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Abstract

Copy-and-patch compilation is an approach for building
baseline just-in-time compilers from AST or bytecode inter-
preters. It features very fast compilation times while gen-
erating good quality code. It has been used as a baseline
tier for a number of languages including Lua, Python, and
R. In this paper, we explore copy-and-patch as a foundation
for dynamic program analysis, and implement four analyses
on top of an existing copy-and-patch JIT for R: code instru-
mentation, code coverage, performance profiling, and native
debugging.

Two properties make copy-and-patch particularly well-
suited for this purpose. First, since the code templates (sten-
cils) are compiled by a standard C compiler, DWARF debug
information is available as a by-product. This lets us reuse
native tooling for profiling and debugging directly, with R
and native code appearing in a single unified view. Second,
analyses that operate at the bytecode level reduce to inject-
ing stencils into the bytecode stream at JIT compile time,
incurring minimal overhead. Our prototype evaluation yields
instrumentation with no measurable overhead; code cover-
age that is faster than the existing solution while covering
17% more lines; and profiling that remains, on average, faster
than GNU R.

CCS Concepts: - Software and its engineering — Dy-
namic analysis; Just-in-time compilers; Software test-
ing and debugging; Software performance; Runtime en-
vironments.
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1 Introduction

Dynamic programming languages are widely popular due to
their support for rapid development and ease of use. How-
ever, beyond simple scripts, developers often need to under-
stand various aspects of a program’s behavior, such as its
performance characteristics or which parts of the code are
exercised by its tests. Language designers may also want
to study dynamic behavior—for instance, which patterns
programmers use—to improve language ergonomics and per-
formance [40]. Each of these dynamic program analysis tasks
must be implemented in the language runtime without de-
grading performance.

A further concern arises from the mixing of dynamic
languages with machine code. Many popular extensions in
Python [3, 35] or Ruby [6] wrap native-compiled libraries.
The R standard library includes over 1,400 built-ins in C
or Fortran, and R programmers routinely turn to writing
native-compilable code for performance-critical work [32].
Presenting dynamic analysis results for both the dynamic
language and its accompanying native code in a single uni-
fied view is therefore highly desirable.

One way to unify the dynamic language and its native
code is to compile the dynamic language to native code as
well, which is what just-in-time (JIT) compilers do. In this pa-
per, we focus on the copy-and-patch compilation approach,
a technique for building baseline JIT compilers from byte-
code interpreters, used for Lua (LuaJIT Remake) [18], Python
(CPython) [33], and R (RCP) [23].

Concretely, we present an extension to RCP that adds
support for four common dynamic analysis tasks: dynamic
code instrumentation with type tracing and code coverage,
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performance profiling, and debugging. While the technique
should be applicable to any language with a copy-and-patch
JIT, we focus on R for two reasons. First, R already supports
all of these analyses either directly in the virtual machine or
via extensions, but they are all based on AST interpretation
and thus incur some overhead. Second, native code plays
a significant role in R, so being able to cross the language
boundary is particularly useful.

The approach has two main advantages. First, because
copy-and-patch stencils are compiled by a standard C com-
piler, DWARF debug information is produced as a by-product,
with no additional instrumentation required. This enables
native profiling with perf and source-level debugging with
gdb, transparently crossing the R/native boundary. Second,
analyses that operate at the bytecode level—instrumentation
and code coverage—reduce to injecting additional stencils
at copy-and-patch compile time, keeping the implementa-
tion compact and overhead low: instrumentation adds no
measurable cost over uninstrumented RCP, and coverage is
roughly 2x faster than the existing solution.

Availability. The work described in this paper is an ex-
tension to an open-source virtual machine and is publicly
available at https://github.com/PRL-PRG/rcp.

2 Background

R is a dynamic programming language widely used for sta-
tistical computing and data analysis. The de facto standard
implementation, GNU R, includes both an AST interpreter
and a bytecode compiler [36] with an accompanying inter-
preter.

Copy-and-patch compilation [41] works by partially eval-
uating each interpreter case into a pre-compiled native code
template, called a stencil, with holes left for constants such
as operand addresses and jump targets. At compile time, the
JIT simply selects the stencil corresponding to each bytecode
instruction, copies it into an executable buffer, and fills in the
holes—no register allocation, instruction selection, or opti-
mization passes are needed. The result is near-instantaneous
compilation that still produces reasonable native code, since
each stencil inherits the optimizations applied by the ahead-
of-time C compiler used to build the stencil library.

The R copy-and-patch JIT compiler [23] (RCP) is based
on the GNU R bytecode interpreter. It is implemented as an
R package (supporting Linux x86-64), but currently requires
a custom build of the GNU R virtual machine due to its
reliance on a number of private VM APIs. It consists of two
components:

— A stencil library containing pre-compiled native code for
each bytecode instruction, extracted from the GNU R byte-
code interpreter.

— A compiler that uses the stencil library to copy and patch
the executable code.
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The whole pipeline can be seen in Figure 1. The R source
is first compiled to bytecode by the GNU R compiler pack-
age. Each bytecode instruction has a corresponding stencil:
a small native code template produced ahead of time by
compiling a C implementation of that instruction with an op-
timizing compiler. Symbols that depend on run-time values—
operand addresses, jump targets, constants—are emitted as
relocations in the stencil object file rather than as concrete
addresses. The stencil extractor records both the machine
code bytes and the associated relocation entries for each
stencil. At JIT compile time, the compiler walks the bytecode
sequence, copies each matching stencil into a contiguous ex-
ecutable buffer, and resolves the relocations by patching the
copied bytes with the actual run-time addresses. For example,
the LDNULL_OP stencil has a relocation for the address of R’s
NULL constant; at patch time this is replaced with the actual
pointer. Adjacent stencils are stitched together by removing
inter-stencil tail jumps, since the next stencil is copied im-
mediately after the current one. The result is a single native
function that executes the entire bytecode sequence without
interpreter dispatch overhead.

3 Extending RCP with Instrumentation

Our extension to the copy-and-patch compiler can add cus-
tom instrumentation compiled from C into the bytecode of
a function at copy-and-patch time. The instrumentation can
inspect anything that an opcode can see, for instance, the
local environment. As proof-of-concept demonstrations, we
apply it to two use cases: function type tracing and code
coverage.

3.1 Plugin Stencil Framework

The compiler supports defining plugin stencils, possibly dur-
ing execution. These are seen by the copy-and-patch com-
piler as regular stencils, and work exactly the same as opcode
stencils do (copy in place, patch holes). This has several ad-
vantages, mainly allowing the plugin stencils to inspect (and
even modify) the runtime at the same level as a regular byte-
code opcode stencil from the stencil library, making it very
powerful. They have full access to the bytecode stack, exe-
cution context, and all of the R runtime functions and global
variables.

The plugin stencils are inserted either (a) just before spe-
cific opcode positions in the compiled function or (b) before
all occurrences of a particular opcode in the function. There
is no limit to the number of plugin stencils that can be de-
fined. If multiple plugin stencils are defined for a single posi-
tion, they are queued in the order they were added. During
copy-and-patch, the compiler simply emits plugin stencils
at a given position before emitting regular opcodes. This
makes it very easy to both use and implement, and imposes
practically no additional compilation overhead.
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Listing 1 shows the definition of a plugin stencil and the
use of the API to insert it at position 0 in a function.

1 RCP_STENCIL_FUNCTION(_RCP_ENTRY_MESSAGE)
2 {

3 Rprintf("%s\n", GETCUSTOM());

4 return _RCP_EXEC_NEXT(...)

5}

6 ...

7 const charx data = "Hello!";

8 add_plugin_stencil_pos(plugins, 0, &

<> _RCP_ENTRY_MESSAGE, data);

Listing 1. Plugin stencil and registering it at position 0.

A plugin stencil can access a custom argument that can be
used to carry information. This is implemented as a regular
stencil hole, and can be accessed through the GETCUSTOM()
macro from within the stencil. In Listing 1, the stencil will
get a pointer to data, which contains a string that will be
printed at its execution.

3.2 Type Tracing

Our aim is to trace the types of function arguments and re-
turn values at run time for all top-level functions in a package.
The existing solution [38] implements this in the R language
itself. We hope to achieve better performance by using the
introduced dynamic instrumentation framework, which uses
compiled C code instead.
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R is a lazy-evaluated language, where function arguments
are promises: they are not evaluated until their value is
needed. Consequently, we can be sure about the type of
an argument only after it has been evaluated. In addition, in
R, arguments can be passed by name, not only by position,
so we need to keep track of the names of the arguments in
addition to their types.

Step 1: compilation. Function parameters are represented
by a linked list with their names as R symbols. We record
the symbol of the first parameter, which will be used later to
detect arguments. The traces are stored in an R environment
(in this context, a hashmap) with the package and function
names as keys and resizable arrays as values.

Then, the crux of the instrumentation compilation is to
insert a plugin stencil before each of the exit points (exit
hook) of the functions, which correspond to the RETURN and
RETURNIMP opcodes, which are the latest points at which
an argument can be forced, and to bake the resizable array
trace in it, as shown in Listing 2.

Step 2: tracing. Stencils have access to the function envi-
ronment at run time. The function environment contains the
local variables first, then the arguments, starting with the
symbol of the first argument we have recorded at compila-
tion time. The exit hook stencil iterates over the arguments,
checking if they have already been evaluated and recording
their name and their type in the result array we get with
GETCUSTOM(). If an argument has still not been evaluated, we
indicate its type is a promise. This only records the wrong

R bytecode
GETVAR_OP  a X .
- . . tencil's native code
R BRIFNOT OP Stencil implementation S
source GETVAR_OP b LONULL 0P
RETURN_OP ; N oo _OE:
foo <- function(a, b) = void *““ULL*VE(Valge *stack) {
if (a) b else NULL """'."" * (stack++) = R_Nilvalue; [=-===- >
- RETURN_OP ' } xor %eax, $eax
' add $0x10, $rdi
mov %eax,-0x10 (%rdi)

Copy & Patch

Stencil's relocations
.

R > movabs $0x0, $rax

Native code compilation

' R _X86_64_64
R R X86_64 GOTPCRELX RCP_NEXT ool -» Jmp

$rax,-0x8 (%rdi)
*0x0 (%rip)

R_NilValue ---9---' mov

foo:
<GETVAR_OP>
<BRIFNOT_OP>
<GETVAR_OP>
<RETURN_OP>

v <LDNULL_OP>

'
, :
' add $0x10, $rdi !
movabs $0x5ab665124900, %rax

:
' mov $rax,-0x8 (%rdi)

<RETURN_OP>

,
| mov Seax, -0x10 (3rdi) D R e R e R R
:

Figure 1. Overview of the R copy-and-patch compilation, from R source code to the native code.
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1 add_plugin_stencil_instr(plugins, bytecode,
— bytecode_size, RETURN_BCOP, &
< _RCP_EXIT_HOOK, trace);

2 add_plugin_stencil_instr(plugins, bytecode,
— bytecode_size, RETURNIJMP_BCOP, &
< _RCP_EXIT_HOOK, trace);

Listing 2. Registration of the plugin stencils as exit hooks
for type tracing. trace is the opaque pointer carrying the
collected information for the traced function.

type in the unlikely case when an argument is modified and
assigned a value of another type in the body of the traced
function.

The return value is the value at the top of the stack before
the return opcode, so we can directly record its type.

Step 3: back to the R world. The native C pointers are
converted back to R named lists of traced calls with the
names of arguments and their types. Environments are more
difficult to explore and inspect for R users so we also provide
a helper function that returns the traced names and argu-
ments as a data frame. Both functions have wrappers on the
R side.

3.3 Code Coverage

Code coverage measures which parts of a program are exer-
cised during execution. The standard tool for R is covr [19],
which works by modifying R’s parsed expressions to insert
trace callbacks at each expression. This approach operates
entirely within the AST interpreter and therefore incurs over-
head proportional to the number of expressions executed.

Our approach instead builds on source references pre-
served through R bytecode compilation. We first explain
how we refine these source references to obtain sufficiently
precise source-level coverage, and then describe how we use
them to place lightweight coverage instrumentation in the
generated native code.

3.3.1 Source Reference Modification. R bytecode (BC)
compiler can attach source references (srcrefs) to parsed
expressions when source retention is enabled. A source ref-
erence is essentially a pair of begin/end locations in the
original source (file or text). For functions, the parser records
one srcref for the function itself and then one srcref for each
top-level expression in a code block, i.e. each argument of
the sequencing function “{”.

The bytecode compiler preserves this information in the
constant pool. It records which instruction belongs to which
srcref. This works well for straight-line code, but can be too
coarse for compound expressions. For example, the expres-
sion

if (fO) g() else h()
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carries only one srcref, causing the guard and both branches
to mark a single source location.

To recover the missing granularity, we run a prelimi-
nary AST rewriting pass before bytecode compilation. Since
R 3.0.0, the parser exposes raw parse data containing a de-
tailed table of tokens and higher-level syntactic constructs.
We use this representation to identify subexpressions that
need a separate source location and insert synthetic sequenc-
ing blocks with srcref's assigned manually. Concretely, we
rewrite the above example

if ({fO }) {g0 }else{hO?}

This yields distinct srcrefs for the guard and for each branch,
which then propagate through bytecode compilation and
make the resulting coverage map precise enough at the
source-expression level. This rewrite is completely trans-
parent to the user and does not change the semantics of the
program nor the run-time performance.

Availability. We created the described tool as an open-
source R package available at https://github.com/PRL-PRG/
imputesrcref.

3.3.2 Code Coverage Instrumentation. As we aim to do
code coverage and not bytecode coverage, it is unnecessary
to cover each bytecode instruction separately. Instead, we
aim to record information for each source reference only
once.

For this purpose, we create our own structure, which
serves as an “inverted” source reference array — for each
unique source reference, we record the bytecode instruction
which uses it first. Given this new structure, we are able to
know where exactly we need to emit the coverage recording
snippet. This is illustrated in Figure 2.

R source | R bytecode ¢ i
. Qoo >
f <- function() { ! 0 LDCONST 5 0
a<-5 : 1 SETVAR a 0
— | b«<-3 ' 52 FEOP ol
¢ <-a+b A 73 LpconsT 3 1€
return(c) ' ) 3
o 4 SETVAR b 1|®
N 5 POP 1@
Do > T
L 6 GETVAR a 2|
P 7 GETVAR b 2|3
fa 3
Source references Ca 8 ADD 2| ®
. 9 =1
0 e <o s ok- : ’ SETVAR c 2 g
1 "h o<— 3m 3fp--- 0 ), POP 2| x
o v s e Py R T1 GETVAR c 3
3 "return(c)" 5 : 12 RETURN 3
A
O R

Figure 2. Source reference system in GNU R, and how we
build on top of it (in red). Red arrows in bytecode denote
where we emit native recording.
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With the copy-and-patch JIT, we implement code coverage
using the plugin stencil mechanism described in Section 3.
For each source expression in the compiled function, the com-
piler inserts a lightweight stencil that increments a counter
in the coverage array. This stencil (Listing 3) contains a single
hole (abstracted with the GETCUSTOM() macro), which will be
patched with the direct address of the integer corresponding
to the source reference it belongs to.

1 RCP_STENCIL_FUNCTION(_RCP_CUSTOM_COVERAGE) {
2 int *coverage_counter = (int *)GETCUSTOM();
3 *coverage_counter += 1;

4 return _RCP_EXEC_NEXT(...);

5 3

Listing 3. Coverage instrumentation stencil.

This stencil is compiled into native code shown in Listing 4.
The jump instruction can be removed [23], which makes the
whole code consist only of loading an address into a register
and incrementing it. With such a compact way to record,
the per-expression overhead is minimal compared to the
callback-based approach of covr.

1 movabs _RCP_CUSTOM_DATA(%rip), %rax
2 incl (%rax)

3 jFmp———REP_EXEENEXT

Listing 4. Coverage instrumentation stencil assembly.

To be able to easily visualize the output coverage, we chose
to save the coverage information into the same format that
covr uses. This way, we can have the best of both worlds -
efficient recording and the versatile infrastructure of covr.

Additionally, we created a fork of the covr package, chang-
ing the backend of its coverage collection infrastructure to
use our own copy-and-patch coverage tooling instead. This
makes for efficient coverage recording with no change to the
interface for the end user.

An alternative to our approach would be to instead use
the —coverage C compiler option with gcov [12] to inject
the native stencils with instrumentation. This would provide
more detailed coverage information, which we would then
map back to the original source code.

The advantage of this approach is that we can then use
gcov to get the coverage information for both R and C at the
same time. However, it would require significant effort to
map the results, and would have a higher performance over-
head. If we only care about R coverage, it does not provide
any benefit.

4 Profiling and Debugging

In this section we describe how we can leverage the copy-
and-patch JIT compiler to add support for performance pro-
filing, and consequently for bytecode-level debugging. R has
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its own built-in profiler, Rprof, which is based on sampling
the R stack during AST interpretation (it is implemented
inside the AST interpreter). As such, it does not consider
native code. Moving the R bytecode execution into native
code, we can now use native code profiling tools to get a
complete profile of R programs including the code in C/C++
or Fortran. This in turn enables us to use native debuggers
to debug R code at the bytecode level.

4.1 The perf Profiler

For this purpose, we use perf [29], a widely used code profiler
on Linux. It provides an abstraction over hardware perfor-
mance counters to profile dynamic control flow and identify
execution hotspots. A common approach is to sample the
target program at a given rate to record which functions
are executing. To contextualize these samples, perf must
walk the call stack to map instruction addresses to function
names, utilizing one of three unwinding methods: LBR, FP,
or DWARF.

— LBR (Last Branch Record) uses hardware registers on In-
tel CPUs (Haswell and newer) to store a ring buffer of
recent branch decisions, reconstructing a limited-depth
call graph (typically 16 to 32 entries).

— FP (Frame Pointers) relies on base pointers saved in the gen-
erated code to walk the stack. While it is fast and incurs
low runtime overhead, it is highly sensitive to compiler
optimizations. Since GCC 4.6 (released in May 2011) [13],
the default behavior for optimized builds is to omit frame
pointers.! Most Linux distributions ship optimized bina-
ries. Even if we had compiled R with frame pointers, calls
to shared system libraries would sever the unwinding
chain. Furthermore, FP cannot reconstruct function inlin-
ing, meaning inlined functions will be missing from the
profile.

— DWAREF uses compiler-emitted debugging information
to reconstruct the stack. perf achieves this by snapshot-
ting current CPU registers and a segment of the program’s
stack (typically 8 kB) at run time for post-processing. While
DWARF unwinding is computationally slower and pro-
duces significantly larger data files than FP, it can largely
preserve inlined function hierarchies and correctly un-
wind through libraries lacking frame pointers.

Because of the visibility limitations imposed by standard
compiler optimizations on FP, we decided to support DWARF
unwinding. This also allows us to support other system
profilers, such as samply [34], a user-space profiler that
uses real-time DWARF unwinding to achieve high accuracy
with a smaller footprint. Furthermore, we had to extend the
copy-and-patch compiler to emit exception handling frames

The -fomit-frame-pointer flag frees the dedicated frame pointer register
(e.g., rbp on x86-64) for general-purpose use and eliminates the instruction
overhead of establishing stack frames, at the cost of breaking traditional,
register-based stack unwinding.
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(.eh_frame) in the generated code anyway to support un-
winding of C++ exceptions. This is to support the case when
an R library’s C++ code calls back to R, which calls another
C++ function that throws an exception. Without . eh_frame,
the runtime would not be able to unwind past the jitted code,
resulting in a crash instead of a caught exception. R package
authors are advised to avoid C++ exceptions [21] but we
have run into issues with this.

4.2 Supporting DWARF in RCP

Generating DWARF information is usually no small endeavor
as the format is rather complex [7, 8]. At its core, DWARF
is a bytecode language with a self-describing schema that
encodes the precise mapping between machine instructions
and source-level constructs such as functions, variables, and
types. The difficulty lies in the fact that this bytecode must
be emitted correctly for every instruction in the generated
code, requiring intimate knowledge of the calling conven-
tion, register allocation, and stack layout at each program
point. However, since copy-and-patch stencils are compiled
by a regular C compiler, we can let it do most of the work by
simply compiling the stencils with -g. Each stencil is com-
piled as a normal C function, so the compiler emits standard
.eh_frame FDEs (Frame Description Entries) in the stencil
object files. At build time, the stencil extractor parses the
.eh_frame section, locates each stencil’s FDE and extracts the
raw CFI (Canonical Frame Information) instruction bytes,
DWAREF bytecode that describes how to compute the CFA
(Canonical Frame Address) and locate saved registers at each
instruction. CFA is a reference address for a stack frame,
typically the value of the stack pointer register immediately
before a call instruction. These are stored as byte arrays
alongside the stencil machine code in the stencil library. This
increase in build time is negligible and is a one-time cost.
The size increase is small: the 117 stencils take up 68 kB of
machine code, an average of 586.8 bytes each. The extracted
DWAREF CFI data takes up 1.6 kB total, an average of 13.9
bytes per stencil.

At run time, when a function is JIT-compiled, a single
.eh_frame blob is assembled in memory containing: a CIE
(Common Information Entry) setting the default unwinding
rules for the JIT code, such as the return address register and
the stack pointer register; and one FDE that concatenates the
individual stencils’ CFI programs into a single unwinding
description. The CFI cannot be used verbatim because the
stencils are copied into a single contiguous code block, so
their relative addresses change. Instead, we need to patch
them with the stencil’s actual address in the assembled code
— effectively replaying each stencil’s unwind rules at its
relocated position within the single FDE that covers the
entire compiled function.

Finally, we need to register the assembled .eh_frame with
the C++ runtime via the libgcc function __register_frame(),
which makes it visible to the C++ unwinder. This enables
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throw/catch to unwind through JIT frames — critical because
R’s error handling internally uses longjmp-like mechanisms
and the JIT must interoperate with C++ exception unwinding
for stack cleanup. When a closure is collected by R’s garbage
collector, we unregister the unwinding information with
__deregister_frame().

4.3 Native Profiling

There are two ways to add support for profiling JIT code
in Linux with perf: the older perfmap [28] and the newer
jitdump format [9]. The perfmap is a simple textual format
that only provides symbol-level mapping (address to func-
tion name). The jitdump is a binary format that additionally
supports source-line attribution and unwinding info by em-
bedding the raw .eh_frame bytes so that perf can unwind call
stacks through JIT frames without relying on frame pointers.

We implement the jitdump interface in the copy-and-patch
runtime. Whenever a function is compiled, the runtime emits
a code-load record containing its native address range, sym-
bol name, and the associated DWARF unwinding informa-
tion. This makes the generated code visible to perf as if it
were a regular shared object, allowing samples inside JIT-
compiled R code to be symbolized and unwound together
with the surrounding C frames. In the reports, perf material-
izes these code blobs as synthetic objects such as jit-81.so.

Listing 5 illustrates the result on the Mandelbrot bench-
mark. The report interleaves JIT-compiled R code, shown
as symbols from synthetic jit-*.so objects, with functions
from the GNU R runtime and built-ins. The Self column
gives the time spent directly in a symbol, while Children
includes its callees. This unified view is the main benefit of
the approach: it becomes possible to see, in a single profile,
how much time is spent in compiled R code versus runtime
services such as allocation, garbage collection, argument
matching, or native built-ins.

Concretely, in this profile, we can see that the majority
of time is spent in the execute function of the JIT-compiled
code, which is expected since it is the main execution loop.
We can also see that a significant portion of time is spent in
the R_gc_internal function, which is responsible for garbage
collection.

4.4 Native Debugging

Debugging JIT code is difficult because the code is gener-
ated at run time instead of being loaded from object files
where debuggers can look for debug information. The GNU
project debugger, gdb, offers a JIT interface [14] that allows
a JIT compiler to register in-memory object files contain-
ing DWARF debugging information, enabling source-level
debugging of JIT code in gdb.

DWAREF debug information. Since we already generate
DWAREF information for stack unwinding and performance
profiling, we can also leverage it for debugging. Next to
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Children Self Object Symbol
84.56% 5.53% jit-81.so execute

83% 7.57% R R_gc_internal

74% 0.00% R RunGenCollect (inlined)

.68% 1.44% jit-19.so base::bitwShiftL

70% 0.68% rcp.so Rsh_Call

60% 0.00% jit-30.so base::gc

60% 0.00% R do_gc

60% %] R_gc (inlined)

94% 2 Rf_allocVector3

91% 0 make_applyClosure_env

15% 2 Rf_findVarInFrame3

82% 0. do_bitwise

647% 0.17% R_findVar
()
()
1
0
0
1
0
1
0
0
0
)
0

~
~

47% Rf_matchArgs_RC

47% R_findVarInFrame (inlined)
39% Rf_matchArgs_NR

14% bitwiseShiftL (inlined)
80% forcePromise

.79% CONS_NR

.62% Rf_coerceVector

28% . rcpEval

.20% .09% jit-35.so base::bitwXor

.20% coerceTolnteger (inlined)
20% .09% jit-97.s0o execute_prom_1

.18% Rf_NewEnvironment

11% Rf_eval

S D 0 S O D D LD S NN NNNNWW WA A RO

o
)
32

0 V. V.0 DD HVDDDD DD DD DD

Listing 5. Example of perf report when running the Man-
delbrot benchmark with 16 kB stack sampling at 99 Hz
(abridged).

.eh_frame, we need to generate the additional DWARF sec-

tions required for debugging:

— .debug_abbrev, abbreviation table defining the DIE sche-
mas? for compile units, subprograms, parameters, and
types.

— .debug_info, describing the JIT function as a subprogram
with two parameters: a pointer to the value stack and
a pointer to the locals, plus the code address range. We
pin the location of the parameters to rdi and rsi registers.
While this is technically true only at the beginning of each
stencil, copy-and-patch ensures that each stencil finishes
with the value stack and locals pointers still in the same
registers (it does so by emitting a fake call that is removed
at the patch phase).

— .debug_line, a DWAREF line number program mapping
each stencil’s address to a sequential bytecode instruction
index. For this to work, we write a pseudo-assembly source
file with one line per bytecode instruction, so gdb’s list
command can display a human-readable representation
of the compiled bytecode.

This is packed into an in-memory object file (ELF on Linux)
and registered with gdb at run time using the JIT interface.
With this, we can use gdb to set breakpoints and inspect the
state of the R programs at the bytecode level.

Usage. R users typically debug at the language level us-
ing GNU R’s built-in AST debugger, which operates on R
expressions and call frames. The gdb JIT interface targets a

*Debugging Information Entry is the fundamental unit of DWARF — each
DIE is a tagged node in a tree that describes one program entity (a com-
pilation unit, function, variable, type, etc.). The .debug_info section is
essentially a tree of DIEs, and .debug_abbrev defines their schemas, i.e.
which tag and attributes each DIE code carries.
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different audience: package authors or developers working
at the boundary between R and native code. In a standard
GNU R runtime, gdb backtraces through interpreted code
are opaque — the AST evaluator appears as deep recursive
eval chains, while the bytecode interpreter appears as a flat
loop of the interpreter call where all instructions execute
within the same C frame, making it impossible to determine
which R function or operation is actually in progress. With
JIT-compiled code, each R function gets its own native sym-
bol and each bytecode instruction maps to a distinct address
range with source-line attribution, so gdb backtraces show
meaningful function names and instruction-level positions
interleaved with the C runtime frames. This makes the gdb
JIT interface particularly valuable for diagnosing issues at
the R-native boundary — understanding how R function
calls translate into native execution or inspecting stack state
when native code is invoked from JIT-compiled R.

An example is shown in Figure 3. The R program calls
several functions before reaching the native routine c_call,
which contains a bug that triggers a segmentation fault.
When debugging this execution with the R AST interpreter,
gdb would show 31 frames, most of them recursive calls to
Rf_eval. Relating those eval frames back to the original R
functions is tedious, especially in the presence of higher-
order functions and lazy evaluation. The situation is worse
for bytecode-compiled functions, because the bytecode in-
terpreter executes an entire R function within a single C
frame. Even invoking the built-in R_GetTraceback from gdb
via the call command produces the R stack trace in Figure 3b,
which omits the call to h—the function where the fault actu-
ally arises. By contrast, debugging the same code with gdb
and the copy-and-patch JIT (Figure 3c) yields a backtrace
in which the calls to f, g, and h appear directly, interleaved
with the C runtime frames. The backtrace also shows that
the fault occurs in h while forcing the promise f_prom_1 cre-
ated in f. This capability has already proved useful when
diagnosing issues with RCP.

5 Evaluation

In this section, we evaluate our RCP extension for dynamic
program analysis. We focus on two questions: how much
implementation effort the extensions require, and whether
operating at the native-code level indeed provides low over-
head compared with existing source-level approaches.

All measurements were collected on a dedicated four-core
Intel Core i7-7700K CPU running at 4.2 GHz, with 32 GB
of RAM and Ubuntu Noble with 6.11.0-24 kernel. For the
baseline performance experiment, we used GNU R version
4.3.2 compiled with GCC 14.2.0.

5.1 Type Tracing

We compare the copy-and-patch-based instrumentation with
one using only R code, with the injectr package [25] using
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h <- function(b) .Call("c_call", b)
g <- function(a) a + 1

f <= function(x, y) g(x(y))

f(h, 42)
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Program received signal SIGSEGV, Segmentation fault.
c_call at call.c:13

13 xvalue = lhs;

(gdb) bt

#0 c_call at call.c:13

(a) R code with bug in c_call.

#3 h at h.S:3

#7 f_prom_1 at f_prom_1.S:3

x(y)
g(x(y))
f(h, 42)

(b) R stack trace via R_GetTraceback

#12 forcePromise at eval.c:955
#13 g at g.S:1

#17 f at f.S:3

#24 Rf_eval at eval.c:1292

#28 Rf_mainloop at main.c:1226
#29 main at Rmain.c:29

(c) gdb backtrace for RCP-compiled R code (repeating frames abridged).

Figure 3. Debugging a cross-language bug with gdb and the copy-and-patch JIT. The R code (top left) triggers a segfault in
native code. The R-level stack trace (bottom left) omits the call to h where the error originates. The gdb backtrace (right) using
copy-and-patch-compiled native frames clearly shows h, f_prom_1, g, and f interleaved with C runtime frames.

a corpus of 8 popular R packages from CRAN, a curated
repository of R packages (see Appendix A). For a package
to be included in CRAN, it has to have some executable
code, such as tests, examples and vignettes. Examples are
executable code in the documentation of a function, and
vignettes are longer-form documentation showing how to
solve a particular problem. We extract this code from the
package with runr [26] and run it to gather type information
from the type tracing.

Packages usually have a small number of vignettes, but
a large number of examples and tests. To speed up the ex-
periments, for each package in the corpus, we concatenate
all the code from examples, and all the code from tests, into
2 files. Each of the extracted files is wrapped within an R
local function to isolate it from the other extracted snip-
pets in the concatenated file, and surrounded by timing code
to measure the wall-clock time of executing the code and
to save the traced types. This makes it possible to load the
traced package and compile it for RCP variants only once,
which gave speedups of up to 10-20x. It also gives a fairer
comparison with GNU R, which has a bytecode compiler that
is more likely to trigger compilation in a long concatenated
file than in many quick-running files.

R-based instrumentation with injectr. It is implement-
ed as an R package called rtypes that depends on injectr.
injectr rewrites the AST of a function to insert entry hooks
and exit hooks. For exit hooks, it inserts an on. exit callback,
which is an R mechanism to register a function to be called
when the function exits, no matter what. We still use C code
to check if an argument (a promise in R) has been evaluated
or not.

This means that, unlike the copy-and-patch instrumenta-
tion, the injectr instrumentation will be able to collect the
types of arguments even if the function does not reach an

exit point (return) such as with S3 generics,” or when an

error is thrown. In practice, only 11.5 % of the traced func-
tions have at least one signature mismatch between RCP and
injectr.

Overhead. In addition to the R-based instrumentation, we
also compare the RCP instrumentation with vanilla GNU R
(baseline) and vanilla RCP, both without any instrumenta-
tion.

For a fair comparison, we deactivate tracing of S3 gener-
ics for both versions. We also do not include timing data
of files for which the set of traced functions differs in the
collected traces between copy-and-patch instrumentation
and injectr instrumentation. This concerns 116 files out of
832 files in total.

We compare both the total wall-clock time and the per-
package totals across the four R variants, for 10 runs, and
report ratios of medians with bootstrapped 95% intervals.
Figure 4 shows that R-based instrumentation adds a lot of
overhead compared to vanilla R, with a 1.53x [1.53, 1.54] slow-
down. The overhead of the stencil-based instrumentation for
RCP is much smaller, with a 1.00x [1.00, 1.00] slowdown com-
pared to RCP without instrumentation. RCP instrumentation
is 1.52x [1.52, 1.53] faster than the R-based one.

Note also that RCP without instrumentation is about as
fast as vanilla R (1.00x [0.99, 1.00]). This is consistent with
results from [23], which were measured on a benchmark
with hot paths written in R, whereas our corpus consists of
real-world packages whose hot paths often include a lot of
native code.

Implementation effort. The lines of code for the copy-
and-patch instrumentation, and for the injectr instrumen-
tation give an idea. We distinguish between the frameworks

353 is one of the main R OOP systems. It is based on generic functions and
method dispatch using a class tag attached to values.
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Figure 4. Execution times of the copy-and-patch instrumen-
tation with tracing (RCP), without tracing (RCP-nohooks) and
the R-based instrumentation (injectr) relative to vanilla R
baseline, for all 10 runs.

and the type tracing use case itself. For RCP, the plugin sten-
cil framework for copy-and-patch is 48 lines of C, and the
actual exit hooks and specific compilation logic for type trac-
ing is 351 lines of C and 31 of R. For the R-based approach,
the injectr framework is 320 lines of R, and 50 of C, and the
type tracing with package rtypes is 238 lines of R, and 24 of
C. The type tracing itself is the same order of magnitude for
both approaches, but the instrumentation framework based
on copy-and-patch is smaller than injectr, as it reuses the
copy-and-patch stencil infrastructure.

5.2 Code Coverage

We compare the RCP-based coverage with the standard covr
package using a corpus of 8 popular R packages from CRAN
(see Appendix A). For context, we also include runs with-
out coverage recording. We compare four configurations:
(1) vanilla GNU R, which runs the test suite without cov-
erage collection and leaves the tested package uncompiled;
(2) covr, which uses the standard covr callback-based instru-
mentation; (3) RCP + coverage, which uses our coverage
mechanism from Section 3.3 with the tested package com-
piled by RCP and coverage recording enabled; and (4) RCP,
which runs the test suite without coverage collection with
the tested package compiled by RCP. Comparing vanilla
R with covr isolates the overhead of source-level coverage
recording, while comparing RCP with RCP + coverage iso-
lates the overhead of our native coverage recording.

To keep the comparison uniform, all measurements use
the covr interface. We use its built-in timing support, which
reports the combined cost of setting up coverage instrumen-
tation and running the test suite. In our approach, this time
also includes JIT compilation for RCP and enhancing of the
source references.
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Implementation effort. Implementing code coverage on
top of the instrumentation framework required 131 lines of
C code in the JIT compiler and 6 lines in the stencil. The im-
plementation emits coverage data in the same format as covr,
allowing us to reuse its existing reporting and visualization
infrastructure.

Correctness. On average, RCP-based coverage reports
17% more covered lines than covr. The two methods instru-
ment at different granularities, which explains the discrep-
ancy. covr rewrites the source AST and wraps every sub-
expression—including constant literals, bare symbols, and
individual if/else and switch branches—in its own counter,
whereas RCP derives coverage from the compiled bytecode’s
source-reference table and records a hit only where an ex-
ecuted instruction carries a source reference. The methods
therefore agree on statement-level coverage but diverge on
sub-expression leaves. RCP credits reached control-flow po-
sitions that covr attributes only to a taken branch (for ex-
ample, evaluated conditions and forced promises), which
accounts for the bulk of its additional covered lines. Con-
versely, because its granularity is bounded by the bytecode
source-reference table, RCP cannot mark the small set of
lines whose only executed expression is a constant, a bare
symbol, a branch result, or a short-circuited operand—lines
covr counts.

Overhead. Each test suite was run 10 times. We report
relative performance as ratios of medians, aggregated across
packages by their geometric mean, with bootstrapped 95%
confidence intervals.

Figure 5 summarizes the results per package. As the raw
run time is not directly comparable across methods (each
records a different number of covered lines), we interpret
performance as the number of lines covered per second. The
figure reports this throughput for covr and for RCP-based
coverage across the benchmark packages.

Because RCP covers more lines in comparable wall-clock
time, its throughput exceeds that of covr: RCP-based cover-
age covers 1.2 [1.01, 1.46] as many lines per second as covr.
The instrumentation overhead of RCP remains modest. Rela-
tive to vanilla R, RCP-based coverage has a slowdown of 1.09
[1.05, 3.01], while RCP without coverage has a slowdown of
1.08 [1.02, 2.82], so the coverage recording itself adds little
on top of the JIT.

These numbers may appear weaker than those shown in
Figure 6, but the experiments are not directly comparable:
the time reported here is whole-test-suite wall-clock and
includes RCP’s JIT compilation and source reference enhanc-
ing, whereas the profiling benchmarks report runtime only.

5.3 Profiling

Finally, we look at the implementation and performance of
the native profiling extension to RCP. We give an overview
of the implementation effort, the performance of the profiler
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Figure 5. Coverage throughput (source lines covered per
second) for covr and RCP with code coverage, per benchmark
package (higher is better).

and discuss some of the results that could be obtained with
it.

Implementation effort. The implementation of native
profiling and debugging support required ~1,864 lines of
code. The main portion is in a custom DWAREF library (649
lines) that provides the core infrastructure (LEB128 encod-
ing, CIE parsing, CFI instruction decoding and a CFI state
machine for computing stack frame layouts). We decided
to implement it from scratch as using 11vm-dwarfdump and
the DWAREF specification seemed simpler than using an ex-
isting library such as libdwarf. Assembling the .eh_frame
section is then done in 115 lines. The rest of the code was
split between the build-time DWARF extractor from com-
piled stencils (299 lines) and the runtime support for GDB
(566 lines) and perf (235 lines).

Overhead. Next we look at the overhead of the copy-and-
patch with native profiling support. For this we used bench-
marks from the Shootout suite and AreWeFastYet suite [31]
translated to R (by Kalibera et al. [22]). Unlike the package
workloads used in Sections 5.1 and 5.2, profiling overhead is
best evaluated on longer-running, deterministic benchmarks,
where the cost of periodic sampling is measurable and not
dominated by package loading, I/O, or short-running tests.
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Figure 6. Execution time of Rprof, RCP and RCP with perf
profiling relative to GNU R baseline.

Together, the suites consists of 32 benchmarks with 1,907
lines of R code and runs for a total of 51.5 seconds in GNUR.

We compare four configurations: GNU R, RCP without
profiling, RCP with perf profiling (16 kB stack snapshots
at 999 Hz), and GNU R with Rprof. The last configuration
serves as a comparison against R’s built-in profiler, which
samples only the R stack and, at best, every 10 ms. We ran
each benchmark 15 times and report relative slowdown as
ratios of medians with bootstrapped 95% confidence intervals.
Figure 6 summarizes the results. As expected, both Rprof and
RCP with profiling introduce overhead, but the overhead is
small in practice. Since RCP itself runs the benchmarks about
1.09 faster than GNU R, RCP with perf remains, on average,
slightly faster (1.04) than GNU R.

Results. The native profiling provides a unified view of
the execution, interleaving R and native code. This helps
us to identify where time is typically spent. Figure 7 shows
the breakdown of the execution time in the 32 benchmarks
across 6 categories*. We use a classification similar to Moran-
dat et al. [32]. A significant portion of time is spent in R
builtins (38.7%). The memory management (24.3%) can be
divided into the time spent in the garbage collector (12.8%)
and the time spent in allocation (11.5%). About 17.5% is spent
in the JIT-compiled code. R has a complicated calling con-
vention (among others, named arguments use partial match-
ing and can be passed in any order) which contributes to
9.9% overhead. The system category (7.5%) includes time
spent in shared libraries such as libc, regular expressions,
or blas/lapack for linear algebra. There are some outliers;
for example, spectralnorm_math spends most of its time in
R builtins.

‘We have manually classified 827 that appeared at the top of the call
stack while running the benchmarks with perf at 999 Hz and 16 kB stack
sampling.
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Figure 7. Breakdown of benchmark runtimes by category.

The main advantage of the implemented profiling support
is that it allows us to perform a similar classification per
compiled function, as shown in Figure 8. We can therefore
zoom in on the JIT-compiled code and see the breakdown on a
finer, per-function level. For example, for spectralnorm_alt,
we can see that it contains 12 compiled functions, out of
which only one spends significant time in the JIT code, while
the others spend most of their time in R builtins or memory
management. This kind of information is not available with
R’s built-in profiler, which only samples the R stack and
cannot see into native code.

6 Related Work

Dynamic analysis tools for R. R provides several built-
in facilities for dynamic analysis. The Rprof profiler samples
the R call stack at regular intervals and profvis [5] pro-
vides interactive visualizations of the results. For debugging,
R offers debug, trace, and browser, all of which operate
within the AST interpreter. Code coverage is provided by the
covr [19] package, which instruments R code by modifying
parsed expressions to insert trace calls. For instrumentation
and tracing, instrumentr [16] provides a callback-based
framework, and genthat [27] traces function calls to auto-
matically generate unit tests. All of these tools operate at
the R level, through the AST interpreter, and therefore can-
not observe native code executed by built-in functions or
C/Fortran extensions. R-dyntrace [17] is a modified R inter-
preter with manually inserted hooks for various events such
as function entry and exit, promise forcing, or GC allocations
and deallocations. traceR [24] is a modified R interpreter
with inserted performance counters. Both require running a
modified R interpreter and constantly updating the tracing
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Figure 8. Breakdown of compiled functions by category.

logic as the R interpreter evolves; as such, both have been
unmaintained for 5 and 9 years, respectively.

Cross-language profiling and debugging. The difficulty
of profiling across the boundary between a dynamic lan-
guage and its native extensions is well recognized. Scalene [2]
addresses this for Python by separately attributing CPU time
to Python code and native C code, using a combination of
sampling and bytecode-level accounting. PieProf [35] uses
hardware performance and debug registers to identify re-
dundant memory accesses; it uses libunwind and hooks
into the Python interpreter to map native calls to Python
calls. Feature-specific profiling [1] takes a different approach
by attributing costs to individual language features rather
than functions. PolyDebug [20] leverages the Debug Adapter
Protocol to coordinate language-specific debuggers. PolyDe-
bug has a large overhead when crossing language bound-
aries, which happens often in R because the interpreter and
performance-critical code are written in C. Our approach
sidesteps these difficulties: because the copy-and-patch JIT
compiles R bytecode to native code, a single native profiler
such as perf can profile both R and C code in a unified view.

JIT-based instrumentation. The GraalVM Truffle frame-
work [39] provides a rich instrumentation API that allows
building debuggers, profilers, and other tools for any Truffle-
hosted language. While powerful, it requires adopting the
entire Truffle framework and rewriting the language imple-
mentation. The R JIT compiler for R [10, 11] generates LLVM
IR and can thus leverage LLVM-based debugging infrastruc-
ture, but it is a substantially more complex system. In the
WebAssembly space, Titzer et al. [37] instrument Wasm pro-
grams by rewriting modules at the bytecode level to insert
probes before they are JIT-compiled by the Wizard research
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engine. Whamm [15] extends this with a declarative DSL that
compiles instrumentation rules into Wasm bytecode rewrites,
also targeting Wizard’s JIT compiler. Like our work, these
approaches instrument before or during compilation rather
than on emitted machine code, and benefit from bytecode-
level semantic information. However, they target a portable,
typed bytecode with well-defined instrumentation points,
whereas R bytecode is untyped and tightly coupled to the C
runtime. Our approach is simpler: it piggybacks on the ex-
isting copy-and-patch compiler, requiring only the addition
of new stencils for each analysis, with no separate rewriting
pass.

Binary instrumentation. Binary instrumentation frame-
works such as Pin [30] and DynamoRIO [4] are general-
purpose tools capable of instrumenting any native code,
including JIT-compiled code. However, they are language-
unaware: they operate at the machine code level and have no
knowledge of the source language’s semantics, making it dif-
ficult to map results back to the original program. They also
incur significant overhead, typically 2-5X slowdown. By con-
trast, our approach is language-aware and lightweight, since
the instrumentation is inserted at copy-and-patch compile
time directly alongside the compiled bytecode.

7 Conclusion

In this paper, we explored copy-and-patch compilation as
a practical foundation for dynamic analysis, using R as a
concrete target. We implemented four analyses on top of
an existing copy-and-patch JIT: code instrumentation, with
type tracing and code coverage, performance profiling, and
native debugging. The key property is that copy-and-patch
produces native code through a standard C toolchain. As a
result, the system can reuse native metadata such as DWAREF,
while the bytecode stream can be edited before code genera-
tion to inject analysis hooks in a direct and predictable way.
This allowed us to implement native profiling with perf and
source-level debugging with gdb with relatively little effort.

The other analyses exploit the bytecode-level structure
of copy-and-patch. Inserting instrumentation and coverage
probes reduces to injecting new stencils into the bytecode
stream at copy-and-patch compile time, which keeps the im-
plementation self-contained and lightweight. The evaluation
confirms that this design yields low overhead: instrumenta-
tion adds no measurable cost compared to uninstrumented
RCP; code coverage is roughly 2x faster than the established
covr package; and profiling with perf at 999 Hz leaves RCP
faster than GNU R on average.
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Table 1. Corpus for the overhead analysis: extracted R files by package and category

Package  Description Vignettes Examples Tests Total
ggplot2  Data visualization 5 159 128 292
dplyr Data manipulation 10 80 86 176
Matrix Sparse and dense matrices 5 117 19 141
stringr  String manipulation 4 36 31 71
fs File system operations 1 25 23 49
jsonlite JSON parsing and generation 1 11 35 47
Z00 Time series data structures 5 30 6 41
glue String interpolation 4 8 10 22
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