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Large Foundation Models

e Remarkable performance

e Reasoning & Perception (high-level)

Gemini Gemini Gemini Gemini GPT-4V Prior SOTA
Ultra Pro Nano 2 Nano 1
(pixel only) (pixel only) (pixel only) (pixel only)
MMMU (val) 59.4% 47.9% 32.6% 26.3% 56.8% 56.8%
Multi-discipline college-level problems pass@1 GPT-4V, 0-shot
Yue et al., 2023
62.4%
Majl@32
TextVQA (val) 82.3% 74.6% 65.9% 62.5% 78.0% 79.5%
Text reading on natural images Google PaLl-3, fine-tuned
Singh et al., 2019
DocVQA (test) 90.9% 88.1% 74.3% 72.2% 88.4% 88.4%
Document understanding (pixel only) GPT-4V, 0-shot
Mathew et al., 2021
ChartQA (test) 80.8% 74.1% 51.9% 53.6% 78.5% 79.3%
Chart understanding (4-shot CoT) Google DePlot, 1-shot PoT
Masry et al., 2022 Liu et al., 2023
InfographicVQA (test) 80.3% 75.2% 54.5% 51.1% 75.1% 75.1%
Infographic understanding (pixel only) GPT-4V, 0-shot
Mathew et al., 2022
MathVista (testmini) 53.0% 45.2% 30.6% 27.3% 49.9% 49.9%
Mathematical reasoning GPT-4V, 0-shot
Lu et al., 2023
AI2D (test) 79.5% 73.9% 51.0% 37.9% 78.2% 81.4%
Science diagrams Google PaLlX, fine-tuned
Kembhavi et al., 2016
VQAV2 (test-dev) 77.8% 71.2% 67.5% 62.7% 77.2% 86.1%

Natural image understanding

Goyal et al., 2017,

Google Pall-X, fine-tuned

User  Detect all motorcyclists in the image and return their locations in the form of coordinates. The format of
output should be like {*bbox_2d": [x1, y1, x2, y2J, “label”: “motorcyclist’, “sub_label”: “wearing helmat’ # or “not
wearing helmat’).

Qwen2.5VL

x

Qwen2.5-VL

341, 258, 397, 360], "label": “"motorcyclist", ":
torcyclis
motorcyclis
": "motorcyclist", ™

: "not wearing helmat "
not wearing helmat "
ot wearing helmat "}
‘wearing helmat "}

Gemin
MM-Vet 80.0 GQA

llava1.6

LLaVA-Bench VizWiz

7235,

15
MMBench-CN N\ TextVQA
877 1531.3 — BLIP-2
—— InstructBLIP
MMBench POPE —— Qwen-VL-Chat

- LLaVA-1.5
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Pitfalls of Large Foundation Models

Moravec’s paradox (Tasks that are easy
to humans could be difficult to machines
and vice versa)

OOD / in-the-wild Generalization
Hallucinations

P1 P2 P3 P4 P5 P6 P7
o000 — I | o] :

- . Acknowfedgement % @ e | e game [ house D r" B
~ @ m o
1 X | Yes X| o X 6 v 5 X |3x4 1 v
1 X No V| w X 5 X 3 v |3x4 / 2 X

1 X | Yes X| o X 5 X 4 X [4x4 X 2 X
0 v No v| 1 v 6 v 3 v |3x4 / 1 v

GPT-40 4 Gemini-1.5 @ Sonnet-3 [*| Sonnet-3.5

BlindTest (Rahmanzadehgervi et al., 2024)

OvO=8®

This image shows the front
view of the ego car. What is
the future state of the white
suv in the middle?

| (A) Turn right.

WS (B) Turn left.

(C) Stationary.

(D) Keep going straight.
(E) The image does not
feature the object

‘What is the traffic light on the right?

(A) yellow

(B) red

(C) green

(D) changing/off

(E) The image does not feature the
traffic light

MLLM in-the-wild (Zhang et al., 2025)

® [ provide a detailed description of the given
image.

The image features a table with a variety
of food items displayed in bowls. There
are two bowls of food, one containing a |
mix of vegetables, such as broccoli and
carrots, and the other containing meat.
The bowl with vegetables is placed closer
to the front, while the meat bowl is
situated behind it. In addition to the main
dishes, there is an apple placed on the
table, adding a touch of fruit to the meal. A
bottle can also be seen on the table,
possibly containing a beverage or
condiment. The table is neatly arranged,

showcasing the different food items in an
appetizing manner.

Visual hallucination (Li et al., 2023)
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e Formal vs. Functional Linguistic Competence (Mahowald et al., 2024):
o LLMs excel in generating fluent language (formal)

o But may lack real-world understanding (functional)

e &.°
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Core-knowledge hypothesis

What about humans? — the human path

Innateness

e Plato’s Meno: everything we know 1s innate

e [eibniz: something in the mind must be innate, if it 1s only the mechanisms
that do the learning (Pinker, 2002)

e Stage Theories of Cognitive Development (Piaget, 1976)

o -y
h"‘fxﬂ



Growing up
e Children develops along distinct stages of conceptualizing the world, each stage is

marked by previously inaccessible abilities

e Early, simpler abilities serve as the basis for later, complex abilities (“grounding”)

Sensorimotor )NCIe Formal Operation

Object @ A @ ) Tool &
Permanence g S o Using %\9

\ J
j\/o}% Mechanical

Perceptual Constancy a Reasoning E @

Intentionality
Boundary @ > Spatiality % ~ Understanding Q




Core-knowledge in MLLMs

e (lassifying taxonomy (grounded in cog-sci literature)
e 1500+ samples plus 200 + MLLMs

Concept Definition | Concept Definition Concept Definition
Boundary The transition from one object to Continuity Objects persist as unified, cohesive Permanence Objects do not cease to exist when
another. entities across space and time. they are no longer perceived.
Spatiality The a priori understanding of the Perceptual Changes in appearances don’t mean Intuitive Physics Intuitions about the laws of how
Euclidean properties of the world. Constancy changes in physical properties. things interact in the physical world.
Perspective To see what others see. Hierarchy Understanding of inclusion and Conservation Invariances of properties despite
exclusion of objects and categories. transformations.
Tool Use The capacity to manipulate specific Intentionality To see what others want. Mechanical Inferring actions from system states
objects to achieve goals. Reasoning and vice versa.
R = e e SR e e Sensorimotor = — = — — — — = = _ —_— = = - -_ - — =
| Boundary Continuity Object Permanence Spatiality Perceptual Constancy y Intuitive Physics
I What is the shape of How many trains a;e Is there adie in the last Is there only one level of Are the actual colors of the Which of the two systems in
I the pillow? [A] there in the image? [C] image? [Yes] surface in - two Rubik's Cubes the same? the picture is more likely to
A.Rectangle A. Two the image? [Yes] tip over? [Al
| B. Circle B.Three [No] | m A.Leftone
| C. Star C.One - - B.Rightone %
Pos g i cignem i ~: |FOTMAlOPEIAtion oy = issr e a=vims o= - )
| Mechanical Reasoning Intentionality Tool Using | Conservation Hierarchy Perspective Taking
Which direction will the black What is the person trying to What should | use to find my | Inthe last frame, is the number Are there more windmills or From the doll's point of view,
| brick move towards if thﬁ @ do? [B] socks under the bed?. [C] | of candies in the upper row and more red buildings in the which object appears the
string is pulled? . the lower row the same? [Yes] image? [C] rightmost? [B]
| (W} [A] ‘; 2‘1'::: :I:::rs?\e A/*n B. c I A. Windmill A.The red can L.
9o % A.Upwards s E - = e “%é% "“é "'”"" B. Red building B. The silver can
| - B. Downwards ' : | w C.The same C.The black can
e J
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Core knowledge deficits

5
|| Sensorimotor | I
4 - Concrete operationI '
> Formal operation I I
g 2 I |
§ I |
< N | I Key Finding 1 (Core Knowledge Deficits): MLLMs ex-
5 2 I l cel at higher-level abilities associated with later develop-
_&’ | | . mental stages but consistently struggle with lower-level
© 1 o : abilities that typically emerge earlier in human cognition.
< qg- « 3 @ : t—stat=‘|1!.7057*** .
. 1 .
| tstat=24.9684"
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Scalability

95% ClI toolusing (R? = 0.055)
0.8 ) intentionality (R? = 0.217)
= Sepsorifiotar boundary (R? = 0.129)
s . b 4 . Concrete operation
Scalability: performance on an ability improvement B Formel cputon
. . perceptualconstancy (R?=(.188)
as model grows (slope of linear fitting) o7 mechanicalreasoning (R = 0.345)
hierarchy (R2=0.219) ‘>,.
High-level abilities in general shows much higher > 06 S (R £
1s E conservation (R?=0.057) 8
Scalablllty. 3 intuitivephysics (R? = 0.033) <L
(3}
g 05 spatiality (R?=0.023)
R2 = 0.021
Il sensorimotor ——195% ClI 0.4 permanence ( )
0.06| [l Concrete operation >
I Formal operation §
(]
g' 0.04 § 0.3 perspective (R?=0.071)
D <
(7]
o0 0.02 0 1 2 3 4
é ) Parameters (Log Billion)
© o
[3) o
0 o o 0 o o s S B Key Finding 4 (Not Scaling): MLLMs exhibit limited
O o o s B a‘r“\ 27 Y 00056‘ s e(\{\o(\ & S o s D .
0.0 ¥ Tt Tt e or no scalability on low-level abilities compared to high-
‘ level abilities
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Core-knowledge is predictive of higher-level abilities (Key Finding 3 (Predictability))

Boundary 0.24 0.19 EXrd 0.29

e 8 v v v v v (RN o CE A o o

Permanence 021 021 012 003 0.18 0.10 0.14 003 034 024 032 028 021 009 020 019 016 023 023 029 026 028 025 0.1

Spatiality 025 027 015 0.14 - 0.19 0.19 0.04 -- 0.32 033 0.1 ' 0.29 0.36 -'o.»ss 0.23
Perceptual Constancy 031 039 0.5 0.14 . 021 038 0.07 | --- 0.14 m 029 029 -ﬁ

Intuitive Physics  0.11 009 -0.11 -0.11 0.14 -0.11 0.01 -0.19 023 0.5 0.2 0.10 0.13 -0.08 020 027 004 020 014 017 022 025 023 0.10

Porspectie. 010 [958 027 (932 K] 020 020 -0 [N | X R =~ XY S N = o= ) O

Conservation 018 028 026 026 032 033 028 019 027 0.18 0.27 0.23 0.32 0.34 /033 0.21 031 0.35 033 0.29 0.34 0.19 --0.25

B8 o o ] o o0 o ) 6 ] o O

Mechanical Reasoning 0.32 036 0.16 0.10 - 0.17 0.08

e @ - O -~ EomE

Tool Using 0.30 025 0.20 0.17 036 0.24 0.17 0.12 0.37 017 0.18 0.33 0.19 0.38 032 001 0.30 0.30 0.18 027 0.16 0.11 0.00
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Core-knowledge is predictive of higher-level abilities (Key Finding 3 (Predictability))

e 1o 0 o s o =

0.10 0.24 -0.10 0.28 -0.14
-0.00

0.33 0.28

--0.25

-0.50
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Dependency of core-abilities

Human: high correlation within and
across stages

@ Alignment with human (p > 0.65)
within high level abilities

@ Three Sensorimotor abilities

(Permanence, Spatiality, and Continuity)

exhibit weak correlations with most

higher-stage abilities

Three concrete operational abilities

(Perspective, Conservation, and Intuitive

3

Physics) also show weak cross-stage
correlations

TO=E0

Key Finding 2 (Misaligned Dependency): Core abili-
ties exhibit weak cross-stage correlations, indicating an
absence of developmental scaffolding.

1.0
Boundary
Continuity
0.8
Permanence 0.17 0.29
Spatiality 0.34
Perceptual Constancy 0.29 0.30 0.33
042 0.50|0.73 {0.51 0.59
0.4
0.23 0.29 0.13 0.30 K]
-0.00 0.01} 0.32§ 0.01 -0.17

0.18 [ETIN W4 [0:361 -0.06 0.17‘ CD - 0.2

-0.0

0.6

Intuitive Physics

Perspective

Hierarchy
Mechanical Reasoning
Intentionality

Tool Using

o o = < o
RN I R P I O SO NS
SR N SN S R
Q,O\) c)0(\ g(&b %Q & QQ ‘Q 52 Q'\\Q I S «00\
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NN i
& N



«"n =

On Machine Learning

Do MLLMs genuinely has core-knowledge? = A Controlled experiment

1.0

Manipulation o mLm R
—A&— Human 7
........ Continuity ... _.._.. ---- Chance Level “AA 0.50
\ ~=-- Control Acc = Manipulation Acc ’ g
: Could the black line be continuous? : I I
Rt o e R s e e e D e T e, 2 g ) 0.8 > 0.45
GT: No GPT: Yes >
......... Physics e — I z 0.40%
( If both balls are dropped at the same - % 06 s
i time, will the bigger (red) ball land first? P °-35§
. A.Yes B.No, the smaller ball first i e H
. . . [+3]
| C. Theywillland at the same time : 5 030
) T T ] o e 6 T 07 89 W - GT:A GPT:C g_ 0.4 : g
— _ I g /\) 0.252
/ ........ Constancy . N %( S
| Does the actual width of the bridge | 02 AL 2 e q o
- remain the same from near to far? : S0 Vodel Se
\ .......................... J B i © 1B Params 015
GT:No GPT: Yes I @ 1005 rorams
-------- Perspective -+ — .- —-. N %% 02 0.4 06 08 10
( X . . g o A Control Accuracy
- From a perspective where the image is - tﬂ
| rotated 90° clockwise, does it look like a | m

. Key Finding 5 (Core Deficits v.s. Shortcut Taking):
) GT: Rabbit GPT: Rabbit GT: Duck GPT: Rabbit Models increasing in size exhibit deficits and shortcut-
taking behaviors rather than progressing toward concep-
tual understanding of core knowledge.

> duckorrabbit? A.Duck B.Rabbit
~
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But why 1s 1t important?

e Paradigm agnostic
o Core knowledge may function as “developmental start-up software” (Lake, 2017)
o Shared Prerequisite (e.g. computational/representational power) across
intelligence
e Human Path

o Inspiration from human

o Alignment with human intelligence
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Main take-away (What does it imply?)

Misalignment from human (not a good sign)

o Lack of core-knowledge
o performance on high-level abilities does not correlate with the corresponding low-level abilities

that ground them in humans.

= shortcut ? parrot?
(current) Scaling fails (at least not human-aligned)

Do we need human aligned?
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Future

e Scaling = core-abilities
o Objective?
o Data?
o Architecture?

e shared prerequisite + “developmental start-up software” (Lake, 2017)
o Learn core-knowledge first then pre-training

o MoE to counterfact catastrophic forgetting

e More analysis
o Causal instead of correlation for dependency
o Training as causal Intervention

o System-2 results (compared to system-1 counterpart)

o ...etc
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Discussion

e Do Al need to be human-aligned?
o Inspiration? Standard for AGI?

e = Argument: core-knowledge as shared prerequisite for all intelligence!

e Shortcut? Stochastic parrot?
o In low-level core-abilities (at least)
e Distributed representation

o Pre-training learn core-knowledge
o But hard to retrieve due to distributiveness
o System-2 thinking? RL?




4 ICML

International Conference
On Machine Learning

Thanks to




4 ICML

International Conference
On Machine Learning

Active Members

GrowAl Community

Growing Al like a Child, at Scale

/

L
Humans never "learn” intelligence. Humans develop intelligence. Biological lives on this & . X
: : s ; : Hokin Deng Yijiang Li Dezhi Luo
planet take heavy advantage of intelligent primitives embedded in their genes. Cats never Carnegie Mellon University O T R

“learn” to backflip. Birds never "learn” to fly. In the same way, humans never "learn” to Diego
cognize. Humans are born with a set of core cognition, that sets the foundation for our
perception and action in the physical world.

Our core cognition unravels through a specific developmental trajectory as we grow into
adulthood. Here, we seek to do the same for our machines, leveraging heavy cognitive
literature in developmental psychology, e.g., Piagetian theory of cognitive development, to
design our growing up curriculum. In addition, we also want to learn from the current
success of machine intelligence, specifically the scaling law.

Instead of putting growing up and scaling up into opposite camps, we argue the next step
towards human-like artificial general intelligence is to grow Al like a child, at scale. We Qingying Gao Zigiao Ma Emmy Liu
come together as GrowAl, an open-source community uniting researchers from computer Johns Hopkins University University of Michigan Carnegie Mellon University
science, cognitive science, psychology, linguistics, philosophy, and beyond. Our ongoing
research focuses on the following areas:

¢ Cognitive Competence: Investigating and evaluating the cognitive behaviors and
limitations of pre-trained models beyond leaderboard chasing.

¢ Core Knowledge: Identifying and building fundamental knowledge and core cognitive
scenarios for benchmarking and evaluating human-like intelligence.

¢ Developmental Al: Understanding the developmental trajectories and training
dynamics of scalable systems toward human capabilities.

Icy Wang Tianwei Zhao Yixuan Wang

Emory University Johns Hopkins University University of Florida

Updates
B Four of our papers accepted at ICLR 2025 Workshops!
Vision Language Models See What You Want but not What You See BiAlign @ ICLR 2025

Vision Language Models Know Law of Conservation without Understanding More-or-Less Bidirectional
Human-AlI Alignment @ ICLR 2025

Probing Mechanical Reasoning in Large Vision Language Models Bidirectional Human-Al Alignment @ 4
ICLR 2025 a
Avi Bhattacharya Zory Zhang
Rahmanzadehgervi University of Michigan Brown University

Auburn University
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