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y *EIE'LK: (Dual-process Theory)

ARERMERIBAERIL. —MRREMERD, B—REEMH
RS

SYSTEM 1 VS. SYSTEM 2 COGNITION

2 systems (and categories of cognitive tasks): Manipulates high-level /
semantic concepts, which can
be recombined

SEERSDHHEIES T IA,

combinatorially — |
o —
1 Oé*ﬂﬁ%ﬂlﬁj\%q] %U 1,E 1 O/I\EJEE' ? SyStem 1 TBANKING, SyStem 2
¢ Intuitive, fast, UNCONSCIOUS, * by * Slow, logical, sequential, CONSCIOUS,
non-linguistic, habitual linguistic, algorithmic, planning, reasoning
¢ Current DL FS—— « Future DL

DANIEL

KAHNEMAN

& Mila

[EIFE/RFEE.B%E, REEIM]. SHREIFEILR: PEHRER, 2012.
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Exploring the Feasibility and Utility of

Machine Learning-
Assisted Command
and Control

Volume 1, Findings and Recommendations

Assuredness

Explainability

Learning

Computational
efficiency

Soundness

Optimality

Data efficiency
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Robustness
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Games
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“BUHEAR—MESER, BRI RAMEAET! ” —1988

'‘Every time | fire a linguist, the performance of the speech recognizer goes up.'

WXAIENA, BUAETIRAIMN BAESIE  fARMTIEFrederick Jelinek, fthifEEETERMRL. \w ‘

Absolutely. I have good friends like Hector Levesque, who really believes in
the symbolic approach and has done great work in that. I disagree with him,
but the symbolic approach is a perfectly reasonable thing to try. But my
guess is in the end, we’ll realize that symbols just exist out there in the
external world, and we do internal operations on big vectors.

BEFXBNR, &2, HRIIaRRIGSAEEETIMNMERA,
FAEREHERERFBNIZRN KRS HITIRE
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Figure 2. Parallel-competitive model.
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System2jH—
FA

1 -
Evans, J. St. B. T. (2007a). On the

resolution of confiict in duar-

R Not-R |

process theories of reasoning|
Thinking & Reasoning

Figure 3. Default-interventionist model.
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Represent
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Implicature
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Press, 2009.

ToIARI(metacognitive)Z8fs
123 T ARIA R fE IR
o TOARNEFS1FOS20Vft A 206

EEGMAS2

|2




AR5t %D%@EZE’\JWJ\IE - i%f&m%u

11

FENBmI=E. BEIRR. B

‘MENERE" K FTE »'M\?\éﬁi%ﬁ’rd]\lﬁ_ __1’I5

200
A C
- =3
150 b . § -
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Blocks of trials

Fic. 1. Dual-process theory of habituation.
(Dashed lines represent two hypothetical processes

which result in plasticity of response to repeated

stimulation. Dots are actual data points obtained
for hindlimb flexion reflex in acute spinal cat. In
A, shocks to hindpaw were presented at low in-
tensity (near response threshold) and four per
second frequency. Note pronounced response habi-
tuation. In B and C, as intensity is increased,
hypothetical sensitization process (S) increases,
while habituation process (H) becomes less pro-
nounced. In D, at high intensity, sensitization is
most pronounced, resulting in response sensiti-
zation.)
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Thompson, R, and C. P. Groves . "Habituation: a dual-process theory. " Psychological Review 77.5(1970):419.
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NEURAL NETWORK SYMBOLIC SYMBOLIC MODEL NEURAL NETWORK
O Output KNOWLEDGE
o ) o O. _Ouv O 0
8§o>o — o — RO og §o§ §o§ §0§8>O
NEURAL NETWORK & & NEURAL NETWORK (@) (@) (@) (@)
IeE S Neuro Logic
Uni Unit

Neuro: Symbolic->Neuro Symbolic[Neuro] Neuro[Symbolic]

NEURAL NETWORK
Symbols &
Q: ) SYMBOLIC
ooe f {0} KNOWLEDGE

Symbols §
i +
Symbolic Neuro Symbolic

NeurOSymbolic

8 :
KNOWLEDGE SYMBOLIC MODEL NEURAL NETWORK
‘v
compile

O
0F5>0

discra ttzatwn

+ NEUL NETWORK @ a
o - >

Training data

Symbolic|Neuro

Wang, Wenguan, Yi Yang, and Fei Wu. "Towards data—and knowledge—driven artificial intelligence: A survey on neuro—symbolic
computing.” arXiv preprint arXiv:2210.15889 (2022).
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AN 2N 5 J

Domain Knowledge E

Figure 3: The structure of ABL framework.
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[ Dvolrolglz[oFH e[« /T/To]0[<[/EHON [L[oD [L[(T1] ?

O

erception i
perception P plio N
neural layers neural layers

Figure 4: Handwritten equation decipherment puzzle: a computer should learn to recognise the symbols and
figure out the unknown operation rules (“xnor” in this example) simultaneously.
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Figure 5: The structure of our ABL implementation.

Dai W Z, Xu Q, Yu Y, et al. Bridging machine learning and logical reasoning by abductive learning[J]. Advances in Neural Information Processing Systems, 2019, 32.
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teacher network construction

%D -lf/ \1\3\/75]J
IERISER SN ESEERIERT,

e — loss =

Gl

rule knowledge distillation

y/ pe (y|x)
prolectlon o [
A&B =max{A+B-1,0}  / aUIx)\ . e . L
teacher propagation student
AN NAy =) AN 0 a1 ~ po %)
TA=1-A logic rules

unlabelled data labeled data

Zhiting Hu, Xuezhe Ma, Zhengzhong Liu, Eduard Hovy, and Eric Xing. 2016. Harnessing Deep Neural Networks with Logic Rules. In Proceedings of the 54th ACL
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RREFI SHEIEESE AR

z, € [0,1] m v, € RK SDP relaxation v, € RE m=bemmo e 2, € [0,1]
# i # round >
forreZ forreZ (weights S) foro € () '-=rm2ooy.” foro €O

Relaxed inputs Relaxed outputs

Inputs (discrete Outputs (discrete
or probabilistic) MAXSAT Layer or probabilistic)

061270 %0

0230|008(250 " — g “6 . Db s s

3 polob4lopa ORI EAMNEeEiRR, HEBEBFSIEIRAIZIRSE

o008 &8T7T20 . L

4911060023 HFIfRR A=

s00(340|/00
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| 70|00 0| 0 &
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Figure 3. An example visual Sudoku image input, i.e. an image of
a Sudoku board constructed with MNIST digits. Cells filled with
the numbers 1-9 are fixed, and zeros represent unknowns.

Po—Wei Wang, Priya Donti, Bryan Wilder, Zico Kolter. SATNet: Bridging deep
learning and logical reasoning using a differentiable satisfiability solver. In PMLR
97:6545-6554, 2019.
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¥,
Structgral Fat':t‘ General Knowledge ﬁ

Domain-specific Knowledge Language Processing
Generaliz&bility [ LLMs ] [ KGs ]

Symbolic-reasoning
=;>[ KGs ]=:> Output

KG-related
Tasks

Text

':P[ LLMs J=€> Output
Input

Knowledge Representation

a. KG-enhanced LLMs b. LLM-augmented KGs c. Synergized LLMs + KGs

S. Pan, L. Luo, Y. Wang, C. Chen, J. Wang and X. Wu, "Unifying Large Language Models and Knowledge Graphs: A Roadmap," in IEEE Transactions on Knowledge
and Data Engineering, vol. 36, no. 7, pp. 3580-3599, July 2024, doi: 10.1109/TKDE.2024.3352100.
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Knowledge Graphs (KGs) (& > MLP —— Predicted Triple Label
f

dlil

B ANR S

[TLL

Pre-trained Language Model

N J “\

Triple Prompts

Relation Paths Z / o z|?q, Q) @ Retrieval \ Reasoning Paths Wz

71 :born_in — city_of & : born_in city_of
29 : graduaten_from — located_in = Joe Biden » Scranton » USA

: - - ' duate_f located_i
23 : profession — work_in — city_of : Plonning Opﬁmiza‘rion : Joe Biden M University of Delaware M USA
| g g PP
Prompt: Please generate Py(zlq) Prompt: Please answer the
: 0\z|q : :
helpful relation paths for Planni : question based on the reasoning
answering the question. ® Planning ® Reasoning

paths and explain why.

nationality of Joe Biden? USA, because .....

. : Answer: The answer is
[Quesmn' Whatiisthe }l:-:> (;5 Large Language Models (LLMs) =——> [ ]

P0(a|q7 Z, g) G
Instruction iE PO
Inference Finetuning ' Reasoning Optimization |

P S A
\[Cj]J: [SP], \iebmn for\] [Si]]\ Lakers| --- @9\ \;J

N e e e - N ___oC

Support Prompts

Luo, Linhao, et al. "Reasoning on graphs: Faithful and interpretable large language model reasoning.” arXiv preprint arXiv:2310.01061 (2023).
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Encoder Embeddings Encoder ‘ Encoder
A A A A
<s> Johannes Kepler was a German astronomer ... <s> An astronomer is a scientist in the field of ... ... Kepler <mask> to have had an epiphany on ...
A
text text
h h r t t
( Johannes Kepler JoLIIIEL, I Astronomer )

| ] EEN

Xiaozhi Wang, Tianyu Gao, Zhaocheng Zhu, Zhengyan Zhang, Zhiyuan Liu, Juanzi Li, and Jian Tang. 2021. KEPLER: A Unified Model for Knowledge Embedding
and Pre—trained Language Representation. Transactions of the Association for Computational Linguistics, 9:176 — 194,
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Prompt: POV action camera of a tan house being painted by a
first person agent with a paint roller
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Prompt: This is a fantastical, whimsical forest
environment. The lighting is bright and cheerful,
suggesting a sunny day with dappled light filtering
through a dense canopy of lush, oversized leaves.
The air is clear and still. The ground is a soft,
verdant carpet of moss and unusually large,
brightly coloured mushrooms in shades of red and
blue, their caps dotted with white. Winding dirt
paths, well-trodden and narrow, weave between
towering, ancient trees with smooth, grey bark.
Interspersed throughout the forest are charming,
mushroom-shaped houses, with intricate wooden
doors and tiny, circular windows, each one unique
in its design and colour palette, ranging from
vibrant reds to gentle blues and greens. Various
small, friendly forest creatures, such as colourful
butterflies and tiny singing birds, flit amongst the
foliage, adding to the lively atmosphere. There is
an abundance of peculiar, oversized flowers
blooming in an array of pastel and bright hues,
releasing a gentle glow.
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JEPAZA

Yann LeCunfEi2HAIHFERIZEER |, H—F#EHIEPA (Joint
Embedding Predictive Architecture) ,

i

FEAR: EGREEtokenfIEEERE, RITNIGE=REtokendy
HERE.

FET{E: I-JEPA, V-JEPA, LLM-JEPA_, Audio-JEPA.
LeWorldModel&E
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VICReg 4

LENH{E B EZEBUGRAEFRI=IE
VIC: Variance. Invariance, Covariance
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VICReg
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254
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55 BRI

Linear Semi-supervised

Method Top-1  Top-5 Top-1 Top-5

1% 10% 1% 10%
Supervised 76.5 254 564 484 804
MoCo He et al. (2020) 60.6 - - - -
PIRL Misra & Maaten (2020) 63.6 - - - 572 83.8
CPC v2 Hénalff et al. (2019) 63.8 - - - -
CMC Tian et al. (2019) 66.2 - - - - -
SimCLR Chen et al. (2020a) 69.3 89.0 483 656 755 87.8
MoCo v2 Chen et al. (2020c¢) 714 - - - - -
SimSiam Chen & He (2020) 71.3 - - - - =
SwAYV Caron et al. (2020) 71.8 - - - - -
InfoMin Aug Tian et al. (2020) 73.0 91.1 - - - -
OBoW Gidaris et al. (2021) 73.8 - - - 82.9 90.7
BYOL Grill et al. (2020) 74.3 91.6 53.2 68.8 784 9.0
SwAV (w/ multi-crop) Caron et al. (2020) 75.3 - 539 702 785 89.9
Barlow Twins Zbontar et al. (2021) 732 91.0 550 69.7 79.2 893
VICReg (ours) 732 91.1 548 69.5 794 89.5

(.
L

55

Linear Classification

Object Detection

Method Places205 VOC07 iNatl8§  VOCO07+12 COCO det COCO seg
Supervised 3.2 87.5 46.7 81.3 39.0 354
MoCo He et al. (2020) 46.9 79.8 315 - - -
PIRL Misra & Maaten (2020) 49.8 8l.1  34.1 - - -
SimCLR Chen et al. (2020a) 02 855 372 - - -
MoCo v2 Chen et al. (2020c¢) 51.8 86.4 38.6 82.5 39.8 36.1
SimSiam Chen & He (2020) - - - 82.4 - -
BYOL Grill et al. (2020) 540  86.6 47.6 - 4047 37.0f
SwAV (m-c) Caron et al. (2020)  56.7 88.9 48.6 82.6 41.6 37.8
OBoW Gidaris et al. (2021) 56.8 89.3 - 82.9 - -
Barlow Twins Grill et al. 2020)  54.1 862 465 82.6 40.0 36.71
VICReg (ours) 543 86.6 47.0 82.4 394 36.4
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ImageNet{E55 LEEBBRISE

11137’5 iA

Method Arch. Epochs Top-1
Methods without view data augmentations
data2vec [ 7] ViT-L/16 1600 530
ViT-B/16 1600 68.0
MAE [34] ViT-L/16 1600 76.0
> ViT-H/14 1600 2
ViT-B/16 600 72.9
I-JEPA ViT-L/16 600 LED
ViT-H/14 300 79.3
ViT-H/16445s 300 81.1
Methods using extra view data augmentations
SimCLR v2 [20] RNI152(2x) 800 191
DINO [17] ViT-B/8 300 80.1
iBOT [74] ViT-L/16 250 81.0

ImageNet Linear Evaluation vs GPU Hours

@ 1JEPA [] MAE

S0 - ViT-H'14 @
4
78 — s
R ool ViT-H/14
QL ;;' uV1T-L/16
v~ 74 — '0" 'o;
- ViT-B/16 @& s
= 72 - '.'
0'.
70 - A
'0
68 — O vitB/6
| | | | 1 ‘ | | | | | | | |
103 10*
Pretraining GPU Hours

57



V-JEPA s

SIS EA = =28

£2005 Extils)

Representation of the
Corrupted input

Pred(s,) 3 Prediction of the
Y Representation

of the full input

Position
Encoding

TRNESIAFERRAE, FE
E;J "IN KRB 5 "

Corruption,
Masking




V-JEPAZL
FER R IAE AU R B R SRS B8 U T EL

Frozen Evaluation

SOTA fine-tuned task-specific .

model on SSvz (MVD) V-JEPA '

o ViT-H/16 1

> 70 ViT-L/16 I

' -

&0 OmniMAE |

.E n ViT-H/16 VideoDMAE SOTA fine-tuned |

X o Hiera viT.H/16 task-specific model |

z 60 s D Hiera-H on Kgoo (UniFormer) '

E VideoMAEv2 .

o ViT-g/14 !

v !

DINOv2 I

&0 I-JEPA A :

ViT-

g 50 Vit B VT4 !

< |

2 !
() 40 Q Video Feature Pred.

n [ Video Pixel Pred.
OpenCLIP
Image Models
ViT-G/14 A A image Models

T
J | J f

70 72 74 76 78 80 82 84 86 88 90 92
Kinetics 400



V-JEPAZS
TEDREAEERE SRR

Frozen Evaluation

K400 SSv2
(16x8x3) (16x2x3)
Method 10% 10%
MVD ViT-L/16 62.6+0.2 68.3+0.2 772+ 0.3 429+0.8 495+ 0.6 61.0%0.2
VideoMAE ViT-H/16 62.3+0.3 68.5+0.2 78.2+ 01 41.4+0.8 481+0.2 60.5+0.4
VideoMAEv2 ViT-g/14 370+ 0.3 48.8+0.4 67.8 £ 0.1 28.0x1.0 37.3+0.3 54.0+0.3

V-JEPA ViT-H/1634, 68.2+0.2 728+0.2 80.6+0.2 54.0+0.2 59.3+0.5 67.9+0.2
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OpenVLA: 5T, lnm5FD1‘fLa§/\47(?‘l§1’E7]t0ken¢ﬁJ)\ SIS

tokengy

Input Image

“Put eggplant

in bowl!”

Language Instruction

L ABRRINRRAIES

OpenVLA [Action De-Tokenizer] ]
r“ﬁ‘y :;%j lii_i,_";: — Ax |
3 A6
Llama 2 7B J | AGrip.
7D Robot
( g 1 - - || Action
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®
MLP Projector ( Llama Tokenizer j
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» “What should the robot do to {task}? A:”
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DreamZero 7
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DreamZero

FXOHERIRE R, BUCFGHTT, DiTERfF. CUDAfLMY. MSHANL]
ERIERESS FERIVCREIEERER, S 7THZAARIAEMZEHIRER,

Optimization H100 GB200

Baseline 1x 1.1x

System-level
+ CFG Parallelism 1.9x 1.8 %
+ DiT Caching 5.5x% 5.4x

Implementation-level
+ Torch Compile + CUDA Graphs 8.9x  10.9x

+ Kernel & Scheduler Opts. 9.6x 14.8x
+ Quantization (NVFP4) — 16.6x
Model-level

+ DREAMZERO-Flash — 38x
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