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Abstract. Bhangale, Khot, and Minzer (TheoretiCS 2026) proposed a hybrid approximation
algorithm for certain satisfiable CSPs to exploit their abelian embeddings. We propose BasicSDP ∧
CSinglAIP to simplify and generalize their hybrid algorithm. We do so by introducing two concepts:
(1) universal embedding, which simplifies and generalizes their master embedding, and (2) affine
relaxation in an abelian group.

We prove that our algorithm is not simulated by SDP+AIP, providing the first linear-level
SDP+AIP lower bound for a tractable CSP. We also prove the first lower bounds for their hybrid
algorithm, by turning our algorithm into a hierarchy and proving linear-level lower bounds, while
achieving the optimal gap for large-arity CSPs.

A deeper understanding of our algorithms’ power may lead to progress on uniform CSP algorithms
and the optimal approximability of satisfiable CSPs.

1. Introduction

The Dichotomy Theorem for Constraint Satisfaction Problems (CSPs), proved independently by
Bulatov [Bul17] and Zhuk [Zhu20], has motivated new open problems and lines of research. We
focus on two of these problems.

One central open problem is the existence of uniform CSP algorithms (e.g. [Zhu20, Problem 1],
[Zhu26, BW26, BHZ26]). It asks for an algorithm that, given both a template R and a CSP(R)
instance I as input, and with the promise that CSP(R) is in P, decides in polynomial time whether
I has a satisfying assignment. Note that the template R is also part of the input; each relation in
R is given as a list of tuples. Neither Bulatov’s nor Zhuk’s algorithm is uniform, as they both take
super-polynomial time in the size of R.

Another challenging open problem is the optimal approximability of satisfiable CSPs (e.g. [Bha25,
Questions 1 to 3], [BKM26, Conjecture 1.1]), assuming the Rich 2-to-1 Games Conjecture [BKM21].
The goal is to extend Raghavendra’s algorithm and its inapproximability results for (unsatisfiable)
CSPs [Rag08] to satisfiable CSPs. [Rag08] cannot handle satisfiable CSPs due to the use of “uniform
noise” in both the hardness reduction and the algorithm.

So far, these two lines of work have often (though not always) used disjoint techniques: the
former using universal algebra, and the latter Fourier analysis. Their high-level intersection lies
in the fact that, since both must solve tractable CSPs as a special case, they both combine
two families of algorithmic techniques: (1) local consistency and its stronger variants, such as
semidefinite programming (SDP), which is indispensable in approximation algorithms; and (2)
Gaussian elimination and its generalizations, to solve linear equations over abelian groups.

1.1. Hybrid Algorithm. To design approximation algorithms for satisfiable CSPs, the latter line
looks for specific solutions to “abelian embedding” equations, a technique pioneered in the “hybrid
algorithm” of Bhangale, Khot, and Minzer [BKM26].

Abelian embedding is a concept central to the latter line of work:
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2 CHAN AND NG

Definition 1.1 (Abelian Embedding). A k-tuple of maps σi : D → G from a domain D to an
abelian group G is an embedding of a relation R ⊆ Dk if there exists g ∈ G such that for every
a ∈ R,

(1)
∑
i∈[k]

σi(ai) = g.

Denote such an embedding by (σ, g) or (G, σ, g), where σ def= (σi)i∈[k]. An embedding is trivial if σi

are all constant functions.

To see why this concept is useful, consider the following CSPs.

Example 1.2. The 3-XOR odd-parity constraint R def= {w ∈ {0, 1}3 | w(1) + w(2) + w(3) ≡ 1
(mod 2)} has an embedding to Z2 with σi(0) = 0Z2 and σi(1) = 1Z2 , and g = 1Z2 . This embedding
is the natural (or identity) embedding of a 3-XOR constraint to Z2. As another example, the
monotone 1-in-3-SAT constraint R′ def= {w ∈ {0, 1}3 | w(1) + w(2) + w(3) = 1} also has the same
embedding to Z2, since R′ ⊆ R.

Using abelian embeddings, one can construct a system of abelian linear equations that provides
a one-sided test for whether a CSP instance is satisfiable. For 3-XOR (with both odd and even
parity constraints), the system is the traditional system of equations over Z2. For (non-monotone)
1-in-3 SAT, one can again consider the corresponding equations over Z2 to reject some (but not all)
unsatisfiable instances. Even though the actual equations in [BKM26] are much more complicated,
these simple examples illustrate why abelian embeddings may be useful. Outside of approximation
of satisfiable CSPs, abelian embeddings have also inspired related results in additive combinatorics
[BKLM25] and hardness of approximation [BBK+26].

The hybrid algorithm [BKM26, Algorithm 4] works only for certain 3-CSPs and aborts unless
certain conditions are met. In particular, it aborts if any CSP constraint non-trivially embeds to Z.
It is interesting to go beyond this barrier and generalize the hybrid algorithm further. Bhanagle
[Bha25, Section 5.1.2] mentioned their hybrid algorithm “can be viewed as a general algorithm
that captures the abelian embedding property of the predicates when designing approximation
algorithms.” [Bha25, Question 5] also asked:

Question 1.3. How powerful is the hybrid algorithm […] towards approximating Max-P -CSPs on
satisfiable instances in general?

1.2. Uniform CSP Algorithms. Meanwhile, the pursuit of uniform CSP algorithms has a vastly
different focus in solution approaches. While a major innovation in [BKM26]’s hybrid algorithm is
the ingredient — the Gaussian elimination subroutine defined using abelian embeddings, this is
usually not the case for the former line.

To design uniform CSP algorithms, the ingredients in the solutions proposed are often simply
the four standard relaxations: (1) arc consistency; (2) linear programming (LP); (3) semidefinite
programming (SDP); and (4) affine integer programming (AIP). When these “basic” relaxations are
not strong enough, there is also a standard, systematic technique to strengthen these relaxations
into a progressively stronger “hierarchy” of relaxations, by enforcing constraints on small subsets of
variables. The hierarchy version of arc consistency is known as local consistency or bounded width
(BW). BW, LP, and SDP may be seen as increasingly stronger versions of local consistency, while
AIP mimics Gaussian elimination: it solves linear equations over the integers Z instead of a field.

The main focus, instead, is to cleverly combine these two families of relaxation algorithms in
hopes of solving all tractable CSPs. Many different combination approaches have been proposed in
the literature. For example, in terms of LP and AIP,

• Simply run both algorithms independently. This is known as the LP ∧ AIP algorithm
[Zhu26].
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• Run the LP algorithm first. Then, augment the AIP algorithm by banning all partial
assignments that are not used in any solution of the former algorithm. This is known as
the LP + AIP algorithm. [BGWŽ20] introduced LP + AIP. The SDP + AIP version was
proposed concurrently by [CŽ25] (known as “SDA”) and [CNP24] (as a hierarchy).
• Iteratively run the above algorithms. Each time, we enforce some additional restriction onto

the relaxations, which is a one-sided test to check whether a partial assignment is a part of
some satisfying assignment. We ban the partial assignments that fail the test.

The most common test is to simply force the partial assignment onto a constraint or a
subset of variables. This is known in the literature under many different names, such as
CLAP [CŽ22], C(BLP+AIP) [CŽ22], and cohomological consistency (hierarchy) [ÓC22]. We
follow the notations in [Zhu26] and refer to this approach using CSingl or Singl (respectively).
The algorithms mentioned above are equivalent to CSinglLP + AIP, CSingl(LP ∧AIP), and
Singl(BW ∧AIP) (hierarchy) respectively.

More generally, without being specific on the test itself, we shall simply refer to this
approach as an iterative algorithm. This iterative approach is used in the hybrid algorithm
in [BKM26].

1.3. Our Results. We study the power of the generalized hybrid algorithm for satisfiable CSPs
in general, beyond the technical restrictions of [BKM26]. We also substantially simplify the
algorithm, using techniques from uniform CSP algorithms. We propose a new algorithm, (iterative)
BasicSDP ∧ CSinglAIP1, which combines basic SDP with the constraint-singleton variant of AIP.

Theorem 1.4 (Section 3.6). BasicSDP ∧ CSinglAIP subsumes the [BKM26] hybrid algorithm.

In this paper, we only consider decision algorithms A that accept every satisfiable CSP instance,
but may erroneously accept unsatisfiable instances. Algorithm A subsumes algorithm B if A rejects
every instance that B rejects. Algorithm A solves some CSP if A rejects every unsatisfiable instance.

BasicSDP ∧ CSinglAIP has a number of advantages over the hybrid algorithm. First, it applies
immediately to all CSPs, whereas the hybrid algorithm is restricted to certain CSPs mentioned above.
In particular, substantial changes to the hybrid algorithm are required to deal with CSPs that non-
trivially embed to Z. Second, BasicSDP ∧ CSinglAIP is a candidate uniform CSP algorithm, subject
to the caveat about SDP in Theorem 1.5 (the same caveat also applies to the hybrid algorithm).
The hybrid algorithm is not a polynomial-time uniform algorithm, as it requires super-polynomial
time in the size of the template R to search for certain abelian embeddings, known as “master
embeddings”, and it also aborts under certain conditions [BKM26, Algorithm 4].

Remark 1.5. It is currently unknown how to decide in polynomial time whether the basic SDP
relaxation of a CSP instance has an exact solution. Following [BKM26], we will ignore this issue in
this paper. When we consider the SDP hierarchy, we will further assume there is a (n|D|)O(d)-time
algorithm that decides whether a CSP (D,R) instance on n variables has an exact SDP hierarchy
solution of level d. The existence of such algorithms is left as open questions for future work.

BasicSDP ∧ CSinglAIP strengthens the basic SDP+AIP relaxation proposed in [CŽ25] (“SDA”)
and its hierarchy proposed concurrently in [CNP24]. We further show that our generalized hybrid
algorithm is strictly stronger than these algorithms, because they fail to solve mod-2 and mod-3
equations on disjoint subdomains, known as CSP(Z2 ∪ Z3) [Zhu26]:

Theorem 1.6 (Theorems 3.8, 3.11, 4.5 and 5.20). BasicSDP ∧ CSinglAIP solves CSP(Z2 ∪ Z3), but
neither SDA nor level-Ω(n) SDP + AIP hierarchy solves CSP(Z2 ∪ Z3), where n is the number of
variables of an instance.

1Note that this algorithm is iterative. We will always consider the iterative version, and henceforth omit the
adjective “iterative” when referring to this algorithm.
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During Bhangale’s talk in a Dagstuhl CSP seminar in May 2025, it was asked if the [BKM26]
hybrid algorithm can be implemented using SDP+AIP. Theorems 1.4 and 1.6 rule out this possibility,
at least for our generalization of the hybrid algorithm. As we will see, SDP+AIP fails because AIP
can only check whether the abelian equations have any solution. However, for the hybrid algorithm
to solve CSP(Z2 ∪ Z3), it must check whether the equations have specific solutions corresponding to
partial assignments of the CSP instance. The latter task needs CSinglAIP.

Theorem 1.6 is also interesting in the context of uniform CSP algorithms, because CSP(Z2 ∪ Z3)
is tractable. Numerous candidate uniform CSP algorithms have been considered [BGWŽ20, CŽ22,
DO24, ÓC22, CŽ25, CNP24], and many have been ruled out as candidates [LP25, Zhu26]. Our
Theorem 1.6 further rules out SDA and its SDP+AIP hierarchy, resolving a remark in [CGP26]
about SDA’s candidacy. Theorem 1.6 provides the first SDA and SDP+AIP lower bounds for a
tractable CSP; no CSPs in previous such lower bounds [CNP24, CŽ25, CdX26] are known to be
tractable.

Remark 1.7. AIP is not the only generalization of Gaussian elimination. Polynomial calculus is
another, and popular in proof complexity. Conneryd, Ghannane, and Pang [CGP26] showed that
the standard lower bound technique for polynomial calculus implies lower bounds to cohomological
consistency. However, to efficiently certify mod-p equations to have no solutions, one needs to
use polynomial calculus proof over a field of characteristic p [AR01]. The need for a matching
characteristic makes polynomial calculus less convenient to use than AIP as a uniform algorithm.

The connection between the hybrid algorithm and BasicSDP ∧ CSinglAIP in Theorem 1.4 has
another application: translate lower bounds of the latter to those of the former. We will prove
BasicSDP ∧ CSinglAIP (and hence hybrid algorithm) lower bounds for CSPs that are “pairwise
independent” [CdX26] and “lax” [CN25], as defined in Section 6. In fact we prove lower bounds
not just for BasicSDP ∧ CSinglAIP, but also for its hierarchy version introduced in this paper:
Singl(SDP ∧AIP).

Below opt(I) denotes the maximum fraction of constraints satisfied by an assignment to I. Also,
given a distribution ρ over k-ary relations on D, let

optk(ρ) def= max
ν∈∆(D)

E
R∼ρ

P
a∼νk

[a ∈ R]

be the maximum expected fraction of constraints satisfied by i.i.d. distributions, when the constraints
are drawn from the distribution ρ.

Theorem 1.8 (Theorem 6.4). Suppose a k-CSP (D,R) is pairwise ν-independent and lax for some
distribution ν with supp(ν) = D. For ε > 0 and sufficiently large n, some instance I of the CSP on n
variables has a Singl(SDP∧AIP) hierarchy solution of level Ω(n) and opt(I) 6 minρ∈∆(R) optk(ρ)+ε.

The level lower bound Ω(n) is optimal up to a constant factor. Theorem 1.8 strengthens previous
C(BLP+AIP) lower bounds [CdX26, Theorems 7.15]. [Bha25] remarked “[i]t would be interesting
to show the limitation of the hybrid approximation algorithm”, and “[i]t would also be interesting
to define the hierarchies of this hybrid algorithm and understand their limitations”. Theorem 1.8 is
our answer to these remarks, and forms the first lower bounds to the [BKM26] hybrid algorithm
as well as its hierarchy version. As explained in Section 1.4, Theorem 1.8 provides evidence, in
the form of an unconditional Singl(SDP ∧ AIP) gap, that large-arity k-CSP with domain D may
be hard to approximate beyond O(|D|k/|D|k), matching the approximation ratio of [MM14] when
k > Ω(log|D|).

The BasicSDP ∧ CSinglAIP algorithm and Singl(SDP ∧ AIP) hierarchy are currently candidate
algorithms for both tractable CSPs and the Approximation Dichotomy Conjecture [BKM26, Con-
jecture 1.1]. Understanding their power may lead to simultaneous progress on both lines of work.
An obvious open problem is to investigate whether BasicSDP ∧ CSinglAIP solves the coset-CSP on
the dihedral group of order 8 that fools C(BLP+AIP) introduced in [Zhu26].
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[CŽ25] showed SDA lower bounds for approximate graph homomorphism (AGH), which may be
seen as evidence for Brakensiek–Guruswami conjecture [BG21] on the NP-hardness of this problem.
Now that SDA is known to not solve some tractable CSP (Theorem 5.20), better evidence is needed.
To resurrect these SDA lower bounds for AGH, we upgrade them to BasicSDP ∧ CSinglAIP lower
bounds in Theorem 7.8.

1.4. Gap Instance, Dictator Test, and Inapproximability. A theme of [Rag08] is the equiv-
alence between gap instances, dictator tests, and inapproximability for CSPs without perfect
completeness. Let us discuss how our Theorem 1.8 fits in this picture for CSPs with perfect
completeness, especially in the context of k-CSP [Bha25, Question 3].

Using the k-CSP from Theorem 6.5, Theorem 1.8 yields an unconditional linear-level Singl(SDP∧
AIP) gap. This is evidence that satisfiable large-arity k-CSP may be hard to approximate beyond
O(|D|k/|D|k). This matches the inapproximability ratio (assuming P 6= NP) of almost satisfiable
k-CSP, up to a constant factor [Cha16]. It also coincides with the approximation ratio of any k-CSP
when k > Ω(log|D|) [MM14]. See also alternative evidence in the form of dictator tests with perfect
completeness [TY15, BKT18]. The current best NP-hardness for satisfiable boolean k-CSP has an
inapproximability ratio of 2Õ(k1/3)/2k [Hua14].

A goal of [BKM26] is to convert gap instances (with certain restrictions) of their hybrid algorithms
to dictator tests with perfect completeness. Our Theorem 1.8 yields a rich source of such gap
instances to their hybrid algorithm, and might become similar dictator tests in the future, when a
less restrictive conversion is found.

A potential approach towards inapproximability of satisfiable CSPs is to compose dictator tests
with Rich 2-to-1 Games [BKM21]. Inapproximability in turn yields gap instances, because hierarchy
lower bounds for 3-SAT go through hardness reduction (see [CNP24, Section C] for the special
case of SDP+AIP hierarchy). However, this approach cannot lead to our linear-level lower bound
in Theorem 1.8, even assuming Rich 2-to-1 Games Conjecture and Exponential Time Hypothesis
(ETH): The sublinear-level SDP upper bounds for Unique Games [BRS11] (which built on [ABS15])
lead to the same upper bounds for Rich 2-to-1 Games, because the reduction from Rich 2-to-1 Games
to Unique Games [BKM21] is 2-local [CNP24, Lemma C.1]. Eventually, we will be confronted with
the approximability of the CSPs in Theorem 1.8 in the subexponential-time regime: Is there a
hardness reduction without using Rich 2-to-1 Games that achieves fully exponential-time hardness
(under ETH)? Or is there a subexponential-time algorithm beating linear-level Singl(SDP ∧AIP)?

1.5. Proof Overview. Our generalization and simplification of the [BKM26] hybrid algorithm is
based on four simple ideas, discussed in the next four subsubsections.

1.5.1. Universal Embedding. Consider the mod-4 constraint. R′′ def= {w ∈ {0, 1, 2, 3}3 | w(1) +w(2) +
w(3) ≡ 0 (mod 4)}. R′′ has an embedding to Z4, but it also has a coarser embedding into Z2.
Intuitively, embedding into Z4 is more precise than into Z2, which in turn is more precise than (the
trivial embedding) into Z1. We should look for the “finest” embedding of R. Therefore the authors
of [BKM26] define a single embedding, called master embedding, “that encapsulates within it all of
the Abelian embeddings” of R [BKM24, Section 1.4.1]. Their definition of master embedding, as
well as their hybrid algorithm, requires R to have no non-trivial embedding to Z (Section A).

In this work, we introduce universal embedding (Theorem 2.2), which generalizes and simplifies
the master embedding of [BKM24, BKM26] (Section A). Our definition works regardless of whether
R has any non-trivial embedding to Z. While it is easy to come up with similar generalizations, our
definition is optimized for ease of use when working with concrete relations R (i.e. specific CSPs).
We will show that, for example, the universal embedding for 3-XOR is the natural embedding to Z2
(Section 2.2). We will also identify a relatively simple universal embedding for CSP(Z2 ∪ Z3), with
a short proof (Section 2.3). The brevity of our proofs stems from, and signifies the usefulness of,
the choice of our Theorem 2.2.
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1.5.2. Affine Relaxation. The [BKM26] hybrid algorithm involves a system of abelian linear equations,
called the GE System. Given a constraint C in an instance I, consider the master embedding
(GC , σ

C , gC) of the set of satisfying assignments AC of C. Let us call such GC a master group for
C. If the CSP is 3-XOR, then the master group is Z2, and the master embedding is the natural
“identity” embedding (Theorem 2.9). In this GE System, each variable v of I should take a value
z(v) that, intuitively, belongs to the product group Gv def=

∏
C∈C, C3v GC of all “master groups” GC

over all constraints C containing v. z(v, C) is meant to be v’s opinion about its embedded value in
the master group GC .

Equations are added to the GE System, to ensure the values {z(v, C)}v∈V (C) across the k different
variables v ∈ V (C) of any constraint C satisfy the embedding equation in Eq. (1). But these are
not the only equations. The GE System must also be consistent with the SDP (Theorem 3.2). To
express this consistency requirement, the GE System is rewritten so that instead of variables z(v),
it has variables y(v) taking values in the double dual group ̂̂

Gv. Since ̂̂
Gv is naturally isomorphic to

Gv via Pontryagin duality, the GE System is conceptually equivalent to a relaxation in terms of the
hypothetical variables z(v). But now the GE System becomes much more complicated and difficult
to reason about [BKM26, Sections 7.2, 7.3].

We simplify the GE System by considering a relaxation involving affine hulls in an abelian group
(Theorem 3.1). We give an affine relaxation (Eq. (7)) that is equivalent to the GE System whenever
the hybrid algorithm applies. Our affine relaxation (together with our definition of universal
embedding) readily generalizes to any CSP, even those non-trivially embeddable to Z, a situation
where the GE System and the hybrid algorithm break down.

1.5.3. Affine Integer Programming. It is not clear how to solve the affine relaxation Eq. (7) in
polynomial time, especially for CSPs non-trivially embeddable to Z (and hence having infinite
master/universal groups by Theorem 2.4). We bypass this issue altogether with the next idea.

In the GE System, if a variable v gives an honest opinion that its relaxed value z(v) corresponds
to some assignment a ∈ D, then z(v, C) equals σC

i (v) for every constraint C containing v, where
(GC , σ

C , gC) is the universal embedding for the relation AC on C, and i is the position of v in the
scope of C. As such, the GE System depends on the choice of the embedding (GC , σ

C , gC).
What if we modify Eq. (7), so that the honest encoding of a value a ∈ D does not depend on any

embedding? A natural choice is to encode a ∈ D as the indicator vector 1a ∈ ZD. This encoding
is used in the most well-studied affine relaxation: affine integer program. We will also change the
second constraint in Eq. (7) similarly, to remove any dependency on embedding. With these changes,
we get yet another affine relaxation (Eq. (11)). Eq. (11) subsumes the original Eq. (7) (Theorem 3.9).
It turns out Eq. (11) is equivalent to the basic AIP relaxation (Theorem 3.10), despite not being
identical to it. Our reformulation of basic AIP as Eq. (11) may be of independent interest.

By transforming Eq. (7) into the basic AIP relaxation (which may be stronger than Eq. (7)), we
get a polynomial-time algorithm to solve (a potentially stronger version of) Eq. (7). As a bonus,
AIP has a polynomial-time uniform algorithm, whose running time is polynomial in the size of the
instance I and the template R. By contrast, there is no known polynomial-time uniform algorithm
that constructs Eq. (7) or GE System, because it takes super-polynomial time in the size of R to
find master/universal embeddings.

1.5.4. Constraint Singleton AIP. The previous subsubsection ignores an important issue: It is not
enough to know whether the affine relaxation in Eq. (7) has any solution. The hybrid algorithm
needs to know, for each constraint C and each partial assignment b to C, whether Eq. (7) has a
solution corresponding to the partial assignment b. In other words, it looks for a solution of Eq. (7)
whose restriction to C is the honest encoding of b; see Theorems 3.2 and 3.4.

Since we have transformed Eq. (7) into a basic AIP relaxation, this requirement turns out to be
fulfilled by constraint singleton AIP (Theorem 3.11). We have therefore justified how constraint
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singleton AIP naturally arises as a replacement for the Gaussian Elimination step GaussElim in the
hybrid algorithm.

We also prove that this constraint singleton AIP step cannot be implemented by (non-singleton)
AIP, even when combined with SDP. We prove that SDA and even linear-level SDP+AIP hierarchy
fail to solve CSP(Z2 ∪Z3) (Theorem 5.20). That the LP+AIP hierarchy fails to solve CSP(Z2 ∪Z3)
was claimed without proof in [Zhu26] (which built on [BG17, LP25]). Here we make the proof explicit,
and also prove that SDP+AIP does not help, either. This result is hardly surprising; our simple
observation is that the claimed LP+AIP lower bound can be strengthened to SDP+AIP, because both
LP and SDP average-case lower bounds are due to pairwise independence [KMOW17, CdX26], and
the mixing LP weight idea also works for SDP. On the other hand, we prove that our generalization of
GaussElim based on Eq. (7) (and hence CSinglAIP) solves CSP(Z2∪Z3) (Theorem 3.8), by exploiting
its universal embedding (Theorem 2.10). This parallels Zhuk’s [Zhu26] proof that SinglAIP solves
CSP(Z2 ∪ Z3), even though the details diverge.

1.5.5. Singl(SDP ∧ AIP) Hierarchy. Having strengthened and simplified the hybrid algorithm as
BasicSDP ∧ CSinglAIP, the next step is to consider its hierarchy version. Since both Singl(BW ∧
AIP) (known as cohomological consistency [ÓC22]) and Singl(LP ∧AIP) (known as C(BLP+AIP)
[CŽ22, CN25]) hierarchies have been considered before, it is natural to consider the Singl(SDP∧AIP)
hierarchy. This appears in Section 4.

Our Singl(SDP∧AIP) lower bound (Theorem 6.3) shares many high-level ideas with the Singl(LP∧
AIP) lower bound in [CN25]. There is one subtle difference: When proving the Singl(LP ∧ AIP)
lower bound, [CN25] worked exclusively with the BW closure, and directly constructed an LP
solution with full support with respect to the BW closure. Here for our Singl(SDP ∧ AIP) lower
bound, in order to reuse the SDP solution with full support from [CNP24, CdX26], we have to relate
the BW closure and the τ -wise closure somewhat differently than [CN25]. See Section 6 for details.

1.5.6. Approximate Graph Homomorphism. In Section 7, we strengthen the SDA lower bounds for
approximate graph homomorphism (AGH) by Ciardo and Živný [CŽ25] to BasicSDP ∧ CSinglAIP
lower bounds. As is well known, it suffices to find a graph I with arbitrarily large chromatic number,
and to construct a BasicSDP ∧ CSinglAIP solution for I for CSP(Ch) where h is odd, i.e. the CSP
on an arbitrary odd cycle Ch.

For the SDP solution, we just use the same SDP solution as [CŽ25], and make explicit that the
solution has full support. For the CSinglAIP solution, we prove a stronger property: For every odd
h > 3, every instance I of CSP(Ch) has a CSinglAIP solution (Theorem 7.5). This implies CSinglAIP
accepts every instance of CSP(Ch) and hence of AGH. Thus CSinglAIP is completely useless for
these two problems. This property has not appeared in the literature.

1.6. Preliminaries. A set is t-small if its cardinality is at most t. N def= {0, 1, 2, . . . } denotes the
set of natural numbers, and [k] def= {1, 2, . . . , k}.

An event En happens with uniformly positive probability if there is ε > 0 such that P[En] > ε
for all sufficiently large n.

Given a function a : S → D, aT : T → D denotes its restriction to T ⊆ S.
The notation f : (x ∈ X) → Yx means that f is a dependent function mapping every x ∈ X

to f(x) ∈ Yx, where the codomain Yx varies with x. Given Z ⊆ X, f |Z : (z ∈ Z) → Yz is the
restriction of f to Z, given by f |Z(z) def= f(z) for z ∈ Z.

Given a subset S ⊆ V and assignment a ∈ DS , denote by 1a : DV → Z the indicator function of
a, defined as 1a(b) = 1 if bS = aS , and 1a(b) = 0 otherwise.

For simplicity, we consider only constraint satisfaction problems with k distinct variables per
constraint (k-CSP). A constraint satisfaction problem CSP(R) is a pair (D,R). Its domain D is a
nonempty finite set. R is a nonempty family of k-ary relations over D, i.e. R ⊆ Dk for every R ∈ R.
An instance I = (V, C) of the CSP (D,R) consists of a finite set V of variables and a finite set C of
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constraints over V . Every constraint C ∈ C is of the form C = (S,R), where the scope S ∈ V k of C
is a sequence of k distinct variables, and R ∈ R is the set of accepting assignments of C. Write
V (C) for the set of variables in the scope of C. In other words, an instance I is a hypergraph, where
each hyperedge C is associated with (S,R).

A partial assignment a ∈ DV (C) on a constraint C = (S,R) with scope S = (v1, . . . , vk) ∈ V k

naturally corresponds to an assignment a′ ∈ Dk via a′ def= a ◦ S, that is, a′(i) = a(S(i)) = a(vi) for
i ∈ [k]. The set of satisfying assignments for C is AC

def=
{
a ∈ DV (C) | a ◦ S ∈ R

}
. An assignment

a ∈ DV satisfies a constraint C = (S,R) if aV (C) ∈ AC ; otherwise a violates C. An assignment
a ∈ DV satisfies a constraint set C or an instance I = (V, C) if a satisfies every constraint C ∈ C;
otherwise a violates C and I.

2. Abelian Embedding

In this section, we define universal embedding, which simplifies and generalizes the master
embedding of [BKM24, BKM26]. We also compute the universal embedding for linear equations
over Zm and CSP(Z2 ∪ Z3).

Remark 2.1. Our Theorem 1.1 of abelian embedding allows g to be nonzero, differing from [BKM24,
Definition 1.1] and [BKM26, Definition 1.2]. Allowing nonzero g does not affect the existence of
embeddings for a relation R, because one can always shift one of the σi to accommodate the change
in definitions, as mentioned in [BKM26, after Definition 7.2]. However, when abelian embeddings
are used in the [BKM26] hybrid algorithm, it will be crucial to allow nonzero g. This is because the
hybrid algorithm involves a system of abelian linear equations based on these embeddings. When
the CSP is 3-XOR, the corresponding linear equations are equivalent to the natural equations over
Z2, with the right-hand-side being g. For the same reason, [BKM26] also allows nonzero g in their
[BKM26, Definition 7.2] when they consider their hybrid algorithm.

2.1. Universal Embedding.

Definition 2.2 (Universal Embedding). An embedding (G, σ, g) of R ⊆ Dk is universal if for every
embedding (H, τ, h) of R, there are affine shifts fi of a common homomorphism ϕ : G→ H such
that τi = fi ◦ σi for i ∈ [k]. That is, there are bi ∈ H such that fi(a) = ϕ(a) + bi for a ∈ G, i ∈ [k].

This definition allows affine shifts fi, and not just homomorphisms, because it is possible that
σi(a) = 0G while τi(a) 6= 0H , and it is easy to come up with examples of such embeddings of 3-XOR
to Z2.

Remark 2.3 (Tight Embedding). All useful information about an embedding (G, σ, g) of R is
contained inside the coset g + ∆σ in G, where ∆σ denotes the difference subgroup

∆σ
def= 〈{σi(a)− σi(b) | a, b ∈ D, i ∈ [k]}〉 ,

and 〈T 〉 denotes the subgroup generated by the subset T . We can therefore shift every σi to obtained
an equivalent embedding to ∆σ as follows. Fix any w ∈ D. (G, σ, g) yields an equivalent embedding
(∆σ, τ, h), where τi

def= σi − σi(w), and h
def= g −

∑
i∈[k] σi(w). Call such (∆σ, τ, h) a tightening of

(G, σ, g). Also call an embedding (G, σ, g) tight if ∆σ = G.

The terminology “universal” comes from category theory. Given R ⊆ Dk, one can define a
category of tight embeddings of R to abelian groups. Its objects are tight embeddings (G, σ, g) of
R ⊆ Dk to abelian groups G. A morphism in this category from (G, σ, g) to (H,σ, h) is a k-tuple of
affine shifts fi : G→ H of a common homomorphism such that τi = fi ◦ σi for i ∈ [k]. Theorem 2.2
is an initial (also called universal) object in this category, meaning a tight embedding (G, σ, g)
having a unique morphism to any embedding (H, τ, h) (Theorem 2.7).
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As an initial object, a universal embedding is essentially unique: If X = (G, σ, g) and Y = (H, τ, h)
are both universal embeddings of R, then there are morphisms f = (fi)i∈[k] from X to Y and
f−1 = (f−1

i )i∈[k] from Y to X, such that idX = f−1 ◦ f and idY = f ◦ f−1.2 In other words, for all
practical purposes, a tight universal embedding is unique.

When R does not admit any non-trivial embedding to Z, [BKM24, Definition 3.6] implies that
R has a master, and hence universal (Theorem A.5), embedding into a finite abelian group. We
give a shorter algebraic proof in Theorems 2.4 and 2.5, without relying on the analytic proof of
[BKM24, Lemmas 3.2, 3.3, 3.4]. Theorem 2.5 also generalizes this result without assuming absence
of non-trivial embedding to Z, but now the target group is finitely generated.

Lemma 2.4. A relation R ⊆ Dk has an embedding (Z, τ, h) to Z where τi are not all constants if
and only if the tight universal embedding (G, σ, g) of R has an infinite target G.

Proof. Let (G, σ, g) be a universal embedding of R, and (Z, τ, h) be any embedding of R where τi

are not all constants. Universality of (G, σ, g) implies there are homomorphism ϕ : G→ Z and shifts
ci ∈ Z such that τi(a) = ϕ(σi(a)) + ci for a ∈ D, i ∈ [k]. Therefore τi(a)− τi(b) = ϕ(σi(a)− σi(b))
for a, b ∈ D, i ∈ [k]. Since τi is non-constant for some i ∈ [k], τi(a) 6= τi(b) for some a, b ∈ D. Then
0 6= t(τi(a)− τi(b)) = ϕ(t(σi(a)− σi(b))) for every nonzero t ∈ Z, and hence t(σi(a)− σi(b)) 6= 0G.
Therefore the subgroup of G generated by σi(a)− σi(b) is infinite.

Conversely, suppose the tight universal embedding (G, σ, g) of R has an infinite G. Since G is tight,
G is finitely generated by σi(a) − σi(b) for a, b ∈ D, i ∈ [k]. The fundamental theorem of finitely
generated abelian groups implies G ∼= F ⊕H for some finite abelian group H, and F = Zs for some
natural number s > 1. We will construct an embedding (Z, τ, h) of R by mapping F = Zs to Z via
weighted coordinate-wise addition and then dropping H. Since (G, σ, g) is tight, G is generated by
σi,F (a)−σi,F (b) for a, b ∈ D, i ∈ [k], where σi,F denotes the F -coordinates of σi. Therefore σi,F (a) 6=
σi,F (b) for some a, b ∈ D, i ∈ [k]. Let w def= σi,F (a)− σi,F (b), so that

∑
j∈[k]wj(σi,F (a)j − σi,F (b)j) 6=

0. Define τ`(c)
def=

∑
j∈[s]wjσ`,F (c)j for c ∈ D, ` ∈ [k], and h

def=
∑

j∈[s]wj(gF )j . In particular

τi(a) 6= τi(b). Then for r ∈ R,
∑

i∈[k] τi(ri) =
∑

i∈[k]
∑

j∈[s]wjσi,F (ri)j
(∗)=

∑
j∈[s]wj(gF )j = h, where

(∗) uses the fact that (G, σ, g) is an embedding of R and thus
∑

i∈[k] σi(ri) = g. �

Lemma 2.5. Every k-ary relation R ⊆ Dk over a finite domain D has a tight universal embedding
to a finitely generated abelian group that has at most |D| × k generators.

Proof. Denote by E the countable3 collection of tight embeddings (H, τ, h) of R to abelian groups
H. Define (G, σ, g) to be the direct product of these embeddings:

G
def=

∏
(H,τ,h)∈E

H, σi
def=

∏
(H,τ,h)∈E

τi for i ∈ [k] , g
def=

∏
(H,τ,h)∈E

h .

Then (G, σ, g) is universal, because for any embedding (H, τ, h) of R, the projection π : G→ H
to the (H, τ, h)-coordinate is a homomorphism, such that τi = π ◦ σi for i ∈ [k]. A tightening of
(G, σ, g) is also universal (Theorem 2.6), and is generated by σi(a)− σi(w) over a ∈ D, i ∈ [k]. �

Lemma 2.6. If an embedding (G, σ, g) of R ⊆ Dk is universal, so is its tightening (∆σ, τ, h) from
Theorem 2.3.

Proof. Consider any embedding (M,µ,m) of R ⊆ Dk. Universality of (G, σ, g) (Theorem 2.2)
implies there are homomorphism ϕ : G→M and shifts bi ∈M such that µi(a) = ϕ(σi(a)) + bi for
a ∈ D, i ∈ [k]. Fix any w ∈ D and consider the tightening (∆σ, τ, h) of (G, σ, g) as in Theorem 2.3,
where τi

def= σi − σi(w) for i ∈ [k]. The restriction ϕ|∆σ of ϕ to ∆σ is a homomorphism from ∆σ

2f ◦ g
def= (fi ◦ gi)i∈[k] whenever f = (fi)i∈[k] and g = (gi)i∈[k].

3There are countably many finitely generated abelian groups.
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to M . Then µi(a) = ϕ|∆σ (τi(a)) + bi + ϕ(σi(w)) for a ∈ D, i ∈ [k]. Therefore µi = fi ◦ σi, where
fi(g) = ϕ|∆σ (g) + bi + ϕ(σi(w)) for g ∈ ∆σ. �

We also show uniqueness of morphism from a tight universal embedding to any other embedding:

Lemma 2.7. Let (G, σ, g) and (H, τ, h) be tight embeddings of R ⊆ Dk. Suppose (ei)i∈[k] and
(fi)i∈[k] are morphisms from (G, σ, g) to (H, τ, h). Then ei = fi for i ∈ [k].

Proof. Since (ei)i∈[k] is a morphism, there are homomorphism ϕ : G→ H and shifts ri ∈ H such
that τi(a) = ei(σi(a)) = ϕ(σi(a)) + ri for a ∈ D, i ∈ [k]. Since (fi)i∈[k] is a morphism, there are
also homomorphism ψ : G→ H and shifts si ∈ H such that τi(a) = fi(σi(a)) = ψ(σi(a)) + si for
a ∈ D, i ∈ [k]. Therefore ϕ(σi(a))−ψ(σi(a)) = ri−si for a ∈ D, i ∈ [k], and (ϕ−ψ)(σi(a)−σi(b)) = 0
for a, b ∈ D, i ∈ [k]. Since G is tight, G is generated by such σi(a)− σi(b), implying ϕ(g) = ψ(g) for
g ∈ G. This in turn implies ri = si for i ∈ [k]. �

Existence of non-trivial embeddings is equivalent to the tight universal embedding having a
non-trivial target:

Lemma 2.8. A relation R ⊆ Dk has an embedding (H, τ, h) where the τi : D → H are not all
constants if and only if the tight universal embedding (G, σ, g) of R has a non-trivial target G.

Proof. Suppose G in the tight universal embedding (G, σ, g) of R is non-trivial (i.e. |G| > 1).
Tightness says G is generated by σi(a) − σi(b) over a, b ∈ D, i ∈ [k]. Therefore σi(a) 6= σi(b) for
some a, b ∈ D, i ∈ [k]. Then (G, σ, g) is an embedding of R where σi : D → G are not all constants.

Conversely, suppose G in the tight universal embedding (G, σ, g) of R is trivial. Consider any
embedding (H, τ, h) of R. Universality of (G, σ, g) implies there are homomorphism ϕ : G → H
and shifts ci ∈ H such that τi(a) = ϕ(σi(a)) + ci for a ∈ D, i ∈ [k]. Therefore τi(a) − τi(b) =
ϕ(σi(a)− σi(b)) = 0H for a, b ∈ D, i ∈ [k], where the last equality uses |G| = 1 and ϕ(0G) = 0H . �

2.2. Identity Embedding is Universal. Given m, k ∈ N, consider a k-ary mod-m constraint
Rk,m,b

def= {a ∈ Zk
m |

∑
i∈[k] ai = b} for some b ∈ Zm. It has the identity embedding (σ, b) to Zm,

given by σi
def= idZm for i ∈ [k].

Theorem 2.9. For any k > 3, m > 1, b ∈ Zm, the identity embedding for Rk,m,b is universal.

Proof. Consider any embedding (H, τ, h) of Rk,m,b. Our goal is to show that τi are affine shifts of a
common homomorphism h : Zm → H. Then the maps fi

def= τi satisfy τi = fi ◦ idZm for i ∈ [k].
Given any tuple t ∈ Zk

m, denote by
∑
τ(t) def=

∑
i∈[k] τi(ti).

Given distinct i, j ∈ [k], fix an arbitrary tuple s ∈ Rk,m,b such that si = sj = 0 (for example, s
may be all-zeros, except an entry b at some position different from i and j.). Further given c ∈ Zm,
define the tuple t that is the same as s, except ti

def= si + c = c and tj
def= sj − c = −c. Since R

contains both s and t,
∑
τ(t)−

∑
τ(s) = 0H , so

(2) τi(c) + τj(−c) = τi(0) + τj(0).

For a, b ∈ Zm and r ∈ [k] \ {i, j}, define the tuples u, v, w that are the same as s, except

ui = si + a ur = sr − a
vi = si + b vj = sj − b
wi = si + a+ b wj = sj − b wr = sr − a

Since R contains s, u, v, and w, we have
∑
τ(u) +

∑
τ(v)−

∑
τ(w)−

∑
τ(s) = 0H . Thus

(3) τi(a) + τi(b) = τi(a+ b) + τi(0).
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Therefore hi
def= a 7→ τi(a) − τi(0) is a homomorphism from Zm to H. Eq. (2) further implies

τi(c)−τi(0) = τj(c)−τj(0) for c ∈ Zm and distinct i, j ∈ [k]. That is, the maps fi
def= τi : Zm → H are

affine shifts of a common homomorphism. And for any c ∈ Zm, i ∈ [k], fi◦idZm(c) = fi(c) = τi(c). �

2.3. Universal Embedding for CSP(Z2 ∪ Z3). We will define CSP(Z2 ∪ Z3) and compute its
universal embedding.

The domain of this k-CSP is the disjoint union of Z2 and Z3, denoted D def= {0, 1, 0′, 1′, 2′}. Each
CSP(Z2∪Z3) combines a Z2 constraint and a Z3 constraint. Therefore each CSP(Z2∪Z3) constraint
is of the form{

a ∈ {0, 1}k
∣∣∣ ∑

i∈[k] ai ≡ y (mod 2)
}
∪

{
a ∈ {0′, 1′, 2′}k

∣∣∣ ∑
i∈[k] ai ≡ z (mod 3)

}
where y ∈ {0, 1}, z ∈ {0, 1, 2}. Note that this definition is slightly different from that in [Zhu26],
whose constraint is either a Z2 constraint or a Z3 constraint. We choose to define the CSP this way
only for simplicity.

Take any instance of CSP(Z2∪Z3). For variables in the same connected component, any satisfying
assignment must assign to these variables only the values in Z2, or only the values in Z3. Therefore,
a connected component is satisfiable if and only if it is satisfiable after restricting to the Z2 part, or
after restricting to the Z3 part. In either case, the constraints form a system of linear equations
over Z2 or Z3, which can be efficiently solved by Gaussian elimination. Thus the CSP is tractable.

The k-CSP CSP(Z2 ∪ Z3) has three embeddings to an abelian group:4
(1) (Z2, σ

2, y). Each σ2
i is the identity function on Z2. Also, pick a satisfying assignment to the

Z2 part of the constraint, i.e. a ∈ Zk
2 such that

∑
i ai = y in Z2. Then σ2

i maps Z3 to the
constant ai.

(2) (Z3, σ
3, z). (Same as before, reversing the roles of Z2 and Z3) Each σ3

i is the identity function
on Z3. Also, pick a satisfying assignment to the Z3 part of the constraint, i.e. a ∈ Zk

3 such
that

∑
i ai = z in Z3. Then σ3

i maps Z2 to the constant ai.
(3) (Zk−1, σ′, 0). Each σ′

i maps Z2 to 0 ∈ Zk−1. Also, each σ′
i maps Z3 to the i-th standard

basis vector for i ∈ [k − 1], while σ′
k maps Z3 to the all-(−1) vector.

Theorem 2.10. For any k > 3, the direct product of the above three embeddings, as an embedding
of a CSP(Z2 ∪ Z3) constraint R to Z2 × Z3 × Zk−1, is universal.

Proof. Consider any embedding (H, τ, h) of R. Consider the subgroup H2 of H generated by τi(a)
over all a ∈ {0, 1}, i ∈ [k]. Restricted to the subdomain {0, 1}, (H, τ, h) induces an embedding
(H2, τ

2, h2) of Rk,2,y, where τ2 : {0, 1} → H2 agrees with τ . Theorem 2.9 implies (H2, τ
2, h2) is

the affine shifts of the embedding (Z2, idZ2 , y): there are affine shifts f2
i : Z2 → H2 of a common

homomorphism ϕ2 such that τi ≡ τ2
i ≡ f2

i ◦ σ2
i on {0, 1} for i ∈ [k]. In particular,

τi(1)− τi(0) = f2
i ◦ σ2

i (1)− f2
i ◦ σ2

i (0)
= f2

i (1Z2)− f2
i (0Z2)

= ϕ2(1Z2)− ϕ2(0Z2) = ϕ2(1Z2)

4In this subsection, superscripts ·2 and ·3 are labels and do not mean the second or third power. However,
superscripts ·k or ·k−1 are the corresponding powers.
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is a constant p ∈ H2 ⊆ H independent of i ∈ [k]. Further,

2p = 2f2
i ◦ σ2

i (1)− 2f2
i ◦ σ2

i (0)
= f2

i ◦ (2σ2
i (1))− f2

i ◦ (2σ2
i (0))

= f2
i (1Z2 + 1Z2)− f2

i (0Z2 + 0Z2)
= f2

i (0Z2)− f2
i (0Z2)

= 0H .

Apply the same argument to the subdomain {0′, 1′, 2′} and Rk,3,z, we have τi(1′)− τi(0′) equals
some constant q ∈ H independent of i ∈ [k]. Further, 3q = 0H , and τi(2′)− τi(0′) = 2q for i ∈ [k].

Denote by σi
def= (σ2

i , σ
3
i , σ

′
i) : D → Z2×Z3×Zk−1 the product embedding. Define a homomorphism

ϕ : Z2 × Z3 × Zk−1 → H by ϕ(1, 0, 0) def= p, ϕ(0, 1, 0) def= q, and ϕ(σi(0′) − σi(0)) def= τi(0′) − τi(0)
for i ∈ [k − 1]. ϕ being a homomorphism implies the last identity holds for i = k as well. Let
fi

def= ϕ− ϕ ◦ σi(0) + τi(0) for i ∈ [k]. It is now a mechanical check that τi = fi ◦ σi as claimed: for
each i ∈ [k],

fi ◦ σi(0) = ϕ(σi(0)− σi(0)) + τi(0) = τi(0)
fi ◦ σi(1) = ϕ(σi(1)− σi(0)) + τi(0)

= ϕ(1, 0, 0) + τi(0) = p+ τi(0) = τi(1)
fi ◦ σi(0′) = ϕ(σi(0′)− σi(0)) + τi(0)

= τi(0′)− τi(0) + τi(0) = τi(0′)
fi ◦ σi(1′) = ϕ(σi(1′)− σi(0)) + τi(0)

= [ϕ(σi(1′)− σi(0′))] + [ϕ(σi(0′)− σi(0)) + τi(0)]
= ϕ(0, 1, 0) + τi(0′) = q + τi(0′) = τi(1′)

fi ◦ σi(2′) = ϕ(σi(2′)− σi(0)) + τi(0)
= [ϕ(σi(2′)− σi(0′))] + [ϕ(σi(0′)− σi(0)) + τi(0)]
= ϕ(0, 2, 0) + τi(0′) = 2q + τi(0′) = τi(2′) �

3. Hybrid Algorithm

In this section, we present the hybrid algorithm of [BKM26]. We will represent the system of
equations in the hybrid algorithm as an affine relaxation, significantly simplifying the equations
and generalizing them to CSPs embeddable into Z. We then present our BasicSDP ∧ CSinglAIP
algorithm, which subsumes the hybrid algorithm.

We now state the hybrid algorithm of [BKM26] using our notation (where the input instance is
I = (V, C)):

Algorithm 1 [BKM26] Hybrid Algorithm
1: repeat
2: for all constraint C ∈ C, assignment b ∈ AC do
3: if not (BasicSDP(C, b) and GaussElim(C, b)) then
4: C ← ReplaceConstraint(C, C,AC \ {b})
5: until no change to C
6: Accept if AC 6= ∅ for every C ∈ C

Recall that AC ⊆ DV (C) denotes the set of satisfying assignments to the constraint C.
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On line 3, BasicSDP(C, b) and GaussElim(C, b) test whether the partial assignment b of constraint
C may extend to a global satisfying assignment, using the basic SDP relaxation and Gaussian
Elimination, respectively. The subroutine GaussElim will be discussed in Section 3.1, and BasicSDP
in Section 4.2.

On line 4, ReplaceConstraint replaces constraint C with a stronger constraint C ′ that further
forbids b:

ReplaceConstraint(C, C,R) def= (C \ {C}) ∪ {constraint C ′ with relation R} .
Every time line 4 is executed, one can imagine replacing the current instance with a reduced

instance. When presented in the above way, many steps in [BKM26, Sections 7.2 and 7.3] that
involve supp(µC) for some SDP solution µ will be replaced in this paper with just AC (the set of
satisfying assignments of the constraint C in the current reduced instance).

3.1. New Affine Relaxation. The GaussElim subroutine from the hybrid algorithm (Algorithm 1)
uses Gaussian Elimination to find specific solutions to a system of abelian linear equations, called
the “GE System” in [BKM26]. The “GE System” of equations has a complex definition [BKM26,
Sections 7.2, 7.3]. Rather than presenting the original definition, we give a new affine relaxation
that is significantly simpler. Whenever [BKM26, Algorithm 4] does not abort, our affine relaxation
is equivalent to the GE System (see Section 3.3). Our new affine relaxation can also handle CSPs
non-trivially embeddable into Z, whereas the GE System cannot.

Our simplification hinges on relaxations involving affine hulls in an abelian group:

Definition 3.1 (Affine hull). The affine hull of a subset S of an abelian group G is

aff(S) def= S + 〈{a− b | a, b ∈ S}〉 ,
where 〈T 〉 denotes the subgroup generated by T in the abelian group G. Equivalently,

aff(S) =
{∑

s∈Sw(s)s
∣∣∣ w ∈ ZS ,

∑
s∈Sw(s) = 1,finite supp(w)

}
,

which contains all affine integer combinations of S with finite support. When S is nonempty, aff(S)
coincides with the intersection of cosets containing S, i.e., aff(S) is the coset generated by S.5

The above definition is the abelian algebraic analog of the well-studied concept from Euclidean
space. Though simple, this concept is absent from [BKM26].

Fix an instance I = (V, C). For every variable v ∈ V , let Cv be the collection of constraints C ∈ C
containing v, and define the group

(4) Gv def=
∏

C∈Cv

GC ,

where GC is a the target group of the universal embedding (Theorem 2.2) of the set AC ⊆ DV (C) of
satisfying assignments for the constraint C. Further, for every b ∈ D, we define the embedded tuple

(5) rv
b

def= (σC
v (b))C∈Cv ∈ Gv ,

where ((σC
i )i∈[k], gC) is the universal embedding of AC into GC , and σC

v
def= σC

j with j ∈ [k] being
the position of v in (the scope of) the constraint C. We extend the definition of the embedded tuple
to partial assignments a ∈ DV (C) for a constraint C:

(6) rC
a

def= (rv
a(v))v∈V (C) ∈

∏
v∈V (C)

Gv .

Our new affine relaxation in Eq. (7) consists of solutions z such that:
(1) For each variable v, z(v) lies in the affine hull of the embedded tuples rv

a over a ∈ D.

5If S is empty, then so is aff(S), which cannot be a coset, since cosets are nonempty by definition.
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(2) For each constraint C, the tuple zV (C) = (z(v))v∈V (C) lies in the affine hull of the embedded
tuples rC

a over satisfying partial assignments a of C.

z : (v ∈ V )→ aff{rv
a | a ∈ D}

subject to zV (C) ∈ aff{rC
a | a ∈ AC} for C ∈ C

(7)

The goal of the GE System is to achieve consistent solutions [BKM26, Definition 7.7]:
Definition 3.2. (AC)C∈C is consistent with the coset T of solutions of the affine relaxation in
Eq. (7) if for every C ∈ C,
(8) aff{rC

a | a ∈ AC} = T |C ,
where
(9) T |C

def=
{

(z(v))v∈V (C)

∣∣∣ z ∈ T }
.

Remark 3.3. [BKM26, Definition 7.6] contains a small mistake: It considers the subgroup, rather
than the coset, generated by a subset. However, T |C is a coset, not necessarily a subgroup; thus,
equating it with a subgroup in [BKM26, Definition 7.7] is incorrect. Concretely, for odd-parity
3-XOR (Theorem 1.2), the identity embedding is a master/universal embedding (Theorem 2.9).
When the whole instance consists of only a single such constraint C, T |C is the coset Y def= {a ∈ Z3

2 |∑
i∈[3] ai = 1} of odd-parity assignments. The generated subgroup is Z3

2 6= Y , violating [BKM26,
Definition 7.7], even though Eq. (8) holds. The simple fix is to change [BKM26, Definition 7.6] to
be “the affine hull of a subset”.

Definition 3.4. The subroutine GaussElim(C, b) accepts precisely when rC
b ∈ T |C , where

b ∈ AC and T is the coset of solutions of Eq. (7).

3.2. Tightness from Universality. Note that the affine constraints in Eq. (7) depend on the
embeddings in Eqs. (4) and (5).

As an extreme example, if the trivial embedding were used, i.e., if GC in Eq. (4) were replaced by
the trivial group (consisting only of the identity element), then all the constraints zV (C) ∈ aff{rC

a |
a ∈ AC} in Eq. (7) would be satisfied trivially. Therefore “finer” embeddings (GC , (σC

i )i∈[k], gC) in
Eqs. (4) and (5) are preferred. Theorem 3.6 below shows that if the affine relaxation Eq. (7) has
solutions under the universal embedding, then it also has solutions under any abelian embedding.
Of course, the converse may not hold. Therefore the affine constraints in Eq. (7) are as tight as
possible among all abelian embeddings.

Given any function f : X → Y , any subset S ⊆ X, let f(S) def= {f(s) | s ∈ S} be its image under
f . The next result says that given any subset S of an abelian group, the image of its affine hull
under an affine map f equals the affine hull of its image under f . Put differently, an affine map
commutes with taking the affine hull. This result is the abelian algebraic analog of a well-known
fact in Euclidean space.
Lemma 3.5. Let S be a subset of an abelian group G. Let f : G→ H be an affine map from G to
another group H, i.e., there is a homomorphism ϕ : G→ H and c ∈ H such that f(g) = ϕ(g) + c
for g ∈ G. Then
(10) f(aff(S)) = aff(f(S)) .

Proof. Let T def= {a− b | a, b ∈ S}.
f(aff(S)) = c+ ϕ(aff(S)) = c+ ϕ(S + 〈T 〉) = c+ ϕ(S) + ϕ(〈T 〉)
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since ϕ is a homomorphism. Now

ϕ(〈T 〉) = ϕ(〈{a− b | a, b ∈ S}〉) = 〈{ϕ(a)− ϕ(b) | a, b ∈ S}〉 = 〈ϕ(T )〉

again because ϕ is a homomorphism. On the other hand,

aff(f(S)) = f(S) + 〈{a− b | a, b ∈ f(S)}〉
= c+ ϕ(S) + 〈{ϕ(a)− ϕ(b) | a, b ∈ S}〉
= c+ ϕ(S) + 〈ϕ(T )〉 = f(aff(S)) . �

We now prove the main result of this subsection.

Theorem 3.6. If the affine relaxation Eq. (7) has a solution (under the universal embedding), then
it also has a solution when the universal embeddings (GC , σ

C , hC) in Eqs. (4) and (5) are replaced
with any embedding (HC , τ

C , hC) of AC .

Proof. Let z be a solution to Eq. (7) under the universal embeddings (GC , σ
C , gC) of AC . For

any constraint C, any embedding (HC , τ
C , hC) of AC , there are maps fC

i : GC → HC such that
τC

i = fC
i ◦ σC

i for i ∈ [k]. Define a map y by y(v, C) def= fC
i (z(v, C)) for v ∈ V,C ∈ Cv, where i is

the position of v in C. Then y = f(z) under some affine map f :
∏

v∈V,C∈Cv
GC →

∏
v∈V,C∈Cv

HC ,
whose (v, C)-coordinate is fC

i as in the previous sentence.
Since z is a solution to Eq. (7), z(v) ∈ aff{rv

a | a ∈ D} for v ∈ V . Equivalently, fv(z(v)) ∈
fv(aff{rv

a | a ∈ D})
(10)= aff{fv(rv

a) | a ∈ D}, where fv :
∏

C∈Cv
GC →

∏
C∈Cv

HC corresponds to the
coordinates of f associated with v. Now fv(rv

a) = (fC
i (σC

i (a)))C∈Cv = (τC
i (a))C∈Cv = sv

a, where sv
a is

defined as in Eq. (5) but using the embeddings (HC , τ
C , hC) instead. Then y(v) ∈ aff{sv

a | a ∈ D}.
Similarly, zV (C) ∈ aff{rC

a | a ∈ AC} for C ∈ C. Equivalently, fC(zV (C)) ∈ fC(aff{rC
a | a ∈

AC})
(10)= aff{fC(rC

a ) | a ∈ AC}. Now fC(rC
a ) = (fv(rv

a(v)))v∈V (C) = (sv
a(v))v∈V (C) = sC

a , where sC
a is

defined as in Eq. (6) but using the embeddings (HC , τ
C , hC) instead. Then yV (C) ∈ aff{sC

a | a ∈ AC}.
Thus y is a solution to Eq. (7) under the embeddings (HC , τ

C , hC). �

The previous proof further shows that if Eq. (7) (under universal embeddings) has a solution z
with zV (C) = rC

b , then the same holds under any abelian embedding. Equivalently, if GaussElim(C, b)
rejects under any embedding, it also does under the universal embedding.

3.3. Equivalence to the GE System. Whenever [BKM26, Algorithm 4] does not abort, our affine
relaxation in Eq. (7) is equivalent to the GE System in [BKM26]. Our Gv in Eq. (4) is essentially
the same as their Gv

master, because master embeddings are universal (Theorem A.5). The GE System
works with assignments y mapping v ∈ V to the double dual group ̂̂

Gv (in our terminology). But̂̂
Gv is naturally isomorphic to Gv by Pontryagin duality, which says that any homomorphism ϕ from
Ĝv to the multiplicative circle group T of complex numbers of unit magnitude is an evaluation map
χ ∈ Ĝv 7→ χ(h) for some h ∈ Gv. Therefore, the GE System indirectly specifies an affine relaxation
with solutions of the form z : (v ∈ V )→ Gv. That affine relaxation, implicit in [BKM26], is made
explicit in Eq. (7).

The GE System consists of three types of constraints:
(1) “Valid character constraints” [BKM26, Section 7.2.2]
(2) “Valid satisfying assignments constraints” [BKM26, Section 7.2.2]
(3) Character constraints enforcing aff{rC

a | a ∈ AC} ⊇ T |C , to partially achieve Eq. (8)
[BKM26, Claim 7.9 and Algorithm 2].

Type 1 constraints merely force the y variables in the GE System to correspond to character
evaluations, i.e., y(v) ∈ ̂̂

Gv for v ∈ V .
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Type 2 constraints are subsumed by Type 3. Indeed, for any C ∈ C, zV (C) ∈ aff{rC
b | b ∈ AC}

implies there is w ∈ ZAC ,
∑

b∈AC
w(b) = 1 such that zV (C) =

∑
b∈AC

w(b)rC
b . Then∑

v∈V (C)
z(v, C) (5),(6)=

∑
b∈AC

w(b)
∑

v∈V (C)
σC

v (b(v)) (∗)=
∑

b∈AC

w(b)gC = gC ,

where (∗) uses the fact that (σC , gC) is an embedding of AC . The previous equation is precisely a
Type 2 character constraint via Pontryagin duality (Theorem B.1).

For Type 3, applying Pontryagin duality (Theorem B.2) yields the zV (C) ∈ aff{rC
a | a ∈ AC}

constraints in Eq. (7). These constraints further imply the other constraint z(v) ∈ aff{rv
a | a ∈ D} in

Eq. (7) for every non-isolated variable v. Therefore Eq. (7) is equivalent to the GE System (isolated
variables that do not participate in any constraint can be ignored and removed).

The next claim summarizes this subsection.

Claim 3.7. If a CSP instance I has no isolated variable and [BKM26, Algorithm 4] does not abort,
then solutions y to the GE System [BKM26, Sections 7.2, 7.3] are bijective with solutions z to Eq. (7)
via Pontryagin duality.

3.4. Hybrid Algorithm Solves CSP(Z2 ∪ Z3). In this subsection, we prove that our generalized
hybrid algorithm (Section 3.1) solves CSP(Z2 ∪ Z3). In fact, it does so using only its Gaussian
Elimination step GaussElim, while SDP plays no role. Recall that GaussElim(C, b) accepts precisely
when rC

b ∈ T |C , where b ∈ AC and T is the coset of solutions of Eq. (7). The key observation is
that rC

b ∈ T |C for every C ∈ C implies the existence of a satisfying assignment for CSP(Z2 ∪ Z3).
Our next result exploits the universal embedding of CSP(Z2 ∪ Z3) from Theorem 2.10.

Theorem 3.8. Consider a CSP(Z2 ∪ Z3) instance I = (V, C). Suppose for every C ∈ C, there is
b ∈ AC such that rC

b ∈ T |C . Then I is satisfiable.

Proof. Consider the universal embedding (G, σ, g) of CSP(Z2 ∪ Z3) into Z2 × Z3 × Zk−1 from
Theorem 2.10. For i ∈ [k], b ∈ D, the Zk−1-coordinate of σi(b) is of the form pσi(0′), where
p = 1 if b ∈ {0′, 1′, 2′} and p = 0 otherwise. Therefore, for any si ∈ aff{σi(b) | b ∈ D} so that
si =

∑
b∈D wi(b)σi(b) with wi ∈ D

def= {w ∈ ZD |
∑

a∈D w(a) = 1}, the Zk−1-coordinate of si is of the
form qiσi(0′), where qi =

∑
b∈{0′,1′,2′}wi(b). Further, for any (si)i∈[k] such that si ∈ aff{σi(b) | b ∈ D}

for i ∈ [k] and
∑

i∈[k] si = g, we have qi = qj for i, j ∈ [k] by considering the Zk−1-coordinate of the
universal embedding.

Consider a CSP(Z2 ∪ Z3) instance I = (V, C) and any solution z of Eq. (7). For v ∈ V , there
is wv ∈ D such that z(v) =

∑
b∈D wv(b)rv

b . Define q : V → Z by q(v) =
∑

b∈{0′,1′,2′}wv(b). Then
the Zk−1-coordinate of z(v, C) is of the form q(v)σv(0′) for v ∈ V,C ∈ Cv. Further, q(v) = q(u) if
variables u and v are both contained in some constraint C ∈ C, implying q(u) = q(v) if u and v
belong to the same connected component.

Suppose there are C ∈ C, a ∈ AC such that rC
a ∈ T |C . Then some solution z to Eq. (7)

satisfies z(v) = rv
a(v) for v ∈ V (C). Fix any v0 ∈ V (C). Then q(v0) ∈ {0, 1}. The last sentence

of the preceding paragraph implies q(u) = q(v0) for every variable u in the same connected
component K as v0. If q(u) = 0, the Z2-coordinate of z is a satisfying assignment for the Z2 part of
CSP(Z2 ∪ Z3) on K. More precisely, let t(u) =

∑
b∈Z2 w(b)b ∈ Z2. Then

∑
v∈V (C) t(v) = y for every

Z2-constraint {a ∈ Z3
2 |

∑
i∈[k] ai = y} in K, because t(v) equals the Z2-coordinate of z(v, C) for

every v ∈ K,C ∈ Cv.
Similarly, if q(u) = 1, the Z3-coordinate of z is a satisfying assignment for the Z3 part on this

connected component, using the fact that
∑

b∈{0,1}wv(b) = 1 − q(v) = 0 for variable v in this
connected component. Therefore, if for every C ∈ C, there is a ∈ AC such that rC

a ∈ T |C , then the
CSP(Z2 ∪ Z3) instance is satisfiable. �
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3.5. Yet Another Affine Relaxation and AIP. The constraints in Eq. (7) depend on the
embeddings. To avoid such a dependence, we propose the following affine relaxation for any CSP
(D,R) (not necessarily embeddable into abelian groups):

y : V → aff{1a ∈ ZD | a ∈ D}

subject to yV (C) ∈ aff{(1a(v))v∈V (C) ∈ ZD×V (C) | a ∈ AC} for C ∈ C
(11)

A merit of this relaxation is that Eq. (11) is a stronger relaxation than Eq. (7):
Lemma 3.9. If Eq. (11) has a solution, then so does Eq. (7).
Proof. Let y : V → D be a solution to Eq. (11). For v ∈ V , define a homomorphism hv : ZD → Gv

by 1a 7→ rv
a for a ∈ D. Define a solution z : (v ∈ V )→ Gv for Eq. (7) by z(v) def= hv ◦ y(v) for v ∈ V .

Then z(v) =
∑

a∈D y(v, a)rv
a ∈ aff{rv

a | a ∈ D}, because
∑

a∈D y(v, a) = 1.
For each constraint C ∈ C, yV (C) ∈ aff{(1a(v))v∈V (C) | a ∈ AC}, so there is w(C) ∈ ZAC such that

(12)
∑

a∈AC

w(C, a) = 1 and (y(v))v∈V (C) =
∑

a∈AC

w(C, a)(1a(v))v∈V (C) .

Apply the homomorphism (hv)v∈V (C) : ZD×V (C) →
∏

v∈V (C)G
v to both sides of the last equality,

(z(v))v∈V (C) =
∑

a∈AC

w(C, a)(rv
a(v))v∈V (C) ∈ aff{(rv

a(v))v∈V (C) | a ∈ AC} . �

Another merit is that Eq. (11) is in fact equivalent to basic AIP, which implies Eq. (11) can be
solved in polynomial time.
Lemma 3.10. Eq. (11) has a solution if and only if the basic AIP relaxation does.
Proof. That y is a solution to Eq. (11) is equivalent to the existence of w : (C ∈ C)→ ZAC satisfying
Eq. (12). The last equality of Eq. (12) is equivalent to

(13) y(v) =
∑

a∈AC

w(C, a)1a(v) = πv(w(C)) for v ∈ V (C) .

This is precisely the consistency condition for (y, w) to be a basic AIP solution. �

3.6. Constraint Singleton AIP simulates GaussElim. The GaussElim(C, b) step in the hybrid
algorithm of [BKM26] uses Gaussian Elimination to test whether rC

a belongs to T |C . Note that this
is a different task than testing whether T is empty, i.e., whether Eq. (7) is satisfiable. We now show
that GaussElim can in fact be simulated by constraint singleton AIP (CSinglAIP) — while without
access to the affine constraints in Eq. (7).

Recall that given an instance I = (V, C), a basic AIP solution for I is a map s : (z ∈ V ∪C)→ Dz

such that πv ◦s(C) = s(v) for v ∈ C ∈ C, where the relaxed domain Dz
def= {w ∈ ZAz |

∑
a∈Az

w(a) =
1}.

To describe constraint singleton algorithms, we need to consider reduced instances. Given an
instance I = (V, C), some constraint C ∈ C, and assignment b ∈ AC , define the reduced instance
I + b

def= (V, Cb), where Cb
def= ReplaceConstraint(C, C, {b}) is the same as C but the assignment b is

forced on C.
Theorem 3.11. Let T be the coset of solutions of Eq. (7) for an instance I = (V, C). For any
C ′ ∈ C, b ∈ AC′ , if there exists a basic AIP solution sb for the reduced instance I+b, then rC′

b ∈ T |C′ .

Proof. Let sb be a basic AIP solution for I + b. The proof of Theorem 3.10 implies y def= sb|V is a
solution to Eq. (11) for I + b. Then z def= v 7→

∑
a∈D y(v, a)rv

a is a solution to Eq. (7) for I + b (and
hence I) by the proof of Theorem 3.9. Since sb is a basic AIP solution for I + b, we have sb(C ′) = 1b,
so sb(u) = 1b(u) for u ∈ V (C ′). Thus z(u) = ru

b(u) for u ∈ V (C ′), and rC′
b = zV (C′) ∈ T |C′ . �



18 CHAN AND NG

Consider the combined basic SDP and CSinglAIP algorithm A′ obtained by replacing GaussElim
in the hybrid algorithm (Algorithm 1) with CSinglAIP, where the subroutine CSinglAIP(C, b) accepts
precisely when I + b has a basic AIP solution. Theorem 3.11 implies that if A′ accepts, then
the reduced instance at the end of the algorithm has consistent solutions, i.e., Theorem 3.2 holds.
Indeed, “⊆” in Eq. (8) follows from Theorem 3.11 and

aff{rC
a |a ∈ AC} ⊆ aff(T |C) (10)= T |C ,

while “⊇” follows from Eq. (7). Further, Theorem 3.11 implies any b rejected by GaussElim(C, b) is
also rejected by CSinglAIP(C, b).

Proof of Theorem 1.4. Suppose the hybrid algorithm (Algorithm 1) rejects an instance I = (V, C).
Consider the sequence C1, C2, . . . , Ct of constraint sets during an execution of the hybrid algorithm,
where C1 = C. For each 1 6 j < t, there is Cj ∈ Cj and bj ∈ ACj , such that (1) BasicSDP(Cj , bj) ∧
GaussElim(Cj , bj) rejects; and (2) Cj+1 = ReplaceConstraint(Cj , Cj , ACj \{bj}). Further, some Ct ∈ Ct

satisfies ACt = ∅.
Now consider algorithm A′. The paragraph after the proof of Theorem 3.11 implies that

BasicSDP(Cj , bj) ∧ CSinglAIP(Cj , bj) also rejects for 1 6 j < t. Therefore C1, . . . , Ct is also a valid
sequence of constraint sets during an execution of A′. This sequence causes A′ to reject I because
some Ct ∈ Ct satisfies ACt = ∅. �

4. Singleton (SDP ∧ AIP) Hierarchy

This section introduces a new hierarchy: the singleton (SDP ∧ AIP) hierarchy. To motivate
this hierarchy and to compare it with existing algorithms, we first look at a simpler family of
decision algorithms for CSP that iteratively rule out partial assignments to individual constraints
(Sections 4.1 to 4.3). Next, we introduce more powerful hierarchy algorithms that iteratively rule out
partial assignments on small variable subsets, and finally, we introduce our singleton (SDP ∧AIP)
hierarchy (Section 4.4).

Our family of simpler iterative algorithms captures or subsumes a few existing algorithms: It
captures the hybrid algorithm in [BKM26], and subsumes LP+AIP [BGWŽ20], CLAP [CŽ22], SDA
[CŽ25], and all constraint singleton algorithms in [Zhu26]. The more powerful hierarchy algorithms
also capture or subsume a few existing algorithms: They capture cohomological consistency [ÓC22]
and C(BLP+AIP) hierarchy [CŽ22, CN25], and subsume Z-affine consistency [DO24] and SDP+AIP
hierarchy [CNP24]. The most powerful of all, the new singleton (SDP ∧ AIP) hierarchy, subsumes
all the algorithms in this paragraph.

Bhangale [Bha25] remarked it would be “interesting to define the hierarchies of [[BKM26]’s]
hybrid algorithm and understand their limitations.” This remark partly motivated our singleton
(SDP ∧AIP) hierarchy, which is a hierarchy analog in the hybrid algorithm in [BKM26] (and, in
our opinion, the hierarchy analog). Another motivation for this hierarchy comes from the quest
towards uniform CSP algorithms. Many algorithms have been proposed as mentioned in the previous
paragraph, and our singleton (SDP ∧AIP) hierarchy subsumes them all.

4.1. Iterative Individual-Constraint Algorithm. The family of iterative local algorithms in
Algorithm 2 generalizes the hybrid algorithm in Algorithm 1. It is based on repeatedly

(1) Running a relaxation subroutine A(C, b) to test whether a CSP instance (V, C) has a satisfying
assignment extending some partial assignment b ∈ DU (where U ⊆ V ), and

(2) Reducing the instance to exclude b if the test in (1) rejects.
The decision subroutine A(C, b) satisfies the following “relaxation property”:

Property 4.1. If an instance (V, C) has a satisfying assignment a ∈ DV such that aU = b, then
A(C, b) accepts.
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Algorithm 2 Iterative A Algorithm
1: repeat
2: for all constraint C ∈ C, assignment b ∈ AC do
3: if A(C, b) rejects then
4: C ← ReplaceConstraint(C, C,AC \ {b})
5: until no change to C
6: Accept if AC 6= ∅ for every C ∈ C

It is possible that A(C, b) accepts even if (V, C) has no satisfying assignment extending b.
Recall that every time line 4 is executed, we imagine replacing the current instance with a reduced

instance.
An example of the relaxation subroutine A(C, b) is the basic LP (when b is an assignment to

some constraint C ∈ C). BasicLP(C, b) computes the basic LP relaxation for the instance (V, C), and
accepts if b is in the support of the relative interior of the polytope of feasible solutions to the basic
LP relaxation. This step appears in the LP+AIP algorithm of [BGWŽ20, Figure 1].

Similar relaxation subroutines include arc consistency, basic SDP, and basic AIP. The adjective
“basic” (or “canonical” in some literature) refers to relaxations of partial assignments to constraints
and individual variables, as opposed to “hierarchy” that are relaxations of partial assignments to
small variable subsets.6

Another relaxation subroutine is the Gaussian Elimination step GaussElim(C, b) from the hybrid
algorithm in [BKM26]. This step differs from subroutines in the previous paragraph in many ways:
e.g. the set of values taken by variable v in GaussElim depends on v’s neighborhood.

Combining different relaxation subroutines yields even more interesting ones, such as A =
BasicSDP ∧ GaussElim as in Algorithm 1, i.e. A accepts if both BasicSDP and GaussElim do.

4.2. Basic Relaxation Subroutine. We now formally define the basic relaxation subroutines for
four elementary relaxations: arc consistency (whose hierarchy is called local consistency or bounded
width), LP, SDP, and AIP. For each elementary relaxation R, we will define the corresponding basic
relaxation subroutine BasicR in three steps:

(1) The relaxed domains DR
v for each variable v and DR

C for each constraint C
(2) The basic R relaxation
(3) The basic relaxation subroutine BasicR(C, b)

Below AS ⊆ DS denotes the set of partial assignments on S that satisfy all constraints in I
contained in S, where a constraint C ∈ C is contained in S if every variable of C belongs to S.

Definition 4.2 (Relaxed Domain). We now define the relaxed domain DR
S of each elementary

relaxation R on a subset S ⊆ V of variables.
BW: DBW

S
def= P(AS) \ {∅}, the family of nonempty subsets over AS .

LP: DLP
S

def= ∆(AS), the set of distributions over AS .
SDP: DSDP

S is the set of orthogonal vectors {u(a)}a∈AS
⊆ X indexed by AS in an arbitrary inner

product space X , such that
∑

a∈AS
‖u(a)‖2 = 1. This X is independent of S.

AIP: DAIP
S

def=
{
w : AS → Z

∣∣∣ ∑
a∈AS

w(a) = 1
}

, containing affine integer weights supported on
AS .

For a variable v ∈ V and relaxation R, we also write DR
v for DR

{v}.
For each elementary relaxation R, we also define the relaxed domain DR

C for a constraint C as in
Theorem 4.2, except that AS is replaced with AC , the set of satisfying assignments on C.

6For this reason, the adjective “basic” should be avoided when discussing hierarchies: LP hierarchy instead of BLP
hierarchy, where the B stands for “basic”.
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For each elementary relaxation, we consider a relaxed assignment αS ∈ DS to be a function from
the set of satisfying assignments AS on S to a commutative monoid M.
BW: MBW

def= B. The Boolean algebra B has join ∨ as the addition and meet ∧ as the multiplication.
A set αS ∈ P(AS) is represented by its indicator function 1αS : AS → B, so that 1αS (a) = 1
if a ∈ αS , and 1αS (a) = 0 otherwise.

LP: MLP
def= R+, the nonnegative reals.

SDP: MSDP
def= X .

AIP: MAIP
def= Z.

For any subsets T ⊆ S ⊆ V , there is a projection πS→T : MDS → MDT of functions taking
values in M:
(14) πS→T (αS)(b) def=

∑
a∈DS

aT =b

αS(a) for αS ∈MDS
, b ∈ DT .

Here the sum is over M.
Definition 4.3 (Basic R relaxation). For each elementary relaxation R, a solution sR to the basic
relaxation is a function mapping T ∈ V ∪ C to DR

T , that is consistent with projection:
(15) πv(sR(C)) = sR(v) for C ∈ C, v ∈ C .

Applying Theorem 4.3 to the four elementary relaxations BW, LP, SDP, and AIP, we get arc
consistency, basic LP, basic SDP, and basic AIP relaxations, respectively. The basic SDP relaxation
from Theorems 4.2 and 4.3 is not the traditional definition [Rag08], but is equivalent ([BGS25,
Section 6.3.2], [CŽ26, Section 4]). Similar basic R relaxations have been proposed by [BGS25,
Remark 6.11] using the language of minions.

Turning the basic R relaxation into a subroutine BasicR(C, b) requires an additional step. For
LP, the additional step is to consider the relative interior mentioned earlier. This means looking
for a basic LP solution sLP whose support supp(sLP(C)) is maximal for each constraint C. Then
BasicLP(C, b) simply accepts if b ∈ supp(sLP(C)), where b ∈ AC . Similarly for SDP, there also exists
a basic SDP solution sSDP with maximal support ([CNP24, Lemma 12.5], [BKM26, Claim 7.11]).
Again, BasicSDP(C, b) accepts if b ∈ supp(sSDP(C)). The same idea of looking for a basic R solution
with maximal support also works for BW and AIP, but is inferior to singleton subroutine discussed
next.

4.3. Constraint Singleton Subroutine. Stronger relaxation subroutines arise by considering
reduced instances that force a particular partial assignment. Given an instance I = (V, C), some
constraint C ∈ C, and assignment b ∈ AC , define the reduced instance I + b

def= (V, Cb), where
Cb

def= ReplaceConstraint(C, C, {b}) is the same as C but the assignment b is forced on C. Note that
I has a satisfying assignment extending b if and only if I + b is satisfiable. Define a relaxation
subroutine CSinglR(C, b) that accepts precisely when the reduced instance I+ b = (V, Cb) has a basic
R relaxation solution. The constraint singleton R algorithm is the iterative CSinglR algorithm,
i.e. Algorithm 2 with A = CSinglR.

The singleton algorithm was proposed by [DB97] for arc consistency, i.e. basic BW relaxation
in our terminology. The constraint counterparts were proposed by [CŽ22] and their minions were
studied systematically in [Zhu26].

Note that all the algorithms in Sections 4.1 to 4.3 so far are iterative: they keep rejecting partial
assignments to constraints by calling subroutines repeatedly. There are also non-iterative versions of
such algorithms. For example, for each relaxation R, consider a variant of the BasicR(C) algorithm
that accepts precisely when there is a solution to the basic R relaxation of the instance I = (V, C),
without enforcing any partial assignment b. Such algorithms are the original, non-singleton version
of arc consistency, basic LP, basic SDP, and basic AIP.
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Our (iterative) BasicSDP∧CSinglAIP algorithm differs from all the (non-iterative) R∧S algorithms
and (iterative) CSingl(R ∧S) algorithms in [Zhu26] — all the iterative algorithms in [Zhu26] are of
the form SinglR or CSinglR for some (possibly combined) relaxation R. By contrast, our iterative
BasicSDP ∧ CSinglAIP algorithm consists of both the non-constraint-singleton part BasicSDP and
the constraint-singleton part AIP. Of course, our BasicSDP ∧ CSinglAIP can be strengthened to
CSingl(SDP ∧ AIP), but we prefer to focus on the weaker and simpler version in this paper.
BasicSDP ∧ CSinglAIP is much closer to the [BKM26] hybrid algorithm, and is still a candidate
uniform algorithm for tractable CSPs and the Approximation Dichotomy Conjecture.

We will omit the adjective “iterative” when there is no danger of ambiguity. In this paper, the
BasicSDP ∧ CSinglAIP algorithm always refers to the iterative version.

Theorem 4.5 below says that our BasicSDP ∧ CSinglAIP algorithm (Algorithm 2) is equivalently
looking for certain non-iterative basic solutions (Theorem 4.4), by considering a family of basic AIP
solutions. Related results have appeared before for CLAP [CŽ22] and many singleton algorithms
[Zhu26] in terms of minions.

Definition 4.4. A BasicSDP ∧ CSinglAIP solution to an instance I = (V, C) consists of:
• A basic SDP solution sSDP to I; and
• A collection {sAIP

b } of basic AIP solutions to I, one for each b ∈ supp(sSDP(C)), C ∈ C, such
that
(1) supp(sAIP

b (C)) ⊆ supp(sSDP(C)) for C,C ′ ∈ C, b ∈ supp(sSDP(C ′)); and
(2) sAIP

b (C) = 1b for each C ∈ C, b ∈ supp(sSDP(C)).

Theorem 4.5. BasicSDP ∧ CSinglAIP Algorithm accepts an instance I if and only if I has a
BasicSDP ∧ CSinglAIP solution.

Proof. If BasicSDP ∧ CSinglAIP Algorithm (Algorithm 2) accepts, let {BC} denotes the set of
satisfying assignments to the constraints of the final reduced instance Ifinal at the end of the
algorithm. From the final execution of the lines 2–4, there exists a basic SDP solution sSDP for Ifinal,
and basic AIP solutions sAIP

b for Ifinal + b, one for each b ∈ BC , C ∈ C. Then supp(sSDP(C)) = BC

for C ∈ C, so supp(sSDP(C)) = BC ⊇ supp(sAIP
b (C)) for C ∈ C, b ∈ BC = supp(sSDP(C)). Also,

sAIP
b (C) = 1b because sAIP

b is a basic AIP solution to Ifinal + b. Therefore (sSDP, {sAIP
b }) is a solution

as in Theorem 4.4.
Conversely, if a BasicSDP∧CSinglAIP solution (sSDP, {sAIP

B }) to I exists as in Theorem 4.4. Define
subsets BC

def= supp(sSDP(C)) for C ∈ C. Each BC is nonempty since
∑

b∈BC
‖sSDP(C, b)‖2 = 1. We

prove by induction that BC ⊆ AC for C ∈ C throughout the algorithm (where AC denotes the
current set of satisfying assignments to constraint C), which will then imply BasicSDP ∧ CSinglAIP
Algorithm (Algorithm 2) accepts I.

Base Case: Initially, BC ⊆ AC .
Induction Step: Suppose BC ⊆ AC before the if statement on lines 3–4 of Algorithm 2. For every

C ∈ C, b ∈ BC , we have b ∈ supp(sSDP(C)), so BasicSDP({BC}, b) (and hence BasicSDP({AC}, b))
accepts. Also, sAIP

b is a basic AIP solution to the reduced instance I ′ = (V, {BC}) + b (and hence
(V, {AC}) + b), so CSinglAIP({AC}, b) also accepts. Therefore b is never removed from AC . Thus
BC ⊆ AC still holds at the end of the if statement on lines 3–4. �

4.4. Hierarchy and Its Singleton Algorithm. For each elementary relaxation R, a level-d R
hierarchy solution sR is a function mapping S ∈

( V
6d

)
to DR

S , that is consistent with projection:

(16) πT (sR(S)) = sR(T ) for T ⊆ S ⊆ V, |S| 6 d .

Given a relaxation R, we define the singleton R hierarchy algorithm in Algorithm 3 (SinglR for
short). It keeps track of collections BU of partial assignments b ∈ DU for variable subsets U of size
at most d that has not been rejected by the R hierarchy.
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Algorithm 3 Level-d Singleton R Hierarchy Algorithm

1: Initialize BU ← DU for U ∈
( V
6d

)
2: repeat
3: for all variable subset U ∈

( V
6d

)
, assignment b ∈ BU do

4: if instance (V, C ∪ {{b}}) has no level-d R hierarchy solution then
5: C ← C ∪ {DU \ {b}}
6: BU ← BU \ {b}
7: until no change to C
8: Accept if BU 6= ∅ for every U ∈

( V
6d

)
On Line 4, C ∪ {{b}} represents adding to C an extra constraint (with relation {b}) that forces

the partial assignment b to U . Note that C has a satisfying assignment extending b if and only if
C ∪ {{b}} is satisfiable. Line 5 further forbids b in the future.

Algorithm 3 modifies Algorithm 2 in two ways:
• Algorithm 2 iteratively rejects partial assignments to individual constraints, while Algorithm 3

iteratively rejects partial assignments to small variable subsets
• The relaxation subroutine A in Algorithm 2 is now the R hierarchy subroutine applied to
C ∪ {{b}}, justifying the name “singleton hierarchy R algorithm” for Algorithm 3

Cohomological consistency [ÓC22] is equivalent to the Singl(BW ∧ AIP) hierarchy algorithm.
Given two relaxations R and S, a R ∧S hierarchy solution sR∧S is a pair of solutions sR and sS

to the R and S hierarchies, respectively. C(BLP+AIP) hierarchy [CŽ22, CN25] is equivalent to the
Singl(LP ∧AIP) hierarchy algorithm.

Our Singl(SDP ∧AIP) hierarchy algorithm subsumes cohomological consistency, C(BLP+AIP)
hierarchy, SDP+AIP hierarchy [CNP24], as well as the hybrid algorithm of [BKM26].

Remark 4.6. Many previous works, e.g. [BGWŽ20], considered a different combination R+S, whose
solution sR+S is a pair of solutions sR and sS to the R and S relaxations that additionally satisfies
supp(sR(T )) ⊇ supp(sS(T )) for every variable subset/constraint T , whenever sR(T ) and sS(T )
are defined. Such R + S relaxations are often considered without the iterative Algorithm 2 or
Algorithm 3. Iterative CSingl(R ∧S) algorithm (Algorithm 2) actually subsumes the non-iterative
Basic(R + S) algorithm. Similarly, (iterative) Singl(R ∧ S) hierarchy algorithm (Algorithm 3)
subsumes the non-iterative R + S hierarchy algorithm (of the same level).

Theorem 4.8 below says that the (iterative) Singl(SDP ∧AIP) hierarchy algorithm (Algorithm 3)
accepts if and only if a (non-iterative) Singl(SDP ∧AIP) hierarchy solution (Theorem 4.7) exists,
up to at most a factor 2 loss in level. A Singl(SDP ∧ AIP) hierarchy solution consists of both an
SDP hierarchy solution and a family of AIP hierarchy solutions.

Definition 4.7. A level-d Singl(SDP ∧AIP) solution to an instance I = (V, C) consists of:
• A level-d SDP solution sSDP to I; and
• A collection {sAIP

b } of level-d AIP solutions to I, one for each b ∈ supp(sSDP(U)), U ∈
( V
6d

)
,

such that
(1) supp(sAIP

b (T )) ⊆ supp(sSDP(T )) for U, T ∈
( V
6d

)
, b ∈ supp(sSDP(U)); and

(2) sAIP
b (U) = 1b for each U ∈

( V
6d

)
, b ∈ supp(sSDP(U)).

Theorem 4.8. If the level-d Singl(SDP∧AIP) algorithm accepts an instance I, then I has a level-d
Singl(SDP ∧ AIP) solution. Conversely, if I has a level-2d Singl(SDP ∧ AIP) solution, then the
level-d Singl(SDP ∧AIP) algorithm accepts I.

Proof. If level-d Algorithm 3 accepts, let {BU} be the non-empty subsets at the end of the algorithm,
and Cfinal be the constraint set C at the end of the algorithm. From the final execution of Lines
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3–8, there are level-d SDP solutions sSDP
b and level-d AIP solutions sAIP

b for the reduced instances
(V, Cfinal ∪ {{b}}), for every b ∈ BU , U ∈

( V
6d

)
. Define a new level-d SDP solution sSDP for I by

sSDP(T, a) def= 1√
Z

⊕
U∈

(
V
6d

)
,b∈BU

sSDP
b (T, a), where Z def=

∣∣∣⊎{BU | U ∈
( V
6d

)
}
∣∣∣

for a ∈ BT , T ∈
( V
6d

)
. sSDP is an SDP solution for I, because for T ∈

( V
6d

)
, we have supp(sSDP(T )) ⊆⋃

U∈
(

V
6d

)
,b∈BU

supp(sSDP
b (T )) ⊆ AT . Also, for distinct a, a′ ∈ DT ,

〈sSDP(T, a), sSDP(T, a′)〉 = 1√
Z

∑
U∈

(
V
6d

)
,b∈BU

〈sSDP
b (T, a), sSDP

b (T, a′)〉 = 0 .

Further, ∑
a∈DT

‖sSDP(T, a)‖2 = 1
Z

∑
U∈

(
V
6d

)
,b∈BU

∑
a∈DT

‖sSDP
b (T, a)‖2 = 1 .

For R ∈ {SDP,AIP}, U, T ∈
( V
6d

)
, b ∈ DU , we have supp(sRb (T )) ⊆ BT , because for every

a ∈ DT \BT , there is some constraint in Cfinal with relation DT \{a}. This implies supp(sSDP(T )) ⊆⋃
U∈

(
V
6d

)
,b∈U

supp(sSDP
b (T )) ⊆ BT . And supp(sSDP(U)) ⊇ supp(sSDP

b (U)) 3 b for U ∈
( V
6d

)
, b ∈

U , because sSDP is a solution for the instance (V, Cfinal ∪ {{b}}). Therefore supp(sSDP(T )) =
BT ⊇ supp(sAIP

b (T )) for U, T ∈
( V
6d

)
, b ∈ BU . Finally, for U, T ∈

( V
6d

)
, b ∈ supp(sSDP(U)) = BU ,

sAIP
b (T ) = 1b because sAIP

b is a solution for the instance (V, Cfinal ∪ {{b}}). Therefore I has a level-d
solution in the sense of Theorem 4.7.

Conversely, suppose some level-2d solution (sSDP, {sAIP
b }) to I = (V, C) exists as in Theo-

rem 4.7. Define subsets B′
U

def= supp(sSDP(U)) for U ∈
( V
6d

)
. Each B′

U is nonempty since∑
a∈B′

U
‖sSDP(U, a)‖2 = 1. We prove by induction that B′

U ⊆ BU for U ∈
( V
6d

)
throughout the

algorithm (where BU denotes the current set of partial assignments to variable subset U), which
will then imply level-d Algorithm 3 accepts I.

Base Case: Initially, B′
U ⊆ BU = DU .

Induction Step: Suppose B′
U ⊆ BU for U ∈

( V
6d

)
before the if statement on lines 4–6 of

Algorithm 3. Let C′ def= C∪
⋃

T ∈
(

V
6d

)
,a∈DT \B′

T
{DT \{a}}. Induction Hypothesis implies C′ is a superset

of the constraint set at the current iteration. We argue that for every U ∈
( V
6d

)
, b ∈ B′

U , there is a
level-d SDP ∧AIP hierarchy solution to (V, C′ ∪ {{b}}). For SDP, since b ∈ B′

U = supp(sSDP(U)),
we may condition the solution sSDP on b to get a level-d SDP solution sSDP

b to I (Theorem C.1), so
that supp(sSDP

b (U)) = {b} and supp(sSDP
b (T )) ⊆ supp(sSDP(T )) for T ∈

( V
6d

)
. Then sSDP

b is an SDP
solution to (V, C′ ∪ {{b}}). For AIP, since sAIP

b (U) = 1b and supp(sAIP
b (T )) ⊆ supp(sSDP(T )) = B′

T

for T ∈
( V
6d

)
, sAIP

b is a level-d AIP solution to (V, C′ ∪ {{b}}).
Since there is a level-d SDP ∧ AIP solution to (V, C′ ∪ {{b}}), b is never removed from BU for

U ∈
( V
6d

)
, b ∈ B′

U . Thus B′
U ⊆ BU still holds at the end of the if statement on lines 4–6. �

5. SDP+AIP Lower Bounds for CSP(Z2 ∪ Z3)

In this section, we prove lower bounds for the SDP+AIP hierarchy on a tractable CSP, namely
CSP(Z2 ∪ Z3) from Section 2.3.

It is well-known in the literature that LP and SDP hierarchies are powerless against linear
equations (of arity k > 3) because they are “pairwise uniform” (or “τ -wise uniform” in general),
which means each constraint has a probability distribution on its satisfying assignments such that
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the marginal distribution on each subset of size 2 (or τ) is uniform. Therefore, the main difficulty
here is to fool the AIP hierarchy.

As noted in [Zhu26], we can use the disconnectedness of this CSP to fool the basic AIP relaxation.
We consider “d-solutions” for AIP, which are basic AIP relaxation solutions except the sum of
integer weights is d instead of 1. [Zhu26] showed that by assigning a uniform distribution to each
constraint on the satisfying assignments on the Z2 part, we can construct a basic LP relaxation
solution whose probability masses are multiples of 1/4 (assuming k = 3 as in [Zhu26]). Multiplying
all probability masses by 4 then yields a 4-solution for AIP. Repeating this on the Z3 part, we
obtain a 9-solution for AIP. By subtracting the 8-solution (obtained by doubling the 4-solution)
from the 9-solution, we obtain a 1-solution, which is just a basic AIP relaxation solution.

This approach is readily generalizable to the AIP hierarchy. For CSPs that are linear equations,
the standard construction of LP hierarchy solutions is also to assign a uniform distribution over
satisfying assignments in some carefully chosen vertex subsets. This means that we can recover a
“2n-hierarchy-solution” and a “3n-hierarchy-solution” (where n = |V | is the number of variables in the
CSP instance), and subsequently a “1-hierarchy-solution” using an appropriate linear combination,
which is the AIP hierarchy solution we needed.

We will formalize this observation in the rest of this section.

5.1. Local closures and sparsity. The first step to construct a hierarchy solution is to find some
carefully chosen vertex subsets in the CSP instance. Intuitively, each of these vertex subsets contains
sufficient information, and the constraints outside cannot impose any additional restrictions. This
allows us to construct solutions more easily by ignoring all constraints outside.

This idea has appeared in many previous works under different names, such as advice sets
[BGMT12, Section 3.1], closures [KMOW17, Definition 5.3], and local closures [CNP24, Defini-
tion 8.7]. Here, we follow the notations of [CNP24, CN25].

The following definitions are formulated over k-uniform hypergraphs. S and E denote vertex
subsets and hyperedge subsets in the same hypergraph respectively.

Definition 5.1 ([CN25, Example 5.12]). Define the τ -wise boundary operator

BS(E) def= {{e} | e ∈ E , at most τ vertices u ∈ e satisfy u ∈ S or degE(u) > 1}.
Definition 5.2 (S-closed, [CN25, Remark 5.16]). E is S-closed if BS(E) = ∅.
Definition 5.3 (Local closure, [CN25, Definition 5.6]). Given t ∈ N, the t-local S-closure cltS(E) of
E is the union of t-small S-closed F ⊆ E .

Note that local closures are in fact hyperedge subsets, not vertex subsets as discussed. However,
the difference is purely notational. See [CN25, Section 6.1] for an abstraction of this idea (“insular”
subsets) in terms of vertex subsets.

5.2. Random instances. Following [CN25, CdX26], we consider the model of random instances
in [CM13]. In this model, there is a distribution ρ over R. When ρ is uniform over R, this model
coincides with the natural model of random CSPs in many previous works [BGMT12, KMOW17,
CNP24].

Definition 5.4 (ρ-random instance, [CN25, Definition 2.1]). Fix a k-CSP (D,R), a distribution ρ
over R with supp(ρ) = R, a finite set V of variables, and m ∈ N.

(1) A random constraint C = (S,R) is chosen by picking a sequence S ∈ V k of k distinct
variables uniformly, and R according to ρ.

(2) A random instance consists of choosing with replacement m uniformly random constraints.

Equivalently, a random instance consists of first picking a k-uniform hypergraph whose hyperedges
are chosen uniformly and independently, and then choosing the relation R of each hyperedge
(i.e. constraint) independently from R according to ρ.
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In a random hypergraph, the set of hyperedges contained inside a small vertex subset S is very
sparse. Assuming the CSP is pairwise uniform, then this sparsity property intuitively means that
the set of constraints that could impose restrictions onto a small vertex subset S is also small. This
property is used universally in the literature to construct hierarchy lower bounds.

In the following, we follow [CNP24] and track this sparsity property using the notion of “(t, γ)-
expanding”. Its precise definition is not useful in this work, and we refer readers to [CNP24,
Section 8.1] for the full technical context. In particular, the measure of sparsity sp(·, ·) is defined in
[CNP24, Definition 8.1].

Definition 5.5 (Sparsity expansion, [CNP24, Definition 8.4]). Let t > 0 and γ > 0. A constraint
set C over V is (t, γ)-expanding if sp(C′, S) > γ|C′| for any S-closed t-small constraint subset C′ ⊆ C
and any S ⊆ V . An instance I is (t, γ)-expanding if its constraint set is.

In the following theorem, oζ;k(1) represents a function εk(ζ) that, for every fixed choice of the
parameter k, εk(ζ)→ 0 as ζ → 0 from above.

Theorem 5.6 ([CNP24, Theorem B.5]). Let λ def= τ − 1 > 1, 0 < γ 6 λ/2, ζ def= ∆2/(λ−γ)/n. Except
with probability oζ;k(1), a random k-CSP instance with n vertices and m

def= ∆n constraints is
(t, γ)-expanding, where

t = n

∆2/(λ−γ) ·
1

2O(k) .

5.3. Standard LP and SDP hierarchy solution. As is standard in the literature (e.g. [BGMT12,
KMOW17, CNP24, CN25]), we construct LP solutions on carefully chosen vertex subsets by sampling
an assignment independently on each constraint and each isolated variable, conditioned on agreement
on common variables.

Definition 5.7. Suppose J = (V, C) is an instance. Define the µJ to be the following distribution
over satisfying assignments b ∈ AJ :

(1) Draw bv uniformly from D{v} independently for isolated variable v ∈ V \ V (C); and
(2) Draw bV (C) from µC independently for C ∈ C, conditioned on agreeing at their common

variables.

Note that this definition implicitly depends on the distribution assigned to each isolated variable
and each constraint, which we shall specify later.

We shall consider µ to be a function mapping instances J to µJ .
The following result is a simple case of [CNP24, Theorem 11.26, Lemma 11.27]. Specifically, we

choose K def= ∅, E def= ∅, and η(C) def= AC for all constraints C ∈ C in the theorem to obtain the
following simplification. See [CNP24, Section 11] for the definition of the inner product space X
used in the SDP solution.

Theorem 5.8 ([CNP24, Theorem 11.26, Lemma 11.27]). Suppose an instance I = (V, C) of a τ -wise
uniform CSP is (2t, 3γ)-expanding, and each constraint C ∈ C has a τ -wise uniform distribution
with full support on its satisfying assignments AC . Let d def= tγ/2. Define

sR
def= πR ◦ µ ◦ cltR(I) for R ∈

( V
62d

)
; and(17)

αS(aS) def= 1aS for S ∈
( V
6d

)
, aS ∈ AS .(18)

Then α
def= (αS)S is a level-d SDP hierarchy solution inducing the level-2d LP hierarchy solution

s
def= (sR)R.
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5.4. Linear equations. Given m, k ∈ N, consider k-ary mod-m constraints Rk,m,b
def= {a ∈

Zk
m |

∑
i∈[k] ai = b} defined with respect to some b ∈ Zm. Consider the k-ary mod-m CSP

k-Linm
def= (Zm, {Rk,m,b}b∈Zm) formed by such constraints.

We check that Theorem 5.8 is applicable to instances of k-Linm (with k > 3 so that τ def= k−1 > 2).

Lemma 5.9. For any m, k ∈ N, k-Linm is (k−1)-wise uniform, witnessed by the uniform distribution
over all satisfying assignments for each Rk,m,b (over b ∈ Zm).

Proof. Take any b ∈ Zm. Let η be the uniform distribution over all satisfying assignments of Rk,m,b.
For any subset of (k−1) coordinates S def= [k]\{i} (where i ∈ [k]), we need to show that the marginal
distribution πS(η) is the uniform distribution over ZS

m.
Indeed, for any fixed choice of assignment a ∈ ZS

m, there is a unique extension c ∈ Z{i}
m , given

by c
def= b −

∑
j∈[k]\{i} aj , such that a ∪ c ∈ Z[k]

m is a satisfying assignment of Rk,m,b. This means
that πS(η)(a) = η(a ∪ c) = 1/mk−1. The same holds for all a ∈ ZS

m, so πS(η) is indeed the uniform
distribution over S. �

The following lemma allows us to generalize the idea in [Zhu26] from the basic LP/AIP relaxation
to the LP/AIP hierarchy.

Lemma 5.10. In the context of Theorem 5.8, let k > 3 be an integer, m be a prime number,
and I = (V, C) be an instance of k-Linm. Construct the level-2d LP solution s using the uniform
distribution on isolated variables and (the satisfying assignments of) constraints in Theorem 5.7.
Then, every probability mass s(S)(a) (where S ∈

( V
62d

)
, a ∈ ZS

m) in s satisfies m|V | · s(S)(a) ∈ N0.

Proof. Take any S ∈
( V
62d

)
. Let J def= cltS(I) and T

def= V (J). Let us firstly consider µJ . Note that

s(S) (17)= πS ◦ µJ .

Claim 5.11. µJ is the uniform distribution over all satisfying assignments of J .

Proof. The probability that a fixed satisfying assignment b ∈ AJ is sampled by µJ is proportional
to the product of probabilities of the following events:

• Each isolated variable v in J sampling bv. Each such event happens with probability 1/m
regardless of b.
• Each constraint C in J sampling bV (C) in the scope of C. Each such event happens with

probability 1/mk−1 provided b is a satisfying assignment of J .
Therefore, this product of probabilities is the same for all satisfying assignments b ∈ AJ , meaning

µJ is indeed the uniform distribution over all satisfying assignments of J . �

Claim 5.12. The number of satisfying assignments in J is mt for some non-negative integer
0 6 t 6 |T |.

Proof. Each constraint in J is a linear equation in Fm. Consider all these constraints as a system of
linear equations on |T | variables over Fm. Such a system either has no solutions or has exactly mt

solutions, where t is the dimension of the null space of the coefficient matrix of the system.
This system must have at least one solution because µJ is a well-defined probability distribution

on AJ , which means AJ is nonempty. Also, 0 6 t 6 |T | because there are only |T | variables in the
system. �

Claim 5.13. Let mt be given by the above claim. Every probability mass µJ(b) (where b ∈ ZT
m) in

µJ is either 0 or 1/mt.

Proof. If b is not a satisfying assignment of J , then µJ(b) = 0. Otherwise b is a satisfying assignment
of J , and µJ(b) = 1/mt because µJ is a uniform distribution over its satisfying assignments. �
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We are now ready to prove Theorem 5.10. The probability mass s(S)(a) can be written as

s(S)(a) (17)= πS (µJ) =
∑

b∈ZT
m

bS=a

µJ(b),

which is a sum of probabilities, each being either 0 or 1/mt. Therefore, s(S)(a) = p/mt for some
p ∈ N0, and therefore

m|V | · s(S)(a) = m|V |−t · p ∈ N0

where the membership is due to T ⊆ V , so t 6 |T | 6 |V |, so |V | − t ∈ N0, and so m|V |−t ∈ N. �

5.5. CSP(Z2 ∪ Z3). CSP(Z2 ∪ Z3) is not pairwise uniform by itself, but the CSPs we obtain by
restricting the variable domains to the Z2 part (resp. Z3) are. Therefore, we will construct two
separate SDP (and their induced LP) solutions.

As discussed in the beginning of this section, the AIP solution will be a linear combination of the
two LP solutions we constructed. To ensure the support of the AIP solution is contained within the
induced LP solution, the latter must be a mixture of the two induced LP solutions we constructed,
which requires mixing the corresponding SDP solutions.

The following lemma says that SDP solutions can be mixed in a straightforward manner.
Given an instance I, denote by ΣSDP

d the set of its SDP hierarchy solutions of level d. More
precisely, ΣSDP

d is the set of ((αS)S , (µR)R), where (αS)S is an SDP hierarchy solution for I of level
d inducing the LP hierarchy solution (µR)R of level 2d.

Lemma 5.14 ([CNP24, Lemma 12.5]). Let I be an instance and d ∈ N. Let ρ be a distribution over a
finite set Ω. Suppose for every E ∈ Ω, there is ((αE

S)S , (µE
R)R) ∈ ΣSDP

d . Then ((αS)S , (µR)R) ∈ ΣSDP
d ,

where
µR

def= E
E∼ρ

µE
R for 2d-small R ⊆ V ; and(19)

αS
def=

⊕
E∈Ω

√
ρ(E) · αE

S for d-small S ⊆ V .(20)

We now formally generalize the idea in [Zhu26].

Theorem 5.15. Let k > 3 be an integer, τ def= 2, I = (V, C) be a (2t, 3γ)-expanding instance of the
k-CSP CSP(Z2 ∪ Z3). Then, I has a level-d SDP+AIP hierarchy solution for d def= tγ/2.

Proof. Restricting the variable domains to the Z2 part, we recover an instance of k-Lin2. Theo-
rem 5.10 constructs a level-d SDP solution (α2, s2). Similarly, restricting to the Z3 part recovers an
instance of k-Lin3, and Theorem 5.10 constructs a level-d SDP solution (α3, s3).

Let n def= |V |. Theorem 5.10 guarantees that for any S ∈
( V
62d

)
, a ∈ ZS

m, 2n · s2(S)(a) ∈ N0 and
3n · s3(S)(a) ∈ N0.

By Bézout’s identity, there are α, β ∈ Z such that α·2n+β ·3n = 1. Define r : (S ∈
( V
62d

)
)→ (QAS )

by

(21) r
def= α · 2n · s2 + β · 3n · s3.

The following claims show that r is indeed a level-2d AIP solution.

Claim 5.16. For S ∈
( V
62d

)
, a ∈ DS, r(S)(a) ∈ Z.

Proof. r(S)(a) (21)= α(2n · s2(S)(a)) + β(3n · s3(S)(a)) ∈ Z. �

Claim 5.17. r(∅)(0) = 1.

Proof. r(∅)(0) (21)= α · 2n · s2(∅)(0) + β · 3n · s3(∅)(0) = α · 2n · 1 + β · 3n · 1 = 1. �
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Claim 5.18. For any T ⊆ S ∈
( V
62d

)
, πT (r(S)) = r(T ).

Proof.

πT (r(S)) (21)= πT (α · 2n · s2(S) + β · 3n · s3(S))
= α · 2n · πT (s2(S)) + β · 3n · πT (s3(S))
(16)= α · 2n · s2(T ) + β · 3n · s3(T )
(21)= r(T ) �

We now mix the two SDP solutions (α2, s2) and (α3, s3) to obtain (α, s) using Theorem 5.14
(with any ρ with non-zero probability mass on both solutions, such as assigning probability 1/2 to
each of them). The following claim shows that (s, r) is indeed a level-2d LP+AIP solution.

Claim 5.19. For S ∈
( V
62d

)
, supp(r(S)) ⊆ supp(s(S)).

Proof. supp(r(S))
(21)
⊆ supp(s2(S)) ∪ supp(s3(S)) (19)= supp(s(S)). �

Therefore, (α, r) is indeed a level-d SDP+AIP solution. �

In the following theorem, the notation on;k(1) represents a function εk(n) that, for every fixed k,
εk(n)→ 0 as n→∞.

Theorem 5.20. Let k > 3 be an integer. Except with probability on;k(1), a random instance of the
k-CSP CSP(Z2 ∪ Z3) with n variables and ∆n constraints has a SDP+AIP hierarchy solution of
level Ωk(n/(∆2/(k−2) log ∆)).

Proof. Fix γ
def= 1/ log ∆, τ def= k − 1, λ def= τ − 1 = k − 2. We may assume ∆2/λ log ∆ 6 n, for

otherwise the level lower bound is trivial, as every hierarchy has a solution of level 0. Since
∆2/(λ−3/ log ∆) = Θ(∆2/λ) for λ > 1, we have ζ

def= ∆2/(λ−3γ)/n = on(1). Theorem 5.6 im-
plies that except with probability on;k(1), a random instance I is (2t, 3γ)-expanding, where
t = n/(∆2/(λ−3γ)2O(k)) = Ωk(n/∆2/λ). Theorem 5.15 then constructs a level-d SDP+AIP so-
lution with d

def= tγ/2 = Ωk(n/(∆2/λ log ∆)). �

6. Singleton (SDP ∧ AIP) Lower Bounds

Definition 6.1 (t-wise independent [CdX26]). Let ν be a distribution over D. A distribution µ over
Dk is t-wise ν-independent if πT (µ) = νT for T ∈

([k]
6t

)
. A k-CSP (D,R) is t-wise ν-independent if

every R ∈ R has a t-wise ν-independent distribution µ over Dk satisfying supp(µ) ⊆ R.

Definition 6.2 (Lax [CN25]). A k-CSP (D,R) is lax if every constraint C and every variable v of
C has an assignment b to the remaining variables V (C)\{v}, so that C is satisfied by b regardless of
the value for v. That is, for every R ∈ R, v ∈ [k], there exists b ∈ D[k]\{v} such that Dv × {b} ⊆ R.

Theorem 6.3. Let k > 3. Suppose a k-CSP (D,R) is pairwise ν-independent and lax for some
distribution ν with supp(ν) = D. With uniformly positive probability, a random instance of the CSP
with n variables and ∆n constraints has a Singl(SDP ∧AIP) hierarchy solution of level Ωk,∆(n).

Theorem 6.3 will be proved in Sections 6.1 and 6.2. Let us outline the proof that combines ideas
from [CNP24, CN25, CdX26]. Constructing solutions sR(S) for small variable subsets S requires
considering the closure of S that contains all the constraints needed to define sR(S). The choice of
closure depends on the relaxation R and the assumption on the CSP. For SDP assuming pairwise
independence [CdX26], we use ancestor closure [CNP24]. For AIP assuming lax, we use BW closure
[CN25]. These two closures have not been considered together in previous works. The support
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of the SDP solution is dictated by another closure: τ -wise closure [KMOW17]. To ensure the
Singleton AIP solution [CN25] is consistent with the full-support SDP solution [CNP24, CdX26], we
relate (partial satisfying assignments to) the τ -wise and BW closures using pairwise BW neutrality
[CNP24], which follows from the pairwise independence assumptions in Theorem 6.3.

Theorem 6.3 leads to gap instances for the hybrid algorithm, the BasicSDP∧CSinglAIP algorithm,
as well as linear-level Singl(SDP∧AIP) hierarchy, because the optimal value opt(I) of an instance is
concentrated. Here opt(I) denotes the maximum fraction of constraints satisfied by an assignment
to I. Also, given a distribution ρ over k-ary relations on D, let

(22) optk(ρ) def= max
ν∈∆(D)

E
R∼ρ

P
a∼νk

[a ∈ R]

be the maximum expected fraction of constraints satisfied by i.i.d. distributions, when the constraints
are drawn from the distribution ρ. Theorem D.1 shows that a random instance I with n variables
and ∆n constraints have opt(I) = optk(ρ) + on(1) + o∆(1) with high probability. Theorems D.1
and 6.3 together imply the following.

Corollary 6.4. Suppose a k-CSP (D,R) is pairwise ν-independent and lax for some distribution ν
with supp(ν) = D. For ε > 0 and sufficiently large n, some instance I of the CSP on n variables
has a Singl(SDP ∧AIP) hierarchy solution of level Ω(n) and opt(I) 6 minρ∈∆(R) optk(ρ) + ε.

Theorem 6.4 gives a recipe to generate gap instances for various CSPs. CSPs satisfying Theo-
rems 6.3 and 6.4 include k-SAT (for k > 3), and the following Max-k-CSP:

Example 6.5. Fix any k > 3 and |D| > 2. Let R ⊆ Dk be a relation that is the union of (1)
Håstad predicate [Cha16, Section C.2], which is pairwise uniform; and (2) a Hamming ball of radius
1, which is lax [CN25, Lemma 4.13]. Then |R| = O(|D|k). Identifying the domain D with the
cyclic group Z|D|, let R def= {R + b | b ∈ Zk

|D|} consist of literal shifts of R. Theorem 6.4 yields
instances I of the k-CSP (D,R) having a linear-level Singl(SDP ∧ AIP) hierarchy solution, and
opt(I) = |R|/|D|k + on(1) = O(|D|k/|D|k) + on(1) [Tul09, Lemma A.1].

6.1. Multiple Closures. We now start the preparatory work towards Theorem 6.3. Fix τ > 2.
Recall cltS denotes the local τ -wise closure from Theorem 5.3.

The next theorem is essentially [CNP24, Theorem 12.6] that constructs an SDP hierarchy solution
with full support on small closures. [CNP24, Theorem 12.6] concerns a special case of τ -wise indepen-
dent CSP known as τ -wise uniform CSP. The generalization to τ -wise independent CSP follows by re-
placing [CNP24, Proposition 10.5] with [CdX26, Lemma 7.14], and replacing [CNP24, Lemma 11.15]
with [CdX26, Lemma 7.9]. [CNP24, Theorem 12.6] works with a slightly different version of SDP
hierarchy (whose solutions involve both vectors {αS} and distributions {µR}) that is equivalent to
ours (Theorem C.3). [CNP24, Theorem 12.6] only states supp(sSDP(S)) ⊇ πS(AS∪V (cltS(C))), but in
fact supp(sSDP(S)) = supp(µS) = πS(AS∪V (cltS(C))) by [CNP24, Lemma A.8].

Theorem 6.6. Suppose an instance I = (V, C) of a τ -wise independent CSP is (4t, 3γ)-expanding.
Let d def= tγ/4. Then I has a level-d SDP solution sSDP such that for every S ∈

( V
6d

)
, supp(sSDP(S)) =

πS(AV (cl2t
S (I))), where V (cl2t

S (I)) def= S ∪ V (cl2t
S (C)).

In order to relate the τ -wise closure to another closure (BW closure) discussed later, [CN25]
considers generic closure, based on generic boundary, of which Theorem 5.1 is an example. [CN25]
also introduced the concept of “insular family”. Here clS = cl∞S denotes the non-local version of the
closure operator.

Definition 6.7 (Insular family, [CN25, Definition 6.3]). Given a hypergraph (V, E), a family Z ⊆ 2V

of vertex subsets is an insular family if:
• clT (E [S]) ⊆ E [T ] whenever S, T ∈ Z and T ⊆ S; and
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• S ∩ T ∈ Z for S, T ∈ Z.

An example of such a family is the following:

Zt
def= {S ⊆ V | |cltS(C)| 6 t and cltS(C) = C[S]}

that satisfies some nice “insular” property under the τ -wise closure [CN25, Lemma 6.4].

Lemma 6.8. cl2t
S (E) = cltS(E) if cl2t

S (E) is t-small.

Proof. cl2t
S (E) ⊇ cltS(E) follows easy from [CN25, Definition 5.6]. We will show the reverse inclusion.

Let T def= S ∪ V (cl2t
S (E)). We now show that cltT (E) ⊆ cl2t

S (E). Since cl2t
S (E) is S-closed by [CN25,

Lemma 5.3] and t-small, given any t-small T -closed F ⊆ E , F ∪ cl2t
S (E) is S-closed by chaining

[CN25, Definition 5.1] and 2t-small, so F ⊆ F ∪ cl2t
S (E) ⊆ cl2t

S (E) by definition of cl2t
S (E). Taking

the union over all such F , cltT (E) ⊆ cl2t
S (E), and cltT (E) is also t-small.

E [T ] ⊆ cltT (E) because {e} is T -closed for e ∈ E [T ] and t > 1. Definition of T implies cl2t
S (E) ⊆

E [T ] ⊆ cltT (E). Therefore cltT (E) = cl2t
S (E). Since cltT (E) = cl2t

S (E) is S-closed by [CN25, Lemma 5.3],
[CN25, Lemmas 5.4, 5.9] imply cltT (E) = clS(cltT (E)) = cltS(E). Thus cl2t

S (E) ⊆ cltT (E) = cltS(E). �

Lemma 6.9. Consider any U ⊆ V . Suppose some W ∈ Zt contains U and is the minimal such W .
If T def= cl2t

U (I) ∈ Zt, then W = T .

Proof. Note that U ⊆ T and hence W ⊆ T . For any S containing U , cltS(C) = C[S], |C[S]| 6 t, we
have cltS(C) ⊇ cltU (C) = cl2t

U (C), where the equality is the previous Lemma. Thus S ⊇ U ∪ cltS(C) ⊇
U ∪ V (cl2t

U (C)) = T , implying W ⊇ T . �

The next result is the analog of [CN25, Lemma 8.2] for local closure, allowing us to compare
the local τ -wise closure and the local BW closure. Following [CN25, Section 8.1], given boundary
operators B,B′ for (V,H) (where H is a hyperedge set over V ) and their corresponding closure
operators cl, cl′, write B′ ⊆ B if clS(F) = ∅ for E ⊆ H, S ⊆ V,F ∈ B′

S(E).

Lemma 6.10. Let B,B′ be boundary operators for (V,H). If B′ ⊆ B, then cltS(E) ⊆ cl′tS(E) for any
t > 0, S ⊆ V, E ⊆ H.

Proof. [CN25, Lemma 8.2] implies cl ⊆ cl′ in the sense that clS(E) ⊆ cl′S(E) for S ⊆ V, E ⊆ H.
Now F ⊆ H is S-closed under cl if and only if clS(F) = F [CN25, Definition 5.1], which implies
F = clS(F) ⊆ cl′S(F) ⊆ F , which is in turn equivalent to F being S-closed under cl′.

Since cltS(E) is the union of t-small F ⊆ E such that F is S-closed under cl [CN25, Definition 5.6],
and any such F is also S-closed under cl′, we have cltS(E) ⊆ cl′tS(E). �

6.2. Proof of Combined Lower Bounds. We prove Theorem 6.3 in this subsection. Recall the
notions of BW boundary and BW closure from [CN25].

Definition 6.11 (BW Boundary, [CN25, Definition 5.20]). Let k, ` > 2. Let S ⊆ V be a vertex
subset, and E a k-uniform hyperedge set over V .

• The first S-boundary of E , B1
S(E), is the collection of {e} over hyperedges e ∈ E \ E [S] such

that e contains at most one vertex u satisfying u ∈ S or degE(u) > 1.
• The second S-boundary of E , B2

S,`(E), is the collection of hyperedge sets of pendant paths P
of length ` in E \ E [S], such that non-endpoints of P are outside S.
• The S-boundary of E is BS,`(E) def= B1

S(E) ∪ B2
S,`(E).

When S = ∅, we omit S from the notation, i.e. B`(E) def= B∅,`(E) and Bi
`(E) def= Bi

∅,`(E) for i = 1, 2.

Definition 6.12 ((S, `)-closed, [CN25, Remark 5.16]). Let k, ` > 2. Given a vertex subset S, a
k-uniform hyperedge set E is (S, `)-closed if BS,`(E) = ∅.
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Definition 6.13 (Local closure, [CN25, Definition 5.6]). Given t ∈ N, k, ` > 2, the t-local (S, `)-
closure cltS,`(E) of a k-uniform hyperedge set E is the union of t-small (S, `)-closed F ⊆ E .

Definition 6.14 (Sparse, [CN25, Definition 5.23]). A k-uniform hyperedge set E is δ-sparse if
|E| 6 1+δ

k−1 |V (E)|. E is (t, δ)-sparse if every t-small subset of E is δ-sparse. A k-uniform hypergraph
is δ-sparse (resp. (t, δ)-sparse) if its hyperedge set is.

Definition 6.15 (Expanding, [CN25, Definition 5.27]). Let t > 0 and γ > 0. A hyperedge set E over
V is (`, t, γ)-expanding if |B`(F)| > γ|F| for any t-small F ⊆ E . A hypergraph is (`, t, γ)-expanding
if its hyperedge set is.

Proof of Theorem 6.3. Fix τ = 2, γ1 = 1/ log ∆. Theorem 5.6 implies that except with probability
on;k,∆(1), a random instance I is (4t1, 3γ1)-expanding, where t1 = n/(∆2/(1−3γ1)2O(k)) = Ωk,∆(n).

Following the proof of [CN25, Theorem 8.8] (with 9 = `′ = 3` + 3, where ` = 2), [CN25,
Lemmas 5.24, 5.28, 5.31] imply there is δ def= δ(k, 9) given by [CN25, Lemma 5.26], γ2 > 0 and
t2 = Ωk,∆(n) such that with uniformly positive probability, a random instance I is (4t2, δ)-sparse,
(9, 4t2, γ2)-expanding, and has girth more than 6.

Let t = min(t1, t2). We will construct a Singl(SDP ∧ AIP) hierarchy solution of level d def=
min(t1γ1/4, t2/2(1 + 9k/γ2)(1 + k/γ1)) = Ωk,∆(n). Theorem 6.6 yields the level-d SDP solution
sSDP for I = (V, C) with full support, i.e. supp(sSDP(S)) = πS(AV (cl2t

S (I))) for S ∈
( V
6d

)
, where

V (cl2t
S (I)) def= S ∪ V (cl2t

S (C)).
For AIP, consider the family of subsets

Zt
def= {S ⊆ V | |cltS,9(C)| 6 t and cltS,9(C) = C[S]}

that are “insular” under the BW closure. I satisfies a technical condition called (2t2, γ2/9)-confined
by [CN25, Remark 6.9], and Zt is 2-nice by [CN25, Theorem 7.6]. Since the CSP is pairwise
ν-independent with supp(ν) = D, the CSP is 1-null-constraining [CN25, Definition 4.2], which is
equivalent to pairwise BW neutral [CNP24, Section 4] and is 2-null-constraining.

Given any U ∈
( V
6d

)
, let T def= V (cl2t

U (I)) be the pairwise closure of U . [CNP24, Lemma 8.11]
implies |T | 6 (1 + k/γ1)|U | 6 t2/2(1 + 9k/γ2). Let K def=

⋂
{S ∈ Zt | S ⊇ T}. [CN25, Proof of

Lemma 6.12] implies |C[K]| 6 |K| 6 (1 + 9k/γ2)|T | 6 t2/2.
Consider any b ∈ supp(sSDP(U)) = πU (AT ) = πU (AK), where the last equality is Theorem 6.16.

There is q ∈ AK such that qU = b. Consider the subfamily Z⊇K
def= {S ∈ Zt | S ⊇ K}. Then

Z⊇K is a 2-nice insular family [CN25, Definition 6.3] with minZ⊇K = K. [CN25, Lemma 6.15,
Theorem 7.17] applied to Z⊇K yield an AIP solution sAIP

b by [CN25, Definition 6.14]. Then
sAIP

b (U) = πU (1q) = 1b. This solution has level d 6 t2/(1 + 9k/γ2) because for every S ∈
( V
6d

)
, some

R ∈ Z⊇K minimally contains S ∪ T by [CN25, Lemma 6.12]. Let AR,q
def= {a ∈ AR | aU = q}. Let

W be the vertex subset that minimally contains S, cltW,9(C) = C[W ] and |C[W ]| 6 t. Theorem 6.9
implies W = V (cl2t

S,9(I)). Then [CN25, Lemma 6.17] implies

(23) supp(sAIP
b (S)) ⊆ πS(AR,q) ⊆ πS(AW ) = πS(AV (cl2t

S,9(I))) .

[CN25, Lemma 8.1] and Theorem 6.10 imply V (cl2t
S (I)) ⊆ V (cl2t

S,9(I)). Thus

RHS of (23) ⊆ πS(AV (cl2t
S (I))) = supp(sSDP(S)) . �

Claim 6.16. For any vertex subset U such that |cl2t
U (C)| 6 t, if T def= V (cltU (I)), for K ⊇ T such

that |C[K]| 6 t, then πU (AK) = πU (AT ).
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Proof. C[T ] = clT (C[K]) because

C[T ] ⊆ clT (C[K]) (Using T ⊆ K, and “containing E [S]” in [CN25, Definition 5.1])
⊆ cltT (C) ([CN25, Lemma 5.8])
⊆ cl2t

U (C) (Proof of Theorem 6.8)
⊆ C[T ] (V (cl2t

U (C)) ⊆ T ) .

[CNP24, Proposition 5.4] implies clT (C[K]) is obtained from C[K] by iteratively removing pairwise
boundaries according to [CNP24, Eq. (10)]. [CNP24, Lemma 5.11, Proposition 6.2] imply [CNP24,
Eq. (11)], i.e. πU (AK) = πU (AT ). �

6.3. Non-trivially Embeddable CSP. Theorem 6.3 as written only applies to CSPs without
non-trivial embeddings. This subsection extends the lower bounds to certain CSPs with non-trivial
embeddings using a trick.

Remark 6.17. If a CSP is lax, then the CSP has no non-trivial abelian embedding. Indeed,
if (σ, g) is an embedding of R ∈ R, then for every v ∈ [k], there is b ∈ D[k]\{v} such that
σv(a) +

∑
i∈[k]\{v} σi(b(v)) = g for every a ∈ D, so σv is a constant function.

Are there Singl(SDP ∧AIP) hierarchy lower bounds for CSPs with non-trivial embedding? We
are able to prove lower bounds for such CSPs as well, by constructing “useless” embeddings using a
product construction and applying Theorem 6.3:

Definition 6.18. Given any k-CSP (D,R) and abelian group H, define the product k-CSP
(D ×H,RH). For every relation R in R, RH contains a relation

(24) R′ def=
{
b ∈ (D ×H)k | (πD(bi))i∈[k] ∈ R,

∑
i∈[k] πH(bi) = 0H

}
.

Whenever H is not the trivial group, RH has a non-trivial embedding (σ, 0H) to H, via the maps
σi

def= πH for i ∈ [k].
Given an instance J = (V, C) of CSP(R), replace the relation R of every constraint C ∈ C

with R′ as in Eq. (24) to obtain a new instance J ′ = (V, C′) of CSP(RH). It is easy to see
that opt(J) = opt(J ′). Indeed, for every assignment b : V → D of J , there is an assignment
b′ : V → D×H of J ′ satisfying the same fraction of constraints, where b′(v) def= (b(v), 0H) for v ∈ V .
Conversely, for every assignment b′ : V → D × H of J ′, there is an assignment b : V → D of J
satisfying at least the same fraction of constraints, where b(v) def= πD(b′(v)) for v ∈ V .

When k > 3, then every R ∈ R is pairwise connected if and only if every R′ ∈ RH is. Recall that
R ⊆ Dk is pairwise connected [BKM24, Definition 1.3] if for every distinct i, j ∈ [k], the bipartite
graph (D ]D,Ri,j) is connected, where Ri,j = {(bi, bj) | b ∈ R}. This is because for every R ∈ R,
we have R′

i,j = {((bi, hi), (bj , hj)) | (bi, bj) ∈ Ri,j , hi, hj ∈ H}. Conversely, for every R′ ∈ RH , we
have Ri,j = {(bi, bj) | ((bi, hi), (bj , hj)) ∈ R′

i,j}.
Further, CSP(R) is trivially satisfiable by a single value [CNP24, Section B.1] if and only if

CSP(RH) is.
Therefore, if we consider any pairwise independent and lax CSP(R) (such as 3-SAT, or Theo-

rem 6.5, both of which consist of pairwise connected relations), consider the derived CSP(RZ2).
Every relation in RZ2 embeds non-trivially to Z2. Then Theorem 6.4 implies CSP(R) has an instance
J with an arbitrarily large number n of variables, such that J has a level-Ω(n) Singl(SDP∧AIP) solu-
tion s, while opt(J) = minρ∈∆(D) optk(ρ) + on(1). This implies the derived instance J ′ of CSP(RZ2)
also has a level-Ω(n) Singl(SDP∧AIP) solution s′, where s′ is supported on the subdomain D×{0Z2},
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by copying from the solution s. That is, for S ∈
( V
6d

)
, b : S → D × Z2,

s′(S, b) def=
{
s(S, πD(b)) if b(v) ∈ D × {0Z2} ∀v ∈ S
0 otherwise

.

7. (Iterative) BasicSDP ∧ CSinglAIP Lower Bounds for AGH

[CŽ25] proved SDA (i.e., basic SDP+AIP) lower bounds for the approximate graph homomorphism
(AGH) problem. AGH includes as a special case the approximate graph coloring problem, which is
already wide open. Such unconditional lower bounds may be seen as evidence for the Brakensiek–
Guruswami conjecture [BG21] on the NP-hardness of this problem. Now that SDA is known not to
solve some tractable CSPs (Theorem 5.20), better evidence is needed. In this section, we strengthen
the SDA lower bound of [CŽ25] to BasicSDP ∧ CSinglAIP.

7.1. Approximate Graph Homomorphism. Given two graphs G,H, we write G→ H if there
exists an edge-preserving map f : V (G) → V (H) such that if (u, v) ∈ E(G), then (f(u), f(v)) ∈
E(H). f is commonly known as a homomorphism in the universal algebra literature. We also say G
is H-colorable in this case.

Given any graph G, the graph homomorphism problem CSP(G) is the problem to decide if the
input graph I is G-colorable or not. In other words, for any input graph I = (V,E), we consider
the instance IG

def= (V, C), where each edge e ∈ E corresponds to a constraint C ∈ C with relation
R

def= E(G). As a slight abuse of notation, we do not make a distinction between an input graph I
and an input instance of CSP(G).

Given non-bipartite, loopless graphs G,H such that G → H, the approximate graph homo-
morphism problem PCSP(G,H) is the problem to decide if the input graph I is G-colorable or
not H-colorable, provided one of these two holds. Note that these two possibilities are disjoint:
if g : V (I) → V (G) is an edge-preserving map from I to G, then f ◦ g : V (I) → V (H) is an
edge-preserving map from I to H.

Conjecture 7.1 ([BG21, Conjecture 1.2]). Let G and H be undirected nonbipartite graphs with a
homomorphism from G to H. Then the promise graph homomorphism problem associated with G
and H is NP-hard.

See e.g. [KOWŽ23, AFO+25] for recent efforts towards this conjecture.
To apply relaxation algorithms for CSPs on the approximate graph homomorphism problem

PCSP(G,H) (or any promise CSPs in general), it is standard in the literature to simply discard
H and run the algorithm on CSP(G). We say that the algorithm solves PCSP(G,H) if, for any
input instance I of CSP(G), the algorithm accepts I implies I → H. That is, the algorithm always
correctly determine if the input graph I is G-colorable or not H-colorable.

7.2. CSinglAIP. For any odd h > 3, denote by Ch the cycle graph with h vertices. The vertex set of
Ch is Zh. There is an undirected edge (i, i+ 1) for i ∈ Zh.

Lemma 7.2. Let h > 3 be an odd integer, AC
def= E(Ch) ⊆ Z2

h be the set of satisfying assignments
of a constraint in CSP(Ch). For any fixed p, q ∈ Zh, there exists an AIP weight w : AC → Z such
that π1(w) = 1p and π2(w) = 1q.

Proof. We say that a pair (p, q) is projectable if such an AIP weight w exists. (1, 2) is projectable
using w def= 1(1,2). We shall incrementally construct the AIP weight w for other pairs of (p, q).

Claim 7.3. If (p, q) is projectable, then so is (p, q + 2).
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Proof. Let w be the corresponding AIP weight of (p, q). We construct the corresponding AIP weight
w′ for (p, q + 2) as w′ def= w − 1(q+1,q) + 1(q+1,q+2).

It is a mechanical check that w′ is indeed the desired AIP weight:
• π1(w′) = 1p. For any c ∈ Zh,

π1(w′)(c) = π1(w)(c)− π1(1(q+1,q))(c) + π1(1(q+1,q+2))(c)
= 1[c = p]− 1[c = q + 1] + 1[c = q + 1]
= 1[c = p].

• π2(w′) = 1q. For any d ∈ Zh,
π2(w′)(d) = π2(w)(d)− π2(1(q+1,q))(d) + π2(1(q+1,q+2))(d)

= 1[d = q]− 1[d = q] + 1[d = q + 2]
= 1[d = q + 2]. �

By a symmetrical argument, we can also increase p by 2.
Claim 7.4. If (p, q) is projectable, then so is (p+ 2, q).

We are done because any (p, q) ∈ Z2
h can be obtained from (1, 2) by applying the above two claims

a finite number of times (because h is odd). As a result, every (p, q) is projectable. �

Lemma 7.5. For any odd h > 3, any input graph I = (V,E) for CSP(Ch), any edge e ∈ E, and
any satisfying assignment b ∈ Ae to e, there is a BasicAIP solution for the reduced instance I + b.
Proof. Let e = {x, y}. Fix any global assignment a : V → Zh such that a(x) = b(x) and a(y) = b(y).
For any v ∈ V , define s(v) def= 1av . We now define s on constraints so that s is consistent with
projection. We define s(e) def= 1b as required. For any f ∈ E \ {e}, we construct s(f) using
Theorem 7.2 (with p

def= a(x), q def= a(y)). �

7.3. Wrapping Up. Following [CŽ25], the hard instance I will be the Kneser graph Ks,t. Given
s, t ∈ N such that s > 2t, the Kneser graph Ks,t is the undirected graph whose vertices are subsets
of [s] of size t, and whose edges are disjoint pairs of such subsets. The next lemma makes explicit
the fact that the SDP solution in [CŽ25] has full support.
Lemma 7.6. Fix any odd n > 3 and consider CSP(Cn). There is a rational 0 < δ < 2 given by
[CŽ25, Proof of Theorem 1], such that for any s, t ∈ N satisfying t

δ ∈ N and s def= 2t
δ + t, the Kneser

graph Ks,t has a basic SDP solution r of full support, i.e. supp(r(e)) = Ae for e ∈ E(Ks,t).
Proof. Given an odd n > 3, choose 0 < δ < 2 and construct the same SDP Cn-solution r for
Ks,t as in [CŽ25, Proof of Theorem 1]. It is easy to see that r has full support. Indeed, the
SDP solution r is invariant under the automorphisms of Cn (and also Ks,t, but not useful for
us), i.e., 〈r(u, a), r(v, b)〉 = 〈r(u, ψ(a)), r(v, ψ(b))〉 for ψ ∈ Aut(Cn), u, v ∈ V (Ks,t), a, b ∈ V (Cn)
[CŽ25, Definition 8]. As is well known, Cn is arc-transitive for any n > 3, since the automorphism
ψ = a ∈ Zn 7→ a + j − i maps any arc (i, i ± 1) to any arc (j, j ± 1) of the same direction, and
the automorphism ψ = a ∈ Zn 7→ 1 − a maps the arc (0, 1) to its reverse (1, 0). Now fix any
e

def= (u, v) ∈ E(Ks,t). As (a, b) ranges over the arcs of Cn (i.e. satisfying assignments of the
constraint e), the inner product 〈r(u, a), r(v, b)〉 remains unchanged. The constraints of the basic
SDP imply

∑
f∈Ae
‖r(e, f)‖2 = 1, so Theorem 7.7 implies ‖r(e, fab)‖2 = 〈r(u, a), r(v, b)〉 = 1/|Ae| > 0

for every (a, b) ∈ Ae, i.e. (a, b) ∈ supp(r(e)). Therefore Ae ⊆ supp(r(e)). The reverse inclusion
Ae ⊇ supp(r(e)) follows from the definition of the basic SDP. �

Claim 7.7. Let s be a basic SDP solution to a 2-CSP instance I = (V, C), under the non-traditional
Theorems 4.2 and 4.3 of basic SDP. Then for any constraint C ∈ C with scope (u, v), any a, b ∈ D,
〈s(u, a), s(v, b)〉 = ‖s(C, fab)‖2, where fab(u) = a and fab(v) = b.
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Proof. Expand s(u, a) =
∑

f∈AC
f(u)=a

s(C, f) and s(v, b) =
∑

g∈AC
f(v)=b

s(C, g), we have

〈s(u, a), s(v, b)〉 =
∑

f,g∈AC
f(u)=a, g(v)=b

〈s(C, f), s(C, g)〉 (∗)= 〈s(C, fab), s(C, fab)〉 = ‖s(C, fab)‖2 ,

where (∗) uses the orthogonality of s(C, f) and s(C, g) for distinct f, g : {u, v} → D. �

When combined with Theorem 4.5, the next theorem shows that BasicSDP ∧ CSinglAIP does not
solve the approximate graph homomorphism problem, because the algorithm erroneously accepts
some Kneser graph Ks,t even when Ks,t 6→ H. By a basic R G-solution, we mean a basic R solution
to CSP(G).

Theorem 7.8. For any nonbipartite loopless undirected graphs G and H such that G→ H, some
Kneser graph Ks,t has a BasicSDP ∧ CSinglAIP G-solution but Ks,t 6→ H.

Proof. Following [CŽ25, Proof of Theorem 1], let n be the odd girth of G and m be the chromatic
number of H. Then Cn is a subgraph of G, and H → Km. Choose rational 0 < δ < 2, t

δ ∈ N, and
s

def= 2t
δ + t as in Theorem 7.6, and further t > 2m

2−δ . As explained in [CŽ25, Proof of Theorem 1], the
Lovász formula for chromatic number implies Ks,t 6→ Km, and hence Ks,t 6→ H.

Theorem 7.6 constructs a basic SDP Cn-solution sSDP for Ks,t such that supp(sSDP(e)) = Ae for
e ∈ E(Ks,t). For e ∈ E(Ks,t), f ∈ Ae, Theorem 7.5 further constructs basic AIP Cn-solutions sAIP

f

for the reduced instances Ks,t + f . Then supp(sAIP
f (e′)) ⊆ Ae′ = supp(sSDP(e′)) for e′ ∈ E(Ks,t).

Since Cn is a subgraph of G, these basic SDP and AIP solutions are also G-solutions. �
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Appendix A. Master Embedding

In this section, we recall the definition of master embedding of [BKM24, BKM26] and show that
any master embedding is universal.

Definition A.1 (Linear reduction [BKM24, Definition 3.1]). An embedding (G, σ, g) of R is a
linear reduction of another (H, τ, h) if G is a subgroup of H, and there are injective homomorphisms
fi : G→ H such that τi = fi ◦ σi for i ∈ [k].

Lemma A.2 ([BKM24, Lemma 3.4]). Let k = 3. Suppose R ⊆ Dk does not have any non-trivial
abelian embedding to Z. There is a finite collection E of abelian embeddings of R to finite abelian
groups, such that for every embedding (M,µ,m) of R, some embedding (H, τ, h) ∈ E is a linear
reduction of (M,µ,m) via injective homomorphisms fi that are all the same.7

Definition A.3 (Master embedding [BKM24, Definition 3.6]). Let k = 3. Suppose R ⊆ Dk does
not have any non-trivial abelian embedding to Z. Let E be a finite collection of abelian embeddings
of R from Theorem A.2. The master embedding (G, σ, g) of R is the direct product of embeddings
from E , i.e.

G
def=

∏
(H,τ,h)∈E

H, σi
def=

∏
(H,τ,h)∈E

τi for i ∈ [k] , g
def=

∏
(H,τ,h)∈E

h .

Remark A.4. The definition of linear reduction is similar to our definition of universal embedding
(Theorem 2.2), with the following differences:

7That the injective homomorphisms fi are all the same follows from inspecting the proof of [BKM24, Lemma 3.3].
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• [BKM24, Definition 3.1] requires G to be a subgroup of H and the homomorphisms fi to be
injective. We do not have such requirements in our Theorem 2.2.
• Our Theorem 2.2 allows fi to be affine shifts of a common homomorphism, while the fi are

all homomorphisms in [BKM24, Definition 3.1].
• Linear reduction is only part of the definition of the master embedding. On the other

hand, our universal embedding plays the same role as their master embedding, while also
generalizing the latter in the presence of non-trivial embeddings to Z.

In our opinion, the above differences are the reasons why universal embedding is simpler and
easier to work with than master embedding.

Lemma A.5. A master embedding is universal.

Proof. Suppose (M,µ,m) is an embedding of R into a finite abelian group M . Theorem A.2 implies
there is an embedding (H, τ, h) ∈ E and an injective homomorphism f : H →M such that µi = f ◦τi.
The desired group homomorphism from G to M is given by f ◦ π, where π is the projection to the
(H, τ, h)-coordinate of G. Then µi = f ◦ τi = f ◦ π ◦ σi, as required. �

Appendix B. Affine Hull as Hyperplane Intersection

This section shows that the affine hull of a subset is the intersection of all hyperplanes containing
it. This algebraic fact mirrors its counterpart in convex analysis and justifies the equivalence between
our affine relaxation in Eq. (7) and the linear equations in [BKM26].

Given a subgroup H of a finitely generated abelian group G, recall the subgroup H⊥ def= {χ ∈
Ĝ | χ(h) = 1 for h ∈ H} of characters of G. It is well known that in a finitely generated8 abelian
group G, every subgroup H satisfies (H⊥)⊥ = H via Pontryagin duality. This result can be restated
as follows. Given a character χ of G, define the subgroup χ⊥ def= {h ∈ G | χ(h) = 1}. Thus,
(H⊥)⊥ =

⋂
{χ⊥ | χ ∈ H⊥}.

This conclusion generalizes to cosets:

Claim B.1. For any finitely generated abelian group G, any coset a+H,

a+H =
⋂

χ∈Y

{g ∈ G | χ(g) = χ(a)} ,

where Y consists of characters χ ∈ Ĝ such that χ(g) = χ(a) for every g ∈ a+H.

Proof. The preceding paragraph shows that H =
⋂
{χ⊥ | χ ∈ H⊥}.

Now a+H = a+
⋂
{χ⊥ | χ ∈ H⊥} =

⋂
{a+ χ⊥ | χ ∈ H⊥}.

And χ⊥ = {g ∈ G | χ(g) = 1}, implying a+ χ⊥ = {g ∈ G | χ(g) = χ(a)}.
Finally, χ ∈ H⊥ if and only if χ ≡ 1 on H, if and only if χ ≡ χ(a) on a+H. �

Given a k-tuple of maps σi : D → G and a ∈ Dk, let σ(a) def= (σi(ai))i∈[k] ∈ Gk. Given a subset
R ⊆ Dk, let σ(R) def= {(σ(a)) | a ∈ R} ⊆ Gk.

Lemma B.2. If (G, σ, g) is an embedding of R ⊆ Dk into a finitely generated abelian group G,

aff(σ(R)) =
⋂

(χ,z)∈Y

{b ∈ Gk | χ(b) = z} ,

where Y consists of pairs (χ, z) ∈ Ĝk ×T such that χ ≡ z on σ(R), and T is the multiplicative circle
group of complex numbers with unit magnitude.

8Or even locally compact. See https://mathoverflow.net/q/85944. Also [Con, Exercise 3.8 on page 12].

https://mathoverflow.net/q/85944
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Proof. If R is nonempty, the result follows from Theorem B.1. This follows from the fact that
aff(σ(R)) is a coset of Gk. Also, χ ≡ z on σ(R) if and only if χ ≡ z on aff(σ(R)).

If R is empty, then aff(σ(R)) is empty, as is the right-hand side, by taking any χ ∈ Ĝk and
considering (χ, 1), (χ,−1) ∈ Y . �

Appendix C. SDP Solution

Lemma C.1 (Conditioning). Given any level-d SDP hierarchy solution s for an instance I = (V, C)
and any U ⊆ V , if d > 2|U |, then for any b ∈ supp(s(U)), there is a level-(d− |U |) SDP hierarchy
solution r for I such that supp(r(U)) = {b} and supp(r(T )) ⊆ supp(s(T )) for T ∈

( V
6d−|U |

)
.

Proof. Fix b ∈ supp(s(U)). For T ∈
( V
6d−|U |

)
, a ∈ DT , define r(T, a) def= s(T ∪ U, a ∪ b)/‖s(U, b)‖ if

a|T ∩U = b|T ∩U (where a is consistent with b), and r(T, a) def= 0 otherwise.
For T ∈

( V
6d−|U |

)
, distinct a, a′ ∈ DT , we have 〈r(T, a), r(T, a′)〉 = 0. Indeed, if a is inconsistent

with b, then r(T, a) = 0. Similarly, if a′ is inconsistent with b, then r(T, a′) = 0. If both a and a′

are consistent with b, then 〈r(T, a), r(T, a′)〉 = 〈s(T ∪ U, a ∪ b), s(T ∪ U, a′ ∪ b)〉/‖s(U, b)‖2 = 0.
Also, ∑

a∈DT

‖r(T, a)‖2 =
∑

a∈DT

a|T ∩U =b|T ∩U

‖s(T ∪ U, a ∪ b)‖2

‖s(U, b)‖2
(25)= ‖s(U, b)‖2

‖s(U, b)‖2 = 1 .

For T ∈
( V
6d−|U |

)
, a ∈ DT , suppose s(T, a) = 0. If a is inconsistent with b, then r(T, a) = 0.

Otherwise
‖r(T, a)‖2‖s(U, b)‖2 = ‖s(T ∪ U, a ∪ b)‖2 6

∑
b∈DS

b|T ∩S=a|T ∩S

‖s(T ∪ U, a ∪ b)‖2

(25)= ‖s(T, a)‖2 = 0 ,

so r(T, a) = 0 as well. Therefore supp(r(T )) ⊆ supp(s(T )) ⊆ AT . Thus r is a level-d SDP hierarchy
solution for I. And supp(r(U)) = {b} because the only a ∈ DU consistent with b is b itself. �

Lemma C.2. Given any level-d SDP hierarchy solution s for an instance I = (V, C), any S ⊆ T ⊆ V
such that |T | 6 d, any b ∈ S,

(25)
∑

a∈DT

aS=b

‖s(T, a)‖2 = ‖s(S, b)‖2 .

Proof. Since s(T, a) and s(T, a′) are orthogonal for distinct a, a′ ∈ DT , the Pythagorean theorem
implies that summing over a ∈ DT such that aS = b,

∑
a:aS=b

‖s(T, a)‖2 =

∥∥∥∥∥∥
∑

a:aS=b

s(T, a)

∥∥∥∥∥∥
2

(14)= ‖πS(s(T ))(b)‖2 (16)= ‖s(S, b)‖2 . �

In some literature, [CNP24], the SDP hierarchy has a slightly different definition, involving both
vectors and distributions. In [CNP24], a level-d SDP solution consists of

• Vector assignments αS : AS → X to an arbitrary inner product space X for variable subsets
S of size at most d, and
• Distributions µR ∈ ∆(AR) for variable subsets R of size at most 2d,

such that
(a) {αS} is consistent with projection (Eq. (16));
(b) {µR} is consistent with projection; and
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(c) for any d-small S, T ⊆ V , any aS ∈ AS , aT ∈ AT ,
(26) 〈αS(aS), αT (aT )〉X = P

b∼µS∪T

[bS = aS , bT = aT ] .

The above definition is equivalent to our vector-only definition (Theorem 4.2), losing at most a
factor of 2 in level.

Lemma C.3. If the level-d SDP hierarchy of [CNP24] has a solution, then so does the level-d SDP
hierarchy defined in this paper. If the level-2d SDP hierarchy in this paper has a solution, then so
does the level-d SDP hierarchy of [CNP24].

Proof. Suppose the [CNP24] SDP hierarchy has a level-d solution ({αS}, {µR}). Eq. (26) implies
αS(a) is orthogonal to αS(a′) for S ∈

( V
6d

)
and distinct a, a′ ∈ AS . Further, {αS} is consistent with

projection by assumption. Therefore {αS} is a level-d solution to the SDP hierarchy in our paper.
Suppose the SDP hierarchy in our paper has a level-2d solution {αS}. Define the distributions

µR by µR(b) def= ‖αR(b)‖2 for R ∈
( V
62d

)
, b ∈ DR. Then {αS}S∈

(
V
6d

) is consistent with projection
by assumption. Theorem C.2 implies {µR}R∈

(
V

62d

) is consistent with projection. Finally, for any

S, T ∈
( V
6d

)
, let R def= S ∪ T . Then for aS ∈ DS , aT ∈ DT ,

〈αS(aS), αT (aT )〉X =
∑

b∈DR

bS=aS

∑
b′∈DR

bT =aT

〈αR(b), αR(b′)〉X =
∑

b∈DR

bS=aS
bT =aT

‖αR(b)‖2

= P
b∼µS∪T

[bS = aS , bT = aT ] ,

where the first equality follows from the consistency of {αS}S∈
(

V
62d

) with projection, and the second

equality uses orthogonality of αR(b) and αR(b′) for distinct b, b′ ∈ DR. �

Appendix D. Value of Random Instance

A variant of the following lemma has appeared in [CdX26, Lemma F.5]. The only difference is
that [CdX26, Lemma F.5] concerns the binomial (also known as Erdős–Rényi) model of random
hypergraph, while Theorem D.1 has m independent hyperedges with replacement (Theorem 5.4).

Lemma D.1. Fix any distribution ρ over k-ary relations on D. As long as ∆ > Ω(log|D|), except
with probability on(1) over a ρ-random CSP instance I = (V, C) with n variables and ∆n constraints,

opt(I) = optk(ρ) + on(1) + o∆(1) .

Proof. Fix any assignment b ∈ DV . Let ν be the distribution over D of b(v) by sampling a uniformly
random v ∈ V . Consider picking a single random constraint with scope S ∼ V k and relation R.
Since the uniform distributions over V k and over V k have statistical distance on;k(1),

P
S∼V k

[bS ∈ R] = P
S∼V k

[bS ∈ R] + on(1) = P
a∼νk

[a ∈ R] + on(1) .

Further taking expectation over R ∼ ρ, an assignment b satisfies a random constraint with probability
s 6 optk(ρ) + on(1) (Eq. (22)). With m independent constraints, Chernoff bound implies b satisfies
more than sm+α constraints with probability at most exp(−α2/m). A union bound over all b ∈ Dn

implies opt(I) 6 optk(ρ) + on(1) + o∆(1).
For the reverse inequality, consider a distribution η that maximizes Eq. (22). Enumerate

the domain D as [q] = {1, . . . , q} and the vertex set V as {v1, . . . , vn}. Define an assignment
c ∈ DV from η by “rounding”: Let f : [q] → R be the cdf of η, so that f(i) :=

∑
j6i η(j). Then

c(vi)
def= arg minj∈[q] f(j) > i/n. Let ν be the distribution over D of c(v) by sampling a uniformly

random v ∈ V . Then |ν(a)− η(a)| = O(1/n) for every a ∈ D, and hence ‖ν − η‖1 = on(1). Now
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c satisfies a random constraint with probability r def= ER∼ρ PS∼V k [cS ∈ R] = optk(ρ) + on(1). Out
of m independent constraints, c satisfies fewer than rm− α constraints with probability at most
exp(−α2/m). Therefore opt(I) > optk(ρ) + on(1) + o∆(1) except with probability on(1). �
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