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B a c kg ro u n d The Platonic Representation Hypothesis

Minyoung Huh *! Brian Cheung”' Tongzhou Wang*! Phillip Isola ™!

B The Platonic Representation Hypothesis (ICML 2024)

The Platonic Representation Hypothesis

Neural networks, trained with different objectives
on different data and modalities, are converging to a

shared statistical model of reality in their representa-
tion spaces.

Kimg(ijj) — <fimg($'£): fimg(mj»
Ktext(iaj) — <ftext(yi)aftext(yj)>'
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trained model training objective
] : 1
f — a‘rg min fE F [E;L-N dataset [‘C (f7 a:)] + IEI(f)
oy regularization

function class
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The Multitask Scaling Hypothesis

There are fewer representations that are competent
for NV tasks than there are for M < N tasks. As we
train more general models that solve more tasks at
once, we should expect fewer possible solutions.

Hypothesis space

task gradient

\

Solves task 1

task gradient /;1
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representation than smaller models.

Bigger models are more likely to converge to a shared
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The Simplicity Bias Hypothesis

Deep networks are biased toward finding simple fits
to the data, and the bigger the model, the stronger
the bias. Therefore, as models get bigger, we should
expect convergence to a smaller solution space.

Hypothesis space

simplicity bias

Functions that solve
the tasks

Simple

functions <+— <+— <— simplicity bias
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B Compression Represents Intelligence Linearly (COLM 2024)
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After an GD update on x,,, how does the model’s prediction on x, change?

AG 2 gl gt — —1-VL(fo(xu),¥u); Af(X0) £ fort1(x0) — for (Xo),

Alogm'(y | x,) = logmgea(y | x,) — log moe (y | %),
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Learning Dynamic

After an GD update on x,,, how does the model’s prediction on x, change?

Proposition 1. Let m = Softmax(z) and z = hy(x). The one-step learning dynamics decompose as

Alogrt(y | x.) = —1A'(x,) K (50, ,) G(x.,3.) + O IVsz(x,)I2), ®
Vxi VXV VXV Vxi

(Voz(x,)|g:)(Voz(x,)|o¢) T is the empirical

where A (x,) = V logmge (x,) = I —1mg,(x,), Kt(x,,x,) =
o) = Vol Fio) |

neural tangent kernel of the logit network z, and G*(x,,



16

1//4

Learning Dynamic

After an GD update on x,,, how does the model’s prediction on x, change?

Learn (xy = Y,yu = 4) using SGD

rasCx) | b
i Py |
0 4 9

Alog nt(xo) = _nﬂt(xo) xt(xou Xu) G' (X Yu) <

[Xu, y,j'] Strong inﬂuence[xu- Yu ]

Y, < > 19Q.»

(0 ry)]

[xu, )

(a) Adaptation vector created by (Xy, Yu)

08

06

04

)

After Identical:
Before Y= 'ﬂ'(xn = q )
Tyt+1(X,)
' i
1 2 3 4 5 6 7 8 9
Similar:
Yy = T[(Xo :C' )
A ¥ l
Dissimilar:
y= Tf(xo = 0)

1 2 3 4 5 6 T 8

(b) One-step change with the
same G* (Xu, Yu) (large 1)

9

1.00

0.75 1

0.25 A

0.00

1.00

0.75 1
0.50 1
0.25 1

0.00

1.00
0.75
0.50
0.25

0.00

Prediction of number 4

I Convergence
Early stage

0 1 2 3 4 5 6 7 8 9

Prediction of number 9

o 1 2 3 4 5 6 71 8
Prediction of number 0

0 1 2 3 4 5 6 7 8 9

(c) Accumulated change of epachs

Observing class

Predicting probability
0.2 0.4 0.6 0.8

L

x |

0 2 2 6 8
Updating class

(d) Correlation of the accumulated change




17

1//4

Learning Dynamic
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Experiments

B LEARNING DYNAMICS OF SFT
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Learning Dynamic

Xy ) o (Yo, Ix;))}
_ 3] ,
X ) Plog Tret (Y | Xu)

+
Tot\Yu
Lppo(0) = _E(xu,yi,ya)f\@ lloga (ﬁ log ( ) ||

[Alog 7 (y | Xo)lm = — Y _ 1A (xo)lm (K" (Xo» Xi)111Gbpos )t — K (Xo» X )i[Gbpo 1) + O(n?)

=i
Gbpor =B —a) (mae(y | X)) —¥4);  Gbro. = BA—a) (moe(y | Xu) — ¥z ) - |



20 177

Learning Dynamic

e SFT » Off-policy DPO, IPO
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A: Positive gradient (g0 — ey)
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B LEARNING DYNAMICS OF OFF-POLICY DPO
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B MITIGATING THE SQUEEZING EFFECT
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B SFT &RL

B Pos & Neg
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