Learning-Augmented Streaming Algorithms for Approximating Boolean Max-CSPs
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Boolean Maximum Constraint Satisfaction Problems (Max-CSPs)

= Variables: =, xo, ..., 2, taking values in {—1, 1}.
» Constraints: (f,j) where f: {—1,1}* — {0,1}and j = (ji,. ..
Example: f(a,b) = —aANbandj=(3,8), read as —x3 A xs.

" Value: Given a Boolean Max-CSP instance ¥ = {(f;,ji) }icim), Its value is the largest
number of satisfied constraints over all assignments. Formally,
1T ax

o111 H(fa.]) c V. f(O'jl, . .,O'jk) — 1}| c [O)m]
"a-approx (0 < a < 1): a- OPT < ALG < OPT, where OPT = valy.

Max-CUT as a CSP

k) € [n]".

valy =

=Variables: ;= 1<:¢€ S5, z;,=—-1<1e€T
"Constraints: (i,j) c E < 2, Ox; €V
= Value: valy = max cut value

Max-DICUT as a CSP

"Variables: ©, =1 S5, z,=—-1<1€T
*Constraints: (1,j) c E < x;, A~z €V
= Value: valy = max directed cut (dicut) value

CSPs in the Streaming Model

=\ |s given as input to the algorithm as a stream of constraint insertions/deletions.
- Insertion-Only Stream: consists of constraint insertion only
- Dynamic Stream: has both insertions and deletions

* Obs: Storing the assignment requires (2(n) bits of space!
= Goal: In one pass, using small space (o(n) bits), estimate the value of W.
Max-CUT: 1/2-approx, O(logn) space (trivial). LB: (1/2 + n)-approx, €2,(n) space [KK19]

Max-DICUT: (1/2 — n)-approx, n!~*%'Y) space [ABFS26]. LB: (4/9 + n)-approx, ,(y/n)
space [CGV20]; (1/2 + n)-approx, §2,(n) space [KK19]  (Space measured in bits in this block)

Learning-Augmented Algorithms with Noisy Predictions [CdG'24, GMM25]

"o* € {—1,1}" denotes some fixed but unknown optimal assignment.

= Algorithm has oracle access to a prediction vector Y € {—1,1}".

= c-accurate: Y; is independently correct w.p. slightly better than random guessing:
Vi € |n), PriY,=0|=1/2+¢ (0 <e<1/2).

Our Results

Theorem: For any n > 0, with e-accurate predictions, there is a single-pass streaming
algo that achieves a (1 — 7))-approx to the value of any Boolean Max-£CSP w.p. 2/3.

"k = 2: poly(1/e,1/n) space, insertion-only; poly(1/e,1/n,logn) space, dynamic.

= k > 3: space has exponential dependence on k,1/¢,1/n. (Space measured in words)

Remark: Significantly improves upon [DPV25]: from Max-CUT to any Boolean Max-
CSP, and from (1/2 + Q(e?)) to (1 — n)-approx, with extra poly(1/n) space dependence.

Recall: Streaming Max-CUT with Predictions [DPVv25]

Q(e*))-approx, poly(1/s) space (insertion), poly(1/e,logn) space (dynamic)

(1/2

" Obs: If max degree A = O(s*m), simply follow the predictions!
- Count edges (¢, 7) with Y; # Y;. Bounded variance gives concentration.

= General graphs: divide vertices into H (high-deg) and L (low-deg); return max of:
- Estimate 1: follow predictions on L to get (L™, L7); assign vertices in H greedily.
- Estimate 2: cut (H, L).

= Streaming: sampling + sketching techniques to estimate H, L and incident edges.

Streaming Max-DICUT with Predictions

(1 — n)-approx, poly(1/e,1/n) space (insertion), poly(1/e,1/n,logn) space (dynamic)

= Simply following predictions is not enough; predictions actually give us more!
= Obs: (E|X|, E|X], E[X5]) is a linear

transformation of (ky, k1, k2). .
" Decoding: Solve the linear system.

ko = fole) - Xo+ fule) - X1+ fale) - Xo -

G

T>I<

= Similar decoding for the contribution of high-deg vertices H: obtain ks., and k, .

* Greedily assign high-deg vertices to get final estimator 750( D+ ven max{ kg y, ko1t

= Extension to Max-£xCSPs: reduce to Max-kAND; use a similar decoding method.
Open Problems

= Can a similar theorem be proved in other prediction models?
= Generalize the prediction model to ¢g-ary alphabets? (Currently Boolean, ¢ = 2)
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