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Superalignment — weak-to-strong (W2S) generalization

Traditional ML Superalignment W2S

[Burns et al, ICML2024]
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\/When and how W2S happens’?:
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o Difficulty: NLP tasks < Chess
puzzles < ChatGPT reward
modeling

e Approximation error = error of
the model trained over the
population

e Better W2S <& performance
gap recovery closer to 1

W2S-weak gap

PGR = ——
celling-weak gap

NS

How does W2S happen on easy tasks where weak and strong models

\

both have low approximation errors?
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Intrinsic dimension

y  Intrinsic dimension = the minimal number of |

| model parameters needed to achieve (nearly)
...optimal performance on a specific task _

Occam’s razor: When faced with multiple b
. hypotheses, the simplest is usually the best

Pretrained Finetunable parameter of
initialization intrinsic dimension d < D

L) - (@) + [l

Model parameter of ] % d random
high dimension D projection




Intrinsic dimension d
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‘ Learning over a well-pretrained model (e.g. finetuning) usually exhibits low intrinsic dimensions. j

Low Intrinsic dimension of finetuning
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[Aghajanyan, Zettlemoyer, Gupta, ACL2021]
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Model size D

~ Larger pretrained language models have lower intrinsic dimensions on downstream tasks! |
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Finetuning with low intrinsic dimensions

Downstream task
o (x,y) ~ D(f) s.t.y = fulx) + z with i.i.d. noise z ~ #(0,6%) and |fi(x)| < 1 a.s.
e Want to learn the ground truth function /.. : & — R given access to two datasets:
®* Labeled (small) dataset: X e 2" with noisy labels y € R”
®* Unlabeled (large) dataset: X & AN
Finetuning (FT) X linear probing on gradient features
e FT fall in kernel regime: f(x|0) = ¢(x)' @ with finetunable parameter @ € R¢
®* Nonlinear case: ¢(x) = V, f(x|6,) = gradient at pretrained initialization 6, € R4
. model ¢, : & — R produces 5W = ¢W(Y) e R @ = ¢ (X) e RN

e Strong model ¢, : X — R4 produce:s ES - qbs(Y) c R4 d =¢(X) e R Nxd

rank(2,) =d, < d

2, = E[p(x)epy(x) '] 7



Weak v.s. strong: model capacity + similarity

iﬁ Representation efficiency — low intrinsic dimensions: |

rank(X) =d, < d :

'; Representation accuracy — FT approximation error: 0 < p. < p,. < 1 where

py = min E[(h,(0)70 = £.()] and  p,, := min E[(¢h,()70 = £.(x))’],

2

{We are interested in the variance-dominated regime p, + p,, < . {*

i Representation similarity — correlation dimension: Consider spectral decompositions :

>=V. X Vl and ¥ =V, 6 X VI

dxd, dXd, dxd, d, xd,

 The correlation dimension of (¢, ¢,,) is d,,.,, = ||V, V, ||} st.0 < d,,, < min{d,,d,}.
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W2S finetuning as ridgeless regression

Ridgeless regression: with all a — 0

Weak teacher model: 6, = arg min —HEWH — 7\\% + aHHH%

\96 RY 1

W2S

~

1
W2S model: 6, ,, = arg min —||®.0 — @ 0, ||5 + a||0]|5

oerd N W2S v.s. SFT
PGR = — s the additional
i compute of W2S
Strong SFT model: 0, = arg min —|| @ .0 — V|5 + «||0||5 worthwhile’?
OcR? n
Strong ceiling model: 6. = arg min : s 0 — v 2+ alloll;
: berin+ N || | D, Y.




W2S generalization error: ridgeless regression

With randomness in f from training data: Proposition [DLLLL25].
ER(f) — Var(f) + B1as(f) where Var(fw) — GZQ, Bias(fw) < .,
n

Var(f) = E[EA(f(x) — ELf0D?]] ’
Bias(f) = E ()] - £(0) var(fy) = o° = Bias(f) <,

d
t Theorem [DLLLL25]. Assume ¢ (x) is zero-mean (Je) n+ N (Je) < p;

subgaussian and ¢, (x) ~ (0,4 2,) (can be

relaxed to subgaussian), for n > d,, + 1: 7 = Range(X,), 7, = Range(2,)

)

2 :

{ Var = <d F—(d,—d = AW = ¥ W

: (f WZS) o dw 1 SAW N( W S/\W) ‘ V&I’(f w2s) ” T N "
B =ptp * Wog anance in

7\
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Intuition: how does variance reduction in W2S happen?

7 = Range(X,), 7',, = Range(X,)

)
ds/\w ds dw - ds/\w

Var(f, ,,) < + | =
n N n

—__ . |
e Variance In

| " TN,

i Psuedolabel error in 7' \7 , can “
I be viewed as independent label
| noise w.r.t. the orthogonal strong }
| features 7, variance from which |
f reduces proportionally to d /N . f

? ---------------- T ----- f W(X) — ¢W(x)T@W

u
pnuHn
-----------

muBn
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W2S generalization error: ridge regression

Choose some suitable o, @, ,. > 0 s.t. o fi(x) = gb*(x)Té’*, 0. € IRd, -[gb*(x)q/)*(x)T] — Y.

I — . . . |
6., = arg min —|| @ 6 — 7\\§+aw\\9\\§ e Positive-definite covariances: 2, , 2, 2 > ()

0cR? N
= e Normalized features: ||Z, |, =< [|1Z.ll, = [|Z]l, < 1

_ . 2 2
0,25 = arg gelg}iﬁﬂq)s@ - ®,0,l15+a,,0115 e Intrinsic dimensions: tr(%,) < d,,, tr(2;) < d;

¢ Multiplicative sample complexity:

2

| Theorem [DLLLL25]. Let o, = [|=,, /=120, |3,
| nN < o QsQy,

= HZ;l/zZi/zH*H%. For ridge parameters
‘ c*r(ZX,) o, o tr(ZX) 0,

,f = and a = ,
| v AnN 032 w2s AnN o2

02

ER(waS) < 3(

y - N

QSQW> 173 ', e Coverage (“FT approximation error”): ¢ , 0, are small if
et i i i the dominating eigenspaces of 2., 2., cover that of 2.
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Larger discrepancy (lower d,, ) — better W2S

ER(fw) o ER(f w2s)
ER(f,) — ER(/.)

ER(/,)
ER(f W2S)

Performance gap recovery: PGR =

Outperformance ratio: OPR =

—OPR>1~>
_fw T fs — w2s_ fc g (Generalization

———PGR—>1—————>

Wlth negllglble FT apprOX|mat|on error (pw + ps)/a — O «
_ When and N 2 dJ(d, /d,, — 1), wehave

PGR > 1 - 0(d

/d,) and OPR > Q(d,/d,,,)

S/\W |

13



Excess risk
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“ High-dimensional Gaussian features: d = 20000
o fu(x) = xTAV?0, where A = diag(1*, e, A7)

YA = i~1for 1 <i <300, AF = 0 fori > 300

d,=200,d;=100,ds,, =10,0°=1e—-02, p, =2.6e — 04, p. =5.5e — 05

N =4000

1000 2000 3000 4000
n

----- W2S Bound ----+ S-Baseline Bound
Weak Bound ~ === S-Ceiling Bound

Synthetic experiments
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provide reasonably tight characterization for the generalization error, OPR.|

|» W2 is more beneficial with limited label data 7 — PGR and OPR decrease as n increases! |
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OPR
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Lower d;,, /d, — better W2S
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Larger variance — more pronounced W23

dy, =522 (ResNet50), ds =443 (CLIP-B32), ds = 301.06
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, ¢.) brings higher PGR and OPR. :

e Benefit of W2S is more pronounced on problems with larger variance.




Takeaway: teacher-student discrepancy— better W2S

How does W2S happen on easy tasks where weak and strong models
both have low approximation errors?

je Representation efficiency: rank(X,) = d, rank(X ) = d < d |

'. Representation similarity: correlation dimension d,,,, = IIVTV HF 10, min{d, dw}]i

an

ds/\w ds dw o ds/\w
Var(fo) = =25 4+ |
__/ &

W2S

' _PGR > 1 - 0(d,,,/d,) and OPR>Q(/d,) |

S/\W
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Thank you! Happy to take any questions

Dong, Yijun, Yicheng Li, Yunai Li, Jason D. Lee, and Qi Lel. "Discrepancies
are Virtue: Weak-to-Strong Generalization through Lens of Intrinsic
Dimension." arXiv preprint arXiv:.2502.05075 (2025).
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