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Abstract

Type inference, as a technique of automatic deduction of types in programming languages, plays an important
role in code correctness, maintainability, and performance optimization. In dynamically typed languages, type
inference presents significant challenges due to their flexible, runtime-oriented typing mechanisms. This paper
explores a novel set of primitive heuristics designed to augment type inference in Pharo. We demonstrate
that even minimal hints, such as method naming conventions and collection patterns, can produce meaningful
improvements in inferred type coverage.

1. Introduction

Type inference is a technique in programming languages for the automatic reconstruction of types
before execution without the presence of explicit type annotations. It has been explored and successfully
adopted in many statically typed programming languages [1, 2, 3], helping to improve their correctness,
maintainability, and performance optimization [4, 5, 6]. However, it presents certain challenges when
applied to dynamically typed languages due to the volatility of variable types and runtime-oriented
typing mechanisms [7]. Despite these challenges, there have been many attempts to formalize and
implement type inference in dynamically typed languages [8, 9, 10].

Smalltalk, as one of the dynamically typed programming languages, has not been exempt from
the challenges of introducing type inference. The first approaches were presented in the early 1980s
with the seminal works of Suzuki (1981) [11] and Borning and Ingalls [12]. The most active period of
research in this area occurred during the late 1980s and early 1990s, with significant contributions by
Johnson (1986) [13], Graver (1989) [14], Palsberg and Schwartzbach (1991) [15], Bracha and Griswold
(1993) [16], Agesen (1995) [17], and others. The research focus changed in the 2000s towards more
flexible approaches as pluggable type systems (Bracha (2004) [18]) and gradual typing (Allende et al.
(2014) [19]). In recent years the interest has been renewed with the focus on the practical approach -
developing new inference tools for IDE, enhancing code navigation and code analysis, e.g. RoelTyper
by Pluquet and Wuyts (2009) [20], heuristic-based tool set by Lazarevic (2017) [21], followed by the
most recent tool-integrating approach by Blizni¢enko (2025) [22].

These approaches to introducing type systems, type checking, and type inference mechanisms in
Smalltalk vary widely in complexity, developer usability, execution speed, and result precision. Due
to the language’s highly dynamic nature and the prevalence of polymorphic methods, type inference
techniques often demand substantial computational resources and time to achieve an adequate level of
precision. Conversely, more lightweight methods may sacrifice precision to remain practically usable.
We believe that achieving a balance between these two extremes is one reason type inference has never
been fully integrated into Smalltalk IDEs at a level where developers can rely on it interactively and
efficiently.
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To address this challenge, we propose complementing the more precise and computationally heavy
type inference techniques with information derived from lightweight type heuristics. We also suggest
precalculating type information for code that is unlikely to change frequently. In our work, we focus on
Pharo, as a modern open-source continuously developed and maintained Smalltalk dialect. We propose
inferring in advance the types of the standard Pharo image and possibly some third-party libraries. The
simple heuristics introduced in this paper, despite their minimal computational cost, can help infer
return types for nearly half of all methods in the Pharo image. This heuristic-derived type information
can serve as valuable input to accelerate more comprehensive inference systems while also enhancing
coverage.

The paper is structured as follows. Section 2 reviews the state of the art in type inference (primarily in
Smalltalk), with a focus on recently published and implemented techniques, including both traditional
inference tools and Al-assisted methods. Section 3 presents the set of lightweight heuristics that have
been implemented. Section 4 details the implementation, tool support, and validation of results. Section
5 discusses the limitations of the current approach and outlines potential directions for future work.
Finally, Section 6 concludes the paper.

2. State of the art

While the introduction outlined a broad spectrum of type inference approaches proposed over the years
for Smalltalk, this section narrows the focus to the most recent and practically validated contributions.
Specifically, we examine works that have resulted in concrete implementations and have been published
in peer-reviewed academic literature, so we excluded some implementations that have been developed
within the community and are in use, but have not been published thus having no academic validation.

Spoon and Shivers [23] introduced DDP, a type inference algorithm for Smalltalk. It is partially based
on the Cartesian Product Algorithm (CPA) by Agesen [24] that infers types only for requested program
parts and prunes irrelevant goals to improve scalability. The evaluation presented in the paper shows
an inference precision of about 30-40%, and while higher precision is achievable, it requires executing a
larger number of cross-dependent computations, making exhaustive analysis increasingly impractical.
The authors proposed several directions for improving performance by reusing previously computed
subgoals and parallelizing inference queries.

Pluquet et al. created the RoelTyper [20], a type reconstruction tool focusing more on the speed
of analysis rather than on precision, aiming to provide fast and practical support within the IDE. It
reconstructs types for local, instance, and argument variables by analyzing message sends within a
method, avoiding deeper class hierarchies or global analysis to maintain responsiveness.

Passerini et al. [25] developed J2Inferer, a constraint-based type inference tool for Pharo, similar in
spirit to the work of Spoon and Shivers, but without the use of subgoal pruning. It was implemented
as a pluggable type system and supporting advanced features like blocks and generics. It targets real
industrial level environment, the practical-oriented approach we also aim to achieve. According to the
paper, J2Inferer has been evaluated only on small codebase, our tests show certain delays in extracting
types for the whole Pharo image.

2.1. Use of type heuristics

We acknowledge that many tools and inference engines may internally apply similar naming- or pattern-
based heuristics, such as assuming is* or == returns a Boolean. However, due to their simplicity, these
heuristics are often not explicitly documented or evaluated in publications. As such, our comparison
is limited to the subset of tools and approaches that describe these strategies in their academic work.
Several prior works have recognized that message sends such as ==, <, includes and others implying a
Boolean return type (e.g [20, 17]). However, these signals are typically treated in isolation, without
forming part of a broader, systematic heuristic strategy.

The work most closely related to ours is that of Lazarevi¢ [21], who proposed four heuristics to
improve the precision of simple type inference techniques in highly polymorphic code. Her approach



is based upon RoelTyper and the CPA, selected for their speed and practical use. Two heuristics
rely on static methods-to-class instantiation frequency and class name occurrence, while a third uses
dynamic data from inline caches. The last heuristic extracts type hints from method argument names
to compensate for losses due to reflection and dynamic features.

3. Heuristic-Based Type Inference and Design Assumptions

3.1. Lightweight Heuristics

To complement existing inference techniques, we introduce a set of simple heuristics based on superficial
but broadly applicable properties of methods in Pharo 13. These heuristics are designed to be extremely
lightweight (in terms of implementation and usage complexity) and computationally cheap (regarding
the runtime cost) while still providing useful signals for type inference, particularly in large-scale
analyses. The heuristics cover approximately 73,000 of the 127,000 methods present in a standard
Pharo 13 image. The full list of heuristics is given in the Table 2 of the Appendix.

3.1.1. Methods Without Explicit Returns

Roughly 57,000 methods in the Pharo 13 image do not contain an OCReturnNode and therefore
implicitly return self. These are typically utility methods that either mutate internal state or enable
method chaining. Since they always return the receiver’s type, they contribute little to interprocedural
type inference. However, if their return types remain unknown, they can still introduce uncertainty and
impede more complex analyses by breaking inference chains or adding ambiguity. Given their simplicity
and predictability, it is both feasible and beneficial to infer their types upfront, thereby reducing noise
and improving the overall reliability of higher-level inference tools.

3.1.2. Methods With Heuristically Meaningful Names

We use simple naming patterns to infer likely return types for around 10,000 methods whose selectors
strongly indicate their intent. These name-based heuristics are inspired by conventions commonly
observed in Smalltalk libraries:

« Boolean-returning predicates (approx. 6500):

Methods starting with is (e.g., isEmpty, isvalid)
Methods starting with has (e.g., hasChildren, hasElements)

Methods like includes or having the similar logic
— Comparison operators, e.g =, <, >

« String-returning methods e.g asString (750 methods)

« Numerical methods, e.g hash, size (approx. 550)

These heuristics exploit strong naming and behavioral conventions in the Smalltalk ecosystem,
making them both predictable and effective in practice. While they do not offer deep inference, they
significantly improve baseline type guesses in the absence of more complex signals.

3.1.3. Heuristics for Collection Methods

Collections are ubiquitous in Smalltalk, and we identified 440 collection-related methods that exhibit
consistent and easily classifiable return patterns. These patterns allow for reliable type inference
based on common collection behavior. Here, we excluded from the list heuristics that overlap with the
name-based ones, e.g. size, includes:.

« Numeric-returning methods, e.g. indexOf :, findIndexForKey:



« String-returning methods, e.g. , (as concatenation)

« Boolean-returning methods, e.g. anySatisfy:

« Transformation methods ("asSomething"), e.g. asSet, asOrderedCollection, asBag
+ Collection-preserving methods: addAll:, copy, groupedBy:

3.1.4. Methods With Single Return

In addition to name-based and collection-specific heuristics, we identify a set of return patterns that
offer strong and easily extractable types. Notably, if a method contains only a single return statement,
we can safely assume that the return type of the method corresponds directly to the expression returned.
Here we do not calculate the total of all inferred methods as they map often with the methods identified
by other heuristics presented earlier. We consider methods returning:

+ A class reference (e.g., "SomeClass) returns SomeClass class type (982 methods)

« A class instance pattern SomeClass new returns SomeClass type (394 methods)

« A LiteralNode (e.g., string, number, symbol): These literals directly map to their corresponding
return types e.g. String, Integer, Symbol, etc. (8745 methods)

« self: This is a prevalent pattern with approx. 57000 methods. The method returns the same
type as the class it is defined in.

« self new: This pattern, while less frequent (34 methods), implies that the method acts as a
factory and returns a new instance of the receiver’s class

« nil returns UndefinedObject type (278 methods)

These return-based heuristics are particularly appealing because they require no external analysis,
only a syntactic check of the return expression. They are also highly reliable, as the returned expression
often directly encodes the type information the inference engine seeks.

3.1.5. Return Types of Test Methods

There are approximately 22,500 test-related methods in the Pharo 13 image that we did not include in
the total count of analyzed methods. These are typically implemented as methods within subclasses
of TestCase (e.g., setUp) or follow a naming convention beginning with test. By convention, most
of these methods return self, Boolean, or nil. However, they do not play a significant role in type
analysis, as they rarely participate in the program logic beyond asserting test results. Consequently,
they are not useful for type propagation. We nevertheless track their presence in order to reduce the
scope of methods requiring deeper analysis and to avoid unnecessary computation.

3.2. On Type Semantics in Smalltalk

Smalltalk, and Pharo in particular, is a dynamically typed language with no built-in static type system.
This means that types are not enforced at compile time, and objects are not annotated with declared
types. Instead, Smalltalk relies on duck typing - if an object responds to a message, it is considered
appropriate for use in that context. This aligns with the principles of structural typing, in which type
compatibility is determined by the presence of required methods rather than by inheritance or nominal
declarations.

Given this, Smalltalk does not implement a formal type system in the traditional static sense. However,
for the purposes of type inference, various tools (such as RoelTyper and J2Inferer) approximate type
information by analyzing method definitions, message sends, and class hierarchies. Each of these tools
interprets the notion of type slightly differently, depending on its inference goals and constraints.

In this work, we adopt a pragmatic and minimalist notion of type, used solely to support comparison
across inference tools. Specifically, we make the following assumptions:



+ Return types only. We focus exclusively on inferring the return type of methods. Argument types,
block parameters, and variable types are not considered.

« Single type assumption. We assume that each method has a single dominant return type. We do
not currently support multiple disjoint return types (e.g., Integer |Exception).

« Simplified type equivalence. When comparing results from different tools, we allow a relaxed
interpretation of type compatibility. For instance, we consider Integer and Number to be related
through a common supertype or behavioral subset, even though Smalltalk does not enforce such
a relationship statically.

This simplification allows us to focus on the inference mechanisms and outputs of different tools,
without committing to a specific formal type system for Smalltalk. We believe that our tool could
benefit in the future from some type-related extensions and a more rigorous type model in general (e.g.,
supporting union types), however such extensions are for the moment not in the scope of this paper.

4. Validation and Tool Support

The proposed heuristics have been implemented and tested within the Pharo 13 image. The entire
analysis of the full image, which contains approximately 127,000 methods, completes in around 1 minute
on a Mac M2 with 24 GB of RAM. This confirms the practicality of applying the heuristics even to large
codebases in an interactive development context.

4.1. Internal Validation

As a basic self-validation mechanism, we provide a sanity check on the heuristics to identify internal
contradictions between them. Specifically, if multiple heuristics suggest types for the same method, the
results are cross-verified to ensure consistency. Contradictions (e.g., one heuristic suggesting Boolean,
another suggesting String) are flagged for further inspection.

4.2. Comparison With Other Tools

To evaluate the results provided by our heuristics, we compared them with those produced by Typeln-
foTools (TIT), a framework inspired by previous research on combining type inference techniques [22]
that gathers and combines type information from various sources. Since TIT already integrates sev-
eral existing tools and techniques, the comparison is greatly simplified. To clarify our use of TIT, a
description of its main principles follows.

The core of the TIT framework uses multiple weighted information sources: the static type inference
tools RoelTyper and J2Inferer, simple heuristics based on comparing variable names with class names
(e.g., variables named count are usually Integer), and package relations (if an inferred package
depends on another package, its classes are more likely to be relevant as data types).

Although there are more static type inference tools than RoelTyper and J2Inferer, most of them focus
on variables and do not provide a way to infer a return type. Furthermore, name-based validation is
only applied to methods categorised as getters (i.e., in the accessing protocol and having no arguments).

All these sources return a list of possible types instead of a single suggestion, so their results are
merged, and their weights are summed. Static type inference tools have higher weights than simpler
heuristics like package relations. The maximum weight is then determined, and all types with that
maximum weight (generally meaning they are flagged by the largest number of the most relevant
information sources) are selected. Since only one type is needed as a suggestion, the common superclass
of these selected types is found. A result is only returned if this type is not Object, ProtoObject, or
nil.

There is a limitation caused by the use of older type inference tools. These tools were developed
many years ago for earlier versions of Pharo, and despite some fixes and updates, there were many



cases where they failed, often causing infinite loops, infinite recursive calls, or unskippable errors. As a
consequence, we restricted our comparison to selected libraries’.

4.2.1. Type Inference Coverage

The data on the amount of the methods for which the types have been inferred shows a trade-off
between the speed and the completeness. TIT consistently identifies more method types across packages,
sometimes covering over 70% of methods, when the heuristic-based tool covers fewer (approx. 45-55%)
but being significantly faster. However, the overlap between the two tools is substantial, often being
more than 40% of the total methods per package, indicating that a large amount of TIT’s results can
be substituted by the ones provided by heuristics. Thus we can reinforce both approaches: using fast
heuristics to be fed to the tool chain to narrow the scope for deeper inference by TIT, optimizing overall
performance without sacrificing the coverage.

4.2.2. Execution time

Figure 1 shows the execution time of both tools with respect to the number of methods in a package.
The execution time of the TIT tool grows faster than linear for larger packages with some super-linear
spikes that could be explain with the number of methods in a package (depending on internal package
complexity or algorithm branching), suggesting, however, predictable scalability within typical package
sizes but with a potential to become a concern for larger packages or in cross-package analysis. In
contrast to TIT, the heuristic-based tool shows the stable, near-constant execution time across packages,
typically completing its analysis around 0.5-1 second regardless of the package size suggesting that
its performance is decoupled from the codebase complexity or method count. These difference in the
execution time complexity shows that TIT can profit from using of pre-calculated heuristic results to
reduce the calculation cost.

Execution Time vs. Package Size

107F x TIT tool %
X  Heuristic tool
. 106 L
9
S
0 105_
o
Lo p.$
E 104.
v x % &
£ 103} x X X
-
c
.©
45' 102_
(9]
9]
i)
101 L%
X
X X
100k X% Xoooooo
10°

Number of methods (log scale)

Figure 1: Execution time of TIT and heuristic-based tools vs. number of methods per package.

The file with the results can be accessed on GitHub


https://github.com/lsafina/typeMe/blob/main/types.csv

4.2.3. High Coverage but Costly TIT Cases

There are certain cases where computation time of TIT grows superlinearly showing at the same time
high coverage (see Table 1). This suggests that such packages can be good candidates for optimization
with pre-calculated types.

Table 1

High-coverage, high-cost TIT examples
Library Methods | Meth. discovered by TIT | TIT meth. coverage | TIT exec. time (ms)
Spec2-Layout 326 310 95.1% 163000
Roassal-Layouts 631 479 76% 360000
Roassal 525 329 62% 174000

4.3. Visualization Support

To assist with analysis and debugging, we added runtime visualization of the inferred type information
stored in the CSV file (can be integrated to the image to avoid reading file overhead). We display the
type for the requested method if it is present in our library (see Fig. 2). This visualization has negligible
performance impact and can be enabled on demand during live exploration of the codebase.
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Figure 2: Inferred method type in the Pharo image.

5. Future Work and Limitations

Our primary goal for future work is to integrate our heuristic-based solution with existing type inference
tools and evaluate its impact on both execution speed and type coverage. In addition to this main
objective, we also identify several other promising directions for future research (as well as certain
limitations) especially in the areas of scalability, interactivity, and Al-assisted inference.

5.1. Interactive Type Refinement

Future iterations may introduce an interactive system where the developer can consult or even correct
or confirm inferred types. For ambiguous results multiple suggestions can be displayed (from heuristics,
TIT, preferably integrated into one framework) and allow user selection. The code can be annotated
with inferred types after a delay, code changes (in methods or classes) can trigger type reanalysis.

Another direction is to integrate runtime type mismatch detection as a feedback mechanism for
evaluating and refining type inference heuristics. In this case, the system would monitor program
execution and record instances where a type-related runtime error occurs such as sending an unexpected
message to an object or failing a type-sensitive operation. These mismatches could be correlated with
previously inferred types, and if a discrepancy is detected, it may indicate that a heuristic produced
an incorrect or overly general type. With the user’s consent, such data could be logged anonymously
and aggregated to improve future inference quality. Over time, this feedback loop could help highlight
which heuristics are most error-prone and guide the design of more precise or context-aware rules.

This mechanism could be embedded into a continuous runtime monitoring framework, passively
analyzing type behavior during development or testing phases. In environments like Pharo, where live
programming is the norm, such runtime insight offers a valuable complement to the static analysis
allowing the system to adapt and learn from real usage patterns.



5.2. Mining type information from the tests assertion

Another promising direction is to mine type information from the test code. Although at the moment

we ignore the results of test methods and exclude them from type inference, we can use them in the

future to collect implicit type information based on the execution result of the assertion statements, e.g.,

from the example below we can assume that the return type of the doSomething method is Integer
self assert: someObject doSomething = 100

5.3. Toward a Type Repository for Smalltalk

Inspired by Python’s typeshed [26], we envision a type information repository for Smalltalk, containing
external type declarations for core and community libraries. This would enable:

« Continuous integration pipelines that recheck types when code is updated
« Detection of type changes across Pharo versions or conflicting definitions in different packages
« Precomputed types for stable libraries and on-the-fly inference for user code

5.4. Al-Assisted Inference

As an experimental feature, we implemented a basic integration with several Large Language Models
(LLMs) from OpenAl and Mistral to issue real-time queries for predicting the most likely return type of
a given method, class, and package. The returned results did not differ from those obtained using our
heuristics; however, we tested this only on a limited set of methods due to the real-time nature of the
process.

We believe that integration with LLMs can be beneficial as an additional source for type inference or
as a means of validating results. However, this approach has limitations that would require additional
workarounds to address:

« Performance: Real-time queries to an external service are slow, blocking typing and navigation.
Responses may not arrive in time to be useful during development.

+ Incomplete Coverage: The assistant currently works only for code in the standard Pharo image.
User-defined or freshly written methods are not analyzed.

+ Outdated Knowledge: the LLMs’ knowledge of Pharo may be out of date, especially for newer
releases.

« Precision: Responses may lack certainty.

« Lack of Validation: LLMs might suggest hallucinated class names or incorrect types. A mechanism
should be added to verify that suggested types exist in the system.

+ Cost: Some models API, e,g OpenAl that we used for experiments, are not free and require a paid
account.

+ Limited Smalltalk Familiarity: Most LLMs are significantly more familiar with mainstream
languages like Python, limiting their effectiveness with Pharo.

Despite these challenges, most of the above limitations can be successfully addressed with proper
architectural and design strategies: e.g. cache management and batch processing for improving per-
formance, providing a model with method sources for improving coverage and knowledge issues,
fine-tuning a model for more precision, or combining with static analysis for better validation. These
improvements open up a space for building complex hybrid solutions for type inference.

5.5. Open questions

Finally, there are still many open challenges remained which deserve careful consideration and can
serve as a foundation for more future work.



+ Can we efficiently fork, parallelize or even offload the type inference computations to the external
image?

« Can we exclude irrelevant packages from analysis and how to identify them?

« Is there a possibility for using a secure sandbox in Pharo for running code during inference
without effects?

« How do we ensure inferred types remain valid and consistent over time?

Despite the presence of open questions and limitations, we believe that there is a potential for a
creating a combined, interactive, and adaptive approach to type inference in Pharo that can balance
primitive heuristics, static analysis, and LLM-based inference in a unified workflow.

6. Conclusion

This paper presents a set of lightweight heuristics designed to enhance type inference in dynamically
typed Smalltalk environments. Our approach is deliberately simple, designed for speed and ease of
integration into interactive development environments. We demonstrated that even minimal hints,
such as method naming conventions and collection patterns, can produce meaningful improvements in
inferred type coverage. The tool has been tested on Pharo 13 image being able to infer the types of 58%
of methods within 1 minute, thus showing the performance results that support its practicality.

In future work, we aim to integrate our heuristics with more sophisticated type inference tools to
combine their broader results with our low execution time aiming to have a hybrid solution that is
both fast and precise. Additional research directions include interactive type refinement, mining type
information from tests, building a shared type repository for Smalltalk and Pharo, and integrating
Al-assisted inference. We foresee both opportunities and challenges in pursuing these directions, but we
believe that addressing them could lead to a powerful, scalable, and adaptive type inference workflow.

Declaration on Generative Al

The authors have not employed any Generative Al tools.
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