERAH RS MER,, ) 7SRRI T s,

R Z A,
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w4 DeepSeek-R1 OpenAl-01-1217 DeepSeek-R1-32B OpenAl-ol-mini DeepSeek-V3
100

©
o
W

- A R N

©
e
o

NN

©

S}
©
o

@
S

Accuracy / Percentile (%)

1N}
o

AN

=)

AIME 2024 PQA Diamond MATH-500 MMLU S -bench Verified
(Pass@1) (Percentile) (Pass@1) (Pass@1. ) (Pass@1) (Resolved)

Figure 1 | Benchmark performance of DeepSeek-R1.

FERR
® R4 RL IKFNAHEIEEEY DeepSeek-R1-Zero: BT RL EIEIRSEENERRE), TRk SFT, &

i LLMs AIBIYSeitF I B iR, BERATEHSE. BEHEEEESPIRN,

® FAREZMEIZEER DeepSeek-R1: SINLEEIENZMERGTEE, EEBUEFISHERA,
MERIIANE MRS, i — DGR M RE, S N EEUR FIAZIGEM OpenAl-01-1217 7K,

o QUFTHUZRIERO: & DeepSeek-R1 FUEHERE DR INZIRE/NEUZEAREY (J0 1.5B. 7B, 14B&HY) ,
EERTHIVEEATHEEMRE, 14B REES N EENIK i QwQ-32B-Preview, BRTAIBRANS
FUEFNSCAE,

o ZHNEEHMESTHREE: TS MEESHIRIES (30 AIME 2024, MATH-500, GPQA Diamond,
Codeforces &) HhRMMNEF, HALAFSMIRIEENER, AARMERER T FEEFNTA,

* RER\BUWFISHIRRENHIAR: XLLZAIES RLZIARILS, IEHZRBRAREIVEESEHEERAH

SHNLE, BIRERKRESERARIEMRE S AR RL IRFHEIERE AT LR,
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Paper: https://github.com/deepseek-ai/DeepSeek-R1/blob/main/DeepSeek R1.pdf
Github: https://github.com/deepseek-ai/DeepSeek-R1
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2024-12-30

< Papers [ arxiv:2411.10442 T

Enhancing the Reasoning Ability of Multimodal Large
Language Models via Mixed Preference Optimization

Published on Nov 16, 2024 Submitted by =4 Weiyun1025 on Nov 22,2024 | #1 Paper of the day

Authors: =4 Weiyun Wang, . Zhe Chen Wenhai Wang, Yue Cao, Yangzhou Liu, Zhangwei Gao, Jinguo Zhu, @ Xizhou Zhu,
@ Lewei Lu, Yu Qiao, @ Jifeng Dai

Abstract

Existing open-source multimodal large language models (MLLMs) generally follow a training process involving pre-
training and supervised fine-tuning. However, these models suffer from distribution shifts, which limit their multimodal
reasoning, particularly in the Chain-of-Thought (CoT) performance. To address this, we introduce a preference
optimization (PO) process to enhance the multimodal reasoning capabilities of MLLMs. Specifically, (1) on the data side,
we design an automated preference data construction pipeline to create MMPR, a high-quality, large-scale multimodal
reasoning preference dataset. and (2) on the model side, we explore integrating PO with MLLMs, developing a simple yet
effective method, termed Mixed Preference Optimization (MPO), which boosts multimodal CoT performance. Our
approach demonstrates improved performance across multiple benchmarks, particularly in multimodal reasoning tasks.
Notably, our model, InternVL2-8B-MPO, achieves an accuracy of 67.0 on MathVista, outperforming InternVL2-8B by 8.7
points and achieving performance comparable to the 10x larger InternV/L2-76B. We hope this study could inspire further
advancements in MLLMs. Code, data, and model shall be publicly released.

A View arXiv page A2 View PDF Add to collection

AEHE
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FOYIIERAELR, HTFRE SIESMRIFXITTEUBTNSCEAL, TRt XAERIFXIST A mAVARE EE55. SgRIX
—[ARR, BE (Intern) KIEEFIARBENELIEZE, ME TEMNANIESIESRIFITTEES MMPR; £
B2 | 5EE, FMNEH TRERIFLILEL (Mixed Preference Optimization, MPO) , i%EL LSS
BEENAEALRFROEMNNER, BEBEEMRSERMMNAERELN AR BRIEEE. L6
ZERFIA, ETZEEN InternVL2.5-MPO-72B 1REEEFHEIRENE MathVista HIRFHT 5.9%H9M8E,
MFIRBIESE OCRBench HIZFT 54 45,

EE S

BiAR# L. https://huggingface.co/papers/2411.10442
FFIEANS: https://github.com/OpenGVLab/InternVL
B bE:  https://huggingface.co/OpenGVLab/InternVL2 5-78B-MPO
HAEHHE: https://huggingface.co/datasets/OpenGVLab/MMPR-v1.1

o AT
Sam Altman #T4E1#3C: Reflections, THL AGI BIX A EIK, MHEEHEHE (superintelligence) T
AT DA R I Ige AR 7 A IR 6 7

HEH

2025-1-06
Sam Altman
« Back to blog
Reflections
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Sam Altman fEXREENHRET OpenAl NHEEREARE. BEIE 7B OpenAl BZLIREINE, 5EF
TSRV ORI AGl (ATIBFAEERE) RIS, BEE ChatGPT AUHELH, OpenAl ENT —MRUEIBKH
PER, REX—IIRRFH 7 BAIRREN, Altman RIX T XEAFISIE KRR Z 1B, Altman IEi3E,
£ OpenAl IR REITIREF, MESEH 7RSO, FANFIRE T ERM9%0), MERKIRETHELD, A
NEARARER, Al FEPETRERERETR, HMERERIAMTSER,

K HEE:

8% : https://blog.samaltman.com/reflections

{MIT Technology Review) : What’ s next for Al in 2025

HH

2025-1-06

ARTIFICIAL INTELLIGENCE

What'’s next for Alin 2025

You already know that agents and small language models are the next big
things. Here are five other hot trends you should watch out for this year.

By James O'Donnell, Will Douglas Heaven, & Melissa Heikkila January 8,2025
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1. KA (Agents) fIiEER: Al CEASNERIIRTSEARRABESEEETITERESHRS, MEE
LHHR AT R, AT, XERENAIRETREXRER, 1SHIR2ENEHREREN, HRUESEERER.

2. BIRFY Al g93E: SEBFBEINKE Al NExRT 2N, FIRNSEEREHERE Al 52K, hEHEE
BEXEE, KB (AER) STl eiingE, £XE, SNTRERIR R E TN,

3. Al ERRRYIRESRIA: X Al BARIRAFTEFRTEEERNME, IR EET RIESE, it Al
TESATISHZYIREREN, AT, MTERERDIINS (IFHReikEr) BITEGRERT Al RE, 7
.

4. Al SR AR ERML: Al TBHATUHSRAER, TBERTESREENZ TR, FEEERER
RARIBE, SEREIEMESS,

f£2025 F, AIBTERRCIHT. B NATRERMEPRERE, Al CEARNARE. BIFRERTIGE. Al
NEEST FTUHATRANNBARASRERFANE R, EREMNX—ERNRERR. A Al SR hsEE]
BT, £tR. EFMBIARERELRZIIIEE.
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W E: https://www.technologyreview.com/2025/01/08/1109188/whats-next-for-ai-in-2025/
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Sky-T1: Train your own O1 preview model within $450
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Sky-T1-32B-Preview Qwen-2.5-32B-Instruct QwQ o1-preview

Math500 82.4 76.2 854 814

AIME2024 433 16.7 50.0 40.0

LiveCodeBench-Easy 86.3 84.6 90.7 929

LiveCodeBench-Medium  56.8 40.8 56.3 54.9

LiveCodeBench-Hard 17.9 9.8 17.1 16.3

GPQA-Diamond 56.8 455 525 75.2
ABEE

UC Berkeley BUTARARMEH T —30Z7 Sky-T1-32B MFFRHEIEABUESIEE (LLM) , STERRD
Sig Al BERASSIEAMANEER, Sky-T1-32B LMY 450 ETHEYISRASSINT 32 28805
WEEIRIT, EEMUNEET BIISHHIRA (WFFEITEMEFNER LoRA) |, FERIFMEENERN &
RTITERER R, ZREE T RIS, BRI SAGAEEE 7 RIS R ERREED, &
Math500, AIME #[ Livebench EEENIHF#EH T OpenAl fY o1 #&EY, FERY, Sky-T1 AIFFABHEAX
%= 19 /NI, BRTHREEFFRSEREREATRITE, fEAFRRIEERY, Sky-T1 RUZMERN)IGERERER
T, ETEHEILEAR AR REOMMES IR, & Al AEMER. 2EHE. REFNERRER
HRrzER, SEENIINERRHMYR, EEENMUE—MIARE, EREREEN Al R
B5E—,
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https://www.marktechpost.com/2025/01/13/uc-berkeley-researchers-released-sky-t1-32b-preview-an-open-sourc

e-reasoning-lim-trained-for-under-450-surpasses-openai-ol-on-benchmarks-like-math500-aime-and-livebench/
Github: https://github.com/NovaSky-Al/SkyThought
iR https://huggingface.co/bartowski/Sky-T1-32B-Preview-GGUF
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MiniMax-01: Scaling Foundation Models with Lightning Attention

I, <



62

HHA

100 ( ) ( )~ Gemini-2.0-Flash (exp) Qwen2.5-72 W DeepSeek V3w Llama-3.1-405B-Inst. == MiniMax-Text-01
]
88.5 89.0 86.9 .'\:—"-
- ‘, \.’._I 0.95
80 75.7 77.4 \
A
67.4 N |
S \
60 54.4 = L
3 0.90
) -
40 ' F)
. 8
— - -
£ % °ss a
2 MMLU MMLU-Pro C-SimpleQA IFEval GPQA MATH Humaneval ~e0.852
g (a) Core text benchmark performance g
E GPT-40 (11-20) Claude-3.5-Sonnet (10-22) Gemini-2.0-Flash (exp) Qwen2-VL-72B-Inst. = InternVL2.5-78B Llama-3.2-90B w=m MiniMax-VL-01 g‘
©
100 96.4 H
917 n 0.80 2
i 83.3 . 86:5
80
68.5 68.6
o0 52.7 GPT-40 (11-20) 0.75
Claude-3.5-Sonnet (10-22)
40 =®= Gemini-1.5-Pro (002)
Gemini-2.0-Flash (exp)
== MiniMax-Text-01
20 MMMU MMMU-Pro ChartQA DocVQA AI2D MathVista OCRBench A S N N \\0'70
< A S P {)b & N
(b) Core multimodal benchmark performance (c) Long-context RULER performance

Figure 1 | Benchmark performance. (a) MiniMax-Text-01 on core text benchmarks. (b) MiniMax-
VL-01 on core multimodal benchmarks. (¢) MiniMax-Text-01 on the long-context RULER (Hsieh et al.,
2024) benchmark. The performance of leading commercial and open-source models is presented for
reference.
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DeepSeek tested three versions of its large language models against OpenAl’s
o1 models on mathematics, coding and reasoning tasks. DeepSeek-R1 beat or
rivalled o1 on maths and coding benchmarks.
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