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The component-by-component migration of a program from untyped to typed can trigger unintended perfor-
mance degradations. When such a degradation occurs, typing well-chosen components can lessen the cost of
type enforcement, while typing poorly chosen components can exacerbate it. This article examines whether
off-the-shelf profiling tools deliver information that is an effective guide for navigating these migration choices
in Typed Racket. Using the rational-programmer method, the article tests this hypothesis with an experiment
that involves tens of thousands of performance-debugging scenarios, two different profiler types, and 23
strategies that convert profiler output to migration choices. The most effective strategy relies on a boundary
profiler to identify the costliest inter-component boundary and then adds deeply enforced types to both
sides. When the output of this profiler fails to identify a boundary, the strategy takes a random migration
step—similar to the way many computational approaches resort temporarily to random choices to avoid
getting stuck. The strategy completely eliminates the cost of run-time type checks in more than half of the
scenarios if at most two performance degradations are tolerable along the way.
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1 Type Migration as a Navigation Problem

Sound migratory typing promises a safe and smooth refactoring path from an untyped program
to a typed one [75, 76]. It realizes the safe part with the compilation of types to run-time checks
that guarantee the type-level integrity of each mixed-typed program configuration. Unfortunately,
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these run-time checks impose a large performance overhead [34], making the path anything but
smooth. This problem is particularly stringent for deep run-time checks [66, 75], but it also applies
to shallow run-time checking [33]. While improvements to deep and shallow can reduce the severity
of the problem, in particular JIT technology for shallow [61, 80], the core issue remains—some
configurations need more expensive checks than others.

Greenman [26, 27] presents evidence that deep and shallow checks come with complementary
strengths and weaknesses. Deep checks impose a steep cost at boundaries between typed and
untyped code, yet as the addition of types eliminates such boundaries, they enable type-driven
optimizations that can offset some of the cost [71]—and sometimes all of it. By contrast, shallow
checks impose a low cost at boundaries, but the addition of types almost always increases the
overall number of checks. Hence, Greenman argues that developers should, in principle, be able
to mix and match deep and shallow checking to get the best-possible type-checking benefits
with a tolerable performance penalty. Initial empirical data is promising: with the right mixture
of checks, it is possible to avoid order-of-magnitude slowdowns that come from either deep or
shallow checks alone. Finding a “right” mixture, however, presents a challenge because there are
exponentially many possibilities to choose from. Whereas in a purely deep (or shallow) checking
scheme, developers have 2V configurations to choose from, combining deep and shallow yields
3N possibilities because each of the N components in the program can be untyped, deep-typed, or
shallow-typed.

The large search space raises the following question:

How to navigate the 3N migration lattice of a program from a configuration with unacceptable
performance to one with acceptable performance.

Since this is a performance problem, a plausible answer is to use profiling tools. This conventional
response generates two new questions:

— How to use feedback from various profiling tools to choose a next step; and
— Whether these profiler-guided steps eventually lead to a configuration with acceptable perfor-
mance.

Such questions call for an empirical investigation. A user study is a possible way forward, but
recruiting a large number of people to debug problems in unfamiliar code is costly and introduces
confounding factors. This article instead reports on the results of a rational-programmer experiment
[42-44]. The rational-programmer method employs algorithmic abstractions called strategies that
draw inspiration from methods that actual humans might follow and that reify falsifiable hypotheses
about particular ways of using profiling tools and interpreting their feedback. Because the strategies
are algorithms, it is straightforward to apply them to thousands of debugging scenarios and
test whether they improve performance. In sum, the rational-programmer experiment enables a
systematic comparison of different ways that human developers' might interpret profiler feedback.
The winning strategies merit further study, while the losing ones can be set aside.

In short, this article makes three contributions:

— At the technical level, the rational-programmer experiment presents the most comprehensive
and systematic examination of type migration paths to date. As such it goes far beyond
Greenman [27]. The experiment evaluates 23 different strategies for interpreting profiling
output on more than one hundred thousand scenarios using the GTP benchmarks [28].

— At the object level, the results of the rational-programmer experiment provide guidance to
developers about how to best use feedback from profilers during type migration. The winning

To distinguish between humans and the rational programmer, the article exclusively uses “developer” for human coders.
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strategy picks a boundary and migrates its components to use deep types when possible. In
contrast, strategies that migrate toward shallow types are significantly less successful. This
result is a surprise given Greenman [27]’s preliminary data, which implies that combinations
of shallow and deep types should lead to the lowest costs overall. Hence, the results also
inform language designers about performance dividends from investing in combinations of
deep and shallow types.

— At the meta level, this application of the rational-programmer method to the performance
problems of type migration provides evidence for its versatility as an instrument for studying
language pragmatics.

The remainder of the article is organized as follows. Section 2 uses an example to explain the
problem in concrete terms. Section 3 introduces the rational-programmer method and shows how
its use can systematically evaluate the effectiveness of a performance-debugging strategy. Section
4 translates these ideas to a large-scale quantitative experiment. Section 5 presents the data from
the experiment, which explores scenarios at a module-level granularity in Typed Racket. Section 6
extracts lessons for developers and language designers. Section 7 places this work in the context of
prior research. Section 8 puts this work in perspective with respect to future research.

1.1 Relation to Prior Work

This article is a radical reworking of a prior publication with a related author set [31]. Importantly,
it reports the results of an extended experiment and data analysis that confirm a surprising discrep-
ancy between the measurements of Greenman [27] and the comprehensive measurements in the
prior work.

In detail, this article differs from Greenman et al. [31] along three dimensions:

(1) In terms of strategies:

1= This article features a new family of so-called second-chance strategies that significantly
outperform those of Greenman et al. [31]—see Section 4.

1= This article replaces the strategies of Greenman et al. [31] that favor shallow checks with
improved variants that avoid unnecessary costs—see Section 4.1.

1= Greenman et al. [31]’s null strategy, which serves as a baseline, depends on two sources
of randomness: (1) a mock profiler that returns a randomly chosen boundary and (2)
random alternation between a deep update strategy and a shallow one. The results from
Greenman et al. [31] show shallow update strategies to be generally unsuccessful, which
makes null’s dependence on one an unfair disadvantage. In order to untangle the effects
of shallow-vs-deep from the effects of profiler-vs-no-profiler, this article replaces the
null strategy with two strategies, random deep and random shallow. Both of these new
random strategies keep (1) in place but commit to only deep checks or only shallow
checks up front—see Section 4.1.

(2) In terms of data analysis:

1z This article fixes a methodological mistake with the data analysis of Greenman et al.
[31]. That analysis aggregates the experimental results from all benchmarks, treating
each performance-debugging scenario with equal weight. As a result, a couple of large
benchmarks that provide many more performance-debugging scenarios than the others
dominate the conclusions of the overall experiment. In response, the analysis in this
article normalizes each benchmark’s results by the total number of scenarios in the
benchmark’s lattice before aggregating—see Section 4.3.

157 Greenman et al. [31] run null, its only non-deterministic strategy, three times per scenario
and divides by three to get the average success rate. To reduce the effect of random chance
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on the results, we up the number of times each non-deterministic strategy is run per
scenario to 10—see Section 5.2.

1" We add a new research question Qy([BP.D]) examining cost-awareness—see Sections
4.3 and 5.4.

1" While both Greenman et al. [31] and this article focus on whether strategies achieve
performance parity with the untyped versions of the benchmarks (1x overhead), both
include alternative data about how the strategies fare if some overhead is tolerable.
Greenman et al. [31] provide an analysis of their strategies’ success when the threshold of
acceptable overhead for a configuration is an unrealistic 3X compared to its corresponding
untyped configuration. In contrast, this article reports on more realistic alternative
thresholds: 1.1x and 1.5X—see Section 5.6.

i This article crowns the strategy with the most reliably positive success rate as the
“recommended” strategy and offers a closer look at its behavior throughout the migration
process, broken down by benchmark—see Section 5.5.

1 This article considers a previously overlooked potential threat to the validity of the
experimental results. Namely, migration lattices naturally have many more highly typed
configurations than configurations with few typed components. This unbalanced nature
of the lattice challenges the relevance of the experiment’s results in early stages of
migration, when most components are untyped. A new analysis shows that restricting
the experiment’s starting points to these early stages does not affect the general trends
of the results—see Section 5.7.

(3) In terms of results:

1 Due to the decoupling of the random deep and random shallow strategies and the fairer
approach to benchmark weighting, boundary deep, which Greenman et al. [31] found
to be the best strategy, no longer outperforms every baseline strategy. The random deep
strategy ends up with a success rate higher than boundary deep’s. However, random deep
is not the best either; a couple of the new second-chance strategies end up on top—see
Section 5.2.

In sum, this article both adds to and replaces parts of the material from the prior work. The
remainder of the article points out material that has been altered with dedicated notes marked by
the 1= symbol.

2 Navigating the Deeps and Shallows by Profiling

Over the years, developers have created many large systems in untyped languages. In the meantime,
language implementors have created gradually typed siblings of these languages. Since developers
tend to enjoy the benefits of type-based IDE support and a blessing from the type checker, they
might add new components in the typed sibling language. Alternatively, when a developer must
debug an untyped component, it takes a large mental effort to reconstruct the informal types of
fields, functions, and methods, and to make this effort pay off, it is often best to turn the informal
types into formal annotations. In either case, the result is a mixed-typed software system where
some components have types, and others do not.

In a sound mixed-typed language, the enforcement of types inflicts a performance penalty.
Among the several enforcement approaches that do not limit expressiveness [29],% the two leading
ones are deep and shallow:

2Nom [51] and Static Python [45] have low-cost checks that necessitate restricting the expressive power of the language.
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—The deep approach uses higher-order contracts to monitor the boundaries between typed and
untyped components [18, 66, 75]. Higher-order contracts impose many kinds of performance
penalties: they traverse compound values; they wrap higher-order values with proxies to
delay checks; and they raise memory consumption due to these proxies’ allocation. If there are
few boundaries, however, then deep types impose few costs, and type-driven optimizations
may push the performance to be better than that of the untyped program [34].

—The shallow approach does not explicitly enforce types at boundaries. Rather, it delegates
checking to tag-level assertions injected at compile-time into strategic places in typed com-
ponents. Shallow’s assertions ask simple questions (is this a list?) and never allocate proxies
[79, 81]. Each check is inexpensive, but the lack of proxies blurs the boundary between typed
and untyped components and leads to a conservatively high number of checks. Suppose a
typed function expects a callback. To account for the case that the callback is supplied by
an untyped component, every call needs a result check around it to ensure soundness—even
if most calls are safe. In general, each addition of shallow types to a program leads to more
checks and thus a higher performance cost.

To make these ideas concrete, consider the Racket code below, which defines a function that
averages a list of numbers. While the total run-time costs of deep or shallow types are comparable
for this function, those costs arise in different ways.

(: avg (-> [Listof Real] Real))
(define (avg 1) (/ (sum 1) (length 1)))

(: sum (-> [Listof Real] Real))
(define (sum 1) (if (empty? 1) @ (+ (first 1) (sum (rest 1)))))

—When avg and sum have deep types, avg gets wrapped in a proxy at the boundary between
avg and its untyped clients. The proxy verifies that clients send only lists that contain only
real numbers. No such proxy wraps sum at the boundary between sum and avg, since the static
checks of the type system verify that avg always sends values of the correct type to sum.

—When avg and sum have shallow types, the compiler adds a check to the body of avg verifying
that 1 is a list, a check to the body of sum verifying that 1 is a list, and a check to the body of
sum verifying that the result of the first operation is a real number.

Notice that in the case of deep types, there is a single check verifying that 1 is a list, but in the
shallow case, there are two. This is because shallow-typed components do not offer any guarantees
about the values they pass to other components, so each component must check at runtime the
types of everything it receives from another component. A shallow-typed component’s checks are
designed to protect only itself, while a deep-typed component offers guarantees to other deep-typed
components about every value that enters its domain. When deep types are in use, the contract
on avg checks that the type associated with 1 is valid for the actual value passed into avg before
any part of avg starts to be evaluated, hence the guarantee that the value of 1 passed to sum is of
the correct type. Deep checks manifest as a high cost up front (at the type boundary) in order to
avoid costs within the typed code, whereas shallow checks have low costs at the boundary but
leave costs littered throughout typed code. In either case, the performance penalty can become too
high. If so, the developer faces a performance-debugging scenario.

One such performance-debugging scenario is found in the migration of the fsm program found
in the GTP benchmark suite [28, 34]. The program is the creation of Nguyen and Andreozzi
[54], economists interested in simulating an economy of agents with deterministic strategies.
Figure 1(a) shows the outline of the four-module program: auto implements deterministic agents
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deep

‘ auto ‘ mai_nl \ pop H util \ 2.9x slowdown

‘auto\ main \POP Hutil\

v
[auto][main][Pop |[util] 2.8x slowdown

shallow

(a) Adding deep or shallow types to one fsm module degrades performance.

Total cpu time observed: 1192ms (out of 1236ms) cpu time: 984 real time: 984 gc time: 155
Number of samples taken: 23 (once every 52ms) Running time is 18.17% contracts
253/1390 ms

Caller (interface:death-birth pop main)
Idx Total Self Name+src 142 ms
ms(pct) ms(pct) Callee (->% ((cons/c (vectorof automaton?)
(vectorof automaton?))
77?2 [12] any/c)
evolve [17] (#:random any/c)

[17] 818(68.6%) 0(0.0%) evolve main (cons/c (vectorof automaton?)
evolve [17] (vectorof automaton?)))
shuffle-vector [19] (interface:match-up* pop main)
death-birth [18] 81.5 ms
7?7 [20] > ...

(interface:population-payoffs pop main)
match-up* [22] 29 ms
shuffle-vector [19] > ....)

[24] 152(12.7%) 152(12.7%) contract-wrapper

(b) Statistical profiler output for the configuration where main has deep (c) Boundary profiler output for the same configuration.
types.

Fig. 1. Profiling during type migration.

as state machines; pop coordinates among machines; main drives the simulation; and util provides
helper functions.?

The configuration of fsm on the left of Figure 1(a) is fully untyped. If a developer adds deep
types to the main module, performance is significantly degraded. The mixed-typed configuration
suffers a 2.9x slowdown* compared to the untyped one. Switching to shallow types is a one-line
change to the module, but does not remedy the situation; the code still runs 2.8x slower than the
untyped version. At this point, the question is how to recover the performance of the untyped
configuration.’ Each option results in different kind of costs.

—One option is to roll back the addition of types. This requires the developer essentially to throw
away the effort and knowledge baked into those types and lose their hard-won type-soundness
guarantees.

— A second option is to add (deep or shallow) types to an arbitrary module connected to
main—following a “hunch” like developers sometimes do—but doing so can easily make things

3Focusing on just the modules of this program suffices because the migration granularity in Typed Racket is by-module
(each module can be typed or untyped).

“This article uses “slowdown” and “overhead” interchangeably, and both are expressed in terms of a multiplicative factor. If
configuration A takes 1second to run and configuration B takes 2.9 seconds to run, then configuration B is said to have
“2.9% slowdown” or “2.9x overhead” relative to configuration A.

5Using the untyped program as a baseline makes sense in this context because Typed Racket is a migratory language; that
is, it tacks a type system onto a fundamentally untyped language. If the experiment was dealing with a static-first language
as in the world of Grift [41], then using the fully untyped program as a baseline might be inappropriate.
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worse. For example, if one adds shallow types to the auto module, then performance degrades
further (a 9% slowdown, to be precise).

— A third option is to add deep types to every module. This removes all the type boundaries
from fsm, allowing it to run on par with the untyped configuration. It may in fact run faster
than the untyped configuration, if adding types allows the compiler to apply type-driven
optimizations. However, such a choice represents a heavy migration effort, which a developer
who wishes simply to fix main and deploy again may be reluctant to invest.

None of these options are compelling. Informed feedback is clearly needed for a solution that
recovers performance with a reasonable amount of effort and without discarding types.

The natural choice is to reach for a profiling tool to determine the source of the slowdown. Racket
fortunately comes with two such tools:

— A traditional statistical profiler, which identifies the time spent in function applications; and
— A boundary profiler, which attributes the cost of types-as-contracts to specific module bound-
aries [4, 72].

Both tools are potentially useful and potentially limited due to the mechanics of deep and shallow
types. Specifically, the contract-based enforcement of deep types should be a good match for the
boundary profiler, which attributes costs to contracts directly. In contrast, the cost of shallow checks
should be easier to find with the statistical profiler, since shallow checks add to the overall cost of a
function in a way that the boundary profiler is not able to see.

The bottom half of Figure 1 shows the output of the statistical profiler and the boundary profiler
for the top-right configuration of fsm in Figure 1(a) where main has deep types.

Statistical Profiler. Figure 1(b) lists two rows from the statistical profiler; the full output has 28
rows. The first row, labeled [17], covers a large percentage (68.6%) of the total running time, and it
refers to a function named evolve, which is defined in the main module. The line suggests that calls
from evolve to other functions account for a high percentage of the total cost. The second row,
labeled [241], says that a contract wrapper accounts for a significant chunk (12.7%) of the running
time. The caller of this contract, from row [19] (not shown) is the function shuffle-vector from
the pop module. Putting these clues together, the profiling output indirectly points to the boundary
between main and pop as a significant contributor to the overall cost.

This conclusion, however, is one of many that could be drawn from the full statistical profiler
output. Functions from the util module also appear in the output and may be more of a performance
problem than those from the pop module. Equally unclear is whether the column labeled Total,
which corresponds to the time spent executing a function call and every dependency of that call, is
a better guide than the column labeled Self, which corresponds to the time spent in a function
call excluding the time spent executing its dependencies. High total times point to a context that
dominates the expensive parts. High self-times point to expensive parts, but these costs might be
from the actual computation rather than the overhead of type-checking.

Boundary Profiler. Figure 1(c) shows nearly complete output from the boundary profiler; only two
contracts are omitted. This profiling output attributes 18.17% of the total running time to contracts,
specifically, to the contracts on the three functions whose names begin with an interface: prefix.
This prefix indicates proxies that wrap untyped functions used by typed components. The contracts
are displayed from most costly to least costly, and all three of the most costly contracts are between
main and pop. Since main is typed and pop is untyped, the hint is to add types to pop.
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Adding types to pop does improve performance. Concretely, the resulting configuration suffers
from a mere 1.2X slowdown. If this overhead is acceptable, the developer is done; otherwise, the
hunt should continue with another round of profiling, searching, and typing.

Summary. At first glance, the effort of eliminating a performance problem seems straightforward.
Several factors complicate the search. First, a developer has two typing options not just one. Second,
the output from profiling tools is complex. Even for this small program, the statistical profiler
outputs 100 lines; identifying the next step is hard. Finally, adding types to the profiler-identified
module may degrade the performance even more, in which case the developer may wish to give
up. In sum:

Navigating a migration lattice with 3N program configurations is a non-trivial effort, and devel-
opers deserve to know how well profiling tools help with this effort.

3 A Rational Approach to Navigation

When a performance-debugging scenario arises, the key question is how to modify the program to
improve performance. Profiling tools provide data, but there are many ways to interpret this data.
The rational-programmer method proceeds by enumerating possible interpretations and testing
each one independently.

To begin, the type migration lattice suggests two general ways to modify a program: add types
to an untyped component, or toggle a typed component from deep to shallow or vice versa. The
next question is which component to modify. Since profiling tools identify parts of the program
that contribute to performance degradation, the logical choice is to rank them using a relevant,
deterministic order and modify the highest-priority one.

Stepping back, these two insights on modifications and ordering suggest an experiment to
determine which combinations of profiling tool, ordering, and modification strategy help developers
make progress with performance debugging. To determine the best combination(s), developers
must work through a large and diverse set of performance-debugging scenarios. The result should
identify successful and unsuccessful strategies for ranking profiler output and modifying code. Of
course, it is unrealistic to ask human developers to faithfully follow different strategies through
thousands of scenarios. An alternative experimental method is needed.

The rational programmer provides a framework for conducting such large-scale systematic
examinations. It is inspired by the well-established idea of rationality in economics [36, 48]. In
more detail, a rational agent is a mathematical model of an economic actor. Essentially, it abstracts
an actual economic actor to an entity that, in a given transaction-scenario, acts strategically to
maximize some kind of benefit. These agents are typically bounded rather than perfectly rational
to reflect the limitations of human beings and of available information; they aim to satisfice [69]
their goal since they cannot make maximally optimal choices. Analogously, a rational programmer
is a model of a developer who aims to resolve problems with bounded resources. Specifically, it is
an algorithm that implements a developer’s bounded strategy for satisficing a goal, and thereby
enables a large-scale experiment. Developers can use the outcomes of an experiment to decide
whether “rational” behavior seems to pay off. In other words, a rational-programmer evaluation
yields insights into the pragmatic value of work strategies.

Experiment Sketch. In the context of profiler-guided type migration, a rational programmer
consists of two interacting pieces. The first is strategy-agnostic; it consumes a program, measures
its running time, and stops if the performance is tolerable. Otherwise, the program is a performance-
debugging scenario, and the second, strategy-specific piece comes into play. This second piece
profiles the given program—using the boundary profiler or the statistical profiler—and analyzes the
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results. It then modifies the program based on this analysis and hands the modified version of the
program back to the first piece of the rational programmer.

There are many strategies that might prove useful. A successful strategy will tend to eliminate
performance overhead, though perhaps after a few incremental steps. An unsuccessful strategy will
either degrade performance or fail to reach a fast configuration. Testing several strategies sheds
light on their relative usefulness. If one strategy succeeds where another fails, it has higher value. Of
course, the experiment may also reveal shortcomings of the profiling approach altogether—which
would demand additional research from tool creators.

4 The Design of the Rational-Programmer Experiment

Turning the sketch from the preceding section into a large-scale automated experiment requires
rigorous descriptions for both the strategies and the notion of a performance-debugging scenario.
As mentioned in the preceding section, given a scenario, a strategy identifies the next migration
step, which should yield either a program with acceptable performance or another performance-
debugging scenario. The preceding section also implies three possibilities for a migration step:
(1) add types and specify their enforcement regime (deep, shallow); (2) toggle from one regime
to another; or (3) abandon the search. Equipped with rigorous descriptions, the generic research
question posed in the introduction becomes a set of quantitative questions.

Section 4.1 presents the strategies. Section 4.2 characterizes performance-debugging scenarios,
which act as starting points for the migration process. Based on this description, it also lays out
success and failure criteria. Finally, Section 4.3 formulates the precise experimental questions and
the experimental procedure that answers them.

4.1 The Rational-Programmer Strategies

Every program P is a collection of interacting components c. Some components have deep types,
some have shallow types, and some are untyped. Independently of their types, a component c;
may import another component cz, which establishes between them a boundary across which they
exchange values at runtime. Depending on the existence and enforcement approach of types at each
side of the boundary, a value exchange might trigger run-time checks, which degrade performance.

A rational-programmer strategy should thus aim to identify and eliminate the most costly checks
in a program. In rigorous terms, a rational-programmer strategy is a function that consumes a
program P and returns a set of pairs (c, t). Here c identifies a program component; ¢ is either deep
or shallow. Each such pair prescribes a modification of P. For instance, if a strategy returns the
singleton set with the pair (c, deep), then the strategy proposes a new variant of P where component
¢ has deep types; if c is already typed, the strategy just requests toggling from shallow to deep.
Profiler-dependent strategies use a profiler on P to generate the set of pairs, while profiler-agnostic
strategies generate the set without using a profiler. An empty set indicates failure.

Basic Strategies. Table 1 describes six basic strategies that rational programmers may use. These
strategies are all profiler-dependent, but they differ at two levels: how to use profiler data to identify
costly boundaries and how to modify such boundaries.

At the first level, the basic strategies choose a profiler and (when necessary) an ordering for
its output. The profiler is either boundary or statistical (Section 2). With the boundary profiler,
the output is a list of boundaries ordered by cost, so there is no need for the rational programmer
to choose an ordering. With the statistical profiler, the output is a list of procedure applications,
each with two types of costs: the total time spent executing the call and its dependencies, and the
self -time spent in the call, which excludes dependencies. Because both costs are potentially useful,
the rational programmers choose one of them. After ranking the applications by one of these two
metrics, the rational programmers must identify a boundary. They start with the costliest-ranked
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Table 1. How the Basic Strategies Find and Modify Slow Boundaries

Profiler Modification Abbreviation Description
Deep [BP.D] Uses the boundary profiler to identify the most expensive
boundary in the program. Recommends that both sides of
Boundary the target boundary obtain deep types.
Shallow [BP.S] Uses the boundary profiler to identify the most expensive

boundary in the program. Recommends that both sides of
the target boundary obtain shallow types, unless the
boundary is between an untyped module and a deep-typed
module, in which case the typed side is changed to shallow,
and the untyped side is left unchanged.

Deep [SP.D] Uses the statistical profiler to identify the component ¢, that
contains the application with the highest self-time in the
program and that has a boundary with at least one

Statistical(self) component c, that has stricter types than ¢;. Recommends
deep types for c; and c;.

Shallow [SP.S] Like statistical(self) deep, with shallow types for ¢, cp. If
one of ¢y, ¢, is typed and the other is deep-typed, then the
deep-typed component is changed to be shallow-typed, and
the untyped component is left unchanged.

Deep [TP.D] Like statistical(self) deep with total in place of self

Shallow [TP.S] Like statistical(self) shallow with total in place of self

Statistical(total)

application and seek a boundary between the enclosing component and a component with stricter
types (since the types at those boundaries incur run-time checks). Here, deep is stricter than shallow,
and shallow is stricter than untyped. If the strategy cannot identify such a boundary, it moves
to the next-ranked application. If there are no applications remaining, the strategy returns the
empty set.

At the second level, the basic strategies differ in how they migrate the two sides of their target
boundary. Strategies that are deep turn the types on both sides of the boundary to deep. On the one
hand, this action eliminates the cost of the boundary and enables type-driven optimizations in both
components. On the other hand, it may also create costly boundaries to other components in a kind
of ripple effect with potentially disastrous costs. By contrast, shallow strategies choose shallow
types for both sides of the target boundary, unless the boundary is between a typed component
and an untyped component, in which case the typed side becomes shallow and the untyped side is
left unchanged. The rationale behind this choice is that changing a component from deep-typed
to shallow-typed may lower the cost of that component’s boundaries without the risk of a ripple
effect.
1~ Greenman et al. [31] use the terminology of “optimistic” and “conservative” strategies. “Opti-
mistic” strategies are the same as this article’s deep strategies. “Conservative” strategies differ from
shallow strategies in the way they treat boundaries where one side is deep-typed and the other side
is untyped. Specifically, “conservative” strategies turn both sides to shallow types, while shallow
strategies turn only the deep side to shallow and leave the untyped side untouched.

Baseline Strategies. An experiment must include a baseline, i.e., the building block for a null
hypothesis. Since profilers are the focus of this experiment, baselines must be profiler-agnostic. If
strategies that ignore profiler data do worse than profiler-dependent strategies, then feedback from
the profiler evidently plays a meaningful role. Otherwise, comparisons among profiler-dependent
strategies are meaningless.
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Table 2. The Profiler-Agnostic Strategies Used as Baselines

Strategy Abbreviation Description

Random deep Ran.D Chooses a random boundary from the set of all boundaries where
each side has a different type strictness. Recommends that both
sides of the selected boundary obtain deep types.

Random shallow Ran.S Chooses a random boundary from the set of all boundaries where
each side has a different type strictness. Recommends that both
sides of the selected boundary obtain shallow types.

Toggling Tog Changes all typed modules to be deep-typed and tests the
performance, then changes all typed modules to be shallow-typed
and tests the performance. Chooses whichever one of these two
configurations is better.

Table 2 lists the profiler-agnostic strategies used as baselines for the experiment. The first two,
random deep and random shallow, aim to invalidate the null hypothesis with random choices.
Specifically, random deep picks a random boundary with types of different strictness and updates
the sides of the boundary in the same way as the deep strategies. Random shallow picks a random
boundary with types of different strictness and updates the sides of the boundary in the same way
as the shallow strategies. The second profiler-agnostic strategy, toggling, is due to Greenman [27]
and serves as a point of comparison to that prior work. It modifies all typed components to use the
same checks, deep or shallow, depending on which regime gives the best performance. It never
adds types to an untyped component, which means this strategy has only one chance to improve
performance.

Type-Aware Strategies. While the basic strategies ignore the cost of writing type annotations for
an untyped component, developers do not. Adding types to an entire module in Typed Racket may
require a significant effort. Similarly, the likelihood of ripple-effect costs depends on the number of
typed components in the program. With few types, the cost of introducing one component with
deep types may be very high; with many types, the chance of a ripple effect is probably low. Hence,
the experiment includes strategies that take into account the types currently in the program before
choosing how to respond to profiler data.

Table 3 lists these type-aware strategies, which are all profiler-dependent. The cost-aware strategies
rank the cost of boundaries in terms of the labor needed to equip the two components with types
in addition to the costs reported by the profiler. They give priority to those boundaries that involve
components that are already typed. For those, migration just means toggling their type enforcement
regime, which is essentially no labor. The configuration-aware strategies combine deep or shallow in
an attempt to avoid ripple effects. When less than half of the components have types, they choose
shallow, and when 50% or more have types, they choose deep. The theory behind the configuration-
aware strategies is that sparsely typed configurations get more performance benefit shallow types
than mostly or fully typed configurations, but this threshold of 50% is arbitrarily chosen.

Second-Chance strategies. The profiler-dependent strategies presented so far get stuck when the
profiler does not provide any useful information. In this case, a developer may reach for another
profiler. For example, the boundary profiler may fail to identify any boundaries as being costly or
pin the cost on a boundary between a typed component of the program and an untyped library.
Since the library is outside the developer’s control, the information is not actionable. In these types
of cases, the developer may choose to switch their strategy entirely, in hopes of navigating beyond
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Table 3. The Type-Aware Strategies, Which Use Profiler Data and Current Types to Modify a Boundary

Profiler Modification Abbreviation  Description

Cost-aware deep $ ([BP.D]) Splits the boundaries in the program to those between
typed components and the rest. Delegates to
boundary deep to produce a modification for the

Boundary program, but ranks boundaries in the first group
higher than those in the second group.

Cost-aware shallow  $ ([BP.S]) Like boundary cost-aware deep, but delegates to
boundary shallow.

Configuration-aware #([BP.S]/[BP.D]) If less than 50% of components in the program have
types, delegates to boundary shallow. Otherwise,
delegates to boundary deep.

Cost-aware deep $ ([SP.D]) Delegates to statistical(self) deep to produce a
modification for the given program, but prioritizes
boundaries between typed components when

Statistical(self) determining which boundary to modify.

Cost-aware shallow  $ ([SP.S]) Like statistical(self) cost-aware deep, but delegates to
statistical(self) shallow.

Configuration-aware #([SP.S]/[SP.D]) Like boundary configuration-aware, but delegates to

statistical(self).
Cost-aware deep $ ([TP.D]) Like statistical(self) cost-aware deep, but delegates to
statistical(total) deep.
Statistical(total) Cost-aware shallow  $ ([TP.S]) Like statistical(self) cost-aware deep, but delegates to

statistical(total) shallow.
Configuration-aware #([TP.S]/[TP.D]) Like boundary configuration-aware, but delegates to
statistical(total).

their current dead end. For this reason, the experiment includes strategies that switch to a backup
strategy when needed.

Table 4 lists these second-chance strategies, which switch between a primary and secondary
strategy. The strategies form two groups based on when switches happen. Strategies in the first
group, flip, attempt to use the secondary strategy for as many steps as possible after the primary
strategy gets stuck and return to the primary strategy only when the secondary gets stuck. Strategies
in the second group, one-try, resort to the secondary strategy to make the next step when the
primary strategy gets stuck, and revert back to the primary strategy after that step.
1"Greenman et al. [31] do not consider these second-chance strategies.

4.2 Navigation of Migration Lattices

This rational-programmer experiment demands a corpus of programs where every module is
available in two flavors: typed and untyped. Since mechanically adding types to untyped code is
an open and challenging problem,® it makes sense to draw such a corpus from a benchmark suite
where humans have already chosen type annotations. The established GTP benchmarks [28, 34]
vary in size and complexity, embody a wide range of Racket programming styles, and come with
well-chosen type annotations for all their components. Hence, the migration lattices can be pre-
constructed for all benchmarks. It is thus possible to apply a strategy to any performance-debugging

%See An et al. [3], Campora et al. [9, 10], Castagna et al. [12], Chandra et al. [13], Cristiani and Thiemann [15], Furr et al.
[20, 21], Garcia and Cimini [22], Jesse et al. [38], Kristensen and Mgller [40], Malik et al. [46], Migeed and Palsberg [47],
Miyazaki et al. [49], Phipps-Costin et al. [56], Rastogi et al. [57], Saftoiu [62], Siek and Vachharajani [68], Wei et al. [82], Yee
and Guha [84]. For any untyped component, a migrating developer has to choose type annotations from among a potentially
infinite number of possibilities. To make a rational-programmer experiment computationally feasible, it is necessary to
avoid this dimension.
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Table 4. Second-Chance Strategies that Change Behavior When Boundary Deep Fails

Strategy Abbreviation Description

Statistical(self) flip F([BP.D]/[SP.D])  Like boundary deep, but the first time it gets stuck, it switches to
statistical(self) deep. Here, stuck means that the profiler does not
produce any actionable information. If statistical(self) deep gets
stuck, the strategy switches back to boundary deep and so on.

Statistical(total) flip F([BP.D]/[TP.D]) Like boundary deep, but the first time it gets stuck, it switches to
statistical(total) deep. If statistical(total) deep gets stuck, the
strategy switches back to boundary deep and so on.

Random flip F([BP.D]/[Ran.D]) Like boundary deep, but the first time it gets stuck, it switches to
random deep. Random deep never gets stuck, so the strategy
continues to use random deep from that point onward.

Statistical(self) one-try ~ 1([BP.D]/[SP.D])  Like boundary deep but whenever it gets stuck, it uses
statistical(self) deep to choose the next migration step. After that
one choice, it switches back to boundary deep. This process
repeats.

Statistical(total) one-try 1([BP.D]/[TP.D])  Like boundary deep but whenever it gets stuck, it uses
statistical(total) deep to choose the next migration step. After that
one choice, it switches back to boundary deep. This process
repeats.

Random one-try 1([BP.D)/[Ran.D]) Like boundary deep but whenever it gets stuck, it uses random
deep to choose the next migration step. After that one choice, it
switches back to boundary deep. This process repeats.

scenario in a program’s migration lattice and use the strategy’s recommendations to chart a path
through that lattice.

Intuitively, a rational programmer using strategy S attempts to convert a program P into a
program P, in a step-wise manner. Each intermediate point P; from Py to Py, is the result of applying
the S to its predecessor. The rational programmer thus constructs a migration path, a sequence of
programs Py, ..., P, inside a migration lattice. A migration path ends if a rational programmer’s
strategy cannot make a recommendation.

The Migration Lattice. All programs P; are nodes in the migration lattice L[[P;]], where P; is like
P; except that all of its components are deep-typed.” Each component in P; might have deep types
like P;, shallow types, or no types at all. The bottom element of L[[P;]] is P,, the untyped program.
The lattice consists of levels of incomparable configurations. Every configuration at the same level
has the same number of typed components. The 3" nodes of L[[P,]] are ordered; P; < P; if the
untyped components in P; form a subset of those in P;.

A migration path corresponds to a collection of configurations P;, 0 < i < n, such that P; < Pj4;.
This statement is the rigorous equivalent to the description from the preceding section that strategies
either add types to a single previously untyped component or toggle the type enforcement regime

"There are many possible choices for the exact type annotations of P;, and each denotes a unique lattice. By contrast, basing
a lattice on an untyped program (L [[ Py ]]) would be ambiguous without a pre-determined set of types.
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of existing typed components.® In other words, a migration path is a weakly ascending chain in

L[[P:]].

Performance-Debugging Scenarios and Success Criteria. Completing the description of the experi-
ment demands answers to two more questions. The first concerns the selection of starting points
for the strategy-driven migrations, i.e., the performance-debugging scenarios. The question is which
configurations qualify as slow. Let per f(P;) denote the running time of a program P;. Since type
checks are the source of performance overhead, the appropriate way to measure costs is to compare
the performance of a configuration P to the performance of the untyped configuration P,,:

Given a migration lattice L[[P;]], a performance-debugging scenario is a configuration P such
that per f(P) > T - perf(P,), where T is the maximum acceptable performance degradation.

The second question is about differentiating successful from failing migrations. Strictly speaking,
performance should always improve, otherwise the developer may not wish to invest any more
effort into migration. In the worst case, performance might stay the same for a few migration steps
before it becomes acceptable:

A migration path Py ... P, in a lattice L[[P;]] is strictly successful iff

(1) Py is a performance-debugging scenario,

(2) perf(Pp) <T - perf(Py), and

(3) forall 0 < i< n,perf(P;) < perf(Pi1).
To achieve strict success, following a strategy must monotonically improve performance.

An alternative to strict success is to tolerate occasional setbacks. Accepting that a migration path
may come with k setbacks where performance gets worse, a k-loose success relaxes the requirement
for monotonicity:

A migration path Py ... P, in a lattice L[[P,]] is k-loosely successful iff

(1) Pg is a performance-debugging scenario,

(2) perf(Pn) <T - perf(Py), and
(3) forall 0 < i < n with at most k exceptions, per f (P;) < 0mi_n_perf(Pj) equivalently: |{i | 0 <
<Jj<i

i<n:perf(P;) > min perf(P;)}| <k.
0<j<i
The construction of a k-loose successful migration path allows for temporary performance degra-

dations. The constant k is an upper bound on the number of degradations.
A patient developer may tolerate an unlimited number of setbacks:

A migration path Py . .. P, is N-loosely successful iff
(1) Py is a performance-debugging scenario, and

(2) perf(Pn) <T - perf(Py).

4.3 The Experimental Questions

Equipped with rigorous definitions, it is possible to formulate the research questions precisely. The
first two questions, Qx and Qx/y, are the primary focus of this article and concern the success rate
of a strategy X, both in absolute terms (Qx) and in comparison with another strategy Y (Qx/y). The
third question, Qp([BP.D]), zeroes in on a cost-aware strategy and its non-cost-aware counterpart

8No strategy, including the profiler-agnostic ones, modifies a boundary where both sides are untyped.
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as a preliminary exploration of how different strategies compare in terms of the programmer labor
they require.
The first two experimental questions, which we explore for every strategy, are as follows:

Qx How often does strategy X chart successful migration paths?
Ox/y Does strategy X chart successful migration paths more often than strategy Y?

Answering Qx boils down to determining, for every typed program P;, the proportion of successes
to failures of X across the performance-debugging scenarios in L[[P,]]. Since lattice size varies
significantly across different programs, and since bigger lattices tend to contain more performance-
debugging scenarios, it is important to ensure that larger lattices do not have undue weight on
the answer. Dividing each lattice’s success count by its total number of performance-debugging
scenarios and averaging this proportion across all lattices provides a better general picture of a
strategy’s successfulness than summing up the raw success counts across all lattices does.

15~ Greenman et al. [31] aggregate successes and failures across all lattices rather than calculating
the average success rate per lattice. This inevitably biases the answers by giving more weight to
large lattices.

Using this average-based definition, a successful strategy X charts migration paths that are
strictly successful for a high proportion of scenarios on average across all lattices. Essentially, a
high proportion is evidence that when a rational programmer reacts to profiler feedback following
X, it is likely to improve performance.

The above description uses the strict notion of success, which sets a high bar. To meet this
standard, not only must the strategy guide the rational programmer to a configuration with a
tolerable level of performance, but it must also bring the rational programmer monotonically closer
to the target with each suggestion. Replacing the notion of strict success with k-loose success
relaxes this high standard, and offers answers to Qx when allowing for some bounded flexibility in
how well the intermediate suggestions of X help the rational programmer. For completeness, the
next section also reports the data collected for the notion of N-loose success.

While Qx evaluates a strategy X in absolute terms, Qx,y considers the value of X relative to
some other strategy Y. This second question asks whether the average proportion of scenarios
where X succeeds and Y fails is higher than the average proportion of scenarios where Y succeeds
and X fails. Of course, the answer may not be clear-cut, as X and Y may do equally well or have
complementary success records. In such a situation, it is illuminating to analyze whether X does
better than Y in scenarios coming from different lattices, or whether they instead succeed and fail
in the same cases.

When X is profiler-dependent, Y is profiler-agnostic, and the answer to Qx/y is positive, the
experiment provides evidence against the null hypothesis. Such an answer suggests that X owes its
success not to sheer luck or guesswork, but to information it gained from the profiler.

In sum, the rational-programmer process for answering Qx and Qx/y rests on the following
experimental plan:

(1) Create a large and diverse corpus of program lattices.
(2) Calculate the migration paths for each strategy for each scenario in each lattice.
(3) Compare the successes and failures of the strategies.

Isn’t Gradual Typing Dead? Although Takikawa et al. [74] show that many configurations of the
GTP benchmarks run slowly, they do not answer Qx and Qx/y—even in the N-loose case. Greenman
et al. [34] attempt to investigate an N-loose version of Qx in a 2V lattice but severely limit the
length of paths. Greenman [27] considers longer paths, but only those that start from the untyped
configuration and end at a fully typed configuration. Neither study tests whether configurations
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that have significant slowdowns can be systematically transformed into ones with acceptable
performance (say: 80x — 70x — 20x — 1x). That said, without the rational-programmer method,
it is by no means clear how to examine such questions in a principled manner.

Our third research question, Qus([BP.D]), is an approximation and instantiation of the general
question Qg (X):

Q3(X) Does the cost-aware version of strategy X require less programmer effort than its non-
cost-aware equivalent?

This question is built on the idea that some updates are “easier” than others. For instance, switching
a shallow-typed module to deep is easy because it only requires a user to change one line of code.
Adding deep or shallow types to an untyped module, on the other hand, likely requires a large
amount of effort. The programmer has to read or re-read the code, think about what types the code
should have, and write in the type annotations. The idea behind the cost-aware strategies is that
they prefer “easier” updates, which means that if the success rate of a cost-aware strategy is similar
to its non-cost-aware sibling, then it is in theory preferable to that sibling because the developer
does not have to do as much work when following it. Qs(X) asks whether cost-aware strategies
demonstrate this work-saving effect in practice.

To make Qg(X) concretely answerable, we must choose a way to quantify the programmer effort
of any given migration path. The question of how much effort a programmer must expend to add
types to a given module is nebulous. One might use the number of lines of code in the module as a
proxy, or perhaps the number of characters, unique identifiers, functions, higher-order functions,
and so on. To avoid this complexity, we assume that adding types to each module in a benchmark
requires approximately the same amount of time and effort. The question then becomes:

Om(X) Does the cost-aware version of strategy X make programmers add type annotations to
fewer modules than its non-cost-aware equivalent?

Attempting to summarize an answer to this question across 16 benchmark programs and 6 pairs of
cost-aware/non-cost-aware strategies is a challenge. The number of modules to which it is possible
to add types varies with how close the starting scenario lies to the top of the lattice, so one must be
careful when comparing this metric across different benchmarks, or even across starting points
in the same benchmark. A fair comparison between any two strategies requires an in-depth look
stratified by benchmark and lattice level. Hence, to compare all six cost-aware strategies with their
non-cost-aware counterparts is a sizeable task. Instead, we choose one such pair to compare in
detail:

Oum([BP.D]) Does the boundary cost-aware deep strategy make programmers add type annota-
tions to fewer modules than the boundary deep strategy?

To answer this question, we will calculate the number of modules to which developers have to add
types, averaged across all the paths in each group defined by the following characteristics: strategy
(boundary deep vs. boundary cost-aware deep), benchmark, lattice level, and success (i.e., whether
the strategy achieves strict success or not). We will then look for trends in the comparison of each
boundary deep number to its corresponding boundary cost-aware deep number.

5 Results

Running the rational-programmer experiment requires a large pool of computing resources. To
begin, the experimental setup demands reliable measurements for all complete migration lattices.
Then, the rational programmers need to use the measurements to compute the outcome of navigating
the lattices following each strategy starting from every performance-debugging scenario.
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Table 5. Details of Data-Collection Runs

Data Collected Server  Racket Typed Racket

Runtimes and profiles (dungeon) c220g2 v8.6.0.2 [cs] 29ea3clo

Runtimes and profiles (morsecode) m510 v8.6.0.2 [cs] 700506ca (cherry pick)
Runtimes (all other benchmarks) c220g1 v8.6.0.2 [cs] Default

Profiles (all other benchmarks) m510 v8.6.0.2 [cs] Default

This section starts with a description of the measurement process (Section 5.1). Sections 5.2
and 5.3 explain how the outcome of the experiment answers the two research questions from the
preceding section. Section 5.5 presents a close look at the results for the best-performing strategy,
and Section 5.6 looks at results for alternative values of the maximum acceptable performance
degradation T. Section 5.7 examines results when paths’ starting points are filtered according to
various criteria.

5.1 Experiment

The experiment uses the v7.0 release’ of the GTP Benchmarks with some small restructurings to
help the boundary profiler attribute costs correctly. These restructurings do not affect the run-time
behavior of the programs; see Appendix A for details. Also, the experiment omits 4 of the 21
benchmarks: zordoz, because it currently cannot run all deep/shallow/untyped configurations due
to a known issue;!° gregor, quadT, and quadU because each has over 1.5 million configurations,
which makes it infeasible to measure their complete migration lattices; and sieve because it has
just two modules.

Measurements. The ground-truth measurements consist of running times, boundary profiler
output, and statistical profiler output. Collecting this data required three basic steps for each
configuration of the 16 benchmarks:

(1) Run the configuration once, ignoring the result, to warm up the JIT. Run eight more times to
collect CPU times reported by the Racket time function.

(2) Install the boundary profiler and run it once, collecting output.

(3) Install the statistical profiler and run it once, collecting output.

The large scale of the experiment complicates the management of this vast measurement collec-
tion. The 12,77,694 measurements come from 1,16,154 configurations. Table 5 shows the division of
work across servers from CloudLab [16]. Each server ran a sequence of measurement tasks and
nothing else; no other users ran jobs during the experiment’s reservation time. Table 6 gives the
specifications of the machines used. In total, the results take up 5 GB of disk space. Measurements
began in July 2022 and finished in April 2023.

For all but two benchmarks, the measurements used a recent version of Racket (v8.6.0.2, on Chez
[19]) and the Typed Racket that ships with it. The exceptions are dungeon and morsecode, which
pulled in updates to Typed Racket that significantly affected their performance.!! Fixing these

https://github.com/utahplt/gtp-benchmarks/tree/v7.0.
Ohttps://github.com/utahplt/gtp-benchmarks/issues/46.
1See https://github.com/racket/typed-racket/pull/1282 and https://github.com/racket/typed-racket/pull/1316.
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Table 6. Server Details

Server  Site CPU Speed RAM  Disk

c220g1 Wisconsin 2.4GHz 128 GB 480 GB SSD
c220g2 Wisconsin 2.6 GHz 160 GB 480 GB SSD
m510 Utah 2.0GHz 64 GB 256 GB SSD

issues was not necessary for the rational-programmer experiment per se, but makes the outcome
more relevant to current versions of Racket.

Dealing with Sampling Error. In the mathematical world of Section 4.2, comparing the running
times of two configurations P, and P is straightforward, since every configuration can be thought
of as having exactly one runtime; perf(P;) < perf(P,) if and only if the runtime associated with
P; is a smaller number than the runtime associated with P,. But when there are multiple samples
associated with P; and multiple samples associated with P, the truth value of per f (P1) < perf(P;)
becomes potentially ambiguous, especially if there is overlap between the ranges of the two sample
sets. To clarify this ambiguity, our experiment relies on a statistical-significance-based definition
of <. We define perf(P1) < perf(P2) to be true for a given pair of samples if and only if (A) the
sample mean for P; is less than the sample mean for P;, and (B) a Welch’s t-test finds with 95%
confidence that there is a significant difference between the two population means.

A similar test is applied to determine the truth value of perf(P;) < T - perf(P;) for some
constant T. The statement is considered to be true if and only if (A) P;’s sample mean is less than
or equal to the result of multiplying P,’s sample mean by T, or (B) a 95%-confidence Welch’s t-test
does not find there to be a significant difference between the two population means. Importantly,
the t-test does not take the constant T into account at all. Doing so is unnecessary because in every
version of our experiment, T > 1, and as T grows, the t-test becomes less and less important, since
(A) becomes true for more and more pairs of samples. Thus, there is no need to modify the t-test
for alternate values of T; the t-test adjudicates the edge cases when T is close to 1 and fades in
importance when T is larger.

This redefinition of < and < necessitates another look at the usage of min in the definition
of k-loose success in Section 4.2. Since < is no longer a partial order, min in this context is ill-
defined. The solution is to replace ming<j<; perf(P;) with best-perf(i — 1), where best-perf(j) =

perf(P;) if j =0 or perf(P;) < best-perf(j — 1)
best-perf(j — 1) otherwise.

This definition clarifies the order by which configurations are tested to be the best-performing-
so-far. It corresponds to an algorithm that starts with the first configuration in the path and scans
the path in order, replacing the best-so-far configuration P, with the configuration currently being
scanned P, whenever P, < P,
1~ Greenman et al. [31] use a different method to judge whether perf(P;) < perf(P;) should be
considered true. In their setup, perf(P;) < perf(P,) if and only if m; + s; < my — s, where my
and s; are the sample mean and sample standard deviation of Py, and m; and s, are the sample
mean and sample standard deviation of P,. The method this article uses is more closely aligned
with standard statistical practices.

Basic Observations. Table 7 displays statistics summarizing the recorded run-time data for each
benchmark’s fully untyped configuration. Table 8 shows the number of modules in each benchmark,
the number of configurations implied by that number of modules, and the percentage of these
configurations with bad enough performance to be considered performance-debugging scenarios.

ACM Transactions on Programming Languages and Systems, Vol. 48, No. 1, Article 1. Publication date: March 2026.



Navigating Mixed-Typed Migration with Profilers

Table 7. Sample Statistics for Absolute Runtimes, in Milliseconds, of Each Benchmark Program’s
Untyped Configuration (Eight Samples Each)

Benchmark Sample Min Sample Mean Sample Max Sample Standard Deviation

morsecode
forth

fsm
fsmoo
mbta
zombie
dungeon
jpeg
Inm
suffixtree
kcfa
snake
take5
acquire
tetris
synth

2,679
15
324
599
1,338
65
127
304
524
3,589
1,063
680
674
417
665
406

2,727.2
15.1
325.6
604.5
1,361.2
68.0
130.6
311.2
538.5
3,642.1
1,091.9
688.4
703.0
427.2
671.5
416.4

2,800
16
327
622
1,430
70
136
319
552
3,700
1,174
699
737
437
681
433

44.52
0.33
1.11
6.98

27.62
1.87
291
5.97

10.28

34.75

32.72
6.02

17.99
7.22
4.30
8.25

Table 8. The Percentage of the 3V Configurations that Are Performance-Debugging Scenarios

Benchmark N

3N 9 Scenario

morsecode
forth

fsm

f'smoo
mbta
zombie
dungeon
jpeg

4
4
4
4
4
4
5
5

81
81
81
81
81

(NI £
g
w W

86.42%
95.06%
77.78%
83.95%
88.89%
91.36%
99.59%
94.65%

Benchmark N 3NV % Scenario
Inm 6 729 41.56%
suffixtree 6 729 98.49%
kcfa 7 2,187 93.51%
snake 8 6,561 99.98%
take5 8 6,561 99.95%
acquire 9 19,683 99.34%
tetris 9 19,683 96.17%
synth 10 59,049 99.99%

1:19

Yellow rows represent benchmarks where the percent-
age of configurations that are performance-debugging

scenarios is under 80%.

These measurements confirm that the GTP benchmarks are suitable for the rational-programmer
experiment. With T = 1 as the goal of migration (T, introduced in Section 4.2, is the maximum ac-
ceptable performance degradation), all but two benchmarks have plenty of performance-debugging
scenarios. Going by configurations rather than benchmarks, more than 98% of all configurations

are interesting starting points for the experiment.

5.2 Answering Ox

Figure 2 presents the success rates of the 23 strategies from Section 4.1, averaged across the 16 GTP
benchmark programs listed in Table 8. It answers research question Qx from Section 4.3.

Each stacked bar in Figure 2 corresponds to a different strategy. Concretely, the bars report a
strategy’s success rate for increasingly loose notions of success when T = 1. The lowest, widest
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Fig. 2. Average success rates for T = 1. Yellow represents the boundary profiler, while blue and orange
represent the statistical profiler. Pink represents the lack of a profiler.

part of each bar represents the percentage of scenarios where the strategy achieves strict success.
The next three levels represent 1-loose, 2-loose, and 3-loose success. The thinnest bar is for N-loose
successes. The strategies result in a wide range of success rates:

— Deep (“D”) modification performs moderately well when guided by the boundary profiler,
finding strict success slightly over 30% of the time. With a 2-loose relaxation, success rises to
around 40%. The results are worse, however, with statistical(total) or statistical(self) profiling,
both of which stay within the 20-25% range.

— Cost-aware deep (“$(D)”) is almost as successful as deep when driven by boundary and equally
successful with statistical(total) and statistical(self).

— Shallow (“S”) modification is successful in under 5% of cases, no matter which profiler
guides it.

— Cost-aware shallow (“$(S)”) modification is just as unsuccessful as shallow.

— Configuration-aware (“4(S/D)”) has a success rate 2-3% lower than deep’s across the board.

— All of the flip (“F(- - -)”) strategies perform better than the basic, cost-aware, and configuration-
aware strategies. In particular, the random flip (“F([BP.D]/[Ran.D])”) strategy fares the best in
this group, with a success rate above 40% for strict success, and above 50% for 2-loose success.
(The success rates for random flip are averaged across 10 trials. The standard deviation of each
percentage was low: under 0.4% for each success rate.)

—Each of the one-try (“1(- - -)”) strategies perform similarly well when compared to its analogous
flip strategy. Random one-try (“1([BP.D]/[Ran.D])”) is once more the best of the group. (The
success rates for random one-try are calculated as for random flip, and just as for random flip,
the standard deviation of each rate calculated was under 0.4%.)

—The random deep (“Ran.D”) strategy does quite well on its own, achieving nearly 40% success
without any profiler. It achieves 2-loose success over 50% of the time. The random shallow
(“Ran.S”) strategy does just as poorly as the other shallow strategies, achieving success in
less than 5% of cases. (As with random flip and random one-try, these results are the average
success rates across 10 trials, and have standard deviations under 0.4%.)

— Toggling (“Tog”) achieves strict success about 20% of the time. The other notions of success do
not apply to toggling because it stops after one step.
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Table 9. How Many Scenarios Can Possibly Reach 1x without Removing Types?

Benchmark  # Scenario % Hopeful

Benchmark # Scenario % Hopeful

1nm 303 100.00%
morsecode 70 100.00% suffixtree 718 100.00%
forth 77 6.49% kefa 2,045 100.00%
fsm 63 100.00% snake 6,560 0.00%
f'smoo 68 100.00% takes 6,558 0.00%
mbta 72 0.00% acquire 19,553 4.44%
zombie 74 35.14% tetris 18,930  100.00%
dungeon 242 0.00% synth 59,046  100.00%
ipeg 230 100.00%

Red rows represent benchmarks with no hopeful sce-
narios.

100%+ -

Hopeful only
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Fig. 3. Average success rates for T = 1, hopeful only.

Omitting Hopeless Scenarios. From the perspective of type migration, some scenarios are hopeless.
No matter what recommendation a strategy makes for the boundary-by-boundary addition of types
to these scenarios, the performance cannot improve to the T = 1 goal.

Table 9 lists the number of scenarios in each benchmark and the percentage of hopeful ones. A
low percentage in the third column (labeled “% Hopeful”) of this table means that the experiment is
stacked against any rational programmer. For several benchmarks, this is indeed the case. Worst of
all are mbta, dungeon, snake, and take5, which have zero hopeful scenarios. Three others are only
marginally better: forth, zombie, and acquire.

Figure 3 therefore revisits the measurements reported in Figure 2, focusing on hopeful bench-
marks and scenarios only. If there is no possible migration path from a performance-debugging
scenario to a configuration with a tolerable overhead, the scenario is excluded as hopeless. As
before, the results for random flip, random one-try, random deep, and random shallow are the average
across 10 runs. The standard deviations of each metric are higher than before, but remain under
0.8% for all three of these strategies.

Every strategy performs better when zeroing in on these hopeful scenarios, but all of the trends
from Figure 2 remain the same. The second-chance strategies still do the best, with random flip and
random one-try achieving strict success rates over 60% and a 3-loose success rates close to 80%. The
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Fig. 4. Random one-try vs. the rest, strict success: losses (red bars) and wins (green bars) on all scenarios.

shallow and cost-aware shallow strategies still do the worst, with N-loose success less than 10% of
the time.

5.3 Answering Ox/y

The preceding subsection hints at how the strategies compare to each other. Random one-try and
random flip are the most likely to succeed on an arbitrary performance-debugging scenario. The rest
of the second-chance strategies are less likely to succeed. Deep, cost-aware deep, and configuration-
aware strategies follow. The shallow strategies are least likely to find a successful configuration no
matter what profiler they use.

Between random one-try and random flip, the former is preferable for a couple of reasons. First,
each success rate for random one-try has a lower standard deviation than random flip across 10
trials. This means that, while the two strategies have an approximately equal chance of success on
average, random one-try’s success rate is more dependable than random flip’s. Additionally, random
one-try resorts to random chance less often. Unlike random flip, it avoids asking developers to
make arbitrary choices unless no other option is available. For these reasons, we designate random
one-try to be the recommended strategy.

The question remains of whether there are particular cases in which the other strategies succeed
and random one-try fails. To address it, Figure 4 compares the random one-try strategy to all others.
It thus answers question Qx/y. The x-axis lists all 23 strategies, including random one-try itself
(fourth from the right, labeled as 1([BP.D]/[Ran.D])). The y-axis reports average proportions of
scenarios per lattice. For each strategy, there are at most two vertical bars. The height of a green
bar denotes the average proportion of scenarios per lattice where random one-try succeeds and the
other fails. The height of a red bar reports the reverse; that is, the average proportion of scenarios
per lattice where random one-try fails and the other strategy succeeds. Ties do not count; hence,
the red and green bars do not combine to 100%.

The tiny red bars and tall green bars give a negative answer to the question of whether random
one-try performs worse in a significant number of cases. Other strategies rarely succeed where
random one-try fails. The strategy that fares the best on this front is foggling, but the number of
scenarios where random one-try succeeds and toggling fails dwarfs the number of scenarios where
toggling succeeds and random one-try fails. Thus, random one-try is still much more successful than
toggling, even though there are a small number of cases where toggling finds success and random
one-try does not.

5.4 Answering Qy ([BP.D))

Tables 10 and 11 compare the average (mean and median, respectively) number of modules for
which a developer is forced to come up with types when using the boundary deep and boundary
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cost-aware deep strategies. This is defined as the number of modules that are untyped at the
beginning of the path and have shallow or deep types at the end of the path. The “end” of the path
in this context corresponds to the point in the path when either (1) success is reached or (2) the
current point in the path has a greater runtime than the previous point in the path, breaking the
criteria the strict success. When the two numbers (rounded to the nearest tenth of a module) are
the same, only one is shown, and when the two numbers are different, the cost-aware version is
shown in parentheses below the non-cost-aware number. Whenever no path exists for a given
benchmark-level-successfulness combination, the table displays a dash (—) instead of a number.

Table 10 shows a slight trend toward saved labor when one uses the cost-aware version of the
strategy. Of the 155 benchmark-level-successfulness combinations that yield paths, 21 display a
lower mean for cost-aware, and only one (suffixtree, level 5, success) displays a higher mean.
Granted, the rounded difference is no greater than 0.1 for any of these pairs, so this table does
not provide a clear answer to the question of whether using boundary cost-aware deep saves the
developer a significant amount of labor compared to boundary deep, in terms of either statistical or
practical significance.

Since the median tends to correspond to a “typical case,” Table 11 provides a more practically
applicable answer to the question. In the entirety of this table, only one slot displays a difference
between boundary deep and boundary cost-aware deep, suggesting that typically, a developer will
have to add types to the same number of modules, regardless of which version of the strategy they
use. Since boundary cost-aware deep already has a worse success rate (Figure 2), there is clearly no
advantage to using the cost-aware version.

5.5 A Closer Look at Random One-Try

Given that random one-try is the recommended strategy, it is worth taking a closer look at how
it operates when navigating each benchmark’s lattice. To that end, this section answers three
questions about random one-try: how often it resorts to its secondary strategy; how likely it is that
it reaches success given the proportion of the lattice that is already typed at the beginning of the
navigation; and how many type additions are needed when navigating with this strategy.

To answer the question of how often random one-try resorts to its secondary strategy, Figure 5
displays the average number of steps that it takes across all strictly successful paths, broken down
by its boundary deep and random deep sub-strategies. Since random one-try switches back and forth
between boundary deep and random deep, the average number of random deep steps approximates
the number of times boundary deep gets stuck along a typical strictly successful random one-try
path. Hence, comparing that number with the average number of boundary deep steps answers
whether random one-try relies heavily on its secondary random deep strategy. For most benchmarks,
the answer is negative; random one-try does not rely heavily on random deep. However, there are
benchmarks where the opposite is true. At one extreme is suffixtree, kcfa, and tetris, which
almost never resort to random deep, and at the other is morsecode, Inm, and acquire, which do so
a majority of the time. In this first set of benchmarks, the basic boundary deep strategy outperforms
the basic random deep strategy, while in the second set, the basic random deep strategy outperforms
(see Appendix B). This suggests that random one-try’s success comes from relying heavily on the
random deep strategy in situations where random deep performs better, and relying heavily on
boundary deep in situations where boundary deep performs better. That is, it offers the best of both
worlds.

To shed light on the likelihood of success from a given starting point, Table 12 shows the average
number of strictly successful and failed paths that random one-try follows when it starts navigation
from a given lattice level. (Levels are numbered according to the number of typed components.
Level 0 contains the wholly untyped configuration, level 1 contains all configurations where exactly
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Table 10. On Average, How Many Modules Does a Programmer Have to Add Type Annotations to When
Navigating with the Boundary Deep and Boundary Cost-Aware Deep Strategies?

Benchmark Mean num. modules (cost-aware) boundary deep adds types to before strict success/failure

morsecode 1.0 0.5

1.2 0.5 0.8 0.2 0.0 0.0

forth - 11 - 07 - 04 - 00
fsm 2.0 0.5 1.1 0.4 0.6 0.2 0.0 0.0
fsmoo - 11 1.2 0.8 0.8 0.2 0.0 0.0 boundary deep boundary deep
success failure
mbta - -8 - 5 - PO (cost-aware (cost-aware
boundary deep boundary deep
zombie - 06 1.0 06 0005 — 00 success) failure)
dungeon - 06 - 08 - 07 - 05 - 0.0
jpeg 1.6 0.9 14 09 12 0.7 0.7 04 0.0 0.0
Inm 1.0 0.0 1.0 0.2 1.0 0.2 0.7 0.2 0.4 0.1 0.0 0.0
suffixtree 3.0 1.7 2.8 1.8 22 1.5 15 1.1 0.8 0.6 0.0 0.0
(1.6)(1.0)
kcfa 23 12 22 09 18 1.0 14 09 1.1 0.6 0.6 0.2 0.0 0.0
(2.1)
snake - 20 - 24 - 24 - 22 - 18 - 13 - 07 - 0.0
23 (23

take5 - 12 - 16 - 17 - 16 - 14 - 10 - 06 - 0.0

(1.6) (1.5) (1.3) 0.9) (0.5)
acquire - 10 10 13 10 14 00 14 - 13 - 11 - 08 - 04 - 0.0

(1.3)
tetris 35 29 3.0 25 26 23 23 20 18 1.7 14 1.3 09 09 05 04 0.0 0.0

(2.9) (2.2) (1.3) (0.8) (0.4)

synth - 24 80 32 70 34 60 32 50 28 40 23 30 1.7 20 1.1 1.0 0.5 0.0 0.0

33) (31 (27 (22 (16  (1.0)
Level 1 2 3 4 5 6 7 8 9 10

Green boxes report averages for strictly successful paths, while red boxes report averages for failure paths.

1 component is typed, and so on.) For some benchmarks, such as zombie, there is a greater chance
of success when starting from a lower point in the lattice, while for others, such as synth, starting
from a higher level makes success more likely. For a third group, which includes suffixtree, the
chance of success peaks around the middle of the lattice. The benchmarks forth, mbta, dungeon,
snake, and take5 comprise a fourth group for which random one-try never finds success. Overall,
the chance of success or failure seems to be program-specific, and cannot be estimated solely from
the number of typed modules in the program.

To get a sense for the amount of type information a developer will have to add when navigating
with random one-try, Table 13 gives the median number of modules to which types must be added
when random one-try starts from a given lattice level. For strictly successful paths, this number
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Table 11. How Many Modules Does a Programmer Typically Have to Add Type Annotations to When
Navigating with the Boundary Deep and Boundary Cost-Aware Deep Strategies?

Benchmark Median num. modules (cost-aware) boundary deep adds types to before strict success/failure

morsecode 1 0 1 0 1 0 0 O

forth -1 -1 -J0o -1T]0

fsm 2 1 0 1 0 0 0

fsmoo -1 1 1 1 0 0 0 boundary deep boundary deep

success
mbta -1 -1 -0 -0 (cost-aware (cost-aware
boundary deep boundary deep

zombie - 1 1 1 0 0 - 0 success) failure)

dungeon -5 -1 -1 -0

jpeg 2 1 1 1 1 1 1 0

Inm 1 0 1 0 1 0 1 0

suffixtree 3 1 3 2 2 2 2 1

kcfa 2 2 2 1 1 0 0

snake -1l - B B - E - -

take5 — — — — — =

acquire — I 1 1 1 1 0 1 — i - 0

tetris 35 4 3 3 3 2 1 1 0 0

synth — 8 2 7 4 6 4 3 2 1 0
0)

Level 1 2 3 4 5 6 7 8 10

Green boxes report medians for strictly successful paths, while red boxes report medians for failure paths.

is often smaller than the distance to the top of the lattice, which shows that random one-try does
not chart only paths that go all the way to a fully typed configuration. Rather, it typically finds
performant configurations that are nearby. The most glaring exceptions are fsmoo and synth,
where strictly successful paths typically require the developer to climb to the very top of the lattice.
(Table 14, which displays the number of configurations that have an overhead of 1X or better,
makes it clear why this is the case for synth. Outside of the very bottom of its lattice, synth has
only one configuration with acceptable performance, and it is at the highest lattice level. In the
case of fsmoo, it is unclear why this occurs.) Table 13 also shows that, just as for successful paths,
random one-try’s failure paths do not typically go all the way to the top of the lattice. Here, the
exceptions are dungeon, snake, and take5, which are all hopeless benchmarks. In sum, the random

ACM Transactions on Programming Languages and Systems, Vol. 48, No. 1, Article 1. Publication date: March 2026.



1:26

Average number of steps made per strictly successful path

& 1([BP.DJ[Ran.D)) using [BP.D]
1((BP.DJ/[Ran.D)) using Ran.D

zcode 0“‘\ \5‘(\(\0 “\o\

Benchmark

V;\sggec“ \Qe(é \(\((‘ \‘ez

’A\“z 36 \3\@ e\‘\

s

N. Hejduk et al.

®
o°

Fig. 5. Average number of steps taken with boundary deep (yellow) vs. random deep (pink) during successful

random one-try navigations.

Table 12. How Likely Is Strict Success with the Random One-Try
Strategy (on Average, across 10 Trials)?

Benchmark Likelihood of strict success, random one-try

morsecode 0.45 0.69 0.81 0.67

forth 0 0 0 0

fsm 0.65 0.85 0.96 1

fsmoo 0.65 0.77 0.73 0.68

mbta 0 0 0 0

zombie 0.20 039 0.16 0

dungeon 0 0 0 0 0

jpeg 0.58 0.55 0.67 0.74 0.71

Inm 1 096 096 0.96 0.98 0.95

suffixtree  0.46 0.65 0.77 0.82 0.81 0.74

kcfa 0.65 0.75 0.74 0.75 0.78 0.78 0.80

snake 0 0 0 0 0 0 0 0

takes 0 0 0 0 0 0 0 0

acquire 0.03 002 001 0 0 0 0 0 0
tetris 0.75 0.49 048 0.53 059 0.66 0.73 0.80 0.85
synth 0.16 0.28 0.40 0.50 0.58 0.65 0.72 0.76 0.78 0.76
Level 1 2 3 4 5 6 7 8 9 10

Greener boxes report probabilities closer to 1, while whiter boxes report prob-
abilities closer to 0.

one-try strategy usually does not require the addition of types to all modules of a program, but
there are cases where this does end up happening.

5.6 Relaxing the Maximum Acceptable Performance Degradation

The presentation of the results so far consider a rather stringent maximum acceptable performance
degradation, T = 1. While parity with the performance of untyped code is an ideal goal for mixed-
typed programs built on dynamic languages, developers may be willing to trade some run-time costs
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Table 13. How Many Modules Must be Typed during a Random One-Try Navigation (Median across the
Scenarios on Each Lattice Level and across 10 Trials)?

Benchmark Median num. modules random one-try adds types to before strict success/failure
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Green boxes report medians for strictly successful paths, while red boxes report medians for failure paths.

Table 14. Which Levels of the Migration Lattice Have Any Acceptable Configurations?

Benchmark # acceptable Benchmark # acceptable

morsecode 2 3 3 2 Inm 9 37 90 137 113 39

forth 2 1 0 0 suffixtree 1 0 0 1 4 4

fsm 2 4 7 4 kcfa 8 24 32 20 16 26 15

fsmoo 2 4 2 4 snake 0 0 0 0 0 0 0 0

mbta 4 4 0 0 take5 2 0 0 0 0 0 0 0

zombie 2 3 1 0 acquire 7 27 42 39 13 1 0 0 0
dungeon 0 0 0 0 0 tetris 12 49 112 139 107 90 106 100 37
ipeg 2 1 1 4 4  synth 1 0 0 0 0 0 0 0 0 1
Level 1 2 3 4 5 Level 1 2 3 4 5 6 7 8 9 10

When at least one acceptable configuration exists at the given lattice level, a green box reports the number of acceptable
configurations at that level. When no acceptable configurations exist at the given lattice level, the box is colored red.

for labor, and they may have to make the best of a situation if the ideal goal proves unreachable.
This section revisits the experimental question Qx from Section 5.2 under this light.

Figures 6-9 present results for alternative T-values. Figure 6 shows the strategies’ average
success rates across all benchmarks when T = 1.1. It is generated by the exact same process as
Figure 2, except that a configuration must have at least 1.1x slowdown compared to the untyped
configuration to qualify as a performance-debugging scenario, and a migration path must end in
at most 1.1X slowdown compared to the untyped configuration to qualify as successful. Figure 7
shows the hopeful-only success rates across all benchmarks—unlike when T = 1, every benchmark
has some hopeful scenarios under T = 1.1. Figures 8 and 9 show the regular and hopeful-only
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Fig. 6. Average success rates for T = 1.1.
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Fig. 7. Average success rates for T = 1.1, hopeful only.

success rates for T = 1.5 across 14 benchmarks. They exclude Inm because this benchmark no
longer offers any performance-debugging scenarios under T = 1.5.

Naturally, when standards are relaxed, standards are more often met. Overall, the general trends
from T =1 are preserved, even as the success rates of all strategies increase. Specifically, random
one-try and the rest of the second-chance strategies remain the top performers, and the shallow and
cost-aware shallow strategies still do significantly worse than the rest. The most striking change
from the data in Section 5.2 is that the effect of focusing on hopeful scenarios becomes muted.
While the success rates of the strategies for T = 1 increase significantly when considering only
hopeful scenarios, the differences are less pronounced for T = 1.1 and quite faint for T = 1.5.
Understandably, an increase in T reduces the size of hopeless regions in the lattices of most
benchmarks, which causes most benchmarks’ scenario sets to match their hopeful-only scenario
sets more closely, which in turn causes strategy success results to change less when only hopeful
scenarios are considered. An exception to the above observation is the toggling strategy, which
jumps quite a bit when the T = 1.1 results zoom in on hopeful scenarios.
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Fig. 9. Average success rates for T = 1.5, hopeful only.

5.7 Grouping by Starting Scenario

Although a performance-debugging developer does not know the performance characteristics of
their program’s lattice as a whole, they do know where their current scenario lies in the program
lattice and everything about the migration path that has brought them there. If different strategies
have different relative success rates depending on the characteristics of the path’s initial starting
point, then practical insight can be gained by exploring how the results look when they are grouped
by various starting-scenario criteria. This section takes a look at the results filtered by two such
factors: lattice height and the “deepness” or “shallowness” of the initial scenario.

Lattice height is an important factor to consider because the unbalanced structure of the program
lattices may impact the success rate of various strategies. To see this, suppose a program has N
modules. Then the top layer of the lattice has 2V configurations, the layer below that has 2N~!N
configurations, the layer below that has 2V =2(N(N — 1)/2) configurations, and so on. Meanwhile,
the bottom layer of the lattice has 1 configuration, the layer above that has 2N configurations, the
layer above that has 4(N(N — 1)/2) configurations, and so on. Clearly, the top half of the lattice,
which covers all of the scenarios where typed modules outnumber untyped modules, drowns out
the bottom half of the lattice by at least an order of magnitude. The bottom levels of the lattice yield
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Fig. 10. Average success rate across for T = 1, lattice bottom-half only.

far fewer paths than the top levels because the bottom levels yield far fewer performance-debugging
scenarios. Since the results as presented so far give equal weight to each performance-debugging
scenario in a benchmark, they are naturally biased toward navigations that start higher up in the
lattice. This may disadvantage shallow strategies, which, according to folklore, should work better
for configurations with few typed modules.

To evaluate the severity of this drowning-out effect, Figure 10 filters the results such that the set
of performance-debugging scenarios is limited to those located in the bottom half of the lattice. For
benchmarks where the lattice has an odd number of layers, scenarios in the middle layer are not
considered to be part of the bottom half. These bottom-half results show generally similar trends to
the full-lattice charts. The configuration-aware strategies are an exception, which is unsurprising
because configuration-aware strategies behave differently depending on the lattice level. Recall that
the configuration-aware strategies have shallow behavior in the bottom half of the lattice and deep
behavior in the top half. When starting from lower levels of the lattice, the configuration-aware
strategies generally find success one of two ways: by having their shallow strategy take them to a
nearby acceptable configuration or by having their shallow strategy stumble around until they reach
the top half of the lattice and deep takes over. This results in a strict success rate similar to shallow
and non-strict success rates better than shallow. Another difference present in the bottom-half
results is, in fact, the success rates of the shallow strategies. Strategies that lean shallow get a small
bump when not paired with the boundary profiler, but they are still the worst-performing overall.
For instance, the vanilla statistical(total) shallow strategy jumps from around 4% success to 8%
success when zooming in on the bottom-half scenarios, but the deep-leaning strategies remain more
successful. Even when looking only at paths that start from the very first lattice level (Figure 11),
shallow remains worse than deep. Overall, since the general trends stay the same when focusing on
lower levels of the lattice, the natural bias toward higher-level scenarios likely does not affect the
validity of the results as presented in Section 5.2.

Another interesting factor to consider is how the shallowness or deepness of the initial
performance-debugging scenario affects a strategy’s chance of success. In order to begin ex-
ploring this question, Figure 12 shows the results when paths that include deep types in their initial
performance-debugging scenario are excluded. Similarly, Figure 13 shows the results when paths
whose starting configuration includes shallow types are excluded. For both of these charts, the
successfulness of each strategy relative to the others remains largely the same, with the notable
exception of toggling, which is extremely unsuccessful. Apparently, if all of a developer’s typed
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modules use the same kind of checks and there is a performance problem, then flipping all the typed
code to use a different kind of check is not helpful. This makes a certain sense, as toggling does not
alter the boundaries between typed and untyped code at all, and performance-debugging scenarios
arise from cross-boundary interaction. It seems that toggling only ever finds success by eliminating
boundaries between deep and shallow, not by managing to reduce the cost of interactions between
typed and untyped code.

6 Lessons for Developers and Language Designers

The results of the rational-programmer experiment suggest a few concrete lessons for developers
(Section 6.1) and language designers (Section 6.2). Of course, readers should be aware of a few
threats to the validity of the data and conclusions (Section 6.3).

6.1 Lessons for Developers

When a developer faces a performance-debugging scenario, the first two questions are whether
to reach for a profiling tool and if so, what kind. The general results and the results for many
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individual benchmarks'? suggest an answer to both of these questions. In all benchmarks besides
forth and acquire, where toggling is marginally better than the rest (Figure 14), there is some
profiler-based strategy that outperforms the profiler-agnostic strategies, and this winner is usually
based primarily on the boundary profiler. Hence, when faced with a performance bottleneck due
to run-time type checks, a developer should use a profiler and that profiler should be a boundary
one. Although the developer may find success using a statistical profiler if no boundary profiler is
available, they are far more likely to succeed with a boundary profiler.

When a developer has reached for a profiler, the next question is how to interpret its output. The
data suggest a single answer. If the boundary profiler is able to identify a particular boundary as a
cause of the intolerable performance, the developer is best served by converting both sides of the
boundary to use deep types.

Since profilers often rely on statistical approximation, situations may occur where the boundary
profiler produces uninformative or non-actionable output. In such a situation, a developer can
give up, switch profilers, or ignore profiler feedback altogether. The basic boundary deep strategy
represents this first option, while the second-chance strategies explore the other two options. Figure 4
shows that the random one-try strategy never fails on a scenario where the boundary deep strategy
succeeds. Thus, giving up never does better than continuing onward. Second-chance strategies that
switch to random deep tend to do better than those that switch to a statistical profiler, so when the
boundary deep profiler fails, a developer’s best option (within the space of strategies this article
explores) is to randomly choose a boundary where each side has a different type strictness, without
the help of a profiler.

12 Appendix B provides a detailed account of the experimental results for each benchmark individually.

ACM Transactions on Programming Languages and Systems, Vol. 48, No. 1, Article 1. Publication date: March 2026.



Navigating Mixed-Typed Migration with Profilers 1:33

A reader may also wonder whether developers should give up once they reach a configuration
that has worse performance than its predecessor. Figure 2 gives an ambivalent answer to this
question. On the one hand, strategies based on the boundary profiler, including the second-chance
strategies, exhibit a 3-loose success rate that is around 10 percentage points higher than for strict
success. On the other hand, after one performance setback, it is highly unlikely that continuing
the navigation will result in performance benefits, and there is a risk of degrading performance
further. To illustrate, the second-chance random strategies fail over 75% of the time once a single
setback has occurred, even under N-loose success criteria.

Finally, a practical question is whether developers can extract value from profiling even when
migration costs cannot be eliminated entirely. Figures 6 and 8 indicate that the answer is positive.
Although no strategy gets above a 60% success rate for eliminating overhead completely, the
second-chance random strategies get runtime down to 1.5X that of the untyped configuration over
90% of the time.

6.2 Lessons for Language Designers

The addition of shallow types to the implementation of Typed Racket [27] does not seem to help
developers navigating the migration lattice in search of lower performance costs. The shallow
navigation strategies are inferior to the deep navigation strategies in all benchmarks aside from the
pathologically hopeless acquire. Perhaps existing profiling technology is simply not sophisticated
enough to determine the aggregate cost of shallow type-assertions. Further research on techniques
for compiling and profiling gradually typed languages seems necessary to unlock the potential of
shallow type enforcement, if any exists.

Even when shallow types are not in play, the experimental results reveal significant room for
profiling improvements. For instance, the morsecode benchmark has four modules, and when all of
them are untyped, the code takes between 2,600 and 2,800 milliseconds to run (across eight trials).
When the first three modules are given deep types and the last module remains untyped, it takes
between 4,400 and 5,000 milliseconds to run (across eight trials). Clearly, deep type enforcement
for this second configuration adds around 2,000 milliseconds to the runtime. However, when the
boundary profiler runs on this configuration, it returns no actionable information about where
the cost is coming from, claiming that 0% of the running time is taken up by deep type checks.
Most likely, this results from the boundary profiler having too small a sampling frequency to ever
sample during the execution of a contract check. A possible improvement to the boundary profiler
would be the addition of a mode which counts the frequency of contract checks directly, rather
than relying on regular sampling.

In general, both the boundary and statistical profilers fail to produce actionable information
in many configurations with high overheads. With the boundary profiler, these non-actionable
configurations exhibit a 2.6X overhead on average, and the most common reason for the lack of
actionable information is that there are no internal boundaries in the profiler’s output. This is
either because there are no expensive deep type boundaries (i.e., the costs come mainly from the
enforcement of shallow types) or because the boundaries involve at least one component that lives
“outside” the program in library code. This no-internal issue affects 4,051 configurations in the
benchmarks. For these configurations, using the statistical profiler’s guidance to take the next
step might help the migration get unstuck. The success rates of the second-chance strategies that
resort to statistical(self) deep and statistical(total) deep confirm that this is the case, up to a point.
While these strategies do better than the basic boundary deep, they do worse than the second-chance
strategies that resort to random deep. The likely reason is that the statistical profiler runs into the
same type of issue as the boundary profiler. The statistical profiler’s output contains no actionable
boundaries for a sizable number of configurations (2,347), even though these configurations exhibit
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sky-high slowdowns—on average 87x. There are several possible reasons: the boundaries might
point to library code; the identified costs might result from essential computations rather than
gradual typing checks; or both sides of the identified boundary might be already typed.'®

Overall, the lesson from these Typed Racket experiments is that designers of mixed-typed
languages should invest in deep types and a profiler that can track their enforcement costs, rather
than shallow types.

6.3 Threats to Validity

The validity of the conclusions may suffer from two distinct kinds of threats. The first kind, method-
internal, concerns the experimental setup. The second category is about extrinsic aspects of the
rational-programmer method.

The most important method-internal threat is that the GTP Benchmarks may be unrepresentative
of Racket programs in the wild. Several benchmarks are somewhat small with simple dependency
graphs and low performance overheads. Since developers typically confront performance-debugging
scenarios from large, high-overhead programs, they must apply the general lessons with some
caution. The problem is that such programs may naturally tend to have large hopeless regions in
the migration lattice. If a program configuration belongs to a hopeless region, then no strategy can
possibly get it down to performance parity with the untyped configuration, and developers may
have to settle with some performance degradation. It remains an open question how often hopeless
regions occur in the wild. Additionally, the benchmarks used in the experiment are by no means a
statistically representative sample of all Racket programs in the world—it is unclear how one would
even go about taking such a sample. That said, the selection of benchmarks attempts to provide a
diverse set of real-world Racket programs, covering a variety of authors, programming styles, and
purposes. Greenman [28] extensively discusses the nature of the benchmarks; the interested reader
may wish to study the descriptions therein.

The second method-internal threat concerns the design of the strategies, which exhibit three
potential weaknesses. First, while the set of strategies covers basic approaches to navigation
and strategies that combine some of these basic approaches, there are many combinations left
unexplored. Specifically, only three strategy pairings are explored in total: boundary deep with
statistical(total) deep, boundary deep with statistical(self) deep, and boundary deep with random
deep.!* An unexplored pairing of strategies, such as statistical(self) deep with random deep, may
fare better than any of these, especially in situations like morsecode and Inm where the boundary
profiler underperforms. A second potential weakness of the strategies is that they all, aside from
toggling, take migration steps that modify exactly one or two modules at a time. Under any notion of
success besides N-loose, even a so-called “hopeful” scenario may have no valid path to success that
does not involve modifying three or more modules at once. Hence, a non-toggling strategy that can
take steps modifying more than two modules at a time may do better than the current strategies.
Alternatively, a strategy that operates at a granularity smaller than module-level may also do

BInterestingly, the statistical profiler seems to do better on programs where the maximum overhead is small. fsm, 1nm, and
kcfa are the only benchmarks where the statistical deep strategies have a success rate above 50% (see Appendix B), and
they exhibit relatively low overheads across all their configurations compared to the other benchmarks. While 10 of the 16
benchmarks have worst-performing configurations in the double, triple, or quintuple digits (forth has a configuration with
16,185% overhead), the worst-case overheads of these three benchmarks are single-digit (9.39% for fsm, 1.22x for 1nm, and
4.65% for kcfa).

The reason we examine only three strategy combinations is that there are far too many possible pairings of basic strategies
to explore them all. With 16 basic strategies, there are 240 possible pairs of a primary and secondary strategy. We chose
boundary deep as the primary strategy for each pair based on the results from Greenman et al. [31], on the intuition that
boundary deep was the best starting point and that the other profiler options might be able to provide actionable profiler
information (or fake such information, in the case of random) in parts of the lattice where the boundary profiler cannot.

ACM Transactions on Programming Languages and Systems, Vol. 48, No. 1, Article 1. Publication date: March 2026.



Navigating Mixed-Typed Migration with Profilers 1:35

better. Such a strategy might find success by splitting a thorny module into several submodules
and choosing to change the types of some submodules while keeping others the same. The third
potential weakness is that strategies working with statistical profiler output find the maximum
cost of any application in a given module and ignore the cost of other applications in the module.
Some other scheme, perhaps one that involves adding up the cost of all applications in a module,
may lead to better recommendations.

The third method-internal threat to validity is the effect of the GTP benchmarks’ so-called “adaptor
modules” on the performance of configurations. First introduced in Takikawa et al. [74], adaptor
modules canonicalize type definitions, which are generative in Typed Racket. In essence, they
prevent a situation where two typed modules ascribe different types to the same untyped module.
Unfortunately, these adaptor modules always have deep types, even when none of the other modules
in a benchmark are deep. Therefore, despite the fact that the types defined in the adaptor modules
of the GTP benchmarks are rather simple, their deep quality can affect the performance impact of
the run-time type checks that take place when shallow-typed modules interact with untyped ones.
This is the case in fsm, 1nm, and tetris, where turning untyped modules to shallow (a normally
irrational action) can occasionally improve performance. The shallow strategy’s results for these
three benchmarks in Appendix F demonstrate this. The following benchmark programs use adaptor
modules: acquire, fsm, fsmoo, kcfa, Inm, snake, suffixtree, synth, take5, tetris, and zombie. The
remaining benchmarks (dungeon, forth, jpeg, mbta, and morsecode) do not. While the full extent
of the adaptor modules’ impact on the performance of the benchmarks is unknown, the results of
this article’s experiments do not display a notable difference in trends between these two groups
(for details, see Appendix B).

A final internal threat is that the large scale of the experiment imposes feasibility constraints
on the collected data. Specifically, the experiment collects (and averages) only eight run-time
measurements per scenario and runs each profiler only once per scenario. These data were collected
on single-user machines, and the output did not seem to present any major instabilities. Nevertheless,
the reader should keep this and all of the method-internal threats listed so far in mind when drawing
conclusions.

As for the method-external threats, the most important one is that the experiment relies on
a single language (Typed Racket) and its associated ecosystem. This choice is necessary for two
different reasons. First, from a methodological perspective, an apples-to-apples comparison of
strategies demands an experimental environment that controls for their differences. Second, from a
feasibility perspective, Racket is the only existing production language that (i) is equipped with a
statistical and a boundary profiler and (ii) enables programmers to mix deep and shallow types in a
single program. It is unclear how well this article’s results apply to other production languages
built on different design choices than Racket, especially if those languages manage to successfully
leverage optimizations for reducing run-time type-checking costs [11, 41, 80]. For instance, a recent
experiment with Reticulated Python suggests that changes in the precision of type annotations
can have varied and unpredictable impacts on the performance of a program [39]. Accordingly, it
would be a good idea to re-investigate the effectiveness of this article’s navigation strategies in
the context of an optimized production language that allows for a finer notion of migration than
module-by-module. Although the authors cannot be certain of how exactly our conclusions would
change in such a setting, we conjecture that hopeless scenarios would have a far milder impact,
since ripple effects resulting from unrelated components being forced to share each other’s type
enforcement regime would go away completely. Another aspect of this threat is that the experiment
involves only two profilers. It is possible that other language ecosystems offer profiling tools with
different strengths and weaknesses than the two flavors investigated here.
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Stepping back, a reader may also question the entire rational-programmer idea as an overly
simplistic approximation of performance-debugging work in the real world. Nevertheless, program-
ming language researchers know quite well that simplified models have an illuminating power.
Empirical PL research has relied on highly simplified mental models of program execution for a
long time. As Mytkowicz et al. [53] report, ignorance of these simplifications can produce wrong
data—and did so for decades. Despite this problem, the simplistic model acted as a compass that
helped compiler writers improve their product substantially over the same time period.

Like such models, the rational programmer is a simplified one. While the rational-programmer
experiment assumes that a developer takes all information into account and sticks to a well-defined,
possibly costly process, a developer may make guesses, follow hunches, and take shortcuts. Hence,
the conclusions from the rational-programmer investigation may not match the experience of
developers. Further research that goes beyond the scope of this article is necessary to establish a
connection between the behavior of rational programmers and that of human developers.

That said, the simplifications of the rational-programmer method are analogous to the strategic
simplifications that theoretical and practical models make, and like those, they are necessary
to make the rational-programmer experiment feasible. Despite all simplifications, the rational-
programmer method produces concrete results that shed light on the pragmatic aspects of, in
this case, debugging a mixed-typed program’s performance overhead, and it does so at scale and
quantitatively.

7 Related Work

This work touches a range of existing strands of research. At the object level, the main motivation
for this article is prior research on the performance difficulties that come from enforcing the types
of mixed-typed programs. Two significant sources of inspiration are research on gradual type
migration and research on profiling techniques. At the meta level, this work builds on and extends
prior results on the rational-programmer method.

Performance of Mixed-Typed Programs. Greenman et al. [34] demonstrate the grim performance
problems of deep types. Adding deep types to just a few components can make a program prohibi-
tively slow, and the slowdown may remain until nearly every component has types. This observation
sets the stage for the work in this article. Furthermore, the experimental approach of that work
establishes the 3V migration lattices that are key for the rational-programmer experiment herein
and provides the blueprint for one of the strategies (toggling).

Earlier work observed the negative implications of deep types and proposed mitigation tech-
niques. Roughly, the techniques fall in two groups. The first group proposes the design of alternative
run-time checking strategies that aim to control the time and space cost of checks while providing
some type guarantees (e.g., [25, 32, 45, 58, 59, 61, 64, 65, 73, 77]). One notable strategy is transient,
which was developed for Reticulated Python [78-81], adapted to Grace and JIT-compiled to greatly
reduce costs [23, 61] and later characterized as providing shallow types that offer type soundness
but not complete monitoring [30]. Greenman et al. [29] provide a detailed analysis and comparison
of the overall checking strategy landscape.

The second group of mitigations reduces the time and space required by deep types without
changing their semantics [2, 5, 6, 17, 37, 41, 50, 63, 67]. This is a promising line of work. In the
context of Pycket, for example, the type migration problem is easier than it is in Typed Racket
because many more configurations run efficiently. But even then, pathological cases remain. Good
navigation techniques continue to be important, even as overall performance improves.
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Several language designs adopt a hybrid type enforcement mechanism to avoid the costs of
deep checks. Dart 1'° and Gradualtalk [1] allow developers to manually toggle between deep and
optional types. Optional types never introduce run-time checks (same as TypeScript [7] or Flow
[14]). Following a more sophisticated approach, Thorn and StrongScript use a mixture of optional
and concrete types [60, 83]. Concrete types perform cheap nominal type checks but limit the values
that components can exchange; for example, typed code that expects an array of numbers cannot
accept untyped arrays. Dart 2 explores a similar combination of optional and concrete.!® Nom [51,
52] and SafeTS [58] independently propose concrete types as a path to efficient gradual types. Static
Python combines concrete and shallow types to ease the limitations of concrete [45]. Pyret uses
deep checks for fixed-size data and shallow checks for recursive data and functions.!” Typed Racket
recently added shallow and optional types as alternatives to deep [27].

Gradual Type Migration. Research on gradual type migration can be split in three broad directions:
static techniques [9, 12, 13, 21, 22, 40, 47, 56, 57, 68]; dynamic techniques [3, 15, 20, 49, 62],
and techniques based on machine learning (ML) [38, 46, 82, 84]. The dynamic and ML-based
techniques exhibit the most scalable results so far and can produce accurate annotations for a
range of components in the wild, such as JavaScript libraries. However, as Yee and Guha [84]
make clear, the problem is far from solved. Moreover, no existing technique takes into account
feedback from profilers to guide migration. One opportunity for future work is to combine the
rational-programmer strategies in this article with migration techniques in the context of automatic
or human-in-the-loop tools.

Herder [10] combines variational typing, a static migration technique, with a cost semantics in
order to estimate relative performance. By contrast to our resource-intensive profiling method,
Herder is able to find the fastest configuration in several benchmarks without running any bench-
mark code. However, Herder does not yet handle a full-featured type system (with, e.g., union and
universal types), and further experiments are needed to test whether its approximations can find
not just the best-case configuration but nearby satisficing ones.

Performance Tuning with Profilers. Profilers are the go-to tool for developers hoping to understand
the causes of performance bugs. Tools such as GNU gprof [24] established a legacy of statistical
(sampling) profilers that collect caller-function execution time data, and paved the way for the
development of statistical profilers in many languages, including Racket.

In addition to Racket’s statistical profiler, the experiment in this article also uses Racket’s
feature-specific profiler [72]. A feature-specific profiler groups execution time based on instances
of language features of the developer’s choosing, rather than by function calls. For instance, the
experiment of this article uses it as a boundary profiler, aggregating the cost of contracts in a
program by the boundary that introduces them.

Two prior works have used profiler feedback to understand the source of mixed-typed programs’
performance problems. First, Andersen et al. [4] show that the Racket feature-specific profiler can
detect hot boundaries in programs that use deep types, i.e., that it can determine which boundaries
are the origin of the costliest deep checks. Second, Gariano et al. [23] use end-to-end timing
information to identify costly shallow types. We conjecture that using a statistical profile could
lead to similar conclusions with fewer runs of the program.

Unlike this article, prior work on profilers and mixed-typed programs does not examine how
to translate profiler feedback into developer actions. In general, most profiling tools do not make

Bhttps://dart.dev/resources/language/evolution.
16https://dart.dev/language/type-system#runtime-checks.
Thttp://www.pyret.org.
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recommendations to developers. The Zoom profiler [55] was one notable exception, though its
recommendations were phrased in terms of assembly language rather than high-level code.

A number of profiling and performance analysis tools provide alternative views of how to collect,
organize, and display execution costs back to the developer. Two recent approaches developed for
Java are of particular interest: vertical profiling [35] and concept-based profiling [70]. A vertical
profiler splits performance data along different levels of abstraction, such as VM cost, syscall cost,
and application cost. A concept-based profiler groups performance costs based on user-defined
portions of a program called concepts [8]. It may be interesting to study alternative profiling and
performance analysis techniques in future rational-programmer experiments.

The Rational Programmer. Lazarek et al. [42, 43, 44] propose and use the rational programmer as
an empirical method for evaluating the role that blame assignment plays when locating errors in
programs with software contracts and in gradually typed programs. However, the core ideas of the
rational programmer apply beyond locating logical errors. In essence, the rational programmer is a
general methodological framework for investigating of the pragmatics of programming languages
and tools systematically. That is, it can quantify the value of many different aspects of a language
or tool in the context of many different tasks. In that sense, prior work focuses on a single context:
debugging errors.

This article shows how the rational programmer applies to experiment design in another context:
performance debugging. Although the language feature it studies, gradual typing, is shared with
prior work, this article looks at a different aspect of the feature’s pragmatics. As a result, it not only
contributes to the understanding of gradual types but also provides evidence for the generalizability
of the rational-programmer method itself.

8 Onward!

Mixed typing come with several advantages [42, 43] but poses a serious performance-debugging
challenge to developers who wish to use it. Profiling tools are designed to help developers overcome
performance problems, but the use of such tools requires an effective strategy for interpreting
their output. This article reports on the results of using the novel rational-programmer method to
systematically test the pragmatics of 21 competing strategies that each depend on one or both of
two off-the-shelf profilers.

At the object level, the results deliver several insights:

(1) A developer’s best bet is to use the boundary profiler with a deep strategy. That is, a developer
hoping to bring down the cost of a mixed-typed program should use the boundary profiler to
determine the hottest boundary and add deeply enforced types to both sides. If no boundary
profiler is available, the next-best thing is to use a statistical profiler with the same strategy.

(2) When a profiler fails provide actionable information, the developer should try to jump-start
the rest of the migration by taking a random deep step.

(3) If, in following a strategy, the developer takes a migration step that slows the program down
instead of speeding it up, it may be in their best interest to continue with the strategy, as
tolerating a few setbacks is sometimes necessary to reach a configuration with satisficing
performance. However, each setback reveals this happy ending to be less and less likely; after
two misleading suggestions, the developer should switch strategies or give up.

(4) For certain kinds of programs, the migration lattice contains a huge region of hopeless
scenarios in which no strategy can guide the program to performance parity with untyped
code. These regions call for fundamental improvements to sound gradual typing.

(5) That said, these hopeless scenarios are not some inescapable pit where developers cannot
benefit from profilers at all. Even when the total elimination of performance overhead is
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impossible, profilers can typically help developers get costs down to a manageable level (i.e.,
to an overhead under 1.5X compared to the all-untyped configuration).

(6) Finally, the results challenge Greenman [27]’s report that adding shallow type enforcement is
helpful. While that work shows that toggling allows migration with a maximum 3x overhead
in many scenarios, the poor results of (i) toggling and (ii) the configuration-aware strategies in
this article indicate that shallow checks are not a useful stepping stone toward mixed-typed
migration with acceptable costs. If performance close to that of the untyped code is the goal,
deep types are the way to go.

At the meta level, the experiment once again confirms the value of the rational programmer
method. Massive simulations using rational programmers deliver results that contradict anecdotal
reports from human developers. Of course, a rational programmer is not a human developer. It
remains an open question how well the results apply to actual performance-debugging scenarios
when human beings are involved.

Finally, the rational-programmer experiment suggests three main threads for future research.
First, the experiment should be reproduced for other mixed-typed languages. Doing so would help
determine whether the value of the boundary profiler and of the strategies that lean toward deep
types is Racket-specific or a more general property of mixed-typed languages. Given the apparent
fruitlessness of shallow types, one would likely gain useful information by replicating the parts of
the experiment that do not deal with shallow types in languages that only have deep and optional
type enforcement. As mentioned in Section 6.3, it would also be interesting to see how the results
change when the language does not require type migration to have module-level granularity.

A second direction for further investigation would be to develop a method for predicting whether
a given scenario is hopeless. In hopeless scenarios, a developer often has to add type annotations to
multiple modules before they reach failure, representing a significant waste of time if they only care
about getting performance down to 1x overhead. Being able to guess well whether the scenario
is hopeless ahead of time would save a lot of time and effort. Possible inputs to this prediction
method might include the current number of typed modules, the initial overhead of the scenario,
or the ratio of the performance of the all-shallow version of the scenario to the all-deep version.

Third, the experiment demonstrates the need for better profiling tools. Although boundary
profilers can help in many situations, there are often patches where the profilers fail to offer
guidance, and the developer’s best bet is to take a blind, random step. One potential starting point
for investigation is to look for patterns determining what kinds of choices are more likely to lead
to success within these blind patches of the lattices. As it stands, the existing profiling tools are not
enough to smoothly navigate the performance challenges of mixed-typed migration.
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Appendices
A Modifications to the GTP Benchmarks

To support a rational-programmer experiment using boundary profiling, nine of the GTP Bench-
marks required a minor reorganization. The change lets the profiler peek through adaptor modules,
which are a technical device used in the benchmarks. Adaptor modules are a layer of indirection
that lets benchmarks with generative types (i.e., Racket structs) support a lattice of mixed-typed
configurations [34, 74]. The following benchmarks required changes: acquire, kcfa, snake, suffixtree,
synth, take5, tetris, and zombie.

In short, the trouble with adaptors and profiling is that the name of the adaptor appears in
contracts instead of the name of its clients. If one adaptor has three clients, then profiling will
attribute costs to one library/adaptor boundary instead of the three library/client boundaries. This
kind of attribution is bad for the rational programmer because it cannot modify the adaptor. Only
the library and client modules can get types.

The change is to add client-specific submodules to each adaptor. Taking an adaptor with three
clients as an example, the changes are:

(1) define generative types at the top level of the adaptor;

(2) export the generative types unsafely, without any contract;

(3) create three submodules, one for each client, each of which imports the generative types and
provides them safely; and

(4) modify the clients to import from the newly created submodules rather than the top level.

The submodules attach client-specific names to contracts. They do not change run-time behavior.
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B Results from Individual Benchmarks

This appendix looks into how closely the trends from the general results apply to individual
benchmarks. Specifically, it breaks down Figures 2—4 by benchmark.

Figure 2, which summarizes the successes and failures across all benchmarks, suggests that
second-chance strategies that combine the boundary profiler with random perform best. The results
for 8 of the 16 benchmarks match this trend:
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In all of these benchmarks, the strategies similar to boundary deep (including boundary deep itself,
boundary cost-aware deep, configuration-aware, and the second-chance strategies) do better than all
others.

However, two of the benchmarks differ from this trend:
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Neither fsm nor fsmoo has a second-chance random strategy as their best. For fsm, strategies that

resort to the statistical profiler when the boundary profiler fails do better than those that resort to

random. For fsmoo, random deep on its own outperforms every other strategy when it comes to

strict success, although the second-chance random strategies still do better on 1-loose.
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The remaining six benchmarks exhibit pathological obstacles:
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The lattices for snake, mbta, take5, and dungeon have zero hopeful performance-debugging sce-
narios, while acquire’s lattice contains around 4-5% hopeful scenarios (see Table 9). Because a
developer does not know the complete migration lattice and therefore cannot predict whether
a scenario is hopeful, it is important to remember that these pathological cases exist, and every
navigation that a developer embarks on may be one that has no chance of reaching performance

parity with the untyped configuration.

When we restrict the starting points to hopeful scenarios only, the individual benchmarks’ results

look like this:
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Four of these are completely hopeless: snake, mbta, take5, and dungeon. Hence, their plots are
empty, and they are not considered as part of the averages in Figure 3. Another three (forth, zombie,
and acquire) have a large number of hopeless scenarios (about 94%, 65%, and 96%, respectively).
For all notions of success, these three benchmarks’ success rates are greater for hopeful-only
scenarios than for all scenarios, but exactly the same trends appear. In other words, the success

rates are scaled upward but retain their shape.

We now revisit the head-to-head comparisons in Figure 4, breaking down how the random one-try
strategy fares against the rest by individual benchmark:
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In alignment with Figure 4, random one-try outperforms all other strategies in most benchmarks.
The two exceptions are forth and zombie.

C Results from Individual Benchmarks for Alternate T-Values

This appendix visualizes how relaxing the maximum acceptable performance degradation T affects
the success rates of the strategies for individual benchmarks. Specifically, it breaks down Figures
6-9 by benchmark.

Here are the results for each benchmark when T is relaxed to 1.1:
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When T = 1.1, five benchmarks contain hopeless scenarios: dungeon, forth, mbta, zombie, and
. b

take5. Of these, only dungeon is completely hopeless, and the other four are like so
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Here are the results for each benchmark when T is further relaxed to 1.5
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Since every configuration from Inm has an overhead below 1.5X, Inm no longer offers any
performance-debugging scenarios. Its chart is left empty here, and the averages for Figures 8
and 9 are calculated from the other 15 benchmarks only. The mbta also looks quite strange. This
is because when T = 1.5, mbta only offers 1 performance-debugging scenario, which all of the
strategies successfully navigate.

With T at 1.5, only forth contains hopeless scenarios:
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D Results from Individual Benchmarks, Bottom-Half Only

This appendix presents the T = 1 success rates of all strategies when drawing scenarios from only
the bottom half of each benchmark’s lattice. Specifically, it breaks down Figure 10 by benchmark.

Here are the results for each benchmark when scenarios are drawn only from the bottom half of
the lattice:
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The benchmark displaying the most striking difference from the whole-lattice results is fsmoo,
where random-based strategies seem to be the only kind that reach any success. The other major
difference in trends is that, for most benchmarks, configuration-aware’s bottom-half success rate
is worse than that of deep and cost-aware deep, suggesting that its success only ever comes from
being identical to deep in the upper half of the lattice.

Six benchmarks have hopeless scenarios in the bottom half: snake, mbta, take5, dungeon, forth,
and acquire. The first four of these are completely hopeless, but the bottom halves of the lattices

for forth and acquire are not:
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E Results from Individual Benchmarks, First Level Only

This appendix presents the T = 1 success rates of all strategies when drawing scenarios from only
the first level of the migration lattice (when exactly one module is typed). Specifically, it breaks

down Figure 11 by benchmark.
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F Results from Individual Benchmarks, Shallow Starts Only

This appendix presents the T = 1 success rates of all strategies when excluding starting points that
have deep-typed modules. Specifically, it breaks down Figure 12 by benchmark
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G Results from Individual Benchmarks, Deep Starts Only

This appendix presents the T = 1 success rates of all strategies when excluding starting points that
have shallow-typed modules. Specifically, it breaks down Figure 13 by benchmark.
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