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Find an input on which the program fails.

Localize bad parts of the program.
P(x) {

…
…

}

Programming with a solver-aided tool 

assert safe(x, P(x))

verify
debug

∃x . ¬safe(x, P(x))

x = 42 ⋀ safe(x, P(x))

42

P(x) {
v = x + 2
…

}

SMT solversolver-aided tool



Find an input on which the program fails.

Localize bad parts of the program.

Find code that repairs the program.

P(x) {
v = ??
…

}

Programming with a solver-aided tool 

assert safe(x, P(x))

verify
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∃x . ¬safe(x, P(x))

x = 42 ⋀ safe(x, P(x))

∃e.∀x. safe(x, Pe(x))
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SMT solver

A newer, easier way to build tools

assert safe(x, P(x))

verify
debug
synthesize

P(x) {
…
…

}

ROSETTE

symbolic virtual 
machine

an interpreter 
for the source 

language

[Torlak & Bodik, PLDI’14]

Technical challenge:  
how to efficiently 
translate a program 
and its interpreter?
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A new technique for helping programmers 
build performant solver-aided tools
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(define (sum-of-evens-is-even N)  
  (define-symbolic* xs integer? [N]) ; xs is a list of N symbolic integers.  
  (define-symbolic* n integer?)      ; n is a single symbolic integer.   
  (define ys (filter even? xs))      ; ys contains the even integers from xs. 
  (define zs (take ys n))            ; zs contains the first n elements of ys. 
  (assert (even? (apply + zs))))     ; Check that the sum of zs is even. 

A toy solver-aided program with a bottleneck
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Finding Code That Explodes Under Symbolic Evaluation 1:3

1 (define (sum-of-even-integers-is-even N)
2 (define-symbolic* xs integer? [N]) ; xs = list of N symbolic integers
3 (define-symbolic* n integer?) ; n = single symbolic integer
4 (define ys (filter even? xs)) ; ys = even integers from xs
5 (define zs (take ys n)) ; zs = first n elements of ys
6 (assert (even? (apply + zs)))) ; Check that the sum of zs is even

(a) A program that checks that the sum of any n  N even
integers is even.
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(b) The original program (a) per-
forms poorly as N grows.

(x1 x2)

(x1 x2) (x1) (x2) ()

() (x1) (x1 x2) () (x1) () (x2) ()

xs =

ys =

zs =

(filter even? xs)

(take ys n)

(even? x1) ¬ (even? x1)

(even? x2) ¬ (even? x2) (even? x2) ¬ (even? x2)

n = 0 1 2 n = 0 1 n = 0 1 n = 0

(c) The original program (a) creates O(N 2N ) paths (here, N = 2).

1 (define (sum-of-even-integers-is-even N)
2 (define-symbolic* xs integer? [N])
3 (define-symbolic* n integer?)
4 (define zs (take xs n))
5 (when (andmap even? zs)
6 (assert (even? (apply + zs)))))

(d) Repairing (a) to obtain asymp-
totically be�er performance.

Fig. 1. A toy solver-aided program that performs poorly under symbolic evaluation.

symbolic evaluators choose which goal to prioritize at a given point by basing their evaluation
strategy on either symbolic execution (SE) or bounded model checking (BMC). As illustrated in
Figure 4, SE maximizes concrete evaluation but su�ers from path explosion, while BMC avoids
path explosion but a�ords few opportunities for concrete evaluation. Performant solver-aided code
elicits a practical balance between SE- and BMC-style evaluation in the underlying engine. The
challenge for a symbolic pro�ler is therefore to help programmers identify the parts of their code
that deviate most from concrete evaluation by generating excessive symbolic state or paths.

SymPro. We address this challenge with SymPro, a new pro�ling technique that tracks two ab-
stract resources, the symbolic heap and the symbolic evaluation graph, which form our performance
model. The symbolic heap consists of all symbolic values (constants, terms, etc.) created by the
program, while the symbolic evaluation graph re�ects the engine’s evaluation strategy (which
paths were explored individually, which were merged, etc.). In concrete execution, the symbolic
heap is empty, and the evaluation graph consists of a single path. In symbolic evaluation, these
resources evolve depending on the evaluation strategy. For example, the evaluation graph is a
tree for SE engines, a DAG for BMC engines, and a mix of sub-trees and sub-DAGs for hybrid
engines. The symbolic heap and graph are implicit in every symbolic evaluation engine, making
our model general. They also capture the full spectrum of symbolic evaluation behaviors in an
implementation-independent way, making our model explainable and actionable. SymPro tracks
the evolution of the symbolic heap and graph, identifying where new symbolic values are created,
which values are frequently accessed, which values are eventually used in queries sent to a sat-
is�ability solver, and how evaluation paths are merged at control-�ow joins. It ranks procedure
calls by these metrics to present the most expensive calls to the programmer. Given our motivating
example from Figure 1a, SymPro correctly identi�es the call to filter as the bottleneck.

Anti-Patterns. To help the programmer diagnose the identi�ed bottlenecks, we present a catalog
of the most common performance anti-patterns in solver-aided code. These include algorithmic, rep-
resentational, and concreteness problems. For example, the program in Figure 1a su�ers from irregular
representation. It constructs a symbolic representation ofn  N even integers that describesO(N 2N )
concrete lists. The repaired program in Figure 1d, in contrast, constructs a symbolic representation
of n  N integers that describes O(N ) concrete lists; this representation is then combined with
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Fig. 1. A toy solver-aided program that performs poorly under symbolic evaluation.

symbolic evaluators choose which goal to prioritize at a given point by basing their evaluation
strategy on either symbolic execution (SE) or bounded model checking (BMC). As illustrated in
Figure 4, SE maximizes concrete evaluation but su�ers from path explosion, while BMC avoids
path explosion but a�ords few opportunities for concrete evaluation. Performant solver-aided code
elicits a practical balance between SE- and BMC-style evaluation in the underlying engine. The
challenge for a symbolic pro�ler is therefore to help programmers identify the parts of their code
that deviate most from concrete evaluation by generating excessive symbolic state or paths.

SymPro. We address this challenge with SymPro, a new pro�ling technique that tracks two ab-
stract resources, the symbolic heap and the symbolic evaluation graph, which form our performance
model. The symbolic heap consists of all symbolic values (constants, terms, etc.) created by the
program, while the symbolic evaluation graph re�ects the engine’s evaluation strategy (which
paths were explored individually, which were merged, etc.). In concrete execution, the symbolic
heap is empty, and the evaluation graph consists of a single path. In symbolic evaluation, these
resources evolve depending on the evaluation strategy. For example, the evaluation graph is a
tree for SE engines, a DAG for BMC engines, and a mix of sub-trees and sub-DAGs for hybrid
engines. The symbolic heap and graph are implicit in every symbolic evaluation engine, making
our model general. They also capture the full spectrum of symbolic evaluation behaviors in an
implementation-independent way, making our model explainable and actionable. SymPro tracks
the evolution of the symbolic heap and graph, identifying where new symbolic values are created,
which values are frequently accessed, which values are eventually used in queries sent to a sat-
is�ability solver, and how evaluation paths are merged at control-�ow joins. It ranks procedure
calls by these metrics to present the most expensive calls to the programmer. Given our motivating
example from Figure 1a, SymPro correctly identi�es the call to filter as the bottleneck.

Anti-Patterns. To help the programmer diagnose the identi�ed bottlenecks, we present a catalog
of the most common performance anti-patterns in solver-aided code. These include algorithmic, rep-
resentational, and concreteness problems. For example, the program in Figure 1a su�ers from irregular
representation. It constructs a symbolic representation ofn  N even integers that describesO(N 2N )
concrete lists. The repaired program in Figure 1d, in contrast, constructs a symbolic representation
of n  N integers that describes O(N ) concrete lists; this representation is then combined with
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symbolic evaluators choose which goal to prioritize at a given point by basing their evaluation
strategy on either symbolic execution (SE) or bounded model checking (BMC). As illustrated in
Figure 4, SE maximizes concrete evaluation but su�ers from path explosion, while BMC avoids
path explosion but a�ords few opportunities for concrete evaluation. Performant solver-aided code
elicits a practical balance between SE- and BMC-style evaluation in the underlying engine. The
challenge for a symbolic pro�ler is therefore to help programmers identify the parts of their code
that deviate most from concrete evaluation by generating excessive symbolic state or paths.

SymPro. We address this challenge with SymPro, a new pro�ling technique that tracks two ab-
stract resources, the symbolic heap and the symbolic evaluation graph, which form our performance
model. The symbolic heap consists of all symbolic values (constants, terms, etc.) created by the
program, while the symbolic evaluation graph re�ects the engine’s evaluation strategy (which
paths were explored individually, which were merged, etc.). In concrete execution, the symbolic
heap is empty, and the evaluation graph consists of a single path. In symbolic evaluation, these
resources evolve depending on the evaluation strategy. For example, the evaluation graph is a
tree for SE engines, a DAG for BMC engines, and a mix of sub-trees and sub-DAGs for hybrid
engines. The symbolic heap and graph are implicit in every symbolic evaluation engine, making
our model general. They also capture the full spectrum of symbolic evaluation behaviors in an
implementation-independent way, making our model explainable and actionable. SymPro tracks
the evolution of the symbolic heap and graph, identifying where new symbolic values are created,
which values are frequently accessed, which values are eventually used in queries sent to a sat-
is�ability solver, and how evaluation paths are merged at control-�ow joins. It ranks procedure
calls by these metrics to present the most expensive calls to the programmer. Given our motivating
example from Figure 1a, SymPro correctly identi�es the call to filter as the bottleneck.

Anti-Patterns. To help the programmer diagnose the identi�ed bottlenecks, we present a catalog
of the most common performance anti-patterns in solver-aided code. These include algorithmic, rep-
resentational, and concreteness problems. For example, the program in Figure 1a su�ers from irregular
representation. It constructs a symbolic representation ofn  N even integers that describesO(N 2N )
concrete lists. The repaired program in Figure 1d, in contrast, constructs a symbolic representation
of n  N integers that describes O(N ) concrete lists; this representation is then combined with
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(define (sum-of-evens-is-even N)  
  (define-symbolic* xs integer? [N]) ; xs is a list of N symbolic integers.  
  (define-symbolic* n integer?)      ; n is a single symbolic integer.   
  (define ys (filter even? xs))      ; ys contains the even integers from xs. 
  (define zs (take ys n))            ; zs contains the first n elements of ys. 
  (assert (even? (apply + zs))))     ; Check that the sum of zs is even. 
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(define (sum-of-evens-is-even* N)  
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    (assert (even? (apply + zs)))))
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over program states that reflects the 
symbolic evaluation strategy.



Key idea: a uniform view of symbolic evaluation

The behavior of every (symbolic) 
evaluator can be understood in terms of 
two abstract data structures. 

Symbolic heap: a DAG of all symbolic 
values (constants, terms) created during 
the symbolic evaluation of a program. 

Symbolic evaluation graph: a DAG 
over program states that reflects the 
symbolic evaluation strategy.

Concrete evaluation is a special case 
of symbolic evaluation where the 
symbolic heap is empty and the 
evaluation graph is a single path. 

concrete execution

evaluation DAGsymbolic heap
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Approach: expose a symbolic profiling interface

new(x, L): create a fresh symbolic 
constant x at program location L. 

new(op, x…, L): create a symbolic term 
(op x …) at location L. 

step(s0, <g1, e1>, …, <gn, en>): 
evaluate each ei starting from state s0 
under guard gi and return the resulting 
k >= n states 

merge(<g1, s1>, …, <gn, sn>, L): merge 
the given states at the program location 
L and return the resulting k <= states 

solve(x, L): call the solver at location L 
to determine the satisfiability of x.

Can be cheaply 
implemented in all 
symbolic evaluators.



Approach: collect per-call summary statistics

new(x, L): create a fresh symbolic 
constant x at program location L. 

new(op, x…, L): create a symbolic term 
(op x …) at location L. 

step(s0, <g1, e1>, …, <gn, en>): 
evaluate each ei starting from state s0 
under guard gi and return the resulting 
k >= n states 

merge(<g1, s1>, …, <gn, sn>, L): merge 
the given states at the program location 
L and return the resulting k <= states 

solve(x, L): call the solver at location L 
to determine the satisfiability of x.

Time is the exclusive wall-clock time 
spent in the call. 

Term count is the number of symbolic 
values added to the symbolic heap. 

Unused terms is the number of those 
values not sent to the solver. 

Union size is the sum of the out-
degrees of all nodes added to the 
evaluation graph. 

Merge cases is the sum of the in-
degrees of all nodes added to the 
evaluation graph.



Approach: rank calls based on the statistics

(define (sum-of-evens-is-even N)  
  (define-symbolic* xs integer? [N]) 
  (define-symbolic* n integer?)   
  (define ys (filter even? xs)) 
  (define zs (take ys n))  
  (assert (even? (apply + zs))))

(verify (sum-of-evens-is-even 20))
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Actionable for state-of-the-art tools
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Finding Code That Explodes Under Symbolic Evaluation 1:15

Time Peak Memory

Benchmark LoC Time (sec) Slowdown Memory (MB) Overhead

Bagpipe [Weitz et al. 2016] 3317 17.3 424.5% 319 236.4%
Bonsai [Chandra and Bodik 2018] 641 58.3 68.3% 334 183.4%
Cosette [Chu et al. 2017b] 2709 17.7 6.6% 296 17.3%
Ferrite [Bornholt et al. 2016] 350 22.9 1.3% 705 4.3%
Fluidics [Willsey et al. 2018] 145 17.9 7.0% 276 22.8%
GreenThumb [Phothilimthana et al. 2016] 934 2358.5 0.1% 2258 0.0%
IFCL [Torlak and Bodik 2014] 574 77.5 1.6% 249 29.0%
MemSynth [Bornholt and Torlak 2017] 3362 28.0 301.6% 349 143.0%
Neutrons [Pernsteiner et al. 2016] 37317‡ 45.0 17.1% 1678 96.7%
Nonograms [Butler et al. 2017] 6693 31.8 7.7% 301 26.8%
Quivela [Amazon Web Services 2018] 5946 781.9 1.4% 316 36.0%
RTR [Kazerounian et al. 2018] 2007 348.7 27.7% 858 55.6%
SynthCL [Torlak and Bodik 2014] 3732 26.1 472.5% 454 171.6%
Wallingford [Borning 2016] 3866 10.2 6.8% 617 90.4%
WebSynth [Torlak and Bodik 2014] 2057 17.9 168.2% 470 144.1%
† Includes a 36,847-line Racket �le automatically generated from the software being veri�ed, which SymPro must instrument.

Table 1. Rose�e benchmarks used in our evaluation. LoC is lines of code. Performance results show the
overhead of SymPro’s analysis as the average of five runs; 95% confidence intervals for overhead are < 4 pp.

Program Anti-Pattern Description Speedup

Bonsai Irregular representation Shape of tree data structure is enumerated multiple times (§5.4) 1.35⇥
Cosette Missed concretization Possible table sizes are enumerated in a nested loop (§5.2) > 6⇥†

Algorithmic mismatch Ine�cient reduction builds a complex intermediate list (§5.2) 75⇥
Ferrite Missed concretization Length of an array is merged despite few feasible values (§5.1) 24⇥
Fluidics Irregular representation Grid data structure implemented with nested mutable vectors (§5.4) 2⇥
Neutrons Irregular representation Log of possible paths is maintained symbolically (§5.3) 290⇥
Quivela Missed concretization Object references are merged and obscure dynamic dispatch (§5.4) 29⇥
RTR Algorithmic mismatch Unnecessary fold over list of symbolic length (§5.4) 6⇥
† Without the repair, Cosette does not terminate within one hour.

Table 2. Summary of performance bo�lenecks found by applying SymPro to the benchmarks in Table 1,
together with the speedups obtained by repairing them.

speci�cation under the relaxed semantics of a �le system such as ext4, even in the face of crashes.
If not, the synthesizer attempts to repair the program by inserting barriers (i.e., calls to fsync).

Ferrite represents �les as a backing store (a list of bytes) together with the length of the �le:
(struct file (contents length) #:transparent)
(define BLOCK_SIZE 4096)
(define F (file (make-list BLOCK_SIZE #x00) 0))

To model a write to the �le F, which persists only if the system does not crash, Ferrite introduces a
symbolic boolean value crash? to represent a non-deterministic crash:
(define N 2)
(define-symbolic* crash? boolean?)
(unless crash? ; If not crashed
(match-define (file contents length) F)
(define new-contents ; write 0x1 to first N bytes
(append (make-list N #x01) (drop contents N)))

(set! F (file new-contents (+ length N))))

Proceedings of the ACM on Programming Languages, Vol. 1, No. CONF, Article 1. Publication date: January 2018.
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overhead of SymPro’s analysis as the average of five runs; 95% confidence intervals for overhead are < 4 pp.
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Table 2. Summary of performance bo�lenecks found by applying SymPro to the benchmarks in Table 1,
together with the speedups obtained by repairing them.

speci�cation under the relaxed semantics of a �le system such as ext4, even in the face of crashes.
If not, the synthesizer attempts to repair the program by inserting barriers (i.e., calls to fsync).

Ferrite represents �les as a backing store (a list of bytes) together with the length of the �le:
(struct file (contents length) #:transparent)
(define BLOCK_SIZE 4096)
(define F (file (make-list BLOCK_SIZE #x00) 0))

To model a write to the �le F, which persists only if the system does not crash, Ferrite introduces a
symbolic boolean value crash? to represent a non-deterministic crash:
(define N 2)
(define-symbolic* crash? boolean?)
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(match-define (file contents length) F)
(define new-contents ; write 0x1 to first N bytes
(append (make-list N #x01) (drop contents N)))
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Found 8 performance bottlenecks, 
repaired to get 35% to 290x speedups, 
and 3 patches accepted by developers.



Generalizes to different symbolic evaluators

Found 8 performance bottlenecks, 
repaired to get 35% to 290x speedups, 
and 3 patches accepted by developers.

Jalangi framework 
for JavaScript

Rosette solver-
aided language

Found 3 performance bottlenecks, 
repaired to get 10% to 2x speedups on 
largest benchmarks (though still small).



Explainable to programmers

Small user study with 8 Rosette 
programmers with a range of 
experience.
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Fig. 6. Average time taken for users to identify the performance issue in four benchmarks, with or without
SymPro. Error bars are 95% confidence intervals for n = 4 users.

6.3 Are programmers more e�ective at identifying bo�lenecks with SymPro?
To help understand how e�ective SymPro is in real-world use, we conducted a small user study with
Rosette programmers. Our study had eight graduate student participants, who each had previous
Rosette experience ranging from “a few hours” to multiple published papers using Rosette. We
�rst provided each participant a short tutorial on how to use both SymPro and existing Racket
performance tools (the time form and the built-in Racket pro�ler [Barzilay 2017]). We then asked
each participant to study four benchmarks—three realistic solver-aided tools and a simple calculator
program—and identify (but not repair) the primary performance bottleneck. For each benchmark,
each participant was randomly assigned to either the baseline group (which had access to any
tool except SymPro) or the SymPro group (which had access to SymPro as well). To help control
for learning e�ects, each participant saw the benchmarks in a random order, and had at most 20
minutes to analyze each benchmark.

Quantitative Results. Figure 6 shows the average time taken for users to identify the performance
issue in each benchmark. SymPro improves the identi�cation time for every benchmark, though
because of the small sample size (n = 4 for each treatment), we do not claim statistical signi�cance.
There were 6 cases where a user in the baseline group failed to �nd the issue in a benchmark within
the 20 minutes available; no users in the SymPro group ever reached this time limit.

Qualitative Observations. Given the limited size of our study, its main value was in the qualitative
observations reported by the participants. Users with access to SymPro said it gave “insight into
what Rosette is actually doing” which they lacked from other tools. One user said that SymPro
was “extremely useful for investigating a performance issue,” and that they could “see how I would
optimize my own code using the [symbolic] pro�ler.” Users generally reported they thought the
symbolic pro�ler would be even more successful when run against their own code, because they
“know what to ignore.”

We found that users were most successful when using SymPro to conduct an initial investigation.
SymPro’s data analysis generally directed users to fruitful locations in the code to inspect more
quickly than either manual exploration or analysis by existing performance tools. While we did not
require users to identify potential repairs to the performance issues they found, they were more will-
ing and able to do so voluntarily when using SymPro, suggesting a better understanding of the code.

Proceedings of the ACM on Programming Languages, Vol. 1, No. CONF, Article 1. Publication date: January 2018.

6 cases where programmers in 
the baseline group failed to find 
the issue within 20 minutes. No 
such cases with SymPro.
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6 cases where programmers in 
the baseline group failed to find 
the issue within 20 minutes. No 
such cases with SymPro.

“insight into what Rosette is actually doing”

“extremely useful for investigating a performance issue”

“see how I would optimize my own code with [the profiler]”
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