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Abstract

Library learning allows a computational solver to use its experience solving problems
to add abstractions to its library that aid in future problem solving. How it chooses those
abstractions, however, affects its performance on unseen test problems. Additionally,
the value of each abstraction a solver adds to its library is contextually dependent on
factors like: its search process, search budgets, and library size. In this paper, we ex-
plore two different approaches for selecting abstractions and test the performance of the
resulting libraries they construct. Namely, we compare compression—which chooses
abstractions that compress the size of a set of previously-found past solution programs
by minimizing the number of subprograms across the entire set—against search cost
minimization—which chooses abstractions that minimize solution search cost on a new
distinct problem set. Both selection procedures choose abstractions from the same set of
subprogram candidates, created by initially finding programs using only primitive sub-
states and operations that are permitted by a starter domain specific language (DSL). We
used Pattern Builder for this study, which presents a solver with a pattern on a 10x10
pixel grid and tasks it to build a program using its library that constructs that pattern.
Asking how a solver should optimally add subprograms to its library is worthwhile not
only because it can improve held-out problem-solving performance but also because
the procedures by which abstractions are chosen differ in computational cost: any in-
creased performance should justify the computational cost required to achieve it. This
paper also explores how library size affects solver performance under both abstraction
selection procedures under a fixed search budget—and how a search budget interacts
with library size and test performance. Each subprogram added to a library increases
the number of possible shallow-depth programs a solver must search through, which
can exhaust its search budget. While abstractions themselves reduce search by not re-
quiring solvers to reconstruct their subprograms, it’s possible that this search reduction
is only used deeper into a program trajectory. Such cases may exhaust a search bud-
get before a solution program is found, highlighting a tradeoff between library size and
search cost.

In this study, we found that with 10 abstractions, both selection procedures outper-
formed the primitive-only DSL. When both abstraction selection methods used the same
set of problems, search cost minimization solved 4.08 more test problems out of 100
than compression. At 30,000 program attempts, mean performance peaked at 11 ab-
stractions but then fell sharply, ultimately underperforming the primitive-only DSL at
20 added abstractions. Interestingly, both selection procedures’ library performance
dropped sharply from library size 1 to 2 abstractions. We determined that this per-
formance drop was caused by the 30,000 program search budget: after holding the
libraries constant and increasing allowed search, all of the unsolved problems that con-
stituted the performance reduction were recovered. These findings strongly support the
view the value of a library abstraction depends on the context in which it’s used and the
constraints a solver is subject to.



1 Introduction

Pattern Builder provides the program-synthesis task in this paper. Each problem presents a solver
with a pattern on a binary 10 x 10 pixel grid, and the solver must build a program that constructs
that pattern. It starts with no input grid and combines six primitive grids with fixed operations until
a program’s output matches the target. Figure 1 shows one target and one program that builds it.
The operation add returns the union of two grids.
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Figure 1: A grid target and one expression that reproduces it.

We call each target-grid task a problem T} and write its problem state as Spwblem. A solution

program P; transforms that problem state into a solution state S5°!*°n that matches the target grid:

problem P; solution
S; — S5 .

A solution program is a composite function, possibly nested, and its parts are subprograms. The in-
termediate grids a program produces while it executes are substates. Operations transform substates
in two ways. A unary operation f, applies directly to one substate and produces another, while a
binary operation f;, combines two substates and produces another:
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Figure 2 shows how substates, operations, and subprograms compose into a solution program.

solution program P;
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Figure 2: One solution program from the inside. The program P; maps the problem state to the
solution state. Within it, the unary operation f, transforms substate S7 into substate Ss, and the
binary operation fj, combines S5 with Sy to produce Sy, which is the solution state. The fragment
fu(S1) is one subprogram of P;.

The solver does not know which program will construct the target, so it searches. At each substate, it
can apply a unary operation or combine that substate with another through a binary operation, and it
works through these possible operations and transitions until a program’s output matches the target.



The solver first solves problems with primitives only. We call those problems the primitive-only
problem set, T},im; it exists to give the solver experience before any abstractions are available. The
successful programs the solver finds on it form the primitive-only solution program set,

Pprim = {Pl,primv cee aPn,prim}a

where each P; i, solves its problem T;. Both selection procedures choose from the same set of 50
abstraction candidates, Acandidates, found through primitive-only search. Section 3.3 describes how
we construct this set, and Figure 3 illustrates the process.
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Figure 3: Construction of the candidate set shared by both selection procedures. Section 3.3 de-
scribes the one-hop test and ranking procedure.

An abstraction is a selected subprogram stored as one item in the solver’s library. During search,
the solver can use a stored abstraction directly, without reconstructing its internal subprograms. A
selector decides which candidates earn that place: it chooses a subset A; of Acandidates and adds it
to the primitive library Ly,;in,, producing the library

Lq = Lprim ) A;a

where ¢ names the selector. This leads to the fundamental question of the paper: how should a solver
select abstractions from its experience if its goal is maximum problem-solving performance on an
unseen test problem set?

We compare two selectors that answer this question differently. Compression chooses the abstrac-
tions that minimize the number of subprograms needed to represent the primitive-only solution pro-
grams, so it works entirely from solutions the solver has already found. Search cost minimization
instead measures candidates in use: it chooses the abstractions that empirically minimize search cost
on the Search Cost Minimization Problem Set, Tscy, a new problem set that exists only to supply
that measurement. Selecting from the same candidates, the two selectors produce the selected ab-
straction sets Ajompression and A%, .1 cost> and with them the libraries Leompression and Lgearch cost-
To measure which library is better, we reserve the unseen test problem set, Ti.s: a set of problems
no selector ever sees, so performance on it shows how well the selected abstractions generalize. The
same solver attempts the same test problems with each library. Figure 4 shows this comparison.
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Figure 4: Two selection paths from one candidate set. Both selectors choose from Acandidatess
but compression scores candidates against the primitive-only solution programs, while search cost
minimization scores them by empirical search cost on the Search Cost Minimization Problem Set.
Each selected set joins the primitive library, and the same solver then attempts the same unseen test
problems with each resulting library.

For example, the union of 1ine_vertical and square in Figure 1 is one abstraction candidate.
Storing it can shorten a later program, yet it also becomes one more item the solver must consider at
every substate during search. Under a fixed search budget, a larger library can spend its attempts on
shallow programs before the solver ever reaches the deeper program where an abstraction pays off.
An abstraction’s value therefore depends on library size, the search process, and the search budget.

Selection itself has a computational cost, and that cost differs between the two selectors. Com-
pression reuses solution programs the solver already has, while search cost minimization requires
the solver to work through the Search Cost Minimization Problem Set before it selects anything.
This gap is part of why the comparison is worthwhile: any increase in held-out performance should
justify the computational cost required to achieve it.

Experiment I compares the selectors while changing the similarity between the selection problems
and the unseen test problems, which reduces shared motifs as a source of performance. Experiment
II changes the number of selected abstractions under a fixed search budget. Experiment III holds
the libraries fixed and changes the search budget. Together, the three experiments test how selection
objective, library size, and available search shape the value of an abstraction.

2 Related Work

Library learning adds reusable program components to a solver’s library so that later synthesis be-
comes easier, and many systems choose those components by compressing known solution pro-
grams. DreamCoder learns a function library together with a neural search policy (Ellis et al.,
2021). Stitch finds the functions that minimize the cost of a rewritten program corpus (Bowers et al.,
2023). A recent study used Pattern Builder to examine which helper programs people choose as task
structure changes (Hernandez Cano et al., 2026); their choices were consistent with compression of
expected future solutions. Our study instead measures how automated abstraction selection changes
bounded search.



Iba described the search tradeoff that motivates this measurement: macros shorten solution paths
and increase the search branching factor (Iba, 1989). AbstractBeam later added Stitch abstractions
to guided bottom-up synthesis and improved performance on related tasks, but a distribution shift
removed the benefit, and unused abstractions could enlarge the language (Zenkner et al., 2024).
AMaze provides the closest technical comparison: it modifies a domain-specific language (DSL)
using predicted synthesis time, estimated from the enumeration rank of solver-specific program
fragments, and its whole-program compression baseline slowed two of four synthesizers (Ye et al.,
2026). Our work measures capped search cost directly, with exact enumeration over a fixed candi-
date set within each seed. We vary library size, change only the search budget for fixed libraries,
and measure the work each selection procedure spends to select its library. These controls test how
selection objective, library size, and search budget jointly determine an abstraction’s value.

3 Methodology

3.1 Experiment Overview

We test how abstraction selection affects bounded-search performance, and later experiments change
library size and search budget. Experiment I compares four selection procedures: three compression
variants that differ in the solution programs they score, and search cost minimization. Each proce-
dure selects from the same abstraction candidate set, and we then test each selected library on the
same held-out problems.

The three problem sets of the introduction carry the design. The primitive-only problem set T},im
contains 100 problems; it creates the abstraction candidate set and supplies the solution programs
that two compression variants score. The Search Cost Minimization Problem Set Tgcy contains
25 new problems; search cost minimization scores search cost on it directly, and one compression
variant scores solution programs acquired for it. The unseen test problem set Ti.s; contains 100
problems that no procedure sees; we reserve it for held-out evaluation. We repeat the experiment
across 30 random problem worlds. Each seed creates one world with 12 hidden motifs, the grids
from which the generator builds every target, and one primitive-only problem set shared by six
primary conditions, each with a separate Tscn and Tiest. Table 1 gives the size and purpose of each
problem set.

Table 1: Problem sets and their use.

Problem Set Size Purpose

Primitive-only problem set 100  Creates the abstraction candidate set and supplies solution
(Torim) programs for compression.

Search Cost Minimization 25  Supplies the selection data for search cost minimization and
Problem Set (Tscm) one compression variant.

Unseen test problem set (Zest) 100  Measures each selected library on held-out problems.

Each seed has one abstraction candidate set of 50 candidates, and every selection procedure selects
from it. Table 2 defines the four selection procedures and the labels that later equations use. The
three compression variants score different solution program sets: all of P, the subset Pyrim 25
acquired for a fixed 25-problem subset T,rim,25 C Tprim, Or the set Pgc of solution programs the
solver acquires for the Search Cost Minimization Problem Set:

solver
Tscm —— PscM-

The fourth procedure, search cost minimization, scores search cost on Tscy directly.

Each compression variant runs a separate target-directed search for each scoring problem, keeps
the first solution found, and omits unsolved problems. Compression can only score problems that
produced a solution, so compression on Pscy uses a larger 90,000-attempt acquisition budget on



Table 2: Four selection procedures in Experiment I.

Label Selection procedure Selection data  Search during Score
selection

comp-100 Compression on all Pprim (100 Acquire solutions; Remaining operations
primitive-only solution problems) 30,000 attempts per in acquired solutions
programs problem

comp-25 Compression on a Pprim,25 (25 Acquire solutions; Remaining operations
25-problem primitive-only problems) 30,000 attempts per in acquired solutions
subset problem

comp-SCM  Compression on solution Psonv (25 Acquire solutions; Remaining operations
programs acquired for problems) 90,000 attempts per in acquired solutions
TscMm problem

scm Search cost minimization on  Tgcm (25 Score each trial library; ~ Mean capped search
Tscm problems) 30,000 attempts cost for all 25

problems

Tscm- Search cost minimization runs one size-ordered search for each trial library, whose output
record scores all 25 problems of Tgcn, and an unreached target receives the maximum cost of
30,000. Hidden generator programs are never selector inputs. A fixed seeded shuffle selects the
25 problems of T},im 25, and all six conditions within a seed use the same subset. Across the 180
primary Experiment I cells, acquisition produced solutions for a mean of 62.70 of the 100 problems
in Tprim, 16.33 of the 25 in Tyim 25, and 16.59 of the 25 in Tscm.

In Experiment I, each procedure selects ten abstractions. We evaluate every selected library on
the same 100 test problems with a 30,000-attempt limit. The primary comparison between search
cost minimization and compression on Pscy uses the same 25 problems of Tgcn. Search cost
minimization scores all 25 outcomes, whereas compression on Pgc scores only acquired solution
programs and omits a mean of 8.41 unsolved problems. The comparison holds the candidate set,
test problems, library size, and test budget constant, so it compares complete procedures that differ
in what they score and whether they include unsolved problems.

3.2 Synthesis and Bounded Search

Each problem T} presents one binary target grid, the grid its solution state S$°M*°" must match.
The primitive library L, contains six grids: blank, horizontal line, vertical line, diagonal, square,
and triangle. Let L denote the current ordered library. A program is a library item or an operation
applied to one or two programs. The unary operations form the set F,,, with f, € F,: invert,
a left-to-right flip, a top-to-bottom flip, and diagonal reflection. The diagonal grid runs from the
upper-left corner to the lower-right corner. Invert changes each black cell to white and each white
cell to black. The binary operations form the set Fj, with f, € F}: add (union), subtract (set
difference), and overlap (intersection). Program P produces grid eval(P) and solves T; when
eval(P) equals the target grid of 7;. Program size is the number of operation applications. A
primitive or stored abstraction has size zero. Let B be the maximum number of candidate programs
that the solver can try. The deterministic bottom-up solver tries programs in order of increasing size.
It stops after B attempts or after it has tried all programs with seven or fewer operation applications.
The solver keeps the first program for each distinct output grid. The implementation fixes the order
of operations, child-program sizes, and commutative arguments. Each generated program counts
as one search attempt. If it produces an output grid that the solver has already seen, the solver
discards it after counting the attempt. For search cost minimization scoring and final evaluation, one
size-ordered search records all outputs for a library and the first attempt that produced each target.
Compression uses separate target-directed searches to acquire solution programs.

Search cost is a function of a problem, a library, and a budget:

solver

(TiaLvB) EE— NB(TiaL)'



Np measures how many attempts the solver needs to reach the target grid of T}, capped at the
budget:

n, if the target grid of T first appears at attempt n < B, 0
B, if the solver does not reach it within the budget.

Np(T;,L) = {
Unless stated otherwise, B = 30,000. We use the number of held-out test targets reached among
100 as our primary outcome.

3.3 The Abstraction Candidate Set

Each candidate is a subprogram. If selected, the solver stores the candidate’s output grid as a size-
zero library item and can then use that grid without rebuilding the subprogram from primitives. The
candidate set therefore defines the available library modifications, while the selection procedures
determine which modifications are made.

The first stage collects reached grids. The primitive-only solver uses the standard 30,000-attempt
budget and records the first program found for each distinct output grid. We exclude the blank grid
and the six primitive grids because the library already contains them. We keep grids whose first
programs have one to four operations, which yields nontrivial candidates while limiting the initial
pool to small subprograms.

For each subprogram output state, we ask if there are any target grids that can be reached with just
one additional operation (i.e., “one hop”). If at least two target grids can be reached in one hop, we
record the subprogram as a potential abstraction candidate. We rank the candidates by the number
of target grids that can be reached in one hop and keep the top 50.

The target grids come from 7},.ir,. The additional operation can invert or reflect the candidate’s
output grid, or use add or subtract to combine it with another reached grid. Ties are broken by the
attempt at which the primitive-only solver first reached the candidate’s grid, then by program string.
Construction uses no problems from Tgcn or Tiest, and every selection procedure within a problem
world receives the same fixed candidate set. The next subsection describes how each procedure
selects abstractions from Acandidates, ONE at a time.

3.4 Selection Procedures

Each selection procedure builds its library one abstraction at a time. A selector takes the candidate
set, its own selection data, and a target library size K, and returns the selected abstraction set:

Selethompression (Acandidatesa Pscore; K) — A*Ka

Selectsearch cost (Acandidatem Tscwm, B, K) — Ak

Here Picorc i the solution program set that a compression variant scores: Pprim, Pprim,25, or PscM,
each containing the first solution found for each solved scoring problem.

Write A = {a1,...,ax} for the selected abstraction set after k selections, with A = (0; the
subscripts on a1, . .., ag record the order of selection. Order matters during search, so the ordered
library L(Aj) lists the six primitive grids and then the stored grid of each abstraction, in selection
order, and a candidate under consideration takes the last position. The resulting library of procedure

g after K selections is L((IK) = L(A%), which as a set of items is the introduction’s Ly = LyprimUA;.
Selection is greedy. Each step uses an objective J to score the selected set extended by each unse-

lected candidate a, keeps the candidate with the lowest cost, and never revisits earlier selections:

= i J(A7_, U
ar argaeAmﬂﬁs\Azil (Aj_1U{a}), o

A=A U{as}, k=1,... K.



The two objectives differ in what they score. Compression scores the acquired solution programs
in Pycore. For program P, let children(P) be its ordered list of immediate child programs. A
subtree whose output grid matches a stored abstraction becomes one size-zero library item, so its
internal operations count zero. For a selected set A*, write eval(A*) for its set of stored grids,
{eval(a) : a € A*}. The number of remaining operations is

0, if children(P) = () or eval(P) € eval(A*),
Nops (P, A™) = 41 + Z Nops(P’y A*),  otherwise.
P’echildren(P)
3)
Each operation application is one composite subprogram, so counting remaining operations counts
the subprograms still needed to represent the scored solutions. Search cost minimization instead
scores each trial library in use, through the capped search cost on Tscn. The two objectives are

Jcompression(A*) - Z nopS(P7 A*)7

PEPSCOI'G
) @
Jarch cost (A*) = Np(Ti, L(A*)).
earch co t( ) |TSCM‘ TEXT: B( ( ))
i SCM

Joompression counts the operations that remain across the scored solutions after stored grids replace
their subtrees. Jsearch cost averages the capped search cost over Tscn, and a problem the solver
does not reach within B attempts costs the full budget.

Tie rules keep both selectors deterministic. If two candidates have the same compression cost, com-
pression compares their text forms in lexicographic order, character by character from left to right.
For example, add (diagonal, square) comes before add (line_vertical, square)

because d comes before 1. If two trial libraries have the same search cost, search cost minimization
first selects the library that solves more problems of Tgcn and applies the same text-order rule if
both solve the same number.

3.5 Problem Sets and Problem-Set Similarity

The problems a procedure works through during selection can act as additional training for the
solver, so part of any advantage on the unseen test problems could come from exposure to similar
problems. We vary problem-set similarity to control for this: when the test problems share little
structure with the primitive-only problems that supply the candidates and the compression solutions,
exposure helps less, and the comparison comes closer to measuring the selection objective alone.

Every target grid is composed of substates, which we call motifs, and each motif is a grid that a
subprogram of two, three, or four operations can reach. Each seed defines 12 hidden motifs, four at
each of those sizes. The generator builds every problem from them: it samples two or three distinct
motifs, combines them from left to right with uniformly sampled binary operations and up to two
unary operations, and rejects invalid and duplicate grids, with fixed schedules setting the motif and
unary-operation counts. We can therefore set how often each motif appears in a problem set through
its sampling probability, and two problem sets are similar when the same motifs are common in
both. Selection procedures receive only target grids or acquired solutions, never motif identities or
hidden programs.

Trim uses motif probabilities pprim. To build a dissimilar set, we keep the same probability values
and reassign them to different motifs, which makes different motifs common while leaving the mix
of common and rare unchanged. Reversal is the farthest reassignment: it changes (p1,...,pi2)
to (p12,...,p1), so the most common motifs become the most rare. Reversal is still one fixed
rearrangement, though, and an effect that appears under it could depend on that exact opposite
ordering, so a random permutation supplies a second alternative: it assigns the same values to motifs
at random, dissimilar without being systematically opposite. A shift parameter « € {0, 0.5, 1} then



blends the two distributions,

p(a) = (1 - a) Pprim + @ Palt,
so similarity varies in steps: the same frequencies at & = 0, an equal mixture at « = 0.5, and the
reassigned frequencies at = 1. In each primary condition, Tscn and Tiesy are separate draws

from p(a)). Combining two alternatives with three values of « gives six conditions per seed, and the
two conditions at o = 0 use separate target draws.

The assigned « sets the intended similarity, and each random draw realizes it imperfectly, so we also
measure realized problem-set similarity, p, between Tj,yim and Ties as the Spearman correlation
between their motif-count vectors. We use p only for analysis because it requires hidden motif
identities and the completed test set.

3.6 Experiments

All three experiments measure the same outcome. Let ¢ name a selection procedure, using the
labels of Table 2, and let i € {1,...,30} name a seed and ¢ € {1,...,6} a problem-set similarity
condition. The outcome of one cell is the number of test problems that the resulting library solves
with its first K abstractions and budget B:

(L), Tyt B) 2% YI(K, B) € {0, ..., 100}.

A seed’s six conditions share one world, so we average them into one seed score and then average
the 30 seed scores:

30
_ 1 _
YA( YqKB pi(K,B)=—» Y!(K,B). 5

The experiment mean ?(K, B) therefore equals the mean of all 180 cells. The conditions have
equal weight, but only the 30 seeds are independent.

Experiment I: Which Abstractions? Experiment I asks which selection objective produces the
better library when both selectors receive the same candidates and the same selection problems,
and whether problem-set similarity changes the difference between search cost minimization and
compression on P, Thirty seeds under six primary conditions gave 180 cells, and each cell used
K = 10, one candidate set, and the same held-out test targets for all procedures. Compression on
P,rim serves as a practical comparator because it scores every solution the solver already has. A
further 30 registered stale-SCM cells drew Tgcym at o« = 0.5 and test problems at o = 1; they
stress test outdated selection data, and we excluded them from the primary estimates because those
estimates require Tgcy and test problems from the same distribution. Using the experiment mean
11 (K, B) defined above, we registered two contrasts at K = 10 and B = 30,000:

A5 (10, 30,000) — feemPSCM(10,30,000),

# - (6)
fcemP8CM (10, 30,000) — 7i°™P25(10, 30,000).

A positive value favors the first procedure in each difference. The first contrast compares the two
complete procedures that share Tgcp. The second compares two complete compression procedures
that differ in scoring-problem source and acquisition budget. We hypothesized that compression
on primitive-only solutions would improve relative to search cost minimization as the motif fre-
quencies of T}, i, and Ties, became more similar, because repeated motifs can let abstractions from
Trim help test problems. The test uses both similarity measures from the previous subsection: for
the assigned shift, we averaged the two alternative assignments and calculated each procedure dif-
ference at « = 1 minus o = 0; for realized similarity, regressions related these differences to p with
seed fixed effects and seed-clustered standard errors. We also measure what each selection costs,
so its performance can be weighed against the work spent to achieve it. Let W, count, within one
seed-condition cell, the candidate-program attempts used to select procedure g’s library. Search cost



minimization scores 455 = 50449 + - - - +41 trial libraries with at most 30,000 attempts each. The
work Weomp-som includes acquiring solutions for Tscn, while Weomp-100 treats the prior acquisi-
tion of P,ir, as a sunk cost; both counts exclude compression segmentation, the recomputation of
remaining operations that scores each trial. Let Nq be the mean capped cost across that cell’s 100
held-out test problems. For comparator ¢ € {comp-SCM, comp-100}, npay(g) is the number of
future problems needed to recover search cost minimization’s additional selection work:

{maux(O,WSCin — Wq)-‘ FN S N
npay(‘]) = q Ngem ’ 1

0, 1qu < ]vscm-

)

This post hoc calculation assumes constant mean savings and uses only program attempts. Sepa-
rately, search cost minimization also scored the 25 problems of Tjim 25 post hoc, which lets the
indirect-compression analysis in the results compare the two objectives on shared scoring problems.

Experiment II: Library Size. Experiment II asks whether adding more abstractions keeps help-
ing under a fixed search budget. Thirty fresh seeds (6541-6570) and six conditions formed 180
cells. Compression on P, compression on Pscy, and search cost minimization each selected 20
abstractions in one selection order, and we evaluated every prefix A} from K = 0to K = 20 with
B = 30,000, so one selection run per procedure covers the whole size range. The value K = 0 is
the primitive library. For procedures ¢ and ¢’ at B = 30,000, their performance difference at library
size K is )

D,y (K) = pU(K, B) - i (K, B), (8)

the number of additional test problems that procedure ¢ solves at each library size. We registered
three method contrasts: Dscm, comp-8cM (20), Dsem, comp-100(20), and the change in Dgem | comp-scm
from K = 10 to K = 20. Two additional registered within-procedure contrasts measured the
changes in 77°™ and 71°°®P190 from K = 10 to K = 20. Observed peaks and the one-to-two drop
were descriptive.

Experiment III: Search Budget. Experiment III asks whether the drop from one abstraction to
two came from the abstractions themselves or from the search budget. To isolate the budget’s effect,
Experiment III reused Experiment II'’s exact K = 1 and K = 2 libraries and varied only B €
{30,000, 45,000, 60,000, 90,000}; worlds, targets, abstraction order, size limit, and enumeration
order remained fixed, and selection did not run again. Here, ¢ names the fixed library selected in
Experiment II. For ¢ € {comp-100, scm}, let A,(B) be the effect of adding the second abstraction
and I, its interaction with budget:

Ay(B) = (2, B) — p'(1, B),

9
I, = A4(90,000) — A,(30,000). ®

A positive I, means that increasing the search budget raises the K = 2 minus K = 1 performance
difference. We calibrated the budgets on ten earlier seeds (6511-6520), separate from the Experi-
ment II seeds, before we inspected above-30,000 outcomes, so the tested budgets did not depend on
the outcomes they would judge.

3.7 Statistical Analysis

Primary comparisons average six related differences between procedures into one seed-level differ-
ence. The 30 seed-level differences test whether the advantage repeats across worlds. Similarity
analyses keep conditions separate because similarity varies by condition but treat conditions that
share a seed as related. The two primary comparisons use two-sided 95% confidence intervals
based on Student’s ¢ distribution. Experiment II tracks method differences across K = 1,...,20,
while Experiment III tests whether more search changes the one-to-two abstraction loss. Both use
maximum-¢ intervals from 10,000 seed-level bootstrap resamples for related estimates. Experiment

10



I registered its contrasts and directions before data collection, but selected the Student’s ¢ interval
afterward. We specified the Experiment II analysis before collecting fresh data; its results motivated
both a registered Experiment III hypothesis that a larger budget would reduce the one-to-two loss
and an increase in the tested budgets. Later analyses are descriptive or post hoc.

4 Results

4.1 Experiment I: Which Abstractions?

With ten abstractions, search cost minimization solved 66.08 test problems and compression on
Pscv solved 62.00 (Figure 5); the difference was 4.08 (95% CI [2.46, 5.71]). Both used one can-
didate set and one Tgcn, but they scored different things: search cost minimization scored all 25
outcomes, including failures, whereas compression on Pscy scored only the solutions it acquired,
a mean of 16.59 of the 25 problems, and omitted the remaining 33.6%. The remaining compar-
isons place this result among the other libraries. The primitive library solved 58.91 problems, and
compression on Py, which used all 100 primitive-only problems, solved 64.53. Compression on
Pscw solved 0.26 fewer problems than compression on Ppyim 25 (95% CI [—1.46, 0.95]). Search
cost minimization’s 1.55-problem advantage over compression on P, remained uncertain be-
cause its 95% CI [—0.27, 3.37] included zero. The separate stale-SCM stress test asks whether
outdated selection data erases these differences. The means kept the same order: 65.60 for search
cost minimization, 61.00 for compression on Pscar, and 65.40 for compression on Pppip, .

Held-Out Performance Method Contrasts
66.08 Search cost minimization - compression on Pscy
8 66 1 . Registered primary
= 64.53 ——e— +4.08 [2.46,5.71]
s [ |
- 64
g Compression on Pscy - compression on Pprim, 25
8 62.00 Registered primary
g 62 O f—TF— -0.26 [-1.46,0.95]
K]
e}
2
Q 60 - Search cost minimization - compression on Pyrim
Jg 58.91 Secondary
= F——e— +1.55 [-0.27,3.37]
58 4
Primitives Compression  Compression Search cost _Iz (I) é 4‘1 é
only on Pscum on Pprim minimization

Difference in problems solved

Figure 5: Experiment I held-out results with ten abstractions. The left graph shows means, while the
right graph shows paired differences with 95% Student’s ¢ intervals for 30 seeds. Both procedures
use the same problems of Tgcy. Search cost minimization includes failures; compression on Psc
omits unsolved targets. The second contrast compares compression on Pgcyr with compression on
P prim,25-

Selection itself costs search, and later search savings must recover that cost for a more expensive
selection method to be useful. Search cost minimization has a higher initial search cost than com-
pression because it performs one bounded search for each trial library and scores all 25 problems
of Tgcowm from its output record. We therefore estimate a break-even point: the number of future
problems whose search savings recover that higher initial cost. The median break-even point was
several thousand future problems, and some seed-condition cases never reached it. Figure 6 gives
the exact selection costs, median break-even points, and case counts.
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Figure 6: Selection cost and break-even estimates. Gray labels mark cases with no break-even
point. Counts are program attempts only; they omit the acquisition of Pim, wall-clock time, and
segmentation.

We expected compression to benefit from similar motifs in Tpim and Tiest, and the means followed
that direction: search cost minimization minus compression on Py, decreased as problem-set sim-
ilarity increased, from 2.7 problems for different sets to 1.5 for moderately similar sets and 0.5 for
similar sets (left graph in Figure 7). The different-set interval excluded zero, showing search cost
minimization’s advantage in that group. The formal tests follow the two similarity measures. By as-
signed shift, moving from o = 0 to & = 1 changed search cost minimization minus compression on
Pprim by 2.10 problems (95% CI [—-0.12, 4.32]) and search cost minimization minus compression
on Pscm by 1.70 (95% CI [—0.56, 3.96]). By realized similarity, the seed-controlled slope against
p was —1.44 for the P, difference (95% CI [—3.18, 0.30]) and —0.36 for the Pscy difference
(95% CI [—2.43, 1.71]). These intervals all included zero, so the formal tests did not establish
the hypothesized effect. The two objectives could also overlap: abstractions chosen for search cost
might compress solutions as a side effect. We tested this by applying each library post hoc to one
fixed solution set, the solutions acquired for the 25-problem primitive-only subset (right graph in
Figure 7). Direct compression on those problems removed 25.78% of operations; search cost min-
imization scoring the same 25 primitive-only problems removed 12.32%; search cost minimization
scoring the 25 problems of Tscy removed 9.79%. Search cost minimization shortened solutions
indirectly, but direct compression removed more.

Search Cost Minimization Advantage
by Problem-Set Similarity Primitive-Only Solution Compression

Different Compression on P, 25 o,
4 —e— +2.7 sl prim, 25 | ——]25.8%
p<0 (n=63) on 25 primitive-only problems °

Moderat Search cost minimization
0<p<05 o ir:se A ——+15 on same 25 —e—12.3%
=p<05 (=49 primitive-only problems

Similar Search cost minimization
{ —teo————+05 1 -8—9.8%
p=05 (n=69) Ly ] ] i on 25 Tscu problems ! > | |
-2 0 2 4 0 10 20 30
Difference in test problems solved Operations removed (%)

Figure 7: Problem-set similarity and indirect compression. Left: search cost minimization minus
compression on P, at three problem-set similarity levels. Right: post hoc operations removed
from the same primitive-only solutions. Intervals are 95% seed-cluster and seed bootstrap, respec-
tively; problem-set similarity bands were not registered.
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Figure 8: Experiments II and III. The top row shows held-out performance and the compression of
primitive-only solutions across library sizes. The held-out bands are simultaneous 95% intervals.
The compression graph is post hoc. At K = 0, the library has only primitives. The bottom row
shows the fixed-library budget test, the share of enumerations that reached size-four programs, and
the descriptive recovery of lost problems.

4.2 Experiment II: Library Size

Held-out performance did not change steadily as library size increased (Figure 8). From ten to
twenty abstractions, compression on Py, lost 12.35 problems (simultaneous 95% CI [—13.89,
—10.81]), and search cost minimization lost 12.11 (simultaneous 95% CI [—13.20, —11.02]). At
twenty abstractions, both libraries solved fewer problems than the primitive library. Between pro-
cedures, search cost minimization exceeded compression on Pgcy by 5.13 problems (simultaneous
95% CI [3.45, 6.80]) and compression on Py by 1.73 (simultaneous 95% CI [-0.17, 3.63]), and
its advantage over compression on Pgcyr increased by 1.85 from ten to twenty (simultaneous 95%
CI [-0.03, 3.73]). Thus, library size had a larger effect on absolute performance than on method
differences.

At B = 30,000, the descriptive means were highest at X' = 11: 66.32 for compression on Pyim,
and 67.85 for search cost minimization. From K = 1to K = 2, compression on Py, lost
8.08 problems, and search cost minimization lost 6.14, a drop that Experiment III investigates. For
compression on P, operations removed from primitive-only solutions increased from 24.14% at
K =111t027.21% at K = 20, while held-out performance decreased over the same range, so more
compression did not ensure better bounded search.
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4.3 Experiment III: Search Budget

An increased budget reversed the one-to-two decrease for the fixed libraries (Figure 8). As the
budget increased from 30,000 to 90,000 program attempts, the second-abstraction effect increased
by 11.42 solved problems for compression on Py, (simultaneous 95% CI [10.17, 12.66]) and by
9.61 problems for search cost minimization (simultaneous 95% CI [8.52, 10.69]). At B = 90,000,
the effects were 3.33 for compression on Py and 3.47 for search cost minimization. All seed-
level interactions were positive. The share of enumerations that reached size-four programs shows
whether the budget let the solver reach the larger programs where an abstraction can help: with two
abstractions, it increased from 8.1% at 30,000 attempts to 99.2% at 45,000 and 100% at 60,000. By
B = 90,000, the solver recovered all test instances that the two-abstraction library lost relative to
the one-abstraction library at B = 30,000. Only the budget changed, so the 30,000-attempt budget
caused the one-to-two decrease for these fixed libraries. This result does not set a sufficient budget
for other libraries, solvers, or benchmarks.

5 Discussion

This paper’s main conclusion is that an abstraction’s value depends on the context in which the
solver uses it: the problems and scoring rule used for selection, the library’s contents, future prob-
lems, the solver, the search budget, the selection cost, and expected reuse. The conclusion matters
because many systems select abstractions by compressing known solution programs, and prior work
described the tradeoff a compression score can hide: stored items shorten solutions while enlarg-
ing the search (Iba, 1989). Our experiments measure that tradeoff directly, and the sharpest case is
Experiment II, where more compression came with worse bounded search.

Experiment I compares the complete selection procedures. Search cost minimization minimized
capped search cost for all 25 problems of T5cy, including failures, whereas compression on P
minimized operations in acquired solutions for the same problems but omitted unsolved ones. With
ten abstractions, search cost minimization solved 4.08 more held-out test problems than compres-
sion on Pgcy, which supports the hypothesis that it selects more useful abstractions when both
procedures use the same selection problems. Scoring libraries in use also charges for the programs
each abstraction adds, so search cost minimization can favor lower net search cost. However, the
4.08-problem difference depends in part on which problems of T5cy produced solutions, so it does
not isolate scoring-rule effects. Search cost minimization’s 1.55-problem advantage over compres-
sion on Py, remained uncertain; compression on Py, scored four times as many problems, and
solutions from more problems could explain the smaller difference, which this experiment did not
test.

The match between selection and future problems could change abstraction value, so we hypoth-
esized that compression on primitive-only solutions would become more competitive as the motif
frequencies of T}yim and T became more similar. The means followed this pattern: search cost
minimization’s advantage over compression on Py, fell from 2.7 problems for different sets to
0.5 for similar sets. However, the formal intervals included zero, so the formal comparisons remain
inconclusive. This direction is plausible because compression rewards stored grids that replace sub-
trees in primitive-only solutions, and recurring motifs can let those grids shorten test solutions. Our
problem-set similarity measure, though, ranks only motif counts and omits operation context, exact
grid reuse, program position, and search order. Similar motif counts do not ensure similar search
value.

Experiment II showed that abstraction value depends on library size. At 30,000 attempts, observed
mean performance was highest at 11 abstractions and fell below the primitive library at 20. Com-
pression on Ppim removed more operations from primitive-only solutions as its library grew from
11 to 20 abstractions, even as held-out performance decreased. Each abstraction is a size-zero item
whose combinations with operations and other library items create new low-operation programs.
The solver examines them first, so they can use the budget before it reaches a larger program where
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the abstraction helps. A new item also changes when the solver reaches programs that use earlier
items. Thus, operation removal measures a shortcut within known solutions but does not measure
the search required to reach those solutions.

Search budget can determine whether this added search prevents a solution or only delays it. Ex-
periment III changed only the budget for fixed one- and two-abstraction libraries, and the larger
budget reversed the one-to-two loss for both procedures, supporting the hypothesis that a larger bud-
get reverses the loss for those libraries. The size-four diagnostic gives descriptive support for the
search-cutoff explanation.

Selection cost creates a separate tradeoff because future savings must recover the initial cost. Search
cost minimization required a bounded search for every trial library, and among cases with a break-
even point, the median required thousands of future problems. Some experimental cases never
reached that point. Compression starts cheaper when representative solutions already exist.

6 Limitations and Future Work

Experimental controls make changes in bounded search easier to identify, but they limit where the
results can apply. This study tests one synthetic, target-only grid benchmark. Every abstraction is
a stored output grid with size zero, while the primitives, operations, program-size limit, and target
generator stay fixed. Learned functions and parameterized abstractions can apply across inputs
and produce different search costs. Future work should repeat these experiments on input—output
synthesis tasks and in other domains. A direct comparison of stored grids and learned functions
should hold the solver and budget fixed.

The search-cutoff explanation also depends on the solver. This solver performs deterministic
bottom-up enumeration and orders programs by operation count, so library order and duplicate
removal affect when it reaches a target. A guided solver could prune low-value combinations or
reach useful larger programs sooner. Future studies should compare deterministic enumeration with
guided search and test other costs for abstraction use. A joint sweep can test whether library size
and test performance have the same relation under other budgets.

Candidate discovery also limits how broadly the results apply. All procedures select from the same
50 candidates derived from T}, so search cost minimization cannot select an abstraction outside
this set. The candidate set favors grids that support at least two targets of T}, and first appear
in programs with one to four operations. Experiment II evaluates prefixes of one greedy sequence
rather than optimizing each library size. Future work should vary candidate-set construction and
compare greedy selection with joint selection of library items and their order. A selection objective
could also charge for the new programs that each candidate adds.

The primary Experiment I comparison evaluates complete procedures, so it does not isolate scoring-
rule effects. Search cost minimization scored all 25 problems of Tgcy and their failures, whereas
compression on Pgcyy scored only acquired solutions, so the 4.08-problem gap includes differences
in what each procedure scores and whether it includes unsolved problems. Compression on Pyim
used solutions acquired from 100 primitive-only problems and therefore used more scoring problems
from a different set. To isolate scoring-rule effects, a comparison should use fixed target-solution
pairs: search cost minimization would score the targets, compression would score their solutions,
and solution acquisition would be fixed before data collection. The similarity measure has a separate
limit: it requires hidden motif counts from completed test data, so it cannot guide deployment.
Future work should define the measure before data collection, vary compositional structure directly,
and use more independent seeds to improve precision.

Several findings need independent confirmation. The observed performance peak near 11 abstrac-
tions and the one-to-two decrease were descriptive. Experiment III reused the Experiment II seeds
and fixed one- and two-abstraction libraries, so its budget effect applies only to those libraries and is
not an independent replication. An independent test should use new seeds and libraries. A broader
sweep can identify the budgets needed to reach programs that use added abstractions.
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Finally, the break-even analysis counts only program attempts, omitting wall-clock time, memory
use, and compression segmentation. The comparison with compression on P,y treats the prior
acquisition of those solutions as sunk. The calculation assumes constant mean savings across future
problems. Future work should measure end-to-end acquisition, selection, and evaluation costs for
expected workloads under distribution change.

7 Conclusion

The introduction asked how a solver should select abstractions from its experience if its goal is maxi-
mum problem-solving performance on an unseen test problem set. With ten abstractions, search cost
minimization outperformed compression on Pgcyp by solving 4.08 more test problems out of 100, in
a comparison of complete procedures. Its advantage over compression on Py, remained uncertain,
and mean performance differences across problem-set similarity levels followed the problem-set
similarity hypothesis while their formal intervals included zero.

The deeper lesson is that the same abstractions can help or hurt depending on the library around them
and the search the solver is allowed. At 30,000 attempts, both procedures improved on primitive-
only search with ten abstractions, and mean performance peaked near 11 before falling below prim-
itives alone at 20. Compression on P, removed more operations from primitive-only solutions
over this range while held-out performance decreased, so solution compression alone was an in-
complete measure of bounded-search value. Each added item made more low-operation programs
available, which the solver examined before later programs where the item could help, and for the
fixed one- and two-abstraction libraries, search budget determined whether the solver reached those
later programs: increasing only the budget reversed the one-to-two loss, supporting the search-cutoff
explanation for those libraries.

An abstraction’s value must also cover how the abstraction was found. Search cost minimization’s
added selection work often required thousands of future problems to recover and did not recover in
some cells. One factor stayed fixed throughout: the search process. Every result here comes from
one deterministic solver, and a different search process could change the value of every library we
measured. A practical system should therefore evaluate its complete library with its intended solver,
budget, workload, and expected reuse. A useful abstraction must save more search than its selection
and added programs cost on that workload.

Code and Data Availability

Code, generated data, and reproduction instructions are available in a public repository.

github.com/cucupac/program-synthesis.
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