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Abstract
The f -divergence is a fundamental notion that measures the difference between two distributions.
In this paper, we study the problem of approximating the f -divergence between two Ising models,
which is a generalization of recent work on approximating the TV-distance. Given two Ising models
ν and µ, which are specified by their interaction matrices and external fields, the problem is to
approximate the f -divergence Df (ν ∥ µ) within an arbitrary relative error e±ε. For χα-divergence
with a constant integer α, we establish both algorithmic and hardness results. The algorithm works
in a parameter regime that matches the hardness result. Our algorithm can be extended to other
f -divergences such as α-divergence, Kullback-Leibler divergence, Rényi divergence, Jensen-Shannon
divergence, and squared Hellinger distance.
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1 Introduction

Let ν and µ be two distributions with the same support Ω. Let f : R>0 → R≥0 be a convex
function such that f(1) = 0 and f is strictly convex around 1. The f -divergence of ν from µ

is defined by

Df (ν ∥ µ) = EX∼µ

[
f

(
ν(X)
µ(X)

)]
=
∑
σ∈Ω

µ(σ)f
(

ν(σ)
µ(σ)

)
. (1)

The f -divergence is a very general notion that measures the difference between two dis-
tributions. For instance, f(x) = 1

2 |x − 1| gives the total variation distance (TV-distance),
f(x) = x2 − x gives the χ2-divergence, and f(x) = x ln x − x + 1 gives the Kullback-Leibler
(KL) divergence.

The Ising model is a fundamental graphical model in statistical physics, probability
theory, and machine learning. Let G = (V, E) be a graph. Let J ∈ RV ×V be a symmetric
interaction matrix such that Juv ̸= 0 only if {u, v} ∈ E. Let h ∈ RV be the external fields
vector. An Ising model specified by (G, J, h) defines a Gibbs distribution µ with support
Ω = {−1, +1}V such that

∀σ ∈ {−1, +1}V , µ(σ) = wµ(σ)
Zµ

=
exp

( 1
2 σT Jσ + hT σ

)
Zµ

, where Zµ =
∑

σ∈{−1,+1}V

wµ(σ).
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59:2 On Approximating the f -Divergence Between Two Ising Models

The function wµ : Ω → R≥0 is called the weight function of the Ising model and the
normalization factor Zµ is called the partition function of the Ising model.

Recently, the problem of computing the TV-distance between two high-dimensional
distributions has received increasing attention. One interesting result [4] has proved that even
for a pair of product distributions (Ising models on an empty graph), the exact computation of
TV-distance is #P-hard. Later on, polynomial time approximation algorithms were proposed
for product distributions [16, 18]. For general Ising models, both algorithmic and hardness
results were established [6, 17] for approximating the TV-distance.

In this paper, we consider a more general problem of approximating the f -divergence
between two Ising models. The problem is defined as follows.

▶ Problem 1. Approximating the f -divergence for two Ising models.
Input: Two Ising models (G, Jν , hν) and (G, Jµ, hµ) specifying two Gibbs distributions ν

and µ respectively1, a function f defining the f -divergence, and an error bound ε;
Output: A number D̂ ∈ R such that e−εDf (ν ∥ µ) ≤ D̂ ≤ eεDf (ν ∥ µ).

A randomized algorithm is said to be an FPRAS (fully polynomial randomized approxi-
mation scheme) for Problem 1 if it runs in time polynomial in n = |V | and 1/ε and with
probability at least 2

3 , the output approximates the value of the f -divergence within relative
error e±ε.

Our algorithmic result is a reduction from f -divergence approximation to sampling
and approximate counting, which are two fundamental computational tasks for the Ising
model. There is long-line of research on developing efficient algorithms [27] for sampling
and approximate counting. We assume the following abstract oracles for sampling and
approximate counting.

▶ Definition 2 (sampling and approximate counting oracles). Let (G, Jµ, hµ) be an Ising model
with Gibbs distribution µ and partition function Zµ. Let T sp

G , T ct
G : R>0 → [|V | + |E|, ∞) be

two non-increasing functions. Given any error bound ε > 0,
The sampling oracle for (G, Jµ, hµ) with cost function T sp

G returns a random sample
X ∈ {−1, +1}V in time T sp

G (ε) with dTV (X, µ) ≤ ε, where dTV (X, µ) is the total
variation distance between X and µ.
The approximate counting oracle for (G, Jµ, hµ) with cost function T ct

G returns a random
number Ẑµ in time T ct

G (ε) with Pr
[
e−εZµ ≤ Ẑµ ≤ eεZµ

]
≥ 0.99.

For functions T sp
G (ε) and T ct

G (ε), we add the index G to emphasize that the running time also
depends on parameters of graph G such as the number of vertices/edges and the maximum
degree. We assume the oracles need to read the whole graph G so that the cost is at least
|V | + |E|.

We also require the following mild assumption on the Ising models.

▶ Definition 3 (marginal lower bound). Let b ≥ 0 be a constant. A Gibbs distribution µ is
said to satisfy the b-marginal lower bound if for any Λ ⊆ V , any pinning σ ∈ {−1, +1}Λ, any
v ∈ V \ Λ, and any c ∈ {−1, +1}, it holds that µσ

v (c) ≥ b, where µσ
v (·) denotes the marginal

distribution on v projected from µ conditional on that the configuration on Λ is fixed as σ.

The marginal lower bound condition is a natural and common assumption for the Ising
model. The assumption is widely used in the literature of sampling and approximate
counting [14], learning theory [10], and TV-distance approximation [17].

1 Problem 1 assumes that ν and µ have the same underlying graph G. This assumption does not lose
generality because the definition allows Jν

uv and Jµ
uv to be 0 even if {u, v} ∈ E.
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1.1 Algorithm and hardness results for χα-divergence approximation
Let α ≥ 1 be a constant integer. The Df (ν ∥ µ) = Dχα (ν ∥ µ) is called the χα-divergence
if f(x) = 1

2 |x − 1|α. We give the following approximation algorithm for the χα-divergence
between two Ising models in Problem 1. Given two input Ising models (G, Jν , hν) and
(G, Jµ, hµ), define the following family of Ising models on the graph G:

F(ν, µ, α) =
{

(G, J (k), h(k)) | J (k) ≜ kJν − (k − 1)Jµ

h(k) ≜ khν − (k − 1)hµ
for integer 0 ≤ k ≤ α

}
. (2)

We remark that (G, J (1), h(1)) and (G, J (0), h(0)) are the same as the input Ising models
(G, Jν , hν) and (G, Jµ, hµ) respectively. The following theorem says that if all Ising models
in F admit sampling and approximate counting oracles, then the χα-divergence between two
input Ising models can be approximated in polynomial time.

▶ Theorem 4. Let α ≥ 1 be a constant integer and b ∈ (0, 1) be a constant. There exists an
FPRAS that solves Problem 1 for χα-divergence in time

Oα,b

(
T ct

G

(
ηα,b · ε

(n + m)α

)
+ (n + m)2α

ε2 · T sp
G

(
ηα,b · ε2

(n + m)2α

))
,

where n = |V |, m = |E|, and ηα,b > 0 is a small constant depending only on α and b, if two
input Ising Gibbs distributions µ and ν are both b-marginally bounded and all Ising models in
F(ν, µ, α) admit sampling and approximate counting oracles with cost functions T sp

G (·) and
T ct

G (·) respectively.

Let us consider a simplified case of the Ising model. Suppose G has the max degree ∆.
For an Ising model (G, J, h), if for any e = {u, v} ∈ E, if Juv = Jvu = ln β

2 take a unified
value. In this case, an Ising model admits sampling and approximate counting oracles with
cost function T sp

G (ε) = poly(n, log 1
ε ) and T ct

G (ε) = poly(n, 1
ε ) if one of the following two

conditions holds:
Uniqueness condition: ∆−2

∆ ≤ β ≤ ∆
∆−2 and an arbitrary external field h ∈ RV [13].

Uniqueness condition or ferromagnetic condition with zero external field: β ≥ ∆−2
∆ and

the zero external field h = 0 [13, 21].

Consider Problem 1 where two input Ising models both have unified values ln βν

2 and
ln βµ

2 in the interaction matrices Jν and Jµ. Assume βν , βµ, ∥hν∥∞, ∥hµ∥∞, and the max
degree ∆ are all constants. Then the marginal lower bound condition is satisfied. We have
the following corollary.

▶ Corollary 5. Let α ≥ 1 be a constant integer. For Ising models with unified values in
interaction matrices, there exists an FPRAS that solves Problem 1 for χα-divergence in time
poly(n, 1

ε ) if βν , βµ, ∥hν∥∞, ∥hµ∥∞, and ∆ are all constants and one of the following three
conditions holds:

Both βµ and ( βν

βµ
)αβµ are in [ ∆−2

∆ , ∆
∆−2 ].

βν ≥ βµ ≥ ∆−2
∆ and hν = hµ = 0.

βν < βµ, ( βν

βµ
)αβµ ≥ ∆−2

∆ , and hν = hµ = 0.

The corollary requires different conditions for the case βν ≥ βµ and the case βν < βµ. It is
reasonable because for α > 1, the χα-divergence is not symmetric Dχα (ν ∥ µ) ̸= Dχα (µ ∥ ν),
and thus the roles of two input Ising models are different.

ITCS 2026
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In Theorem 4, we show that χα-divergence can be approximated if the sampling and
approximate counting oracles for all Ising models in F(ν, µ, α) exist. In a special case when
α = 1, F(ν, µ, 1) only contains two input Ising models (G, Jν , hν) and (G, Jµ, hµ), where we
recover the result in [17] for approximating the TV-distance. However, for general α > 1, the
family F(ν, µ, α) contains other Ising models. It is natural to ask the following questions.

Questions

Is it possible to approximate χα-divergence if we only assume the sampling and
approximate counting oracles for the two input Ising models (G, Jν , hν) and
(G, Jµ, hµ) exist?
A more direct question: are the oracle assumptions in Theorem 4 necessary?

The above two questions are answered by the following hardness result. Let us restrict
our attention to Ising models (G, J, h) with zero external field and interaction matrix with
unified values. Formally, h = 0 and Juv = Jvu = ln β

2 for all {u, v} ∈ E. Denote the model
by (G, β). Let (G, βν) and (G, βµ) denote two input Ising models in Problem 1.

▶ Theorem 6. Fix an integer α ≥ 2, an integer ∆ ≥ 3, and two parameters βµ > βν ≥ ∆−2
∆

such that ( βν

βµ
)αβµ < ∆−2

∆ . Unless NP = RP, there is no FPRAS for χα-divergence for two
Ising models (G, βν) and (G, βµ) on ∆-regular graph G.

The above theorem considers two Ising models with zero external field and βν , βµ ≥
∆−2

∆ . Two input Ising models both admit polynomial time sampling and approximate
counting oracles because they are either in the uniqueness regime β ∈ [ ∆−2

∆ , ∆
∆−2 ] [13] or the

ferromagnetic regime β ≥ 1 [21]. However, if ( βν

βµ
)αβµ < ∆−2

∆ , approximating χα-divergence
is still hard. For a concrete example, the problem is hard when α ≥ 2, βν = ∆−2

∆ , and
βµ = 2βν = 2(∆−2)

∆ .
Theorem 6 also shows that the condition in Theorem 4 is necessary. Note that since

∆, βν and βµ are all constants and the external fields are zero, the hardness instances satisfy
the marginal lower bound condition with b = b(∆, βν , βµ) = Ω(1). Consider two Ising models
(G, βν) and (G, βµ) on ∆-regular graph G such that βµ > βν ≥ ∆−2

∆ . For this family of
instances, our algorithmic result in Corollary 5 together with the hardness result in Theorem 6
discovers the following computational phase transition for approximating Dχα (ν ∥ µ) when
α ≥ 2:

FPRAS exists when ( βν

βµ
)αβµ ≥ ∆−2

∆ ;
Unless NP = RP, there is no FPRAS when ( βν

βµ
)αβµ < ∆−2

∆ .

Theorem 6 is proved via the hardness results of approximating partition functions of
anti-ferromagnetic Ising models beyond the uniqueness regime [33, 19]. See Section 7 for
details.

1.2 Algorithms for other f -divergences
We say an Ising model (G, J, h) admits polynomial time sampling and approximate counting
oracles if it admits sampling and approximate counting oracles with cost function T sp

G (ε) =
poly( n

ε ) and T ct
G (ε) = poly( n

ε ) respectively. Let (G, Jν , hν) and (G, Jµ, hµ) denote two input
Ising models. We give algorithms for approximating the f -divergence Df (ν ∥ µ) for various
divergence functions f . For many functions f , the divergence Df (ν ∥ µ) is not symmetric for
ν and µ. We will refer to (G, Jν , hν) as the first input Ising model and (G, Jµ, hµ) as the
second input Ising model.
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By setting different functions f in Df (ν ∥ µ), we can obtain the following divergences:

f(x) =


x ln x − x + 1, Kullback-Leibler divergence;
− ln x + x − 1, Rényi divergence;
1
2
(
x ln x − (x + 1) ln x+1

2
)

Jensen-Shannon divergence.

▶ Theorem 7. There exists an FPRAS for Problem 1 with KL-divergence, Rényi-divergence,
and Jensen-Shannon divergence if two input Ising models are both marginally bounded and
both admit polynomial time sampling and approximate counting oracles.

Compared with the result in Theorem 4, the above theorem only requires the sampling
and approximate counting oracles for the two input Ising models exist.

Next, consider the α-divergence. When α = 0, the α-divergence refers to the KL-
divergence. When α = 1, the α-divergence refers to the Rényi-divergence. The α-divergences
for other values of α are defined as follows. Let α ̸= 0, 1. The α-divergence is defined as
f(x) = xα−αx−(1−α)

α(α−1) . Recall that in (2), J (α) = αJν − (α − 1)Jµ and h(α) = αhν − (α − 1)hµ.
Here, α can be a real number.

▶ Theorem 8. Let α ̸= 0, 1 be a constant real. There exists an FPRAS for Problem 1 with
α-divergence if two input Ising models are both marginally bounded, the second input Ising
model (G, Jµ, hµ) admits a polynomial time sampling oracle, and both two input Ising models
together with (G, J (α), h(α)) admit polynomial time approximate counting oracles.

The above theorem works for constant real α (assuming the computational model supports
real arithmetic). Unlike χα-divergence, in addition to µ and ν we only require that the
approximate counting oracle for (G, J (α), h(α)) exists.

The squared Hellinger distance is defined by setting f(x) = 1
2 (

√
x − 1)2. Given two input

Ising models (G, Jν , hν) and (G, Jµ, hµ), define an averaged Ising model as (G, Javg, havg),
where Javg = 1

2 (Jν + Jµ) and havg = 1
2 (hν + hµ). We have the following theorem.

▶ Theorem 9. There exists an FPRAS for Problem 1 with squared Hellinger distance if
two input Ising models are both marginally bounded, one of the input Ising models admits a
polynomial time sampling oracle, and two input Ising models together with the averaged Ising
model all admit polynomial time approximate counting oracles.

The squared Hellinger distance is symmetric Df (ν ∥ µ) = Df (µ ∥ ν). Hence, we only
require one of the input Ising models admits a polynomial time sampling oracle. As a
corollary, if two input Ising models are both in the uniqueness regime, then their averaged
Ising model is also in the uniqueness regime and FPRAS exists for the squared Hellinger
distance. For two Ising models (G, βν) and (G, βµ) with zero external field, FPRAS exists
when both βν , βµ ≥ ∆−2

∆ .

1.3 Related work and open problems
Related work

The problem of computing the f -divergence between two (either discrete or continuous)
distributions is well-motivated by the applications in machine learning and statistics. There
are many works, both theoretical and practical, studying the algorithms in various settings.
Many works study the error between the true divergence and the divergence computed
by certain empirical distributions, e.g., [30, 22, 31, 34]. Embedding-base technique was
also studied in [1], where algorithm embeds a large sample space into a smaller one while

ITCS 2026
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preserving the f -divergence. We cannot directly use these techniques to Ising model as the
size of the sample space is 2n, which gives an exponential time algorithm. For graphical
models, [26] shows that αβ-divergences can be computed exactly when the graphical model
has a bounded treewidth.

Approximating the f -divergence is related to the testing problem, in which one or both
two distributions are given by the access to different types of sampling oracles, and the
algorithm is required to test certain divergence is large or small. There is a long line of work
studying the testing problem. See [11, 12] for a comprehensive survey.

The TV-distance dTV (·, ·) is a special case of f -divergences. There are many theoretical
works studying the approximation algorithms (either additive error or relative error) and
hardness of approximation for the TV-distance between various types of high-dimensional
distributions. For example, distributions specified by circuits [32], hidden Markov models [23],
product distributions [4, 16, 18, 24], graphical models [8, 5, 17], and high-dimensional Gaussian
distributions [8, 3]. Recently, there are some works focusing on approximating 1 − dTV (·, ·)
for two product distributions [25, 7].

Open problems

A natural direction is to consider more general distributions and more general divergences.
Here are a few examples. For the Ising model, how to remove the marginal lower bound
assumption? There are many other types of graphical models, such as Markov random fields
with high-order interactions and Bayesian networks. It is interesting to consider other types
of distributions, e.g., distributions generated by probabilistic circuits [2]. For the divergence,
we focus on χα-divergence when α is an integer. One can also consider the case when α is
a real number and give an algorithm that works in the tight parameter regime. Another
question is to give a more general algorithm that works for a larger family of f -divergences.

The algorithm given in this paper is randomized. An open question is to find deterministic
algorithms by exploring the deterministic approximate counting algorithms for the Ising
model [28, 29]. Currently, deterministic algorithms are known for approximating the TV-
distance between two product distributions [4, 18].

We can also study the same problem in different settings. In our setting, we assume that
the input gives the description of two Ising models. It is interesting to consider another
(perhaps more practical) setting that the algorithm can only access one or two models through
random samples. This setting is closely related to the Ising testing problem in [15]. One can
even consider abstract distributions with certain properties (e.g. approximate tensorization
of f -divergence) and the distribution is given by the access to some oracles (e.g., oracle for
querying conditional marginal distributions or querying probability masses). This abstract
setting was considered by recent work in testing [9, 20].

2 Algorithm overview

We give an overview of our algorithm for approximating the χα-divergence between two Ising
models. We start with the following definition of the parameter distance between two Ising
models.

▶ Definition 10 (parameter distance [17]). For two Ising models (G, Jν , hν) and (G, Jµ, hµ),
the parameter distance dpar(ν, µ) is defined by

dpar(ν, µ) ≜ max
{

∥Jν − Jµ∥max , max
v

|hν(v) − hµ(v)|
deg(v) + 1

}
,

where deg(v) is the degree of v in G.
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In [17], the parameter distance is used to give a lower bound of TV-distance dTV (ν, µ),
with which the previous work gave an FPRAS for TV-distance. The following lemma says
such a lower bound can be generalized to χα-divergence. The lemma is proved in Section 3.1,
where the proof works for a general family of f -divergence.

▶ Lemma 11 (χα-divergence lower bound). For f = 1
2 |x − 1|α, where α ≥ 1, it holds that

Dχα (ν ∥ µ) ≥ b2α

2 · dpar(ν, µ)α.

Let θ = 1
poly(n) be a threshold. We estimate Dχα (ν ∥ µ) in the following two cases.

Case dpar(ν, µ) > θ. This case is trivial for TV-distance because there is a very simple
additive-error approximation algorithm for the TV-distance [8]. Since TV-distance
itself is lower bounded by 1/poly(n), the additive error approximation can be easily
transferred to relative error approximation. However, this simple algorithm only works
for the TV-distance. Instead, we propose a new algorithm for approximating the general
χα-divergence. The algorithm is outlined in Section 2.1.
Case dpar(ν, µ) ≤ θ. In this case, two Ising models are similar to each other. Previous
work [17] has explored the similarity of two models and designed an algorithm for approx-
imating their TV-distance. We substantially generalize their algorithm to approximate a
family f -divergence (including χα-divergence). The algorithm is outlined in Section 2.2.

2.1 The algorithm for instances with large parameter distance

We first state the challenge of approximating the χα-divergence for general α compared to
the TV-distance. It is well-known that the TV-distance can be written as follows:

dTV (ν, µ) = 1
2EX∼µ

[∣∣∣∣ν(X)
µ(X) − 1

∣∣∣∣] (⋆)=
∑

σ:ν(σ)<µ(σ)

µ(σ)
(

1 − ν(σ)
µ(σ)

)
. (3)

It was observed in [8] that the TV-distance can be approximated by draw independent
samples X ∼ µ and then taking the average of Y = max{0, 1 − ν(X)

µ(X) }2. The above equation
shows E [Y ] = dTV (ν, µ). It is easy to see |Y | ≤ 1 and thus Var [Y ] ≤ 1. The simple
algorithm achieves the additive error approximation, which can be transferred to relative-
error approximation because dTV (ν, µ) ≥ 1/poly(n) is lower bounded in this case.

However, for the χα-divergence with general α, by the definition,

Dχα (ν ∥ µ) = 1
2
∑
σ∈Ω

µ(σ)
∣∣∣∣ν(σ)
µ(σ) − 1

∣∣∣∣α = 1
2
∑
σ∈Ω

|µ(σ) − ν(σ)| ·
∣∣∣∣ν(σ)
µ(σ) − 1

∣∣∣∣α−1
.

Due to the extra term | ν(σ)
µ(σ) − 1|α−1, we cannot apply a similar transformation as equation

(⋆) in (3). Hence, it is not clear how to design an unbiased estimator Y such that variance of
Y is small.

To overcome this challenge, we propose a new algorithm for approximating the χα-
divergence. The following lemma gives a lower bound for the χα-divergence in this case.

2 The value of Y can be computed approximately, which is sufficient for the purpose of approximation.

ITCS 2026
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▶ Lemma 12. Let 0 < θ, b ≤ 1. If dpar(ν, µ) ≥ θ and both ν and µ are b-marginally bounded,
then

Dχα (ν ∥ µ) ≥ Bα,b(θ) ·
∑

σ∈{±}V

µ(σ)
(

ν(σ)
µ(σ) + 1

)α

,

where Bα,b(θ) = b2αθα

2

((
b2αθα

2

)1/(α+1)
+ 2
)−α(

2
(

b2αθα

2

)1/(α+1)
+ 1
)−1

= Θα,b(θα).

The proof of Lemma 12 separates all σ ∈ Ω into two parts, and separately lower bound
their contributions to the χα-divergence. The detailed proof is deferred to Section 3.2.

Lemma 12 gives us a tool to control the error of approximation. Recall that our goal is to
design an algorithm that approximates the χα-divergence with relative error e±ε. Equivalently,
the algorithm should achieve the O(ε) · Dχα (ν ∥ µ) additive error. Using the above lemma, it
is sufficient to show that the algorithm can achieve the O(ε) ·Bα,b(θ) ·

∑
σ∈Ω µ(σ)

(
ν(σ)
µ(σ) + 1

)α

additive error approximation, which turns out to be much easier to prove. In addition to
algorithms, Lemma 12 also plays an important role in the proof of the hardness result. See
Section 7 for details.

2.1.1 The algorithm for even α

Our actual algorithm deals with all α ≥ 1 in a unified way. However, in the overview, we
exhibit a simple algorithm for the case where α is even. The simple case will illustrate
the intuition why we need to consider a family of Ising models F(ν, µ, α) in (2) and why
Lemma 12 can help us to control the error of approximation. When α is even, we can replace∣∣∣ ν(σ)

µ(σ) − 1
∣∣∣α with

(
ν(σ)
µ(σ) − 1

)α

and then use the binomial expansion to get the following
equation:

Dχα (ν ∥ µ) = 1
2
∑
σ∈Ω

µ(σ)
(

ν(σ)
µ(σ) − 1

)α

= 1
2

α∑
k=0

(
α

k

)
(−1)α−k

∑
σ∈Ω

νk(σ)
µk−1(σ) . (4)

To deal with the term νk(σ)
µk−1(σ) , recall that (2) defines a family of Ising models (G, J (k), h(k))

such that J (k) ≜ kJν − (k − 1)Jµ and h(k) ≜ khν − (k − 1)hµ.
By our assumption in Theorem 4, for all 0 ≤ k ≤ α, the Ising model (G, J (k), h(k)) admits

sampling and approximate counting oracles. Let Zk denote the partition function of the Ising
model (G, J (k), h(k)). We remark that Zν = Z1 and Zµ = Z0 are the partition functions of
input Ising model (G, Jν , hν) and (G, Jµ, hµ), respectively. Each term in the summation
of (4) can be written as∑
σ∈Ω

νk(σ)
µk−1(σ) =

Zk−1
µ

Zk
ν

∑
σ∈Ω

wk
ν (σ)

wk−1
µ (σ)

=
Zk−1

µ

Zk
ν

∑
σ∈Ω

exp
(

σT J (k)σ

2 + σT h(k)
)

=
Zk−1

µ · Zk

Zk
ν

. (5)

The above ratio can be approximated by using approximate counting oracles for Zν , Zµ,
and Zk. Note that 0 ≤ k ≤ α is a constant. By choosing the relative approximation error
O(Bα,b(θ) · ε) = poly(ε/n) in the oracle small enough, where Bα,b(θ) = poly(1/n) is the
parameter in Lemma 12, we can obtain a value Wk ∈ e±O(Bα,b(θ)·ε) · Zk−1

µ ·Zk

Zk
ν

that achieves
the following approximation guarantee∣∣∣∣∣Wk −

Zk−1
µ · Zk

Zk
ν

∣∣∣∣∣ ≤ Bα,b(θ) · ε ·
Zk−1

µ · Zk

Zk
ν

, (6)
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where in the above inequality, we write the relative error in terms of the additive error.
Finally, our algorithm outputs the number D̂ such that

D̂ = 1
2

α∑
k=0

(
α

k

)
(−1)α−kWk.

Note that d̂ is an interlacing of plus and minus. Using (4) and (6), in the worst case (the
additive error of every term takes the worst sign), the error of d̂ can be upper bounded as
follows∣∣∣D̂ − Dχα (ν ∥ µ)

∣∣∣ ≤ ε · Bα,b(θ) ·
α∑

k=0

(
α

k

)
Zk−1

µ · Zk

Zk
ν

= ε · Bα,b(θ) ·
α∑

k=0

(
α

k

)∑
σ∈Ω

νk(σ)
µk−1(σ)

= ε · Bα,b(θ) ·
∑
σ∈Ω

µ(σ)
(

ν(σ)
µ(σ) + 1

)α Lemma 12
≤ ε · Dχα (ν ∥ µ) .

2.1.2 The algorithm for general α

For general α, we need to consider the effect of the absolute value inside the divergence. The
χα-divergence Dχα (ν ∥ µ) = 1

2
∑

σ∈Ω µ(σ)| ν(σ)
µ(σ) − 1|α can be written as

Dχα (ν ∥ µ) = 1
2

∑
σ:ν(σ)>µ(σ)

µ(σ)
(

ν(σ)
µ(σ) − 1

)α

− 1
2

∑
σ:ν(σ)<µ(σ)

µ(σ)
(

ν(σ)
µ(σ) − 1

)α

.

Using the binomial expansion, the divergence can be written as

Dχα (ν ∥ µ) = 1
2

α∑
k=0

(−1)α−k

(
α

k

) ∑
σ:ν(σ)>µ(σ)

νk(σ)
µk−1(σ) + (−1)α

∑
σ:ν(σ)<µ(σ)

νk(σ)
µk−1(σ)

 .

Fix an integer 0 ≤ k ≤ α. Let X be a random sample from the Ising model (G, J (k), h(k)).
It holds that Pr [X = σ] ∝ νk(σ)

µk−1(σ) . Define W +
k and W −

k to be random variables such that

W +
k = 1[ν(X) > µ(X)] · Zk−1

0 · Zk

Zk
1

and W −
k = 1[ν(X) < µ(X)] · Zk−1

0 · Zk

Zk
1

. (7)

With some calculation, we can verify that∑
σ:ν(σ)>µ(σ)

νk(σ)
µk−1(σ) + (−1)α

∑
σ:ν(σ)<µ(σ)

νk(σ)
µk−1(σ) = E

[
W +

k

]
+ (−1)αE

[
W −

k

]
.

Ideally, our algorithm wants to draw T = poly( log n
ε ) independent random samples of

W +
k and then uses their average value Ŵ +

k to approximate E[W +
k ]. Similarly, the algorithm

computes Ŵ −
k to approximate E[W −

k ]. Finally, it outputs D̂ = 1
2
∑α

k=0(−1)α−k
(

α
k

)
(Ŵ +

k +
(−1)αŴ −

k ). However, to show the correctness of the algorithm, we need to deal with the
following two types of errors.

The algorithm cannot draw perfect samples of W +
k or W −

k . One major issue3 is that
given a sample X ∼ Ising(G, J (k), h(k)), the exact computation of the probability masses
ν(X) and µ(X) is #P-hard [21]. Hence, the algorithm cannot perfectly distinguish the

3 There are some other issues, e.g., the samples from the Ising model (G, J(k), h(k)) are approximate and
partition functions Z0, Z1, Zk in (7) can only be approximated.
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cases where ν(X) > µ(X) or ν(X) < µ(X). This issue can be solved by using the
approximate counting oracle to approximate the probability masses ν(X) and µ(X).
By choosing a small enough error parameter poly(n/ε) for approximate counting, the
algorithm misclassifies ν(X) > µ(X) or ν(X) < µ(X) only if | ν(X)

µ(X) − 1| ≤ poly(ε/n). We
need to show that such X does not contribute much to the error of approximation.
We use the average of Ŵ +

k and Ŵ −
k to approximate E[W +

k ] and E[W −
k ] respectively. We

need to control the concentration error. This error can be bounded via Lemma 12, using
a similar technique as described in the even α case.

The detailed algorithm and analysis is in Section 5.1.

2.2 The algorithm for instances with small parameter distance

In this case, we give a general algorithm for abstract f -divergence. We briefly sketch the
algorithm implemented for χα-divergence in the overview. The abstract one is in Section 4.
By the definition,

Dχα (ν ∥ µ) = 1
2

∑
σ∈{±}V

µ(σ)
∣∣∣∣ν(σ)
µ(σ) − 1

∣∣∣∣α = 1
2

∑
σ∈{±}V

µ(σ)
∣∣∣∣wν(σ)
wµ(σ) · Zµ

Zν
− 1
∣∣∣∣α . (8)

Define a random variable W ≜ wν (X)
wµ(X) , where X ∼ µ. It can be verified that E [W ] = Zν

Zµ

and

Dχα (ν ∥ µ) = E
[∣∣∣∣ W

E [W ] − 1
∣∣∣∣α] .

The algorithm draws T = poly(n/ε) samples W1, . . . , WT from W independently, and then
computes W̄ = 1

T

∑T
i=1 Wi and D̂ = 1

T

∑T
i=1

1
2

∣∣∣Wi

W̄
− 1
∣∣∣α. Since the parameter distance is

small, two weight functions wν(·) and wµ(·) are very similar. Hence, the ratio W = wν (X)
wµ(X) ≈ 1.

Formally,

∀σ ∈ Ω,

∣∣∣∣wν(σ)
wµ(σ) − E [W ]

∣∣∣∣α ≤ poly(n) · dpar(ν, µ)α
Lemma 11

≤ poly(n) · Dχα (ν ∥ µ) .

The above property guarantees that W is well-concentrated around its mean. By choosing
the number of samples T = poly(n/ε) large enough, with some calculation, we can show
that D̂ approximates Dχα (ν ∥ µ) with a relative error of e±O(ε) with high probability. We
remark that D̂ is not necessarily an unbiased estimator for Dχα (ν ∥ µ) but it is still a good
approximation.

2.3 Organization of the paper

In Section 3, we prove some lower bounds for a broad family of f -divergences. In Section 4,
we give a general algorithm for general f -divergences satisfying an abstract condition. In
Section 5, we give the detailed algorithm for χα-divergence, where we focus on the large
parameter distance case because the small parameter distance case is solved in Section 4. In
Section 6, we show how to extend our algorithm to other f -divergences. Finally, in Section 7,
we prove the hardness result for approximating χα-divergence in the parameter regime stated
in Theorem 6.
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3 Lower bounds of f-divergences

In this paper, we assume the function f in f -divergence satisfies the following assumption.

▶ Assumption 1. The convex continuous function f : (0, +∞) → [0, ∞) satisfies that
f(1) = 0 and for any x ̸= 1, f is twice differentiable at x such that f ′′(x) ≥ 0. Furthermore,
the derivative satisfies f ′(x) < 0 if 0 < x < 1 and f ′(x) > 0 if x > 1.

For any function f satisfying the above assumption, x = 1 is the unique point where f(x) = 0.
It is straightforward to verify that f is strictly convex at around 1. The f -divergences we
are interested in all satisfy the above assumption.

3.1 Lower bound in terms of parameter distance
Our proof uses the following lower bound of total variation distance.

▶ Lemma 13 ([17, Lemma 15]). For two Ising models, if both ν and µ are b-marginally
bounded, then their total variation distance is lower bounded by

dTV (ν, µ) ≥ b2

2 · dpar(ν, µ).

▶ Lemma 14. Suppose f satisfies Assumption 1. For two Gibbs distributions ν, µ of Ising
models,

Df (ν ∥ µ) ≥ max{f(1 − dTV (ν, µ)), f(1 + dTV (ν, µ))}

≥ max
{

f

(
1 − b2

2 dpar(ν, µ)
)

, f

(
1 + b2

2 dpar(ν, µ)
)}

.

Proof of Lemma 14. Let A ≜ {x ∈ Ω : ν(x) > µ(x)}. Let p = PrX∼ν [X ∈ A] and
q = PrX∼µ [X ∈ A]. It is well-known that the total variation distance between ν and µ is
dTV (ν, µ) = p − q. Since we consider the Ising model, p, q > 0. Consider a Markov kernel
K : Ω → {0, 1} such that given any σ ∈ Ω, K deterministically transforms σ to 1 if and
only if σ ∈ A. Note that νK and µK are Bernoulli distributions with parameters p and q

respectively. We have

dTV (ν, µ) = dTV (νK, µK) = p − q.

By using the data processing inequality for f -divergence, we have

Df (ν ∥ µ) ≥ Df (νK ∥ µK)

= q · f

(
p

q

)
+ (1 − q) · f

(
1 − p

1 − q

)
(

f

(
1 − p

1 − q

)
≥ f(1) = 0

)
≥ q · f

(
p

q

)
+ (1 − q) · f(1)

(Jensen’s inequality on f) ≥ f (1 + p − q) = f (1 + dTV (ν, µ)) .

Similarly, we use f(p/q) ≥ f(1) to get Df (ν ∥ µ) ≥ f (1 − dTV (ν, µ)).
Note that f ′(x) < 0 if 0 < x < 1 and f ′(x) > 0 if x > 1. Combining with Lemma 13, we

have

f(1 − dTV (ν, µ)) ≥ f

(
1 − b2

2 dpar(ν, µ)
)

; f(1 + dTV (ν, µ)) ≥ f

(
1 + b2

2 dpar(ν, µ)
)

. ◀
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Lemma 11 for χα-divergence can be proved as follows.

Proof of Lemma 11. For χα-divergence, we have f(x) = 1
2 |x − 1|α. We can get a slightly

better lower bound than the general result in Lemma 14. Note that f(1 − x) = f(1 + x).
Then f( 1−p

1−q ) = f( 1+p−2q
1−q ). Using the Jensen’s inequality on q · f

(
p
q

)
+ (1 − q) · f( 1+p−2q

1−q )
implies the a lower bound Dχα (ν ∥ µ) ≥ f(1 + 2dTV (ν, µ)) = 2α−1dTV (ν, µ)α. Then lemma
follows from Lemma 13. ◀

3.2 A lower bound for χα-divergence
Proof of Lemma 12. Let 0 ≤ t < 1 be a parameter to be fixed later. We partition the whole
space Ω = {±}V into M and M = Ω \ M such that

M =
{

σ |
∣∣∣∣ν(σ)
µ(σ) − 1

∣∣∣∣ ≤ t

}
.

Then, we bound the contribution of σ ∈ M and σ ∈ M separately. By triangle inequality, we
have ν(σ)

µ(σ) + 1 ≤ 2 +
∣∣∣ ν(σ)

µ(σ) − 1
∣∣∣. For the first case, we have

∑
σ∈M

µ(σ)
(

ν(σ)
µ(σ) + 1

)α

≤
∑

σ∈M

µ(σ) (2 + t)α ≤ (2 + t)α
.

By our assumption, dpar(ν, µ) ≥ θ. Using Lemma 11, we have Dχα (ν ∥ µ) ≥ b2α

2 θα. Hence,∑
σ∈M

µ(σ)
(

ν(σ)
µ(σ) + 1

)α

≤ 2 · (2 + t)α

b2αθα
Dχα (ν ∥ µ) . (9)

Consider the other set M . For all σ ∈ M , it holds that
ν(σ)
µ(σ) + 1∣∣∣ ν(σ)
µ(σ) − 1

∣∣∣ ≤ 1 + 2∣∣∣ ν(σ)
µ(σ) − 1

∣∣∣ ≤ 1 + 2
t
.

Summing over all σ ∈ M , we have∑
σ∈M

µ(σ)
(

ν(σ)
µ(σ) + 1

)α

≤
(

1 + 2
t

)α ∑
σ∈M

µ(σ)
∣∣∣∣ν(σ)
µ(σ) − 1

∣∣∣∣α
≤ 2

(
1 + 2

t

)α

Dχα (ν ∥ µ) . (10)

Finally, adding the two inequalities (9) and (10), we have∑
σ∈Ω

µ(σ)
(

ν(σ)
µ(σ) + 1

)
≤
(

2 · (2 + t)α

b2αθα
+ 2

(
1 + 2

t

)α)
Dχα (ν ∥ µ)

= g(t) · Dχα (ν ∥ µ) . (11)

The above inequality holds for any 0 ≤ t ≤ 1. We next find a value of t to minimize the
value of g(t).

Take the derivative of g, we get

g′(t) = 2α

(
1 + 2

t

)α−1(
− 2

t2

)
+ 2α

b2αθα
(t + 2)α−1 = 2α(t + 2)α−1

(
1

b2αθα
− 2

tα+1

)
.
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Thus when t =
(

b2αθα

2

)1/(α+1)
, where 0 < t < 1,the function g obtains its minimum value:

g (t) = 2 · (2 + t)α

b2αθα
+ 2

(
1 + 2

t

)α

= (2 + t)α

tα+1 + 2
(

1 + 2
t

)α

=
(

1 + 2
t

)α(
2 + 1

t

)
= (t + 2)α(2t + 1)

tα+1

= 2
b2αθα

((
b2αθα

2

)1/(α+1)

+ 2
)α(

2
(

b2αθα

2

)1/(α+1)

+ 1
)

= 1
Bα,b(θ) .

Combining the above equation with (11) implies that
∑

σ∈Ω µ(σ)
(

ν(σ)
µ(σ) + 1

)
≤ Dχα (ν ∥ µ)

Bα,b(θ) .
This proves the lower bound of the χα-divergence. ◀

4 Algorithm for f -divergence with small parameters distance

In this section, we generalize the algorithm in [17] to the case of small parameter distance.
The new algorithm works for general f -divergence, where f satisfies the following abstract
condition.

▶ Condition 15. Let f be a function satisfying Assumption 1. There exists an function
F : R+ → R+ with F (ζ) ≤ poly(ζ) such that for any ζ ≥ 1, any x ∈ (− 1

2ζ , 0) ∪ (0, 1
2ζ ),

xf ′(1 + ζx)
f(1 + x) ≤ F (ζ) .

▶ Theorem 16. Let f be a function satisfying Condition 15 with function F . There exists
an algorithm such that given two Ising models (G, Jν , hν) and (G, Jµ, hµ), any 0 < ε < 1,
and f, b, F , if ν and µ are b-marginally bounded, dpar(ν, µ) < θ = 1

10(n+3m) , and µ admits
sampling oracle with cost functions T sp

G (·), then it returns a random number D̂ in time
O(T · T sp

G ( 1
100T )), where T = O( F (8(n+3m)/b2)2(n+m)2

ε2 ), n = |V |, m = |E|, such that

Pr
[
e−εDf (ν ∥ µ) ≤ D̂ ≤ eεDf (ν ∥ µ)

]
≥ 2

3 .

▶ Remark 17. In Theorem 16, the algorithm for small parameter case only requires sampling
oracles for the input Ising model (G, Jµ, hµ) instead of sampling and approximate counting
oracles for the whole family of Ising models F .

By the definitions of f -divergence and Ising model, we have

Df (ν ∥ µ) = Eµ

[
f

(
ν(σ)
µ(σ)

)]
= Eµ

[
f

(
wν(σ)
wµ(σ) · Zµ

Zν

)]
.

Define the parameter

T ≜

⌈
212 · 103F (8(n + 3m)/b2)2(n + 3m)2

b4ε2

⌉
.

Algorithm for small parameter distance case.

Call the sampling oracle of µ with TV-distance error 1
100T to obtain independent

random samples σ̂1, σ̂2, . . . , σ̂T . For each i ∈ [T ], compute Ŵi = wν (σ̂i)
wµ(σ̂i) .

Return D̂ = 1
T

T∑
i=1

f
(

Ŵi/W̄
)

, where W̄ = 1
T

T∑
i=1

Ŵi.

The analysis of the algorithm is given in the full version of the paper.
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5 Algorithm for χα-divergence

Our algorithm first computes the marginal lower bound b in time O(n + m). Due to the
conditional independence, the algorithm only need to enumerate all v ∈ V , any c ∈ {−1, +1},
and find a worst pinning τ = τ(v, c) on all neighbor of v. Specifically, for any neighbor u of
v, if Juv > 0, then fix τu = −c; otherwise, fix τu = c. The algorithm compute µτ

v(c). Let b

be the minimum value over all v ∈ V and c ∈ {−1, +1}. We now assume that the value b is
known by the algorithm.

Let θ = 1
10(n+3m) be the threshold parameter. We give two algorithms in Section 5.1 and

Section 5.2 depending on whether dpar(ν, µ) > θ or not. We prove Theorem 4 in Section 5.3.

5.1 Large parameters distance case
▶ Lemma 18. Let α ≥ 1 be an integer and b ∈ (0, 1) be a constant. There exists an algorithm
such that given two Ising models (G, Jν , hν) and (G, Jµ, hµ), any 0 < ε < 1, and α, b, if ν

and µ are b-marginally bounded, dpar(ν, µ) > θ, and every Ising model in F admits sampling
and approximate counting oracles with cost function T sp

G (·) and T ct
G (·) respectively, then it

returns a random D̂ in time Oα,b

(
T ct

G (δ) + T ·
(

T sp
G

(
1

200T (α+1)

)))
, where δ = Θα,b(θαε)

and T = Θα,b( 1
ε2θα ) such that

Pr
[
e−εDχα (ν ∥ µ) ≤ D̂ ≤ eεDχα (ν ∥ µ)

]
≥ 2

3 .

By the definition of χα-divergence, we can rewrite

Dχα (ν ∥ µ) = 1
2

∑
σ:ν(σ)>µ(σ)

µ(σ)
(

ν(σ)
µ(σ) − 1

)α

+ 1
2

∑
σ:ν(σ)<µ(σ)

µ(σ)
(

1 − ν(σ)
µ(σ)

)α

=1
2

α∑
k=0

(−1)α−k

(
α

k

) ∑
σ:ν(σ)>µ(σ)

νk(σ)
µk−1(σ) + (−1)α

∑
σ:ν(σ)<µ(σ)

νk(σ)
µk−1(σ)

 .

Recall that Zk is the partition function of the Ising model (G, J (k), h(k)), where J (k) ≜
kJν − (k − 1)Jµ and h(k) ≜ khν − (k − 1)hµ. Note that Zµ = Z0 and Zν = Z1. Define two
random variables W +

k and W −
k as follows. Let π(k) be the Gibbs distributions of the Ising

model (G, J (k), h(k)).

W +
k = 1[ν(X) > µ(X)]Z

k−1
0 · Zk

Zk
1

, where X ∼ π(k).

W −
k = 1[ν(Y ) < µ(Y )]Z

k−1
0 · Zk

Zk
1

, where Y ∼ π(k).

The expectation of W +
k can be calculated as follows

E
[
W +

k

]
=

∑
σ:ν(σ)>µ(σ)

π(k)(σ)Zk−1
0 · Zk

Zk
1

=
∑

σ:ν(σ)>µ(σ)

wk
ν (σ)/wk−1

µ (σ)
Zk

Zk−1
0 · Zk

Zk
1

=
∑

σ:ν(σ)>µ(σ)

νk(σ)
µk−1(σ) .
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Similarly, we have E
[
W −

k

]
=
∑

σ:ν(σ)<µ(σ)
νk(σ)

µk−1(σ) . In a high level, our algorithm draws
approximate samples of W +

k and W −
k and estimate E[W +

k ] + (−1)αE[W −
k ]. Define the

parameter

T ≜

⌈
8 · 104(α + 1)

ε2Bα,b(θ)2

⌉
and δ ≜

Bα,b(θ)ε
20(α + 1) ,

where the function Bα,b(θ) is defined in Lemma 12.

Algorithm for large parameter distance case.

For 0 ≤ k ≤ α, call the approximate counting oracle on Ising model (G, J (k), h(k))
for O(log α) times independently with relative error δ, and take the median as Ẑk.
For each k from 0 to α do:

1. Draw 2T samples σ̂1, . . . , σ̂2T ∼ π(k) by the sampling oracle with error
1

200T (α+1) .
2. For each i ∈ [T ], compute two values

Ŵ +
k,i = 1[ν̂(σ̂i) > µ̂(σ̂i)]

Ẑk−1
0 · Ẑk

Ẑk
1

, and

Ŵ −
k,i = 1[ν̂(σ̂T +i) < µ̂(σ̂T +i)]

Ẑk−1
0 · Ẑk

Ẑk
1

,

where for any x ∈ Ω, ν̂(x) = wν (x)
Ẑ1

and µ̂(x) = wµ(x)
Ẑ0

.

Return D̂ = 1
2
∑α

k=0(−1)α−k
(

α
k

) ( 1
T

∑T
i=1 Ŵ +

k,i + (−1)α 1
T

∑T
i=1 Ŵ −

k,i

)
.

The analysis of the algorithm is given in the full version of the paper.

5.2 Small parameters distance case
With Theorem 16, we only need to verify Condition 15 for f = 1

2 |x − 1|α. By definition,

xf ′(1 + ζx)
f(1 + x) =

α
2 |x|α|ζ|α−1

1
2 |x|α

= αζα−1.

Set F (ζ) = αζα−1, F (ζ) satisfies Condition 15. Thus

F (8(n + 3m)/b2) = 23α−3α(n + 3m)α−1

b2α−2 .

Hence, using Theorem 16, there is an algorithm with running time O(T ·T sp
G ( 1

100T )), where
T = O( 26α−6α2(n+3m)2α

b4α−4ε2 ) = Oα,b( (n+3m)2α

ε2 ), for small parameter distance case dpar(ν, µ) <

θ = 1
10(n+3m) .

5.3 Putting everything together (Proof of Theorem 4)

Theorem 4 follows from Theorem 16 and Lemma 18. Define parameter T = Θα,b( (n+m)2α

ε2 )
and δ = Θα,b( ε

(n+m)α ). By choosing constants, we can make T large enough and δ small
enough. The preprocessing time for computing b and dpar(ν, µ) is O(n + m), which is
dominated by the time for sampling and approximate counting. The running time of the
whole algorithm is at most
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max
{

Oα,b

(
T ct

G (δ) + T · T sp
G

(
1

200T (α + 1)

))
, Oα,b

(
T · T sp

G

(
1

100T

))}
≤ Oα,b

(
T ct

G

(
ηα,b · ε

(n + m)α

)
+ (n + m)2α

ε2 · T sp
G

(
ηα,b · ε2

(n + m)2α

))
,

where the last inequality comes from the fact that both T ct
G and T sp

G are non-increasing
functions and ηα,b > 0 is a small enough constant depending only on α and b.

6 Algorithms for other f -divergences

In this section, we briefly show the algorithms for other f -divergences. The algorithms prove
the results in Theorem 7, Theorem 8, and Theorem 9.

Again, the algorithm first computes the parameter distance dpar(ν, µ). Then, it compares
dpar(ν, µ) to the threshold θ = 1

10(n+3m) . If dpar(ν, µ) ≤ θ, algorithms are given in Section 6.1.
Otherwise dpar(ν, µ) > θ, algorithms are given in Section 6.2.

6.1 Algorithms for small parameter distance

In this case, we use the abstract algorithm in Theorem 16. We only need to verify Condition 15
for f -divergences. The following lemma gives a sufficient condition for Condition 15.

▶ Lemma 19. Suppose f : R>0 → R≥0 is twice differentiable at every x > 0 such that
f ′′(x) > 0 and f ′(1) = f(1) = 0. If there exists two positive constants L, U > 0 such
that L ≤ f ′′(x) ≤ U for any x ∈ [ 1

2 , 3
2 ]. Then, the function f satisfies Condition 15 with

F (ζ) = 2U
L ζ.

Proof. Note that f satisfying the condition in the lemma satisfies Assumption 1. By condition
that f ′(1) = f(1) = 0, we have the following two equalities (

∫ x

0 = −
∫ 0

x
if x < 0):

∀x ∈
(

−1
2 ,

1
2

)
, f ′(1 + x) =

∫ x

0
f ′′(1 + u) du, f(1 + x) =

∫ x

0
(x − u)f ′′(1 + u) du. (12)

Since 0 < L ≤ f ′′(ζx) ≤ U for ζ > 1 and x ∈ [− 1
2ζ , 0) ∪ (0, 1

2ζ ], we have

|f ′(1 + ζx)| =
∣∣∣ ∫ ζx

0
f ′′(1 + u) du

∣∣∣ ≤ ζ|x| · U,

f(1 + x) =
∫ x

0
(x − u)f ′′(1 + u) du ≥ L

∫ x

0
(x − u) du = Lx2

2 .

Thus, Condition 15 can be verify as follows

xf ′(1 + ζx)
f(1 + x) = |x| · |f ′(1 + ζx)|

f(1 + x) ≤ |x| · ζ|x|U
Lx2/2 = 2U

L
ζ. ◀

Then, we using Lemma 19 verify Condition 15 for Kullback-Leibler, Rényi, Jensen-
Shannon, α-divergence, and Squared Hellinger divergence. The result is summarized as the
following table.
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Divergence f(x) f ′′(x) L U F (ζ)

Kullback-Leibler x ln x − x + 1 1
x

2
3 2 6ζ

Rényi − ln x + x − 1 1
x2

4
9 4 18ζ

Jensen-Shannon 1
2 (x ln x − (x + 1) ln x+1

2 ) 1
2x(x+1)

2
15

2
3 10ζ

α-divergence (α ̸= 0, 1) xα−αx−(1−α)
α(α−1) xα−2 2−|α−2| 2|α−2| 2 · 4|α−2|ζ

Squared Hellinger 1
2 (

√
x − 1)2 1

2
√

x
1√
6

1√
2 2

√
3ζ

We remark that Lemma 19 does not work for χα-divergence but it works for divergences
above.

The algorithm then follows from Theorem 16 such that to approximate Df (ν ∥ µ), it only
requires polynomial time sampling oracle for the input distribution µ. For squared Hellinger
distance, as it is symmetric Df (ν ∥ µ) = Df (µ ∥ ν), we can swap the roles of ν and µ in the
algorithm to make sure µ admits a polynomial time sampling oracle.

6.2 Algorithms for large parameter distance
Now, assume that the parameter distance dpar(ν, µ) > θ = 1

10(n+3m) . By Lemma 14, the
f -divergence is at least

max
{

f

(
1 − b2

2 dpar(ν, µ)
)

, f

(
1 + b2

2 dpar(ν, µ)
)}

≥ max
{

f

(
1 − b2

2 θ

)
, f

(
1 + b2

2 θ

)}
,

where the inequality holds because of the derivative assumptions in Assumption 1. Let
δ = b2

2 θ = 1
poly(n) . We show that all divergences in the above table are at least 1

poly(n) .
Kullback-Leibler and Rényi divergences can be verified by using Taylor series ln(1 + δ) =
δ − δ2

2 +O(δ3). For Jensen-Shannon, one can rewrite f(1+ δ) = (1+ δ) ln(1+ δ
2+δ )− ln(1+ δ

2 )
and then Taylor series shows f(1 + δ) = Ω(δ2). For α-divergence, expanding (1 + δ)α for real
α implies f(1 + δ) = δ2

2 ± O(δ3) = Ω(δ2). Finally, it is easy to verify that f(1 + δ) = Ω(δ2)
for Squared Hellinger divergence. We have

Df (ν ∥ µ) ≥ 1
poly(n) . (13)

Kullback-Leibler, Rényi, and Jensen-Shannon divergences

We give the algorithm for Jensen-Shannon divergence. Similar algorithms can be given for
KL and Rényi divergences. The Jensen-Shannon divergence can be written as

1
2
∑
σ∈Ω

ν(σ) ln ν(σ)
µ(σ) − 1

2
∑
σ∈Ω

ν(σ) ln ν(x) + µ(x)
2µ(x) − 1

2
∑
σ∈Ω

µ(x) ln ν(x) + µ(x)
2µ(x) .

By (13), it suffices to give an algorithm with additive error ε
poly(n) . We can estimate each

term with an additive error. We give the algorithm for the first term. The other two terms
can be estimated similarly. We use the sampling oracle to draw T samples σ from ν, then
using counting oracles to approximate h(σ) = ln ν(σ)

µ(σ) = ln( wν (σ)
wµ(σ) · Zµ

Zν
), finally, return the

average of h(σ). The counting oracles estimate the partition functions with a relative error,
and thus we can approximate h(σ) with an additive error. Due to the marginal lower bound
assumption, |h(σ)| ≤ n log 1

b = O(n). We can set T = poly(n, 1
ε ) to achieve the additive

error ε
poly(n) and our goal is achieved.
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α-divergence

The α-divergence can be written as

1
α(α − 1)

(∑
σ

ν(σ)α

µ(σ)α−1

)
− 1

α(α − 1) = 1
α(α − 1)

(
Zα−1

µ · Zα

Zα
ν

− 1
)

,

where Zα is the partition function of the Ising model (G, J (α), h(α)). By calling approximate
counting oracles with relative error e±Θα(δ), we estimate Zα−1

µ Zα

Zα
ν

with e±δ relative error,

which is equivalent to ±O(δ)Zα−1
µ Zα

Zα
ν

additive error approximation. When the constant

α > 1 or α < 0, by (13), Zα−1
µ Zα

Zα
ν

is lower bounded by 1
poly(n) + 1. We set δ = ε

poly(n) , then
Zα−1

µ Zα

Zα
ν

≥ ε
ε−δ , which implies

δ ·
Zα−1

µ Zα

Zα
ν

≤ ε ·

(
Zα−1

µ Zα

Zα
ν

− 1
)

.

When the constant 0 < α < 1, α(1 − α) < 0. By (13), the α-divergence at least 1
poly(n) ,

Zα−1
µ Zα

Zα
ν

is upper bounded by 1 − 1
poly(n) . We still set δ = ε

poly(n) , and in this case,

δ ·
Zα−1

µ Zα

Zα
ν

≤ ε

poly(n) ≤ ε ·

(
1 −

Zα−1
µ Zα

Zα
ν

)
.

In both cases, our algorithm solves the problem with an additive error O(ε)Dα (ν ∥ µ)
approximation, which implies a relative error e±ε approximation.

Squared Hellinger distance

The Squared Hellinger distance can be written as

1 −
∑
σ∈Ω

µ(σ)
(

ν(σ)
µ(σ)

)1/2
= 1 − Z̄√

ZνZµ

,

where Z̄ is the partition function of the averaged Ising model in Theorem 9. Again, by (13),
it suffices to given an algorithm with additive error ε

poly(n) . We can use approximate counting
oracles to estimate Z̄

Zν Zµ
with a relative error. Note that for any δ > 0, e±δ relative error

approximation is the same as ±O(δ) Z̄
Zν Zµ

additive error approximation. Since Z̄
Zν Zµ

≤ 1 (as
the divergence is non-negative), we can achieve ±O(δ) additive error. Then the whole term
1 − Z̄

Zν Zµ
can be approximated within an additive error ±O(δ). The problem is solved by

setting δ = ε
poly(n) .

7 Proof of the hardness result

In this section, we only consider Ising model (G, J, h) with zero external field and interaction
matrix with unified values. Formally, h = 0 and Juv = Jvu = ln β

2 for all {u, v} ∈ E. It is
easy to see the probability of a configuration σ is proportional to βm(σ), where m(σ) is the
number of monochromatic edges m(σ) = |{u, v} ∈ E, σu = σv|. We denote it by (G, β).
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Let α ≥ 2, ∆ ≥ 3, and βµ > βν ≥ ∆−2
∆ such that ( βν

βµ
)αβµ < ∆−2

∆ be constant parameters
in Theorem 6. We define a constant parameter

β =
(

βν

βµ

)α

βµ <
∆ − 2

∆ . (14)

The following hardness result for approximating partition function Z =
∑

σ∈{±}V βm(σ)

of the anti-ferromagnetic Ising model beyond the uniqueness threshold is well-known.

▶ Lemma 20 ([33, 19]). Fix ∆ ≥ 3 and 0 < β < ∆−2
∆ . There exists c = c(∆, β) > 0 such

that unless NP = RP, there is no polynomial time randomized algorithm to approximate the
partition function within a factor of ecn with probability at least 2/3 for the zero external
field Ising model (G, β) on ∆-regular n-vertex graphs G.

For any ∆-regular graph G, let Z(G, β) denote the partition function of the zero external
field Ising model (G, β), where β is defined in (14). We prove the following lemma.

▶ Lemma 21. Let ∆, α, βν , βµ be constants. There exists a constant C = C(∆, α, βν , βµ) > 0
such that for any graph G, let µ and ν be the Gibbs distributions of the Ising models (G, βν)
and (G, βµ),

1
C

· Z(G, β) ≤ Dχα (ν ∥ µ) · Z(G, βν)α

Z(G, βµ)α−1 ≤ C · Z(G, β).

Assume Lemma 21 holds. We prove Theorem 6.

Proof of Theorem 6. Fix parameters ∆, α, βν , βµ. Let β be defined in (14).
Suppose there exists an FPRAS for Dχα (ν ∥ µ). By run algorithms independently and

take median, we can approximate Dχα (ν ∥ µ) within the factor of 2 in polynomial time with
probability at least 0.99. By our assumption, βν , βµ ≥ ∆−2

∆ . We can compute Z(G, βν)
within the factor of 2 by applying the algorithms in [13] (if βν ∈ [ ∆−2

∆ , 1]) or the algorithms
in [21] (if βν > 1) in polynomial time, where the algorithm succeeds with probability at least
0.99. Similarly, we can compute an approximation to Z(G, βµ).

By Lemma 21, we get a constant approximation to Z(G, β) in polynomial time with
probability at least 0.99. The hardness result follows from Lemma 20. ◀

The rest of this section is devoted to prove Lemma 21. To prove the lemma, we consider
a middle term

∑
σ∈Ω µ(σ)( ν(σ)

µ(σ) + 1)α. The following result is a corollary of Lemma 12.

▶ Corollary 22. There exists C ′ = C ′(∆, α, βν , βµ) such that

1
C ′ ·

∑
σ∈{±}V

µ(σ)
(

ν(σ)
µ(σ) + 1

)α

≤ Dχα (ν ∥ µ) ≤ C ′ ·
∑

σ∈{±}V

µ(σ)
(

ν(σ)
µ(σ) + 1

)α

.

Proof. The second inequality is trivial. For the first inequality, by Lemma 12, we can set θ

in the lemma to be 1
2 (ln βν − ln βµ), which is a constant depending on βν , βµ. Furthermore,

the underlying graph G has constant degree ∆, both βµ and βν are constants. Hence, by
the conditional independence property of the Ising model, both ν and µ have a constant
marginal lower bound b = b(∆, βν , βµ). Hence Bα,b(θ) = Θα,βν ,βµ,∆(1) is a constant. ◀

With Corollary 22, Lemma 21 is a straightforward corollary of the following lemma.
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▶ Lemma 23. It holds that

Z(G, β) ≤ Z(G, βν)α

Z(G, βµ)α−1

∑
σ∈{±}V

µ(σ)
(

ν(σ)
µ(σ) + 1

)α

≤ 3α · Z(G, β).

Proof. To simplify the notation, we fix the graph G in the proof. We denote the partition
function Z(G, βν) = Zν and Z(G, βµ) = Zµ. The family of Ising models in F(ν, µ, α) in (2)
can be written as (G, βk), where βk = βk

ν

βk−1
µ

for 0 ≤ k ≤ α. We use Zk to denote the partition
function of (G, βk). We remark that Z0 = Zµ, Z1 = Zν , β in (14) is the same as βα, and
Z(G, β) = Zα.

We use the binomial expansion that

∑
σ∈{±}V

µ(σ)
(

ν(σ)
µ(σ) + 1

)α

=
α∑

k=0

(
α

k

) ∑
σ∈{±}V

νk(σ)
µk−1(σ) =

α∑
k=0

(
α

k

)
Zk−1

µ

Zk
ν

· Zk. (15)

We claim the following inequality holds. For any 0 ≤ k ≤ α − 1,

Zk
µ

Zk+1
ν

Zk+1 ≥ 1
2

Zk−1
µ

Zk
ν

Zk. (16)

We prove (16) later. With this conclusion, combining with (15), we know that

Zα−1
µ

Zα
ν

Zα ≤
α∑

k=0

(
α

k

)
Zk−1

µ

Zk
ν

· Zk ≤
Zα−1

µ

Zα
ν

Zα ·
α∑

k=0

(
α

k

)
2α−k = 3α

Zα−1
µ

Zα
ν

Zα, (17)

where the first inequality is trivial and the second inequality is due to (16). Rearranging the
terms in (17), we get the desired result.

Finally, we prove (16). Recall that m(σ) denotes the number of monochromatic edges
under the configuration σ. Since βµ > βν , the sequence βk is monotonically decreasing
as βk = βk

ν

βk−1
µ

. Fix an unordered pair of configurations {σ, τ} ∈ {±}V × {±}V (it may be
possible that σ = τ). Without loss of generality, we assume m(σ) ≥ m(τ), otherwise we can
swap the two configurations.

We have the following inequality for all 1 ≤ k ≤ α − 1,

βm(σ)
µ β

m(τ)
k+1 + βm(τ)

µ β
m(σ)
k+1

(I)
≥ βm(σ)

µ β
m(τ)
k+1

(II)=
(

βµ

βν

)m(σ)
βm(σ)

ν ·
(

βν

βµ

)m(τ)
β

m(τ)
k

=
(

βµ

βν

)m(σ)−m(τ)
βm(σ)

ν β
m(τ)
k

(III)
≥ βm(σ)

ν β
m(τ)
k

(IV)
≥ 1

2

(
βm(σ)

ν β
m(τ)
k + βm(τ)

ν β
m(σ)
k

)
, (18)

where the inequality (I) throws the second term, and the equality (II) is due to the definition
of βk, the inequality (III) is due to the assumption m(σ) ≥ m(τ) and βµ > βν , and the last
inequality (IV) is due m(σ) ≥ m(τ) and βν = β1 ≥ βk for k ≥ 1.

If k = 0, note that β0 = βµ and β1 = βν , we have

βm(σ)
µ β

m(τ)
k+1 + βm(τ)

µ β
m(σ)
k+1 = βm(σ)

ν β
m(τ)
k + βm(τ)

ν β
m(σ)
k

≥ 1
2

(
βm(σ)

ν β
m(τ)
k + βm(τ)

ν β
m(σ)
k

)
. (19)
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To prove (16), we need to prove ZµZk+1 ≥ 1
2 ZνZk for all 0 ≤ k ≤ α − 1. Recall that the

partition function Zk =
∑

σ∈{±}V β
m(σ)
k . We have the following inequality

ZµZk+1 =
∑

σ,τ∈{±}V

βm(σ)
µ β

m(τ)
k+1

=
∑

unordered pair{σ,τ}
σ ̸=τ

(
βm(σ)

µ β
m(τ)
k+1 + βm(τ)

µ β
m(σ)
k+1

)
+

∑
σ∈{±}V

βm(σ)
µ β

m(σ)
k+1

(∗) ≥ 1
2

∑
unordered pair{σ,τ}

σ ̸=τ

(
βm(σ)

ν β
m(τ)
k + βm(τ)

ν β
m(σ)
k

)
+ 1

2
∑

σ∈{±}V

βm(σ)
ν β

m(σ)
k

= 1
2ZνZk,

where the inequality (∗) is due to (18) and (19) and two inequalities (18) and (19) hold even
if σ = τ . This proves the inequality in (16). ◀
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