
1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

107

108

109

110

Sequential Monte Carlo Program Synthesis with
Refinement Proposals

Anonymous Author(s)

1 Introduction
Given a set of input-output examples specifying the behavior

of a function, the problem of inductive synthesis is to generate
a (deterministic) program producing the observed outputs on

the given inputs. For example, presented with input-output

examples like [4, 8, 3, 12, 2] → [12] and [2, 5, 3, 2] → [5], a
synthesizer might produce a program representing the rule

index into the input list using the first element of the list as
an index. The challenge in synthesis arises from searching

over a combinatorially large space of programs, specified by

a grammar – classic techniques often seek to either prune
portions of this space that are provably incorrect or guide the
search to prioritize more promising portions of the space.

Recent work [1] suggests synthesizing deterministic pro-

grams by instead searching over a space of probabilistic pro-
grams. The idea is that the marginal likelihood that a proba-

bilistic program produces the observed input-output exam-

ples can be used as a measure of how close that probabilistic

program is to the deterministic solution. A probabilistic pro-

gram that accurately captures the high-level structure of a

solution will assign a higher likelihood to the examples. This

program can then be iteratively refined, gradually replacing

probabilistic components with deterministic structure un-

til a complete deterministic program is found. [1] presents

preliminary evidence for the promise of this idea, walking

through an example coarse-to-fine trajectory in detail, but

doesn’t instantiate the idea in a search algorithm.

In this abstract, we seek to develop and evaluate synthesis

algorithms that draw on this insight along with recent ad-

vances in efficient evaluation of exact marginal likelihood [2].

We first explore whether MCMC over a space of probabilistic

programs aids in the synthesis of deterministic programs,

finding that while in the long run this outperforms baselines,

the cost of likelihood evaluation is steep and fails to pay off

when given a shorter search budget.

To close this gap, we develop a sequential Monte Carlo

(SMC) algorithm based on the idea of refinements from [1],

implement this approach in Julia, and find that it solves more

problems faster than a range of MCMC-based approaches.

2 MCMC Approaches to Program Synthesis
We consider the problem of synthesizing programs from

the deterministic core of the grammar given in Listing 2.1

(excluding the probabilistic primitives shown in purple) to

LAFI 2026, January 2026, Rennes, France
2026.

Listing 2.1 All primitive operations in the grammar, with

probabilistic ones shown in purple
𝑛𝑎𝑡 ::= 0 | · · · | 9 | 𝑥 | randnat(0.5) |

index(𝑛𝑎𝑡, 𝑙𝑖𝑠𝑡) | car_or(𝑙𝑖𝑠𝑡, 𝑛𝑎𝑡) |
length(𝑙𝑖𝑠𝑡) | if 𝑏𝑜𝑜𝑙 then 𝑛𝑎𝑡1 else 𝑛𝑎𝑡2

𝑙𝑖𝑠𝑡 ::= nil | 𝑥 | randlist(0.5, 0.5) |
cons(𝑛𝑎𝑡, 𝑙𝑖𝑠𝑡) | cdr_or(𝑙𝑖𝑠𝑡1, 𝑙𝑖𝑠𝑡2) |
mapi((𝜆𝑥𝑥𝑥𝑖 .𝑛𝑎𝑡), 𝑙𝑖𝑠𝑡) |
filteri((𝜆𝑥𝑥𝑥𝑖 .𝑏𝑜𝑜𝑙), 𝑙𝑖𝑠𝑡) |
append_one(𝑙𝑖𝑠𝑡, 𝑛𝑎𝑡) | append(𝑙𝑖𝑠𝑡1, 𝑙𝑖𝑠𝑡2) |
if 𝑏𝑜𝑜𝑙 then 𝑙𝑖𝑠𝑡1 else 𝑙𝑖𝑠𝑡2

𝑏𝑜𝑜𝑙 ::= true | false | 𝑥 | flip(0.5) |
𝑛𝑎𝑡1 = 𝑛𝑎𝑡2 | 𝑛𝑎𝑡1 > 𝑛𝑎𝑡2 |
if 𝑏𝑜𝑜𝑙1 then 𝑏𝑜𝑜𝑙2 else 𝑏𝑜𝑜𝑙3

solve tasks from the list manipulation dataset of [8], which

contains problems like the one in the intro. Each problem

has 10 input-output examples, where where each input and

output is a list of natural numbers.

We can formulate this as a Bayesian inference problem.

Starting from a PCFG prior over the deterministic core of the

grammar in Listing 2.1, the goal is to synthesize programs

that have a high likelihood of generating the 10 observed

input-output examples for the task. When approaching this

through MCMC, we use a Metropolis-Hastings kernel that

uniformly chooses an existing subexpression to resample

from the prior as is common in the MCMC-based synthesis

literature [2, 4, 5, 9, 12]. Next, we need to pick how to evaluate

the likelihood of our data under a program.

Sparse-MCMC: While the observed input-output exam-

ples should ultimately have a likelihood of one under a deter-

ministic solution, a noise-free likelihood that simply marks

all other incorrect programs as having some fixed likelihood

𝑙 would offer very little guidance in the search. Such an ap-

proach would have to stumble across a solution through

blind luck.

Edit-Dist-MCMC: To improve upon the sparsity of the

𝑙-or-one likelihood, a common approach in the literature of

MCMC over deterministic programs is to use an edit-distance
or noise likelihood [6, 10]. Here, the generative model ex-

plains the observed outputs as random corruptions of the

input. We follow [5] in using an efficiently-computable Lev-

enshtein distance based metric.

Prob-MCMC: A key hypothesis we are testing in this work

is that searching over a space of probabilistic programs with

a likelihood given by their probabilistic semantics may lead

1
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Figure 1. Percent Tasks solved vs MCMC Steps.

to better inferences than these alternatives. To explore this

hypothesis we extend the core DSL of Listing 2.1 to include

the probabilistic primitives shown in purple. We use the

Pluck language [2] for efficient exact marginal likelihood

evaluation. There is no edit distance or noise likelihood on

the outputs of these programs, though the inference over the

space of probabilistic programs can be viewed as inferring
the noise model during the search.

Each synthesis approach was run on the first 80 tasks of

the dataset, and we average over the results of 3 attempts at

solving each task, where each attempt at a task has a time

limit of 2 hours. Figure 1 at first shows Prob-MCMC in a

promising light – switching to the extended space of proba-

bilistic programs results in dramatically higher solve rates

than Sparse-MCMC or Edit-Dist-MCMC, as a function of

the number of steps of MCMC. The latter algorithms run for

up to hundreds of thousands of steps while almost all MCMC

runs terminate before 10,000 steps and achieve a higher per-

formance. However, Figure 2 presents a plot against wall-

clock time, which shows a more nuanced story. While ul-

timately Prob-MCMC outperforms the Edit-Dist-MCMC

and Sparse-MCMC, it does so at a steep computational cost,

causing it to lag considerably behind Edit-Dist-MCMC in

solve rate for the entire first hour of runtime.

This motivated us to develop an alternative sequential

Monte Carlo approach to searching over the space of proba-

bilistic programs, inspired by the idea that successful search

paths follow a coarse-to-fine trajectory as outlined in [1].

3 Refinement Proposals for SMC
We consider a sequential Monte Carlo (SMC) algorithm,

which we refer to as Refine-SMC, that at each timestep tar-

gets a posterior distribution over syntax trees of increasing

maximum size. Since all of our tasks are of type 𝑙𝑖𝑠𝑡 → 𝑙𝑖𝑠𝑡 ,

we begin with the Dirac delta distribution on the size-one
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program (𝜆𝑥𝑠.randlist(0.5, 0.5)), which is the program that

samples a random list of natural numbers where both the

length of the list and its values are geometrically distributed.

At each step of SMC, we use a proposal which chooses

a probabilistic leaf (a purple grammar construct) and ran-

domly samples a depth one expression from the grammar to

replace it with (for example cons(randnat(0.5), xs)). We

call these refinement proposals because they take a coarse

hypothesis and refine it by one step, introducing some new

deterministic structure that may increase the likelihood of

generating the observed outputs.

The weight update of a particle is computed following

[3, 7] by

𝑤 =
𝑝𝑡 (𝑥𝑡 )

𝑝𝑡−1 (𝑥𝑡−1)
· 𝐿(𝑥𝑡 → 𝑥𝑡−1)
𝐾 (𝑥𝑡−1 → 𝑥𝑡 )

where 𝐿 is a simple reverse kernel that selects uniformly

at random the possible coarsenings of the expression. The

algorithm can be seen as a form of coarse-to-fine SMC [11].

The results for the SMC approach are presented in Fig-

ure 2. Refine-SMC outperforms all other approaches, only

performing worse than Edit-Dist-MCMC briefly, early in

synthesis. Furthermore, an analysis of which tasks are solved

by each method reveals that the set of tasks that Refine-SMC

could solve was a strict superset of the tasks that Edit-Dist-

MCMC can solve (evaluated through 5 trials on every task

each with a one-hour timeout). These results suggest that

refinement-based SMC is a promising approach to the syn-

thesis of deterministic programs.
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