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* Problem is rotationally invariant
, algorithm

should be equivariant=> tensor net

PE T = /VVT + W spiked Wigner matrix

Alg : Vmax (T) => succeeds when
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Then symmetrize M EM + MT)

Alg : Vmax (M)

Hope : Unax & IV2
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↳ Spectral norms : 111(2) (var)/ = xn2
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P "Spectral methods from tensor networks"
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↳ Doesnt work well on it's own,

but "Warm Start"

* Many methods
,
all get ten-bly

* General p
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Analysis = +4

19 # "slices"
T
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Mij = [TijeTre = Tije Take

slice e : +
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M = [ +() . +-(+(e)
ep ↑
matrix scalar

For noise E : Slices are independent
(v fixed , z random)

* M is the Sum of independent random
matrices= > Standard matrix Chernoff

bound



Recap...

Tensor PCA : T = 103 + w lullin

Algorithm JHSSSYS] : Umax of matrix It I

↳ succeeds when 15 n 3/4 1
ij entry

: [TijeTree

* Previously : direct analysis via matrix chernoff

/for simple networks only

* Next : "diagrammatic" explanation for why it

works
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Signal term :

- if
y = x)-]

= IVI14 . ruT

=> rank-1
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Count valid labelings (k = 2)
· ru u 25 "Free" labels

s
# : 0(n)
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altho
iru -
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# : (nG)

i,
3. ↑
Claim : This is the optimal configuration

=> ET (M2) = 0(n3k)

# total edges : 3 . 2k = GK

# free labels : 3k

=> IMIR =E /n3r)

11MI = 0 (n3/2)



Signal Ill = En3 US noise 11 .ll n312

=> succeed when En 31 => X 005314

This approach :

·Works for general networks[MWiS]
· But proof is difficult..

· I would like to see better tools for this

style of analysis...

To Summarize ...

Tensor PCA : T = xvP + W

impossible hard easy

↓ stat ↓ comp & local
I I I I > X
O n(

-p)/z
n
-P/4 n

-1/2

& all same for p=2
statistically # possible by exhaustive search

impossible

"low-degree" algs known poly-time algs
e fail

1 "local algs"
CHKPRSS7]

CKWB19] stat-comp gap comp-local gap

TKMW'24]



"Local" algs :

· Tensor power method (MRY4]

-u7 -T
· Gradient descent Sen Arons

,
Gheissari , Jagannath 18]

↳ objective max
u
+
-4

U
I

Ilull=In U

· AMP JMR'M]

* Potential lesson for ML... Gradient descent is

not always optimal !

"Low-degree lower bound" :

inf Ell=(t) - VI12E ...
F : /Rh
**
- RY

degrf) = D see /Schramm, W'22]
&
Deslog n



Why log(n) ? M w/ spectrum

& +
# iterations of power method

needed to compute leading eigenvec
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