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Communication Constraints: the family Weon ,» comprising W s.t.

(the output range) |Y| < 2".

Random Coordinate Descent: the family W,p1 comprising W s.t. for
any input g € RY,
W outputs {g(I), I} where I is a randomly chosen coordinate.
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2. Lower Bounds for
Information-Constrained

Optimization
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For T large enough,
(Private Optimization) and ¢ € [0, 1],

(Random Coordinate descent)
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These LBs are tight and achieved by
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gradient coding.



3. Proof



Similar to [Nemirovski, Yudin 83], [Agarwal, Bartlett, Ravikumar,
Wainwright 12].
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Domain: X = 1,1]4.

2f{
Difficult subclass of functions and oracle:

_ B¢ . , +B/Vd w.p. (1+06V(i))/2
ﬁzizl —B/Vd w.p. (1—268V(i))/2

where V' ~ Uniform{—1, +1}<.

Average Mutual Information Bound:

BD)

E[fv(zr)] — f* >T 1-

Prior work gets a larger mutual information:
Can bound average mutual information using: [J Acharya, C Canonne,
Z Sun, and H Tyagi, "Unified lower bounds for interactive high-dimensional

estimation under information constraints," 2020]
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4. Adaptivity Helps!



For X = [—1,1]%, consider
] 2
min ||z — v||5,
o 2

where v € [-1,1]% is s-block sparse. That is,
Only one of the block {is,...,i(s+ 1)} of coordinates can
have non-zero values.
All the coordinates in a block have the same absolute value.
Oracle: Outputs 2(x¢ — Zy),
where {Z;}2, isiid., Z; = {~1,1}¢, and E[Z;] = v.

Channel Constraint: Algorithm can only see one coordinate of the
gradient estimate. (RCD channel family)



Lower bound for nonadaptive protocols:
For any nonadaptive protocol we can find a block-sparse v s.t.

ds
E[llor — o] 2 2.

Upper bound for a adaptive protocol:
There exist an adaptive protocol such that

d+ s?
E|llor - vli}] 8 <




(Exploration Phase): Use the first T'/2 queries to find the
non-sparse block.

1.1 Sample a representative coordinate from each block T's/2d
times.

1.2 Select the block with absolute largest sample mean.

(Exploitation Phase): Use the last 7'/2 iterations to sample all
the s coordinates within the chosen block 7'/2s times.

(Final Estimate):

3.1 For all the coordinates outside the chosen block set the mean
estimate to be 0.

3.2 For all the coordinates within the chosen block use the sample
mean estimate.
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For structured optimization problems, adaptive coding does help.

Adaptive techniques useful for proving nonadaptive lower bounds.

Thank You!
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