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Dynamic languages (such as Python and JavaScript) offer flexibility and simplified type handling for program-
ming, but this can also lead to an increase in type-related errors and additional overhead for compile-time
type inference. As a result, type inference for dynamic languages has become a popular research area. Existing
approaches typically achieve type inference through static analysis, machine learning, or large language
models (LLMs). However, current work only focuses on the direct dependencies of variables related to type
inference as the context, resulting in incomplete contextual information and thus affecting the accuracy of type
inference. To address this issue, this paper proposes a method called TypePro, which leverages LLMs for type
inference in dynamic languages. TypePro supplements contextual information by conducting inter-procedural
code slicing. Then, TypePro proposes a set of candidate complex types based on the structural information of
data types implied in the slices, thereby addressing the lack of domain knowledge of LLMs. We conducted
experiments on the ManyTypes4Py and ManyTypes4TypeScript datasets, achieving Top-1 exact match (EM)
rates of 88.9% and 86.6%, respectively. Notably, TypePro improves the Top-1 Exact Match by 7.1 and 10.3
percentage points over the second-best approach, showing the effectiveness and robustness of TypePro.
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1 Introduction

Dynamic languages like Python and JavaScript do not require explicit type declarations for variables,
meaning a variable’s type is determined only at runtime. This enables faster development and
greater flexibility in how variables are used, but it also introduces issues such as type errors that
only surface at runtime and additional runtime overhead for type-related inference [5]. To address
issues caused by dynamic typing, Python introduced a standard for type annotations in PEP 484 [30].
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1 def MakeBatchBuilder(dataset_root,log_dir,analysis,epoch_type,model: <mask>, batch_size,use_cdfg, ... ):
2 if limit_max_data_flow_steps:

3 data_flow_step_max = model.message_passing_step_count

4 return DataflowGgnnBatchBuilder(..., vocabulary=model.vocabulary, max_node_size=...)

5 class Ggnn(classifier_base.ClassifierBase):
6 def Makebatch()

7 message_passing_step_count = ...

8 vocabulary = ...

9 def TrainDataflowGGNN(...):

10 obj = Ggnn(vocabulary=vocab,test_only=False...)

11 val_batches = AsyncBatchBuilder( MakeBatchBuilder(..., analysis=analysis, model=obj, ... ) )

Fig. 1. The motivating example where model serves as the target variable for data type inference.

The JavaScript superset TypeScript [6] provides static type checking at compile time and is then
compiled (transpiled) to plain JavaScript for execution at runtime [14]. These solutions likewise aim
to mitigate problems introduced by dynamic typing. However, writing type annotations manually
is both time-consuming and error-prone [37], which has motivated research into type inference for
dynamic languages.

Existing research has explored dynamic type inference from several aspects. First, industry-used
automated type inference tools (such as mypy [3]) mainly rely on pre-defined typing rules. However,
such pre-defined rules are often incomplete, which has limited the inference capability of these tools.
Second, classification-based methods have cast type inference as a multi-class classification task
and have use machine learning models to automatically predict the type of a code fragment—for
example, DeepTyper [14] for JavaScript, DLInfer for Python [36], and Type4Py [21]. These methods
require substantial amounts of labeled data for training and are heavily dependent on the quality
and comprehensiveness of the training set. Consequently, their prediction accuracy often declines
when encountering types not included in the training data, such as user-defined types. In recent
years, with the advancement of large language models (LLMs), a class of generative LLM-based
approaches has emerged—e.g., TypeGen [25] and Tiger [31]. These methods have improved type
inference by combining prompt engineering with program-analysis-provided context (such as
program slices and suggestions of likely third-party libraries or user-defined types) and other
feedback mechanisms.

Although existing approaches have made some progress, a major limitation is that the program
context they rely on is often incomplete. Type inference typically requires diverse contextual
information: variables may be passed to and modified by different functions, functions may be
invoked from other files, and variables may depend on global state or external inputs. Acquiring
such context requires inter-procedural data-flow analysis. For example, to infer the type of the
parameter model in line 1 of Figure 1, one must perform inter-procedural backward data-flow
analysis on the function TrainDataf1owGGNN (lines 9-11). From line 10 it can be determined that
the variable is of the user-defined type Ggnn (the class definition of Ggnn appears at line 5). Because
they lack inter-procedural data-flow analysis, existing methods (e.g., [21, 25, 31]) cannot accurately
infer the type of model.

Based on the above observation, we propose TypePro, an LLM-based type inference method for
dynamic languages. Specifically, with a knowledge base of third-party libraries and the project’s
own data types, TypePro performs inter-procedural code slicing to extract contextual information
of the target variable. To address the issue of LLMs lacking knowledge of third-party libraries
and custom types, TypePro selects a candidate list of data types from this knowledge base whose
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TypePro: Boosting LLM-Based Type Inference via Inter-Procedural Slicing 3

structural information is similar to that implied in the slice. These two pieces of information are
then combined into a prompt, guiding the LLM to generate data types.

We evaluated TypePro in the widely used ManyTypes4Py [20] and ManyTypes4TypeScript [17]
datasets. The evaluation results show that TypePro achieved Top-1 accuracies of 87.8% (Many-
Types4Py) and 86.6% (ManyTypes4TypeScript). Notably, TypePro improves the Top-1 Exact Match
by 7.1 and 10.3 percentage points over the second-best approaches in ManyTypes4Py and Many-
Types4TypeScript, showing the effectiveness and robustness of TypePro.

In summary, this paper makes the following contributions:

o To the best of our knowledge, we propose the first inter-procedural static code-slicing method
for type inference of dynamic programming languages.

e We design a new candidate data type selection strategy, which uses the structural information of
the data type inferred from the slice to perform type inference.

e We implemented an automated tool called TypePro and performd extensive experiments against
baselines. The results show that TypePro is effective in both Python and TypeScript, and it
outperforms existing work in Top-1 accuracy.

2 Related Work

In this section, we categorize existing type inference approaches into three main types: rule-based
methods, classification-based methods, and generation-based methods. Each type is discussed in
detail below.

2.1 Rule-Based Methods

These methods relied on a predefined set of type rules and employed static analysis to explore
variables in the code. When a target variable met a specific pre-defined rule, its type was inferred
accordingly [13]. Examples of such methods included Pyright and Pylance [19] released by Mi-
crosoft, pyType released by Google [10], and the official Python type checker mypy [3]. In the
JavaScript/TypeScript ecosystem, relevant approaches included the official TypeScript compiler tsc
and Babel. Additionally, several cross-language methods existed [8, 23, 35].

These rule-based approaches were known for their high precision, enabling accurate type
inferences for the scenarios they encompassed. Nonetheless, a primary challenge associated with
these methods was the considerable initial effort needed to establish a comprehensive set of rules,
given the immense workload involved. Moreover, a significant limitation of these methods was
their insufficient coverage when addressing external function calls and the dynamic features of
programming languages. Without developing new rules tailored specifically to these situations,
achieving satisfactory results remained challenging.

2.2 Classification-Based Methods

These methods frame type inference as a machine learning classification task, typically employing
supervised learning with features extracted from code and target types represented as vectors. In
the TypeScript ecosystem, DeepTyper [14] frames type inference as a machine translation problem
using a bidirectional RNN to encode code context. LambdaNet [34] adopts a graph neural network
on type dependency graphs to emulate static analysis.

In Python, DLInfer [36] and Type4Py [21] combine static code slicing with neural models.
Type4Py constructs a large vocabulary and maps it to type clusters in a high-dimensional space via
a hierarchical neural network.

These machine learning methods benefit from extensive prior research and achieve competitive
performance on benchmarks. However, they are constrained by a fixed label vocabulary, which
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limits generalization to unseen types [25]. Performance also heavily depends on high-quality
training data, and insufficient or noisy data can degrade effectiveness. Additionally, they often lack
interpretability, making it difficult to understand the rationale behind predictions.

2.3 Generation-Based Methods

Generative models are designed to generate missing information, making them suitable for tasks
like code generation and infilling. Typically, these approaches place a mask at the location requiring
a type annotation and task the model with filling in the type. Common models for such tasks
include CodeT5 [33], UnixCoder [12], and InCoder [9], which are pre-trained on large-scale code
corpora to predict subsequent code sequences given context. During inference, decoding strategies
are used to generate candidate code.

Compared to classification-based methods, generative models often achieve better performance
across a wider range of scenarios. However, their effectiveness remains limited. Some works,
such as TIGER [31], enhance generative models by incorporating similarity computation for
type recommendation, improving their ability to handle user-defined types. Nevertheless, these
methods—whether directly using base models like CodeT5 or InCoder, or enhanced frameworks
like TIGER—rely heavily on incomplete information, typically restricted to the immediate local
context. This often omits critical information and limits the ability to infer user-defined types. Even
TIGER, despite its similarity-based recommendation, lacks essential structural information about
related types and inter-procedural context.

Large language models (LLMs) have emerged as a prominent research topic in recent years.
Trained on large corpora of text and code and comprising billions of parameters, these models
demonstrate human-like capabilities in processing and generating text and can be viewed as a class of
generative models. Notably, LLMs have been applied to type-inference tasks. Similar to the direct use
of generative models, methods based on LLMs may employ a direct question-answering approach,
such as TypeGen [25]. Unlike approaches that require training a dedicated generative model from
scratch, LLM-based methods leverage general-purpose pre-trained models, significantly reducing
development time. Additionally, these methods often incorporate techniques like chain-of-thought
prompting to enhance reasoning and improve performance. For example, TypeGen [25] combines
LLMs with static analysis by providing code slices as input to the LLMs and translating static
analysis results into a chain-of-thought format, i.e., expressing static analysis outcomes in natural
language. This approach has demonstrated strong performance on type inference benchmarks.
Nevertheless, as previously mentioned, it still faces the same limitations in code slicing and handling
user-defined types.

3 Motivation

In this section, we evaluate state-of-the-art approaches to identify their limitations in type inference.
We apply HiTyper [24], TypeGen [25], and TIGER [31] to the example shown in Figure 1. Specifically,
HiTyper is a classification-based (CLS) method that constructs a Type Dependency Graph (TDG)
to represent the composition and dependencies of variables, and then performs type inference
using a similarity-based model. TypeGen is a generation-based (GEN) approach that slices code
using TDG and integrates the natural language summary of static analysis with type inference
examples to construct a chain of thought prompt and generate types. TIGER is considered as a
generation-and-similarity-based (GEN+SIM) approach, employing a pre-trained generative model
along with a similarity computation model to rank possible data types. It is worth noting that there
are other CLS and GEN approaches available, while we selected one representative state-of-the-art
method from each category for illustration.
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197 Table 1. The results of TypePro and baselines for the example in Figure 1
198
199 Approach | Baseline | Inferred Data Type
200 1. Typing.Type
201 GEN TypeGen | 2. model.vocabulary
202 3. model
203 . 1. int
CLS Hityper
204 2.str
206 Tiger 2. DataflowGgnnBatchBuilder
GEN+SIM | 8

207 3. Ggnn
208 TypePro | Ggnn
209
210 :e

Slicing Result Approach
211

1 def MakeBatchBuilder(dataset_root,log_dir,analysis,epoch_type,model: <mask>, batch_size,use_cdfg, ... ):
212

2 data_flow_step_max = model.message_passing_step_count
213

3 return DataflowGgnnBatchBuilder( ... vocabulary=model.vocabulary, max_node_size=batch_size..)
214 4 class Ggnn(classifier_base.ClassifierBase):
215 def Makebatch() TypePI'O
216 5 message_passing_step_count = ...

6 vocabulary = ...
217 7 obj=Ggnn(vocabulary=vocab,test_only=False,node_y_dimensionality=2,graph_y_dimensionality=0,

graph_x_dimensionality=0.)

218 000
219 8 val_batches = AsyncBatchBuilder( MakeBatchBuilder(..., epoch_type=epoch_pb2.VAL,analysis=analysis,model=obj, ... ) )

O
220 1 def MakeBatchBuilder(dataset_root,log_dir,analysis,epoch_type, model, batch_size,use_cdfg, ... ):
291 2 if limit_max_data_flow_steps: ) TypeGen

3 data_flow_step_max = model.message_passing_step_count -
222 4 return DataflowGgnnBatchBuilder( ... vocabulary=model.vocabulary, max_node_size=batch_size..)
223 def MakeBatchBuilder(dataset_root,log_dir,analysis,epoch_type,model: <extra_id_0>, batch_size,use_cdfg, ... ):

if limit_max_data_flow_steps:
224 data_flow_step_max = model.message_passing_step_count

1

2

3 -

4 else: CodeT5&Tiger

225 5 data_flow_step_max = None

6

7

8

logfile = ( log_dir /

226 "graph_loader" /
227 f"{epoch_pb2.EpochType.Name(epoch_type).lower()}.txt" )
. #Complete function content.
228
229 Fig. 2. The slices of Figure 1 for TypePro, TypeGen and Tiger.
230
231
239 Table 1 presents the output of TypePro and baseline methods in the example illustrated in

433  Figure 1. We now discuss their results according to the categories of different methods as follows.

23¢ o CLS Approach. It can be observed that the current state-of-the-art classification-based type

235 inference technique, HiTyper, fails to accurately infer the specific type of the parameter model.
236 The root cause lies in the fact that the deep learning model of HiTyper relies heavily on large
237 amounts of annotated data for training, making its performance highly dependent on the quality
238 and coverage of the training set. Therefore, the success rate of HiTyper can drop when HiTyper
239 encounters types not present in the training data (e.g., user-defined types). Specifically, for the
240 example in Figure 1, HiTyper incorrectly output primitive types such as int and str, therefore
241 failing to recognize that the variable should be in the user-defined type called Ggnn.

22 o GEN Approach. It can be observed that the current state-of-the-art generation-based approach,
243 TypeGen, also fails to infer the type of the parameter model. The main reason is that the slices
244 generated by TypeGen only include the data flow of parameters within the function, lacking
245
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any data flow information on the actual arguments of the parameters. For instance, when the
TypeGen method performs code slicing on the code shown in Figure 1, it only considers the code
related to the parameter model inside the function MakeBatchBuilder, as well as the statements
calling the MakeBatchBuilder function (as shown in Figure 2). These sliced segments can only
suggest that the parameter model might be of the same type as the actual argument obj. However,
since the slice does not include the type information of obj, it is difficult to further infer the
concrete type of the parameter model.

o GEN+SIM Approach. Although TIGER covers user-defined types and third-party library types
and is capable of inferring the correct data type for model, it only ranks the correct data type in
the third position. This is primarily because the type inference process of TIGER relies solely
on the local context surrounding the target location (as shown in Figure 2) and ranks candidate
data types through generative likelihood computation and the extracted contextual information.
However, depending exclusively on the immediate context before and after the target variable
makes it difficult to fully reconstruct the structure of non-primitive types, especially when the
definitions of these types might be distributed across different locations within the project.

In the scenario depicted in Figure 1, to let LLM accurately determine the type of the parameter
model in the function MakeBatchBuilder, an automated tool should: (1) analyze the call statements
related to MakeBatchBuilder (i.e., lines 9-11), (2) perform code slicing on the actual argument obj
passed to MakeBatchBuilder, and (3) reconstruct the structural features of potential user-defined
data types (e.g., model .message_passing_step_count, as shown in line 3 of Figure 1). Specifically,
the def statement of obj occurs at line 10, and its usage is located at line 11. Including these
statements in the code slice helps infer the type of the actual argument obj. It is worth noting that
the definition of obj is accomplished through a call to Ggnn. Therefore, it can be inferred that the
type of obj is either consistent with the return type of Ggnn or corresponds to the Ggnn class itself.

To further infer the type of obj, one can perform backward slicing starting from Ggnn, incor-
porating its function/class definition (e.g., the signature at line 5) into the code slice. Finally, by
analyzing the transitions from the target function parameter model to the argument obj, and
further to the return type of the function Ggnn, together with the structural information (e.g.,
model . message_passing_step_count), TypePro can guide LLM to determine that the type of
model is Ggnn.

To summarize, the key contributions of TypePro comparing to existing approaches are as follows:

e TypePro incorporates inter-procedural analysis of function calls for type inference, in contrast
to TypeGen’s code slicing that is limited to intra-procedural analysis. For example, the slicing
process of TypePro includes model — obj flow that depicts the call of MakeBatchBuilder in
line 11 of Figure 1. Compared to Tiger, which extracts code snippets around the target variable
based on heuristics, the code slicing process of TypePro can provide context information that is
data-flow related to the target variable, and this contextual information has been experimentally
shown to improve the type inference precision (see Section 4.3 for details).

o Through this slicing process, TypePro restores the structural information of user-defined data
types (e.g., the Ggnn type containing message_passing_step_count and vocabulary fields in
lines 2-3 of Figure 1) and suggests candidate types matching this structure to the LLM, thereby
improving effectiveness (see Sections 4.2 and 4.4).

4 Approach
4.1 Overview

Figure 3 illustrates the overall workflow of TypePro. First, the analysis process of TypePro relies on a
knowledge base constructed from a large number of project files, incorporating domain knowledge
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Fig. 3. The Overview of TypePro.

of user-defined data types and third-party library types included in the project under analysis.
When processing a target file, for each variable requiring type inference, TypePro performs inter-
procedural code slicing to extract code snippets relevant to the variable at runtime as context. Based
on the above two inputs, TypePro constructs a prompt containing (1) the code snippets obtained
from slicing and (2) a list of candidate data types retrieved from the knowledge base. Finally, it
leverages a LLMs to generate the inferred data type.

4.2 Knowledge Base Construction

To enable TypePro to support user-defined types and custom types from third-party libraries,
TypePro collects all class definitions in the project files where the current file is located as user-
defined types. Then, it examines the import statements to determine which source files are imported
in the current file and adds the class definitions of these files to the list of user-defined types. For
types from third-party libraries, we followed the existing practices of Peng et al. [25] to download
the top 5,000 most popular packages in the Python ecosystem (from libraries.io) and the top
5,000 packages in the TypeScript ecosystem (from npm). The knowledge base stores the following
information closely related to the structure of user-defined data types: (1) class names, (2) the
packages to which the classes belong, (3) public API signatures of these classes, and (4) the list of
fields of these classes.

4.3 Code Slicing

TypePro performs inter-procedural code slicing to identify and analyze code segments essential to
the target (e.g., variables, expressions, functions). Existing related work, such as TypeGen [25] and
DLInfer [36], also employs code slicing for type inference. However, as noted in Section 3, these
methods exhibit deficiencies in handling inter-procedural dependencies, resulting in limited success
rates when using sliced information as context for type inference. In contrast, TypePro’s inter-
procedural slicing not only supplements context beneficial for type inference—such as signatures
of used functions and call information—but also further incorporates other variables that exhibit
dependency relationships with the target variable (either being depended on or depending on it).
This approach provides richer and more effective contextual information for type inference.
Algorithm 1 illustrates TypePro’s slicing process, which is adopted from the process proposed
by Horwitz et al. [15]. Given a target program P as input, TypePro first constructs the System
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Algorithm 1: Code Slicing Process

Input: P: The target program;
v: The variable whose type is to be inferred.
Output: slices: A set of slices containing relevant statements for type inference.
// 4.3.1 System Dependency Graph Construction
1 Initialize an empty list PDG « [];
2 foreach function f in P do
3 pdgr = buildPDG(f);
4 L Add pdgy to PDG;
5 G = buildSDG(PDG):
// 4.3.2 Code Slicing Generation
Identify the set of target variables TV based on v;

N

Initialize an empty list slices « [];

s foreach tv € TV do

9 Initialize the worklist with the pair (¢tgtStmt, {tgtStmt});

10 while worklist is not empty do

11 Remove (s’, slice) from worklist;

12 Mark s’ as visited;

13 if no unvisited statement s with an edge (s,s’) in G then
14 Add slice to slices;

15 continue;

16 foreach unvisited statement s with an edge (s,s’) in G do
17 if s is a def or use of tv then

18 L slice « slice U {s};

19 else

20 L Add the pair (s, slice) into worklist;

21 return slices;

Dependence Graph (denoted as G) to support inter-procedural control-flow and data-flow analysis.
Then, given the target variable v, TypePro identifies all statements in G related to v to provide the
context for the LLM to infer the corresponding data type.

4.3.1 System Dependency Graph Construction. TypePro first constructs G for the target program P
(lines 1-4). Following the practices of existing slicing approaches [36], for each function defined in
P, TypePro scans the code to extract data flow and control flow information to build the program
dependency graph (PDG). Then, to construct the inter-procedural information of G, TypePro
searches in PDG for call statements in the form of ret1, ret2,...= func(p1, p2, ...), resolving the
function func according to the following three rules:

e Function Name Matching. TypePro first tries to match the name of the callee func in the call
statement, and process only the functions with the same name further.

e Parameter Matching. TypePro further match the actual parameters at the call site with the
formal parameters in the function signature. First, priority is given to explicit parameter names
(e.g., keyword arguments) for alignment with the formal parameters of the candidate functions.
If no explicit parameter names are provided, the original types of the actual parameters (p1,
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p2,...) (e.g., number, float, etc.) will be inferred and matched with the constraints of the
candidate function’s formal parameters.

e Return Value Matching. In Python, a function may return more than one value. Therefore,
TypePro scans the return statements within the body of function func to infer the actual number
of return values, and checks whether this number matches the number of receiving variables
(a.k.a, retl, ret2, ..). For example, return (x, y) indicates that the function returns two
values. If there are multiple return statements in the function body, TypePro takes the maximum
number of return values among all the return statements as the number of return values for the
function.

4.3.2  Code Slicing Generation. After constructing G, TypePro takes as input the variable v for the
project. In line 5, TypePro starts by expanding the set of target variables TV associated with v to
enable precise type inference. Such the type of expansion is intended to support inter-procedural
analysis and is governed by the following rules:

o Fields: For variables that are fields of a class, TypePro adds all the use statements of these fields
to the TV.

e Function Parameters: Since function parameters lack explicit definitions, TypePro not only
adds the function signature where the parameter appears to the TV, but also enumerates the
uses of these functions within the project, adding the uses of these functions to slice as well.

o Return Values: If the v accepts the return value of a function (e.g., ret1, ret2,...), then all return
statements of that function are added to the slice.

e Other Variables: For the other variables, TypePro will directly add v to TV

Subsequently, for each identified tv in TV, TypePro proceeds by performing backward and
forward tracing on the identified slice to collect all def and use statements (lines 7-19). Specifically,
TypePro locates the statement tgtStmt where tv locates in G (line 8), tgtStmt also works as the
initial slice for the given tv. Then, TypePro employs a worklist to progressively perform forward
and backward propagation in G to add the statements containing all related defs and uses of tv
into slice. This process continues until all def-use relations of the target variable and its related
variables are fully traced, and the relevant statements are incorporated into the slice. The algorithm
finally outputs the slices, which contain all the slices for v (line 20).

4.4 Prompt Construction

Finally, TypePro generates prompts and leverages a LLMs for type inference. Figure 4 demonstrates
the example prompt generated by TypePro to infer the data type of the variable model from Figure 1.
Within this prompt, the location of the variable whose type needs to be inferred is marked as
<mask>, and the prompt incorporates the following two key pieces of information: (1) The previously
generated inter-procedural slice for the target variable; (2) Candidate data types recommended
from user-defined or third-party libraries.

As discussed in Section 3, existing methods [24, 25, 31] struggle to effectively infer the data type
of the variable model because the contextual information they rely on is insufficient to reconstruct
the structural features of the data type (such as fields, public functions, etc.). TypePro addresses this
limitation by recommending candidate data types whose structural information highly aligns with
that inferred from the code slice, thereby enhancing the accuracy of type inference. Specifically, for
a given candidate type type, TypePro calculates a matching score, which quantifies how closely the
structure of type matches that of tgtVar. This score is computed as follows:

|(FVar U MVar) N (Ftype U Mtype)'
|FVar U MVarl

Score(Var, type) = (1)
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Prompt Template for TypePro

System:
You are an expert in dynamic language type inference. Please perform accurate type inference based on the content | provide.
User:
Next, you will be provided with a piece of Python code slicing. You will infer the variable type or function return type in Python and
fill in the type annotation in <mask>.
example for your output: mask: str
The candidate types analyzed from the import information are:
{Candidate types}
The code you need to make a prediction is:
{Slicing Code}

Example

System:
You are an expert in dynamic language type inference. Please perform accurate type inference based on the content | provide.
User:
Next, you will be provided with a piece of Python code slicing. You will infer the variable type or function return type in Python and
fill in the type annotation in <mask>.
example for your output: mask: str
The candidate types analyzed from the import information are:
class Ggnn(classifier_base.ClassifierBase):
def MakeBatch(self, epoch_type, graphs, ctx) -> batches.Data:
def GraphReader(self, epoch_type, graph_db, filters, limit, ctx) -> graph_database_reader.BufferedGraphReader:

The code you need to make a prediction is:

import pathlib

import time

def MakeBatchBuilder(dataset_root,log_dir,analysis,epoch_type,model: <mask>, batch_size,use_cdfg, ... ):
data_flow_step_max = model.message_passing_step_count
return DataflowGgnnBatchBuilder( ... vocabulary=model.vocabulary, max_node_size=batch_size..)

class Ggnn(classifier_base.ClassifierBase):
def Makebatch()

obj=Ggnn(vocabulary=vocab,test_only=False,node_y_dimensionality=2,graph_y._dimensionality=0,graph_x_dimensionality=0.)

val_batches = AsyncBatchBuilder( MakeBatchBuilder(..., epoch_type=epoch_pb2.VAL,analysis=analysis, model=obj, ... ) )

Fig. 4. The prompt generated for the example in Figure 1

Specifically, Fy,, denotes the set of fields associated with tgtVar that appear in Slice; My,
denotes the set of public functions associated with tgtVar that appear in the Slice, F;,. denotes
the set of fields defined in candidate type, and M, ;. denotes the set of public functions defined in
candidate type. TypePro selects up to maxcandidare (set to 5 in the evaluation) candidate data types
from both the project itself and the knowledge base and then filter out data types whose similarity
scores fall below the set minimum thresholds, we set the minimum threshold thresholds. for the
Score as 0.5. The detailed structural information of these candidate types is then explicitly listed in
the prompt.

The aforementioned process constructs the initial prompt. However, LLMs may generate outputs
in different formats. For example, (1) directly outputting the structure information of a data type,
such as {name: string, age: number}, which is actually a user-defined type (e.g., class Student)
that has already been included in the knowledge base, and (2) outputting the name of a data type
but with typos (e.g., Neme, which is a typo for Name). To reduce hallucination issues caused by the
randomness of LLMs, TypePro executes a two-stage type generation process. In the first stage,
TypePro provides the prompt generated through the above process to the LLMs and obtains its
initial output. TypePro then repeats the above actions with reference to the output of the initial
prompt. Specifically, for the first type of output, TypePro refers to Equation 1 to attempt to map it
to a user-defined data type in the knowledge base. For the second type of output, TypePro considers
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Table 2. Dataset for Type Inference. Specifically, Arg refers to function parameter types, Ret refers to function
return type, Var refers to local and global variables, Gen refers to generic types, Ele refers to elementary
types (e.g., str and int), and Usr denotes types defined in the project or third-party libraries.

Categories
Arg Ret Var Ele Gen Usr

Language Dataset Total

226,767 44,276 20,395 162,096 119,742 62,268 44,757
100% 19.52% 8.99% 71.48% 52.80% 27.46% 19.74%
101,392 20,885 9,393 71,114 52,869 28,227 20,296

Training Set

Python Test Set
100% 20.60% 9.26%  70.14% 52.14% 27.84% 20.02%
11,029 2,269 958 7,802 5,684 3,312 2,033
Sampled Test Set
100% 20.57%  8.69%  70.74% 51.54% 30.03% 18.43%
. 260,767 106,571 42,780 111,416 246,784 - 13,983
Sampled Training Set
. 100% 40.87% 16.41% 42.73%  94.64% - 5.36%
TypeScript
30,805 13,019 4,055 13,731 29,731 - 1,074
Sampled Test Set
100% 42.26% 13.16% 44.57% 96.51% - 3.49%

the similarity of type names by using the BM25 [26] algorithm, and selects the most similar type
from the knowledge base as the output.

4.5 Discussion

Note that TypePro’s effectiveness may be affected by limitations in SDG construction. As discussed in
Section 4.3.2, inferring inter-procedural information relies on matching function names, parameters,
and return values. For certain call statements, TypePro may identify multiple candidate functions
and conservatively provide all of them to the LLM. While this ensures completeness, it may introduce
imprecision that affects type inference. To evaluate the impact of the aforementioned limitations,
we sampled 2,500 variables from the ManyTypes4Py and ManyTypes4TypeScript datasets. In
ManyTypes4Py, 2,273 variables involved slicing with a single matching function, achieving 89.93%
precision; the remaining 227 with multiple matches achieved 89.42%. In ManyTypes4TypeScript,
2,321 variables had a single match with 85.61% precision, and 179 had multiple matches with
85.47% precision. These results indicate that the above process has limited impact on TypePro’s
performance.

Another threat is that the proposed slicing process does not support code generation mechanisms
in Python and TypeScript, such as calls to the eval function, which are rarely used. In the Many-
Types4Py dataset, there are 210 eval calls across 122 files, while in the ManyTypes4TypeScript
dataset, there are only 5 eval calls in 2 files. As stated in existing work [11, 27, 28], such dynamic
features limit the effectiveness of static analysis approaches. We plan to explore incorporating
runtime information to better handle these features in future work.

5 Evaluation
We evaluated TypePro by answering the following research questions (RQs):

¢ RQ1: How does TypePro perform on Python datasets compared to other baselines?

e RQ2: How robust is TypePro in inferring types for different categories of variables, including
elementary types, generic types, and user-defined types?

o RQ3: Can the results of TypePro generalized to different types of LLMs?
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e RQ4: What is the contribution of each component of TypePro (i.e., code slicing and type
recommendation) to its overall effectiveness?
o RQ5: How effective is TypePro on inferring data types in TypeScript programs?

5.1 Evaluation Datasets

We utilized the ManyTypes4Py [20] and ManyTypes4TypeScript [17] datasets for our experiments.
Specifically, ManyTypes4Py is a widely adopted dataset containing 869K annotations of 5,382
Python projects for type inference. Following the practices of recent studies [25], we partitioned the
dataset into training and testing sets using a 70-30 split and further selected data from 100 projects
within the test set for evaluation. On the other hand, the ManyTypes4TypeScript dataset is designed
for type inference in TypeScript. ManyTypes4Typescript contains 9M+ data annotations in 13,953
projects, which is ten times the size of ManyTypes4Py. We extracted 10% of the pre-partitioned
training set from it as the training data and further selected data from 100 projects within the test
set for evaluation. The statistics of selected training and test dataset are shown in Table 2. Note
that the ManyTypes4TypeScript dataset does not include data annotations for generic types (e.g.,
generic types such as Array<T> and Map<K, V> are annotated simply as array or map).

5.2 Baselines

We selected the following research methods in type inference as our baselines.

o TypedPy [21]: A supervised learning-based classification method that constructs large-scale
Python type clusters and categorizes programs into different clusters for type prediction. For
Type4Py, we directly used the Docker image released by the authors to perform inference on the
test set.

e HiTyper [24]: A method that builds a Type Dependency Graph (TDG) to describe variable
composition and dependencies, combined with a similarity-based model for type inference. For
HiTyper, we utilized Type4Py as its inference model.

e TypeGen [25]: An approach that performs code slicing via TDG, constructs a chain-of-thought
and examples using natural language descriptions of static analysis knowledge, and then leverages
a LLMs to generate types. For TypeGen, we followed the default parameters set by the authors,
preprocessed the dataset according to their methodology, and then conducted inference on the
test set.

o TIGER [31]: A two-stage type inference method for Python that employs a trained generative
model along with a similarity computation model to rank and recommend plausible types.
For TIGER, we adhered to the authors’ approach, training the model on our training set and
subsequently performing predictions.

Note that we omitted rule-based approaches as they are unlikely to outperform machine learning-
based methods in terms of performance and generalization on these datasets. Furthermore, we
compared TypePro with three cloze-style type inference models: CodeT5 [33], CodeT5+ [32], and
UnixCoder [12]. We did not include DLInfer [36] in our baselines because its type inference process
relies on PySlicer, a static slicing tool for Python that has not been open-sourced. For CodeT5 [33],
CodeT5+ [32], and UnixCoder [12], we downloaded the initial weights from the Hugging Face
Hub [16] and fine-tuned them on our training set.

5.3 Metrics

We employ the following metrics from prior work [21, 24, 25, 31] to evaluate the performance of
TypePro and the baseline methods:
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e Exact Match (EM): This metric calculates the proportion of type predictions made by a method
that exactly match the developer-provided type annotations.

e Base Match (BM): This metric calculates the proportion of type predictions that partially match
the developer-provided type annotations.

Formally, we parse Python or TypeScript tag types Tjape; and the predicted types from a method
Tpre into type sets Setjapel and Setpye.

Tiabet — Setigper = Set (T, Ty, -+ - T)
Tpre 4 Setpre = Set (Tl, Ty Tn)

For example, the Python type Union[str, int] is parsed as Set(str, int), and the TypeScript
type {a@?:number, b:string} is parsed as Set({a:number,b:string},{b:string}). When the
two type sets are identical, we consider Exact Match to be satisfied. If the two sets have any overlap,
we consider Base Match to be satisfied.

Setigper = Setpre = EM
Setigper N Setpre # ¢ = BM

Notably, for generic types in Python and TypeScript, we consider predictions to satisfy BM as long
as they belong to the same generic category. For example, in Python, List[str] and List[int]
are considered a base match; similarly, in TypeScript, Array<string> and Array<number> are
considered a base match.

For the any type: If the annotated type in the dataset is any, any predicted type is considered to
satisfy both EM and BM. If the predicted type is any, but the annotated type in the dataset is any
specific type (other than any), it is considered to satisfy neither EM nor BM.

Furthermore, we utilized MRR (Mean Reciprocal Rank) as an evaluation metric [18, 21]. This
is a commonly used indicator to assess the performance of models such as search engines or
recommendation systems, particularly suited for query-based problems like information retrieval
and recommendation tasks. The score for each data point is calculated by taking the reciprocal of
the rank of the first correct answer. The formula is as follows:

1 &g
MRR@n = o ; p— (rank; € [1,n]) @)

where |D| denotes the total number of data, and rank; represents the rank position of the first
correct answer for the i-th query, MRR@n represents the retrieval of data ranked from 1 to n, and
rank; falls within the range [1, n].

TypePro utilized the API provided by OpenAl and selected GPT-4.1 as the generative model,
which is one of the state-of-the-art LLMs. We set the temperature to 0.2 and top_p to 0.3, generating
20 samples for each target variable. The final prediction was determined by ranking the generated
results based on their frequency of occurrence, This is the same approach as other studies [25]. All
experiments were conducted on a Linux machine (Ubuntu 24.04) equipped with a 128-core Intel
Xeon Gold 6338 CPU @ 3.200GHz and two NVIDIA RTX A6000 GPUs.

5.4 Results of RQ1

To answer RQ1, we evaluate the effectiveness of TypePro in type inference of Python by comparing
the results with baselines on ManyTypes4Py [20]. We compared two classification-based methods,
HiTyper [24] and Type4Py [21], as well as generative models such as CodeT5 [33], CodeT5+ [32] and
UnixCoder [12]. TypeGen is categorized as the GEN-based approach, as LLMs are also considered
as a form of generative model.
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Table 3. The ManyTypes4Py results of TypePro and baselines in terms of Var, Ret, and Arg. The data point
with a dark blue background indicates the best result. The data point with a light blue background indicates
the second-best result.

R Top-1 Top-3 Top-5 MRR@5

Metric  Approach Catalog
Var Ret Arg All | Var Ret Arg All Var Ret Arg All Var Ret Arg All
HiTyper cLs 82.2 60.7 67.3 76.2 85.5 64.5 773 81.4 85.9 65.1 78.3 81.9 87.0 70.4 68.5 81.7
Type4Py 62.2 41.8 68.1 61.9 70.8 51.1 81.1 715 72.7 534 81.7 73.1 66.5 46.7 74.3 66.6
TypeGen 72.6 62.1 67.4 70.7 81.2 71.9 79.0 80.0 82.8 73.9 814 81.7 76.9 67.1 73.2 753
CodeT5 84.7 62.9 64.6 78.7 89.4 69.9 74.2 84.6 91.0 72.7 76.3 86.4 87.2 66.8 69.4 81.6

EM ) GEN

Unixcoder 83.2 65.8 60.9 77.1 90.5 75.1 75.9 86.2 92.3 77.0 79.2 88.3 86.9 70.4 68.5 817
CodeT5+ 84.6 65.4 63.4 78.6 88.8 71.8 733 84.1 90.5 73.9 75.6 86.0 86.9 68.9 68.4 81.5
TIGER 85.1 70.6 76.0 81.9 90.7 81.2 89.3 89.6 91.5 83.3 91.4 90.8 87.8 75.8 82.7 85.7

GEN+SIM
TypePro 89.6 88.9 87.2 88.9 93.1 91.6 91.3 92.4 93.2 91.9 91.7 92.7 91.1 90.2 89.1 90.6
HiTyper cLs 90.3 80.6 74.7 85.2 93.8 84.9 84.6 90.5 94.4 85.2 85.8 91.3 91.9 80.6 75.1 87.5
TypedPy 69.3 45.2 70.0 67.6 79.5 55.8 83.2 78.4 81.4 58.2 84.4 80.2 74.4 50.6 76.4 73.0
TypeGen 85.5 70.7 75.0 82.1 90.0 80.1 85.1 88.1 90.6 81.7 86.4 88.9 87.7 75.5 79.9 85.1
CodeT5 90.9 70.6 72.8 85.4 94.4 78.3 81.8 90.4 95.6 80.6 84.2 91.9 92.7 74.6 77.4 87.9

BM ) GEN

Unixcoder 89.1 76.8 68.1 83.7 94.5 84.6 81.8 91.0 96.2 86.5 85.1 93.1 91.9 80.6 75.1 87.5
CodeT5+ 90.9 75.5 70.7 85.4 94.2 82.6 79.5 90.2 95.5 84.9 82.2 91.9 92.7 79.3 753 87.9
TIGER 90.8 78.9 82.6 88.1 93.7 88.7 93.0 93.1 94.3 90.0 94.7 94.0 92.3 83.6 87.9 90.6

GEN+SIM
TypePro 93.5 91.2 88.1 92.1 95.6 94.1 91.7 94.6 95.7 94.2 92.1 94.8 94.5 92.5 89.8 933

Table 3 presents the results. As we can see, TypePro achieved an 88.9%, 92.7%, and 92.7% accuracy
in Top-1, Top-3, and Top-5 Exact Match, representing an improvement of 7.0, 2.8, and 1.9 percentage
points over the second-best method, TIGER. In detail, TypePro achieved the best results across all
aspects of exact match in Var, Ret, and Arg. An interesting observation is that, for Top-1 Exact
Match, TypePro showed remarkable improvements in inferring Ret and Arg, outperforming TIGER
by 18.3 and 11.2 percentage points, respectively. As stated by existing work[21, 22], developers
are more likely to use the first suggestion provided by a tool, which highlight the effectiveness of
TypePro in achieving the highest success rate without requiring additional manual effort.

For Base Match, TypePro also achieves a Top-1 accuracy of 92.1%, which is a 4 percentage
point improvement over the second-best method. Specifically, in terms of Top-3 and Top-5 results,
TypePro ranks either first or second across different groups. This demonstrates the robustness of
TypePro regarding effectiveness under different evaluation settings.

5.4.1  Comparison with Classification-Based Approaches. As shown in Table 3, TypePro clearly
outperforms CLS approaches, including HiTyper and Type4Py, across all type categories in terms
of Exact Match and Base Match metrics. Notably, TypePro achieves improvements of 12.8 and 27.1
percentage points over HiTyper and Type4Py, respectively, in Top-1 Exact Match.

The main reason for these results is that elementary types are typically included in the vocabular-
ies of CLS approaches’ pre-trained models and have a large number of training samples. However,
such a large amount of training data does not include information generated by inter-procedural
analysis. Therefore, when applying HiTyper and Type4Py to Ret and Arg categories, their perfor-
mance drops significantly. For example, the accuracy of Type4Py on Ret category is only 41.8%.
In contrast, TypePro achieves success rates of 88.9% and 87.2% on these categories, respectively,
highlighting its advantage over CLS approaches.

5.4.2  Comparison with Generation-Based Approaches. As shown in Table 3, the generation-based
(GEN) approaches CodeT5 and CodeT5+ achieved Top-1 accuracies of 78.7% and 78.6%, respectively,
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Fig. 5. Correct answer distribution between TypePro and baselines

while UnixCoder and TypeGen reached 77.1% and 70.7%, respectively. For the same reason men-
tioned above, these models also performed well in the Var category; for example, CodeT5 achieved
an accuracy rate of 84.7% in this category, largely because variables constitute a significant portion
of the training data (71.48%). However, the accuracy of these three methods in other categories
drops to below 70%. In contrast, TypePro’s inter-procedural code slicing process incorporates
structural information of types, giving it an advantage in inferring the Ret and Arg categories. It is
worth noting that although TypeGen pre-extracts some third-party library types and user-defined
types for inclusion in its prompts to the LLMs, it only provides class names without structural
information. This lack of contextual detail leads to reduced success rates.

5.4.3 Comparison with TIGER. As shown in Table 3, TIGER achieved a Top-1 exact match rate
of 81.9% on our test set, while TypePro outperformed TIGER by 7.9 percentage points in overall
accuracy. Specifically, although the performance on Var types was similar, TIGER focuses on
variable names and contextual textual similarity, whereas TypePro leverages inter-procedural
analysis to obtain contextual information of the target variable and provides it to the LLM. This
enables TypePro to achieve improvements of 17.3 and 11.2 percentage points over TIGER for Ret
and Arg types, respectively.

For the Base Match task, although we can see that TypePro achieves overall better Top-1, Top-3,
and Top-5 performance than TIGER on the test set, its performance in the Arg group for infer
Top-3 and Top-5 only reaches 91.7% and 92.1%, which is 1.3 and 2.6 percentage points lower than
TIGER, respectively. According to our observations, since TypePro is an LLM-based type inference
method, when we configure the LLM to output more diverse results, it often produces hallucinations,
leading to a decline in performance for Top-3 and Top-5 predictions. Nevertheless, TypePro still
demonstrates a significant advantage over TIGER in terms of Top-1 performance.
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Table 4. Comparison results with baselines on the three data types Ele, Gen, and Usr.

Top-1 Top-3 Top-5 MRR@5
Approach Catalog
Ele Gen Usr Ele Gen Usr Ele Gen Usr Ele Gen Usr
HiTyper CLs 86.6 636 669 | 920 675 733 | 927 680 736 | 898 754  69.4
Type4Py 79.6 420 459 | 881 545 539 | 893 576 543 | 83.8 482 497
TypeGen 842 448 748 | 889 624 834 | 898 663 844 | 865 537  79.0
CodeTs GEN 883 689 67.6 | 923 767 758 | 937 790 777 | 905 723 718
Unixcoder 863 69.8 635 | 932 808 753 | 948 835 778 | 898 754  69.4
CodeT5+ 889 686 658 | 929 752 742 | 941 777 768 | 91.0 722 703
TIGER 889 716 793 | 91.7 844 923 | 91.8 867 947 | 903 779 857
GEN+SIM
TypePro 932 826 876 | 950 884 923 | 950 887 929 | 939 854  89.8

544 MRR. As we can see in Table 3, In terms of MRR@5, TypePro achieves 90.6 and 93.2, outper-
forming all the baselines we compared. It can be observed that TypePro significantly outperforms
baselines in MRR@?5 for Ret and Arg category, with 14.4 and 6.4 percentage point of improvement
on Ret and Arg, respectively. For Var category, the difference between TypePro and the second-best
approach is minimal, as these categories are relatively straightforward and well-represented in the
training set. Moreover, Figure 5 shows the distribution of correct answers between TypePro and
baselines. Moreover, Figure 5 shows the distribution of correct answers between TypePro and the
baselines. As we can see, on the test dataset, TypePro ranks the correct answers in the Top-1, Top-3,
and Top-5 for 88.9%, 92.4%, and 92.7% of the data, respectively, all of which surpass the baselines.
This demonstrates that TypePro consistently prioritizes the correct data types more effectively,
further validating its advantages in ranking accuracy across different baselines.

5.4.5 Efficiency. On the ManyTypes4Py dataset, TypePro achieves an average runtime of 2.46
seconds per sample (range: 1.38-8.38 seconds). The slicing operation itself averages only 0.50
seconds (range: 0.33-0.72 seconds), indicating that the more time-consuming part is not code slicing
but rather LLM API calls which inevitably introduce network latency. Additionally, statistical
analysis of prompt lengths shows an average of 1.96K tokens (range: 0.83K-10.45K). These results
demonstrate that both the runtime and token consumption of TypePro fall within an acceptable
range, reflecting stable and efficient performance.

5.4.6 Sensitivity Analysis. We conducted a sensitivity analysis on the selection of threshold Score
using the ManyTypes4Py dataset, with values set at 0.1, 0.3, 0.5, 0.7, and 0.9. The corresponding
Top-1 exact match accuracies were 86.4%, 87.2%, 88.9%, 86.9%, and 86.9%, respectively. The best
performance was achieved when Score was set to 0.5. Specifically, a low Score value leads to too
many irrelevant type information, while a high Score makes the strategy too conservative and may
exclude valid types that contain optional fields, both of which adversely affect performance.

Answer of RQ1: TypePro achieves higher accuracies and MRR@5 compared to all the baselines.
Notably, TypePro improves the Top-1 Exact Match by 7.1 percentage points over the second-best
approach, TIGER. This demonstrates the effectiveness of TypePro in various scenarios, especially
in the scenarios where fully automation is required (e.g., compilation optimization).
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5.5 Results of RQ2

To answer RQ2, we compared the performance of TypePro against various baseline methods across
different data types. The data was categorized into three classes: elementary types (Ele), generic
types (Gen), and user-defined types (Usr). We recorded the exact match results for TypePro and the
baselines at Top-1, Top-3, and Top-5.

The results are shown in Table 4. Overall, TypePro outperforms the baselines with Top-1 accu-
racies of 93.2%, 82.6%, and 87.6% for Ele, Gen, and Usr, respectively. Compared to the baselines,
TypePro showed improvements in Top-1 accuracy, particularly in the Gen and Usr categories, with
improvements of 11.0 and 8.3 percentage points, respectively.

However, in the Top-3 and Top-5 scenarios, TIGER slightly outperforms TypePro in user-defined
types. The main reason is that, during the candidate type ranking process, TypePro only recommends
data types with a fitness score Score > 0.5, which may result in fewer than three or five data types
being recommended. In such cases, TypePro relies solely on semantic inference from code slices for
data type prediction, which can easily lead to hallucinations. Future research directions could guide
large language models in type inference to not only consider the structural information of types,
but also design appropriate guidance mechanisms to help models understand the semantic relations
between the inferred data type and the context, thereby further enhancing the effectiveness of
LLM-based approaches.

As for the Ele category, we observe that the three code generation models (CodeT5, UnixCoder,
CodeT5+) achieve over 80% accuracy. This is because Ele types dominate the training dataset (52.8%
in ManyTypes4Py). When fine-tuning these models, the inherent bias in the data distribution led to
their performance on Ele types. Additionally, compared to generation-based methods, classification-
based methods clearly underperformed on user-defined types. For example, Type4Py achieved only
45.8% Top-1 accuracy on Usr types, indicating that vocabulary-dependent classification methods
struggle to handle types not present in the training vocabulary.

The MRR@?5 results demonstrate that TypePro still achieved the best overall performance across
the Ele, Gen and Usr. Although TIGER performed slightly better on Top-5 user-defined types,
TypePro’s MRR@5 remained higher than TIGER’s. This is because TIGER’s Top-1 accuracy was
relatively low and despite its increase from Top-1 to Top-3, Top-1 accuracy carries the highest
weight in MRR calculation. These results validate the effectiveness of TypePro across all variable
categories.

Answer of RQ2: TypePro achieved high accuracy and MRR@5 across elementary, generic, and
user-defined, and significantly outperformed all baselines in Top-1 accuracy, showcases strong
and more consistent inference accuracy across all variable categories.

5.6 Results of RQ3

To answer RQ3, we evaluated the effectiveness of TypePro on state-of-the-art open-source and
closed-source large language models. Specifically, we selected two closed-source LLMs (GPT-
4.1 [1], claude-4 [2]) and three open-source models (qwen3-coder-480b [4], llama-4-128x17b [29],
openPangu-Embedded-7B-V1.1 [7]) to evaluate TypePro. Since TypePro does not require fine-tuning
of LLMs, we access all LLMs via API calls. We select the largest open-source models in terms of
parameter size in the evaluation.

Table 5 shows the results. We can see that although there are slight differences in the Top-1 EM
achieved by TypePro across different large language models, the differences are not significant. The
lowest (qwen3-coder-plus) reached 83.8%. Additionally, we observe that GPT-4.1 performed the
best among the five models we selected, achieving a Top-1 EM of 88.9%. On the other hand, we
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found that openPangu-Embedded-7B-V1.1 achieved the lowest accuracy of 59.6%, mainly because
the model has fewer parameters. This indicates that TypePro’s approach can generalize across
different LLMs.

Table 5. Top-1 Exact Match (%) accuracy of TypePro in different LLMs.

Approach ‘ All ‘ Var Ret Arg | Ele Gen Usr
qwen3-coder-plus [4] 83.8 | 833 87.2 837 | 89.8 725 8438
llama-4-128x17b [29] 85.6 | 849 89.2 86.0 | 886 80.1 85.7
openPangu-Embedded-7B-V1.1 [7] | 59.6 | 61.1 639 529 | 50.8 655 74.1
claude-sonnet-4 [2] 88.7 | 91.2 88.1 923 | 823 89.2 88.8
GPT-4.1 [1] 88.9 | 89.6 889 87.2 | 932 826 87.6

Answer of RQ3: TypePro can achieve stable precision in different types of LLMs, showing the
generality of TypePro.

5.7 Results of RQ4
To answer RQ4, we conducted an ablation study by comparing TypePro with the following baselines:

e w/o Candidate Type Ranking: We configured TypePro by removing the candidate type recom-
mendation from the prompt.

o w/o Inter-Procedural Analysis: We configured TypePro by leveraging the code slicing process
of TypeGen, which does not contain sufficient inter-procedural information.

e w/o Slicing: We configured TypePro by leveraging the contextual information considered by
TIGER. Specifically, this context is sampled by taking 300 characters both before and after the
position of the target variable.

o w/o All: We configured TypePro by leveraging the contextual information considered by TIGER,
while removing the candidate type recommendation from the prompt.

Table 6. Top-1 Exact Match (%) accuracy of TypePro when different components of the prompt design in
TypePro are removed.

Approach ‘ All ‘ Var Ret Arg | Ele Gen Usr
w/o All 62.0 | 67.8 548 51.0 | 725 56.7 429
w/o Slicing 639 | 69.2 586 535 | 723 59.2 495

w/o Candidate Type Ranking | 83.3 | 824 87.7 841 | 879 775 793
w/o Inter-Procedural Analysis | 74.7 | 77.7 79.7 66.0 | 80.4 67.0 714
TypePro ‘ 87.4 | 879 88.6 8.5 | 915 817 853

Following the methodology of Peng et al.[25], we compare the performance of TypePro with
baseline approaches in terms of Top-1 Exact Match accuracy, as presented in Table 6. It can be
observed that the accuracy of w/o Inter-Procedural Analysis decreases to 74.7% on the Top-1 Exact
Match. Notably, for the Arg and Gen categories, the accuracy drops by 19.5 and 14.7 percentage
points, respectively. Furthermore, when adopting the contextual information extraction process of
TIGER (a.k.a., w/o Slicing), the overall accuracy declines by 23.5 percentage points, underscoring the
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Table 7. Comparison with baselines on the ManyTypes4TypeScript dataset

Top-1 Top-3 Top-5 MRR@5

Metrics  Approach
Var Ret Arg All | Var Ret Arg Al ‘ Var Ret Arg All ‘ Var Ret Arg All

CodeT5 75.3 85.1 69.3 74.1 85.8 89.5 78.7 83.3 87.6 91.0 80.6 85.1 80.5 87.4 74.0 78.6
CodeT5+ 79.5 84.4 70.5 76.3 87.2 89.9 78.9 84.0 88.6 915 80.7 85.6 83.4 87.3 74.8 80.3

EM
UnixCoder 77.8 85.5 68.4 74.9 86.5 90.3 78.8 83.7 88.6 91.8 81.2 85.9 82.2 88.0 73.7 79.4
TypePro 85.6 89.1 86.7 86.6 88.5 92.1 91.1 90.1 88.5 923 91.2 90.2 87.0 90.6 88.9 88.3
CodeT5 75.8 85.5 69.6 74.4 86.0 89.7 79.0 83.5 88.0 91.3 81.0 85.5 80.9 87.8 74.3 79.0
BM CodeT5+ 79.6 84.7 70.7 76.5 87.6 90.5 79.5 84.6 89.2 923 81.4 86.3 83.7 87.7 75.1 80.6

UnixCoder 77.9 85.8 68.6 75.0 86.8 90.4 79.2 84.0 88.9 92.0 81.7 86.3 82.4 88.2 74.0 79.6
TypePro 85.7 89.3 86.7 86.6 88.5 92.2 @il 90.2 88.6 92.4 92.4 90.3 87.1 90.8 88.9 88.4

contribution of inter-procedural analysis to provide sufficient contextual information and therefore
improve the accuracy of TypePro. In addition, removing the candidate type ranking process (a.k.a.,
w/o Candidate Type Ranking) results in a 3.9 percentage point reduction in overall accuracy, with
a particularly impact on the Usr category, where the accuracy decreases by 6.0 percentage points.
These findings demonstrate that candidate type ranking effectively supplements the LLMs with
domain knowledge related to user-defined and third-party library data types, thereby enhancing
the overall accuracy of TypePro.

Answer of RQ4: The inter-procedural code slicing in TypePro’s prompt design enhances
overall type inference performance by 13.0 percentage points, whereas the candidate type
ranking contributes an additional 3.9 percentage point improvement. The above results show
the contribution of different components integrated in TypePro.

5.8 Results of RQ5

To answer RQ5, we run TypePro and the baseline models on the ManyTypes4TypeScript dataset to
evaluate the effectiveness of type inference in TypeScript. Specifically, we selected CodeT5, CodeT5+,
and UnixCoder as the baselines. CLS approaches (i.e., HiTyper and Type4Py) were excluded mainly
because their performance is inferior to the GEN and GEN+SIM approaches, as shown in RQ1. In
addition, we did not compare with TypeGen and TIGER, as these approaches are designed specific
to Python.

Table 7 presents the results. As we can see, TypePro demonstrates comprehensive outperformance
over all baseline models on both the Exact Match and Base Match metrics, with only a marginal
shortfall observed in the Top-5 Var category. Notably, TypePro surpasses the best baseline (CodeT5+)
by 10.3% in Top-1 Exact Match, and achieves an accuracy of 85.6% for the Var category, 89.1% for
the Ret category, and 86.7% for the Arg category in Top-1 Exact Match. On the other hand, the
improvement in the Ret category for ManyTypes4TypeScript is smaller compared to ManyTypes4Py.
This is mainly because more than one-third of Ret in the TypeScript dataset are labeled as void,
and function bodies are typically short, allowing CLS-based models to capture the complete context
within their input window. In contrast, for the Arg category, TypePro achieves an improvement of
approximately 20% over the baselines. These results demonstrate that TypePro exhibits robustness
across different programming languages.

Answer of RQ5: TypePro outperforms all baselines on both Exact Match and Base Match
metrics in ManyTypes4TypeScript, showing the effectiveness of robustness of TypePro in
different programming languages.
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6 Limitations
6.1 Limitations of the LLM-Based Method

In our experiments, we used a frequency-based voting mechanism on multiple sampling outputs to
generate Top-N results from LLMs, instead of directly ranking candidates by generative likelihood
as in CodeT5. The quality of this approach essentially depends on two factors: the diversity of the
LLM API responses and the configuration of API parameters (e.g., temperature). Specifically, if the
temperature is set too low, the model tends to generate identical or very similar outputs across
multiple samplings, increasing the frequency of certain results and reducing the diversity of the
Top-N outputs. Conversely, if we set a higher temperature for the LLM, although this increases
output diversity, as mentioned earlier, in some cases the candidate type ranking process cannot
consistently provide a sufficient number of candidate types due to threshold limitations. In such
cases, relying solely on the LLM for semantic type inference leads to limited improvement in Top-3
and Top-5 accuracy of TypeGen compared to baseline methods. In the future, the candidate type
ranking process can enhance the sampling around the target variable and provide richer syntactic
and semantic guidance for LLMs.

6.2 Limitations in the Experimental Setup

Due to the unavailability of DLInfer’s source code [36], we were unable to include it in our evaluation.
Although both DLInfer and our method use static code slicing, we chose to compare our method
with TypeGen, which also combines code slicing with LLMs. Nevertheless, this limitation does not
affect the validity of our comparative analysis with other baseline methods.

7 Conclusion

This paper introduces TypePro, a novel type inference method for dynamic languages based on
code slicing and LLMs. TypePro incorporates inter-procedural information related to variables
into static code slicing and traces variables with dependency relationships. It then recommends
candidate types by calculating text similarity between the initially generated results from the LLMs
and variable declaration-related information. Extensive experiments on the ManyTypes4Py and
ManyTypes4TypeScript datasets demonstrate that TypePro achieves improvements across various
type categories outperforming existing Python baselines in different programming languages.
Noteably, TypePro achieves the highest Top-1 accuracy comparing to the baselines, showing the
usefulness in the scenarios that require full automation (e.g., compilation speedup).

8 Data Availability

We released the implementation of TypePro, together with the raw data of evaluation results
(RQ1-5), on the project website https://github.com/umxadmin/TypePro.
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