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Abstract
This paper presents a novel approach for dynamic binary
translation (DBT) to automatically learn translation rules
from guest and host binaries compiled from the same source
code. The learned translation rules are then verified via bi-
nary symbolic execution and used in an existing DBT system,
QEMU, to generate more efficient host binary code. Experi-
mental results on SPECCINT2006 show that the average time
of learning a translation rule is less than two seconds. With
the rules learned from a collection of benchmark programs
excluding the targeted program itself, an average 1.25X per-
formance speedup over QEMU can be achieved for SPEC
CINT2006. Moreover, the translation overhead introduced
by this rule-based approach is very small even for short-
running workloads.
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1 Introduction
Dynamic binary translation (DBT) is one of the core technolo-
gies in system virtualization. DBT has also been extensively
used in many other applications such as whole program
analysis and debugging, e.g., Pin [22], DynamoRIO [5], and
Valgrind [25]; process/system virtualization, e.g., IA-32 EL [2]
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and QEMU [3]; vulnerability detection and defense, e.g., Bit-
Blaze [30] and BAP [6]; mobile computation offloading [34]
and computer architecture simulation, e.g., ZSim [27] and
ARCSIM [20].

In general, a DBT system dynamically translates binary
code from a guest instruction set architecture (ISA) to another
host ISA, and executes the translated host binaries to emulate
guest binaries on host machines. Previous work has shown
that, in most cases, more than 90% of the execution time of a
DBT system is spent on executing the translated host binary
code [26, 33], i.e., the translation overhead is amortized by
the frequent execution of the translated host code. Thus,
the efficiency of the translated host code is crucial to the
performance of the DBT system.

The binary translation process is typically driven by man-
ually developed translation rules that map guest instructions
into a sequence of semantically equivalent host instructions
that can emulate the guest instructions on hostmachines [29].
Given the huge size of the modern ISAs, e.g., more than 1000
instructions in the x86 ISA [18], manual construction of
translation rules is a major engineering challenge.
To ease the development and debugging efforts, most

translation rules in existing DBT systems are constructed
by mapping one guest instruction to one or several host in-
struction(s), i.e., one-to-one or one-to-many mappings. In
this way, the total number of the translation rules required
to translate the guest ISA can be limited. However, this also
results in a sizeable code expansion in the translated host
code because typically more than one host instructions are
required to emulate one guest instruction due to the seman-
tic differences between the guest and host ISAs. Moreover,
intermediate representations (IRs) are often needed to ease
the engineering efforts in code optimization and code genera-
tion, in particular in retargetable DBT systems that translate
multiple guest ISAs to multiple host ISAs, such as QEMU.
This process usually translates a guest instruction into sev-
eral pseudo-instructions in IR, and each pseudo-instruction
is then translated into one or more host instructions, causing
further expansion in the final host binary code.

Taking advantage of architecture-specific instructions and
generating efficient host binary code require substantial ef-
forts in existing DBT systems, especially when the semantics
of the host ISA are significantly different from those of the
guest ISA. For instance, consider translating the following
two guest instructions from ARM [28], which has a RISC
architecture and is widely used in mobile devices, to an Intel
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x86 host, which has a CISC architecture and is widely used
in desktops and servers:

add r1, r1, r0
sub r1, r1, #1

QEMU, a popular and widely-used cross-ISA DBT system,
needs to generate at least the following two x86 instructions
to emulate the guest code sequence:

addl %eax, %edx
subl $0x1, %edx

Here, we assume the guest registers r0 and r1 are mapped
to the host registers eax and edx, respectively. In fact, with
a better understanding of the semantics of the ARM and x86
ISAs, we could find that those two ARM instructions are
actually semantically equivalent to one x86 instruction:

leal -1(%edx, %eax), %edx
Although this kind of many-to-one or many-to-many transla-
tion rules can potentially produce more efficient host binary
code, manual construction of such rules poses a significant
engineering challenge due to their combinatorial increase
and the required deep understanding of the semantics of
both guest and host ISAs.

To improve the efficiency of the translated host binary for
cross-ISA DBT systems, this paper presents a novel approach
to intelligently learn translation rules from sample programs,
where we compile the same source programs to produce
both guest and host binaries. The learning process is fully
automated with little manual intervention. The same source
program is leveraged to bridge the semantic gap between
the guest and the host ISAs.
More specifically, the source program is compiled twice

(e.g., using LLVM [21]) to generate both the guest and the
host binaries separately with the debugging flags turned on
to provide the linkage between the source statements and
their corresponding binaries. The guest and the host binary
code snippets that come from the same line of the source
code are then extracted automatically using the debugging
information in the compiled binaries. They are used as the
basis to learn the translation rules. The operands in the guest
and the host binary code snippets are then parameterized
to establish their mappings (see Figure 1 for an example,
and the details are in Section 2). After that, the semantic
equivalence of the guest and the host binary code snippets
is verified formally using binary symbolic execution.
A prototype system using the learned translation rules

has been built on QEMU to evaluate the effectiveness and
the efficiency of this approach. Preliminary results show that
the average time to learn a translation rule is less than two
seconds. The prototype uses the learned rules to directly
translate the guest binary to the host binary without going
through QEMU’s usual IR (called TCG ops), thus reducing
the binary code expansion mentioned earlier. Using the rules
learned from all benchmarks other than the target bench-
mark itself (i.e., the benchmark that is to be translated), we
achieve 1.25X performance speedup on average for SPEC

CINT2006 over QEMU. Moreover, it requires very little trans-
lation overhead to apply the learned rules even relative to
short-running workloads, because the size of the rules is usu-
ally quite small (for larger rule sets, hierarchical or otherwise
optimized lookup algorithms would help further, though our
prototype does not use them). In particular, looking up the
rules to generate a host binary code sequence from the corre-
sponding guest binary sequence is much faster than a general
translation that goes through an IR.

In summary, this paper makes the following contributions:

• We propose a novel approach to learn binary transla-
tion rules from available source programs using com-
pilers’ debugging facilities. It also leverages symbolic
execution techniques to validate the semantic equiva-
lence of the learned rules.

• We implement a prototype based on QEMU to demon-
strate the effectiveness and efficiency of such a learn-
ing approach, and the performance of the host binary
code generated by the learned rules. Moreover, several
critical implementation issues are addressed.

• We conduct a number of comprehensive experiments.
They show that the time to learn a translation rule is
generally less than two seconds, and a 1.25X perfor-
mance speedup can be achieved for SPEC CINT2006
on average over QEMU.

2 Issues and Challenges
Intuitively, the binary code compiled from the same program
source code by the same compiler for different ISAs should
be equivalent in program semantics. This observation in-
spires the learning approach proposed in this paper, which
leverages the same program source code to bridge the se-
mantic gap between the guest and the host ISAs. Although
the idea behind the learning approach is rather simple, there
are still several significant technical issues and challenges to
put it into practice.

Learning Scope. We need to select an appropriate learn-
ing scope that determines the range of guest/host code snip-
pets (i.e., sequences of guest and host binary instructions)
that will be involved in the rule extraction. Since we use the
source program to bridge the semantic gap between the guest
and the host binary codes, the learning scope is determined
by the statements at the source code level.
Considering the basic translation unit of most DBT sys-

tems is a basic block (or block for short), which is a straight-
line guest binary code sequence with only one entry and
one exit, a possible choice of the learning scope is a basic
block in the source program. However, it is very common for
compilers to apply various transformations/optimizations
across multiple source code blocks, e.g., loop transforma-
tions, which makes it very hard to map binary code blocks
directly back to their common source code blocks. Moreover,
the same source code block could generate multiple binary
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code blocks due to different transformations/optimizations
applied in different ISAs (even by the same compiler). In
addition, a large learning scope may involve a large number
of guest instructions in the learned rules, making a rule less
likely to be applied in practice because it is rare to exactly
match a long sequence of guest binary code.

Based on the above considerations, we propose to use a line
of source code (source line for short) to determine our learn-
ing scope. To extract the groups of guest and host instruc-
tions that correspond to the same source line, our approach
leverages the debugging information provided by almost all
existing compilers, which is originally produced to enable
source-level debugging. It provides information about which
source line a binary instruction is generated from. In our
implementation, LLVM is selected because the debugging
information is maintained quite comprehensively [8] even af-
ter many transformation passes are applied. As we will show
later, our approach is insensitive to the compiler selected for
learning, i.e., the rules learned using one compiler can be
applied to guest binaries generated by another compiler.

Parameterization of Operands. After the guest and
the host instruction sequences that correspond to the same
source line are identified, the next task is to check whether
they produce semantically equivalent machine states from
equivalent initial machine states. The challenge here is to find
out whether a feasible mapping exists between the operands
in the corresponding guest and host instructions such that
the guest operands can be emulated by the corresponding
host operands under this mapping. Here, we assume a host
register can hold no fewer bits than those of a guest register,
and the guest and host architectures have the same endian-
ness. Additional workmight be required if these assumptions
are not satisfied, but it is beyond the scope of this paper.
To overcome this challenge, our approach heuristically

generates an initial mapping between the guest and the
host memory operands, live-in registers, and immediate
operands. We then verify the semantic equivalence of the
guest and host binary code sequences under this mapping.
This process could be iterated multiple times with different
initial mappings.

To generate an initial mapping, our approach takes advan-
tage of the information available for the memory operands
in the IRs generated by the compilers, e.g., LLVM IRs, to es-
tablish mappings between guest and host memory operands.
With the aid of the mapped memory operands, the live-in
registers used to calculate a memory address, including its
related immediate values, e.g., offset, are mapped by normal-
izing the calculation of the memory address (Section 3.2). In
this way, our approach can map up to 80% of live-in registers
and immediate operands. For the remaining live-in registers
and immediate operands, we heuristically generate a map-
ping based on the operations performed on them or based
on their values (Section 3.2).

It is not surprising that there could be no feasible map-
ping for some guest and host instruction sequences because,
for example, they may have different numbers of memory
variables or live-in registers. Those sequences are simply
discarded as they are considered as inappropriate candidates
for translation rules. This only affects the yield of the har-
vested rules, but makes the time to learn rules much faster.
It has minimum impact on the coverage and the quality of
the harvested rules as shown in Section 6.2.

Verification of Semantic Equivalence. Even given a
probable initial mapping of operands, it is still quite chal-
lenging to know whether the guest and the host instruction
sequences are semantically equivalent or not. In theory, we
could test them with the same but randomly selected input
machine states on real machines. However, technically, it is
extremely hard to use such an approach to ensure a complete
coverage in the testing. Instead, our approach is to verify the
equivalence by symbolically executing the guest and the host
instructions under the same initial machine states.

Symbolic execution [4] is a popular program analysis tech-
nique in software testing to determine what inputs can cause
each part of a program to execute. It executes a programwith
symbolic rather than concrete input values and thus can si-
multaneously explore multiple paths that a program could
take under different input values. This enables symbolic exe-
cution to achieve a complete coverage in verification.

In our approach, the equivalence is verified by evaluating
the symbolic execution results of registers, memory operands,
and branch conditions. First, the symbolic values of all guest
and host registers that are updated in their sequences are
evaluated to find a final mapping between them such that
the updated guest registers can be emulated by the corre-
sponding updated host registers under this mapping, and the
final mapping should not conflict with the initial mapping.
Second, as the memory operands are mapped in the initial
mapping, the symbolic values stored in the mapped memo-
ries are evaluated to see if they are equivalent. Last, if the
last guest and host instructions in their sequences are condi-
tional branches, the symbolic values of the conditions that
trigger the branches are evaluated to check their equivalence.
If the verification passes all three aspects described above, a
translation rule that maps the guest instruction sequence to
the host instruction sequence is established (“learned”). Oth-
erwise, the same verification process is iterated if a different
initial mapping can be generated heuristically. More details
are presented in Section 3.3.

In Figure 1, we use an example to show such a rule-learning
process, in which the source code in line 12748 of util.c is
compiled into two guest (ARM) instructions and one host
(x86) instruction by LLVM-ARM and LLVM-x86 compilers,
respectively. The corresponding LLVM IRs generated during
the compilation are also shown (note: simplified for presen-
tation). Note that we use the machine specific IRs instead
of the high-level IRs in the compilers, which allows us to
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Guest (ARM):
    add     reg0, reg0, reg1
    sub     reg0, reg0, #imm000
Host (x86):
    leal    -imm000(reg0, reg1), reg0

LLVM-ARM

Translation Rule

Equivalence Verification

LLVM-x86

Operand Parameterization

/* util.c */
12748     char *e = s + (n - 1);

%R1 = ADDrr %R1, %R0; 
            dbg:util.c:12748
%R1 = SUBri %R1, 1;
            dbg:util.c:12748

%EDX = LEA32r %EDX,
                %EAX, -0x1;
               dbg:util.c:12748

leal -0x1(%edx,%eax),%edxadd    r1, r1, r0
sub    r1, r1, #1

r1 = edx = reg0; r0 = eax = reg1;
1 = imm000; -0x1 = imm100; -imm000 = imm100

Initial Mapping

C
om

pi
lin

g

Le
ar

ni
ng

Assembly Code

LLVM IR

Source Code

Figure 1. The learning process of translation rules.

establish an almost one-to-one mapping between the binary
instructions and their corresponding IRs [14].

Since there is nomemory access in this example, we heuris-
tically generate an initial mapping. A probable mapping for
the live-in registers is: r1 7→ edx and r0 7→ eax, or vice
versa, as the operation on the live-in registers is an addi-
tion (which is commutative). The immediate operands can
be mapped using an additive inverse operation according to
the values, i.e., -imm000 7→ imm100. Then, the guest and
the host instructions are symbolically executed under this
mapping. Obviously, the parameterized guest and host reg-
isters, i.e., reg0 and reg1 for r1 and edx, have the same
symbolic results under this initial mapping. Also, there is no
memory operand and branch condition required to be veri-
fied. Thus, a parameterized translation rule that translates
the guest (ARM) instruction sequence with two instructions,
“add reg0, reg0, reg1; sub reg0, reg0, #imm000”, to one host
(x86) instruction, “leal -imm000(reg0, reg1), reg0”, is learned.

3 Learning Binary Translation Rules
There are four key requirements on learning binary transla-
tion rules from program source code.

• Automatability: The learning process should be au-
tomated, and require as little human supervision and
manual manipulation as possible.

• Semantic Equivalence: The semantics of the guest
and the host instruction sequences in the learned trans-
lation rules should be equivalent.

• Parameterizability:The register/immediate operands
that appear in the learned translation rules should be

parameterized as much as possible to enhance the cov-
erage of the rules.

• DBT Independence: The learning process should be
independent of the DBT system that uses the learned
rules. This allows the learned rules to be applied to
most DBT systems.

The learning approach proposed in this paper satisfies all
above requirements. It automatically learns translation rules
from guest and host instruction sequences that correspond
to the same source line. Details about the learning process
are presented in the following subsections.

3.1 Preparation for Learning
Commonly, a line of source code contains one statement
in most high level languages. But some source lines may
include multiple statements, e.g., because of macros in C.
Also, source code from different applications may have a
wide variety of programming styles. Hence, it is necessary
to utilize the compiler to preprocess the source code, and
put it in a more regular format that is easier to trace back
from the binaries. In our approach, we use the “-E” option
of LLVM to preprocess the source code and the clang-format
tool provided by LLVM to format the source code.
We also exclude some special cases in guest and host in-

struction sequences. For example, we ignore guest and host
instruction sequences that contain call or indirect branch
instructions because these instructions need to be handled
specifically in most DBT systems. Also, due to the time and
the resource constraints, our prototype currently does not
support (ARM) predicated instructions and guest/host in-
struction sequences that are composed of multiple blocks.
However, we believe there should be no particular technical
difficulties to include such features in the future.

3.2 Parameterization of Operands
The key to parameterize operands is to establish a mapping
between guest and host operands. To keep the learning pro-
cess simple and efficient, our approach heuristically gener-
ates initial mappings based on the following principles.
First, we only map guest and host operands of the same

types. There are typically three different types of operands
in most modern ISAs: register, memory, and immediate value.
It could potentially complicate the learning process if map-
pings across different operand types are allowed because the
opcodes may have to be changed in some ISAs if the types
of the operands are different.
Second, arithmetic/logical operations are introduced to

accommodate the differences in values between the guest
and host immediate operands. Recall the example in Figure 1,
in which the immediate operands imm000 and imm100 are
mapped using an additive inverse operation.

Last, each guest/host register should have only onemapped
host/guest register in the initial mapping. The reasons of
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Guest (ARM):
    add r0, r1, r0, lsl #2
    ldr r0, [r0, #-4]
Host (x86):
    movl  -0x4(%ecx,%eax,4),%eax

Guest (ARM):
    ldr r1, [r5]
    ldr r4, [r1]
Host (x86):
    movl  (%edi),%eax
    movl  (%eax),%esi

(a) (b)

Figure 2. Live-in register mapping using memory operands.

this principle are obvious, i.e., one guest register should be
emulated by only one host register, and one host register
cannot emulate multiple guest registers at the same time.

Based on these principles, we next describe how to gener-
ate an initial mapping for each type of operands.

MemoryOperands.The guest and hostmemory operands
are mapped according to the names of the corresponding
variables in LLVM IRs. This is reasonable because the guest
and the host binary codes are compiled from the same source
code, and generally, most variable names in LLVM IRs are
inherited from the source code.

Live-in Registers. A guest/host register is considered to
be live-in if it is used before being defined in the guest/host
instruction sequence. All other non-live-in registers are de-
fined in the instruction sequences before their use. Note that
a live-in register can be defined again in the instruction se-
quence after its use. We only map live-in registers in the
initial mapping. The defined registers will be mapped after
the symbolic execution (see Section 3.3).
For live-in registers used in memory addressing modes,

which account for up to 80% of all live-in registers, the map-
ping can be established after being normalized. There could
be many addressing modes supported by modern ISAs. How-
ever, most addressing modes can be normalized (or standard-
ized) to the following formula:

base ± index × scale + offset
where base and index can be live-in registers or other mem-
ory operands, and scale and offset are immediate values.

Figure 2 shows two examples of mapping live-in registers
using normalized memory addresses. In Figure 2(a), the guest
memory operand [r0,#-4] and the host memory operand
-0x4(%ecx,%eax,4) correspond to the same variable in the
LLVM IRs. Since eax and ecx are live-in registers in the host
instruction sequence, it is quite easy to normalize the host
addressing mode as:

ecx + eax × 4 + (-0x4)
However, even though r0 is a live-in register in the guest
instruction sequence, it is defined by the first instruction in
the sequence. In this case, we can find the live-in registers (or
memories) that redefine r0 from LLVM IRs. In this example,
we can find that r0 is defined as: r1 + r0 × (1 ≪ 2), where
r1 and r0 are live-in registers with initial live-in values. So,

Guest (ARM):
    sub r0, r8, r4
    add r0, r1, r0
Host (x86):
    movl   %ebp,%ecx
    subl   %esi,%ecx
    addl   %eax,%ecx

Guest (ARM):
    and r0, r0, #255
    sub r2, r1, #14
Host (x86):
    movzbl   %al, %eax
    movl %ebx, %esi
    addl   $0xfffffff2,%esi

(a) (b)

Figure 3. Live-in register mapping using operations.

the guest memory addressing mode can be normalized to:
r1 + r0 × (1 ≪ 2) + (-4)

Here, we keep (1 ≪ 2) instead of using the value 4 in order
to map immediate operands later. After normalizing the two
memory addresses, the mapping of the live-in registers can
be found as follows: r1 7→ ecx and r0 7→ eax.

Similarly, in Figure 2(b), we have r5 7→ edi. Note that, in
this example, no mapping is established for [r1] and (%eax)
even though they are from the same variable in LLVM IRs. It
is because r1 and eax are not live-in registers, i.e., they are
defined before their use. Such mappings will be established
after symbolic execution, as mentioned earlier.

Live-in registers that are not in the address calculation can
be heuristically mapped based on the operations performed
on them. Typically, the common operations include addition,
subtraction, multiplication, division, logical not/and/or, and
logical left/right shifting. Figure 3(a) shows such an example.
Here, the operation performed on r1 is an addition, which
is the same as the operation performed on eax. Therefore,
we can heuristically assign its initial mapping as: r1 7→ eax.
Similarly, the following two mappings can be found: r8 7→
ebp and r4 7→ esi because they are in the corresponding
subtraction instructions.

Unfortunately, such a heuristic approach does not always
work because of the diverse operations available in the guest
and the host ISAs. In Figure 3(b), the operation on r0 is a
logical and, while there is no corresponding logical operation
on al (i.e., eax) because the compiler selected the instruction
movzbl for the host machine. Furthermore, the operation on
r1 is a subtraction while the operation on ebx is an addition.
Actually, in this case, it is not hard to check manually that
the guest and the host instruction sequences are equivalent.
However, to do it automatically without human intervention,
if the guest and the host instruction sequences have the
same numbers of live-in registers, and in most cases this
number is quite small, we can exhaustively try all possible
permutations between two sets of live-in registers for such
mappings, and select a plausible one. We then rely on the
symbolic execution step to validate the selected mapping. If
the number of live-in registers are different, we discard them
without proceeding further, i.e., no rule will be generated.
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Guest (ARM):
    str r1, [r6]
Host (x86):
    movl   %eax,0x34(%esi)

Guest (ARM):
    mov r1, #983040
    orr r1, r1, #117440512
Host (x86):
    movl   $0x70f0000,%ecx

(a) (b)

Figure 4. Immediate operand mapping with operations.

In Figure 3(b), only two mappings are possible: r0 7→ ebx,
r1 7→ eax and r0 7→ eax, r1 7→ ebx. In our implementation,
we limit it to 5 tries, which is sufficient in most cases.

Immediate Operands. Immediate operands are mapped
in a similar way to live-in registers. The only difference is that
arithmetic/logical operations can be used to accommodate
the differences between the guest and host values.

The immediate operands in the normalized addresses are
mapped as follows: scaleдuest 7→ scalehost and offsetдuest 7→
offsethost . Recall the example in Figure 2(a), where the guest
has a scale of (1 ≪ 2) and the host’s is 4, so they can be
mapped as (1 ≪ 2) 7→ 4. Also, the offsets can be mapped as
-4 7→ -0x4. Here, the values of the immediate operands for
both the guest and the host are the same. But, this may not
be always true. As shown in Figure 4(a), the guest has an
offset of 0, while the host has an offset of 0x34. Thus, we
have the following mapping: 0 7→ 0x34, which means the
host offset is parameterized to 0 in the initial mapping.
The immediate operands that are not used in memory

address calculations are mapped based on their actual values.
It is quite common that the guest values are different from
the host values. To tackle this problem, arithmetic/logical op-
erations can be introduced that include addition, subtraction,
multiplication, division, additive inverse, logical not/and/or,
and logical left/right shifting. Figure 4(b) shows an example
in which the value of either of the two guest immediate
operands is different from the value of the host immediate
operand. After trying different operations, we can derive
that the host value can be calculated by the two guest values
using a logical or operation. Thus, they can be mapped as
(983040 | 117440512) 7→ 0x70f0000. It is worth pointing
out that the same mapping could be concluded even if x86
is the guest ISA and ARM is the host ISA in this example.
However, additional work might be required when the host
ARM instructions are assembled because of the limited value
ranges that can be encoded for the immediate operands.More
details about this work are discussed in Section 5.

It is possible that there will still be unmapped guest/host
immediate operands after the above steps. There are two
such scenarios. In the first scenario, the immediate operands
should not be parameterized in the first place. Recall the ex-
ample in Figure 3(b), where the guest immediate operand 14
and the host immediate operand 0xfffffff2 can be mapped

using an additive inverse operation: -14 7→ 0xfffffff2,
while the guest immediate operand 255 is left unmapped.
In fact, the movzbl instruction implements the same seman-
tics as the and instruction in a different way. Therefore, 255
should not be parameterized. In the second scenario, no op-
eration can make the guest and host values equal. Hence, the
immediate operands are left without being parameterized.
In our experience, these cases are very rare.

All of the rule candidates obtained after the parameteriza-
tion and initial mapping need to be verified in the symbolic
execution phase described in the next subsection.

3.3 Verification of Semantic Equivalence
To check the parameterization and the initial mapping gen-
erated in the previous subsection, as well as to confirm the
equivalence of the instruction sequences and to establish a
final mapping, we next verify a rule candidate’s correctness
using binary symbolic execution.
Two instruction sequences are equivalent if they pro-

duce equivalent outputs whenever their inputs are identi-
cal, so we represent the corresponding input machine state
using matching symbols. Our system then symbolically exe-
cutes both instruction sequences and checks, using an SMT
solver [12] if necessary, whether the corresponding output
symbolic expressions are equivalent or not. Specifically, the
equivalence is checked from three aspects:

Registers. The symbolic values of all defined guest and
host registers are evaluated to establish a final mapping such
that each defined guest register is equivalent to a different
defined host register. Then, the final mapping is compared
with the initial mapping to see if there is any conflict. A
conflict occurs if a guest/host register is mapped to different
host/guest registers in the initial and the final mappings,
which implies the initial and the final mappings are inconsis-
tent. Such a conflict might be incompatible with the register
allocation scheme in the DBT system that uses the learned
rules, so rule candidates with conflicts are discarded.

Memory Operands. Since the guest and the host mem-
ory operands have been mapped under the initial mapping,
we only need to evaluate the symbolic values stored in the
corresponding memory locations to see if they are equiva-
lent. One subtlety here is that the registers used in address
calculations may also be modified, changing the meaning
of an address expression using that register. To avoid this
problem, we record the symbolic expressions corresponding
to the memory access addresses when they are used, and use
these recorded locations for the memory equivalence check.

Branch conditions. If the last guest and host instructions
in their sequences are conditional branches, the symbolic
values of the conditions that can trigger the branches are
checked for equivalence. Here, we assume that the guest and
the host branch targets are the same. Branch conditions are
typically combinations of condition code flags, but here we
only check whether the final conditions are equivalent or
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not. For instance, there is no check on condition codes that
are not used in a branch. For the correctness of condition
codes in other situations, we use a mechanism described in
Section 5.

If the verification passes all abovementioned three criteria,
a translation rule that maps the guest code sequence to the
host code sequence is learned. Otherwise, the same process
will be iterated if a different initial mapping can be generated.

4 Applying Translation Rules
To apply the learned translation rules to a DBT system, the
rules are installed in a hash table at the start of the system.
We simply use the arithmetic mean of the guest opcodes in
each rule as its hash key. More sophisticated hash schemes
will be explored in our future work. When a guest code block
is translated, the hash table is searched to find the rules that
match the guest instructions in this block.
A contiguous guest instruction sequence in the block is

examined to match with the rules that have the same hash
key. The maximum length of the sequence starting from the
ith instruction in the block is n − i , where n is the number of
guest instructions in the block and 0 ⩽ i < n. We start from
the first guest instruction and examine if n guest instructions
starting from it can match any rule. If not, a shorter length
will be tried, until the length is 1. If there is no rule that
can match a contiguous guest instruction sequence starting
from the current one, we move to the next until all guest
instructions are examined or a matching rule is found.

After amatching rule is found, the parameterized operands
in the rule are bound with the corresponding operands in
the matched guest instructions. Then the host instructions
in the matched rules are assembled to executable binary
code. Guest instructions that have no matching rule will be
translated through the regular translation process.

5 Implementation
The learning process described above has been implemented
in a prototype that comprises around 3.6K lines of Python
code. It takes two significantly different ISAs, i.e., ARM and
x86, as the guest and the host ISAs. It is worth noting that
ARM and x86 are prominent representatives of RISC and
CISC ISAs, respectively. The guest binaries are built by LLVM
version 3.8.0 via cross compilation on the host machine.

The verification is implemented based on the binary sym-
bolic execution engine FuzzBALL [24], which interprets each
binary instruction by translating it into the BitBlaze [30]
Vine IR. The equivalence of symbolic expressions is checked
by the SMT solver STP [12]. To invoke FuzzBALL, we have
implemented a wrapper, which includes around 1.2K lines
of OCaml code, to parse the initial mapping, initialize the
input machine states, and extract the execution results.
Next, we describe how to extend an existing DBT sys-

tem to utilize the learned translation rules. We use QEMU

Guest (ARM):
    cmp reg0, reg1
    beq #L0
Host (x86):
    cmpl reg1, reg0
    je $L0

(a) A translation rule (b) Control flow of guest code

cmp r0, r1
beq #L0

cmp r2, r3
bne #L1

bhi #L2

BB0 BB1

BB2

Figure 5. Condition code emulation of the translation rules.

(version 2.6.0, which is the latest version at the start of the
implementation) to demonstrate our approach, because it
is open source and has been widely used in academia and
industry. It is worth noting that the learned translation rules
are independent of QEMU, and can be used by most existing
cross-ISA DBT systems with similar extensions.
A tiny code generator (TCG) is used by QEMU to trans-

late guest binaries into host binaries with TCG OPs as the
IR. Since TCG is still needed to translate guest instructions
that have no matching rules, it is vitally important for our
implementation to work with TCG seamlessly.

Register Allocation. In TCG, the ARM guest registers
are emulated using host memory locations, and the consis-
tency is maintained at the boundaries of blocks. For each
accessed guest register in a block, a host register is allocated
and associated with the corresponding host memory loca-
tion. A liveness analysis determines when to write back the
host register to the corresponding host memory location.
To simplify the implementation, we reuse the register

allocator in TCG. For guest instructions to be translated using
the rules, we gather the written-back information for each
accessed guest register. When the host instructions obtained
from the rules are assembled, the register allocator in TCG
is invoked to allocate host registers for the accessed guest
registers. Additional host instructions may be generated to
load from the host memory locations corresponding to the
accessed guest registers if they have not been loaded yet.
Also, the written-back information is examined to see if
it is necessary to generate additional host instructions to
write back the allocated host registers to the corresponding
memory locations.

Condition Codes. Both ARM and x86 have condition
codes (known as EFLAGS in x86), which are extra bits kept
by a processor to summarize the results of an instruction, and
to affect the execution of later instructions. How to support
the rules associated with condition codes is another key issue
in our implementation.

TCG emulates each of the four ARM condition codes, i.e.,
negative (NF ), zero (ZF ), carry (CF ), and overflow (VF ), in a
way similar to the general-purpose registers, i.e., using host
memory locations to maintain the consistency across blocks.
Besides such schemes, translation rules can also directly
emulate guest condition codes using host condition codes
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with equivalent semantics. Figure 5(a) shows a rule with
condition codes, where the guest instructions cmp and beq
are emulated by the host instructions cmpl and je as the
guest ZF can be emulated by the host ZF . Since the learned
rules may not cover all guest instructions with condition
codes, our implementation needs to cooperate with TCG to
achieve the correct emulation of guest condition codes.
Figure 5(b) shows an example of using rules to translate

guest instructions with condition codes. Suppose the block
BB0 is translated by the rule in Figure 5(a) while BB1 is trans-
lated by TCG. Then, how to translate BB2 is a key challenge
as bhi in BB2 can use condition codes defined in either BB0
or BB1. A possible solution is to generate additional host
instructions at BB0, as TCG does, to maintain host memory
locations used to emulate guest condition codes. However,
this will introduce significant performance overhead. Instead,
we generate additional host instructions to save host condi-
tion codes at BB0, which requires only 3 host instructions. For
BB2, our implementation generates two versions of host bi-
nary code that correspond to the rule-based version and the
TCG translated version, respectively. A boolean flag is then
added to determine which version to execute at runtime.

Another potential issue is that the condition codes gener-
ated by the guest and the host instructions in a rule can be
inconsistent. For instance, consider a rule with adds reg0,
reg0, #1 as the guest instruction (ARM) and incl reg0
as the host instruction (x86). The guest condition code CF
cannot be emulated by the host condition code CF, as incl
does not update the host CF. To tackle this problem, the veri-
fication tool is extended to output guest condition codes that
cannot be emulated by host condition codes. In our imple-
mentation, a lightweight analysis is performed at translation
time to see whether the guest condition codes that are not
emulated are used by the following guest instructions or not.
If not, the translation rules can be applied normally.

Host ISA SpecificConstraints.Typically, there are some
ISA specific constraints such as the kinds of operands that
can be used for certain opcodes, the kinds of registers/values
that can be used as operands, or the value ranges that can
be encoded by the immediate operands. For example, the
memory operands in the x86 ISA can only have 1, 2, 4, or 8 as
the scale values. To satisfy such specific host ISA constrains,
our implementation examines the host instructions for such
rules before assembling them, and generates additional host
instructions if necessary.

6 Experimental Results
Our learning prototype is evaluated using SPEC CINT2006,
which is an industry standard benchmark suite. In the SPEC
CINT2006, it includes a large number of benchmark pro-
grams from a wide range of different application domains
that include artificial intelligence, search engine, quantum

computing, video compression, XML processing, C compi-
lation, etc. To be as close to the real-world usage scenar-
ios as possible, the performance of each benchmark pro-
gram is evaluated using the translation rules learned from all
other benchmark programs that do not include the evaluated
benchmark program itself. To demonstrate that our learning
approach is insensitive to the compiler selected for learning,
we also apply the learned translation rules to the guest bina-
ries built by GCC (version 4.7.3) [13] as our rules are learned
from LLVM generated binaries as described earlier.

To demonstrate the efficiency of the host binary code gen-
erated by the learned translation rules, we also implemented
another DBT system based on QEMU. It employs LLVM JIT
as the backend to generate optimized host binary code. To
minimize the engineering effort, we firstly translate TCG
Ops into LLVM IRs, and then invoke LLVM JIT to generate
optimized host binary code. With the optimizations avail-
able in LLVM JIT, it is expected that more efficient host code
can be produced. For a fair comparison, both the learning
system and the LLVM JIT in this implementation use the
same optimization level of LLVM, i.e., “-O2”. The impact of
different compiler optimization levels on the learning results
will be discussed later.

The experimental platform is equipped with an Intel Core
i7-4870HQ processor and 16GB memory. The operating sys-
tem is 32-bit Ubuntu 14.04 with Linux 3.13. In experiments
related to performance, the platform is set up exclusively to
run the evaluated benchmarks. Moreover, each benchmark is
run three times, and their arithmetic mean is used to reduce
the influence of random factors.

6.1 Learning Results
Table 1 shows the results of our learning approach. The
number of guest and host instruction sequences that cannot
pass a particular learning step, which includes preparation,
parameterization and verification, is listed under its corre-
sponding label with separate columns according to the cause
of the failures. For instance, the column “CI” under “#F in
Preparation” shows the number of sequences failed in the
learning preparation step due to the call or indirect branch
instructions in the sequences. As shown in the table, 43% of
the code sequences failed in the preparation step, i.e., there
are around 57% left for the remaining steps to learn trans-
lation rules. As mentioned before, our learning prototype
currently does not support (ARM) predicated instructions
and guest/host instruction sequences composed of multiple
blocks due to the time and resource constraints. So there is
still ample room for improvement in this step, which is left
as part of our future work.
The columns under “#F in Parameterization” show the

numbers of instruction sequences that failed to produce a
probable initial mapping. They include the instruction se-
quences that have different numbers/names of memory vari-
ables (shown in columns “Num” and “Name”, respectively) in
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PL LoC #F in Preparation #F in Parameterization #F in Verification #Rules Time
(K) CI PI MB Num Name FailG Rg Mm Br Other (S)

perlbench C 128 13887 2964 287 3864 639 4252 6549 603 1947 471 13171 18206
bzip2 C 5.7 361 243 41 156 21 590 431 52 53 44 818 1249
gcc C 386 44978 9966 485 10812 1404 11670 11492 896 4003 966 36325 34976
mcf C 1.6 93 44 1 44 8 61 53 8 7 6 185 141
gobmk C 158 8459 1272 68 5030 480 3451 2206 228 374 119 3385 4133
hmmer C 40.7 3898 551 54 585 188 1094 742 151 193 50 1808 2299
sjeng C 10.5 1057 425 33 469 111 766 665 101 83 49 735 1362
libquantum C 2.6 532 61 3 80 12 53 51 5 5 6 125 122
h264ref C 36 3824 1430 96 2061 244 3398 2880 353 341 399 3284 7440
omnetpp C++ 26.7 7450 350 25 289 44 423 589 37 97 55 1470 1792
astar C++ 4.3 456 119 8 108 26 193 146 13 20 14 292 315
xalancbmk C++ 267 34654 2752 248 3446 254 4612 5875 630 1709 699 16161 17916

43% 19% 14% 24%
Table 1. Learning results. Number of failures (#F) in preparation due to “CI”: call or indirect branch instructions, “PI”: predicated
instructions, and “MB”: multiple blocks; Number of failures in parameterization due to “Num/Name”: different numbers/names
of memory variables in guest and host LLVM IRs and “FailG”: failed to generate initial mappings for live-in registers; Number
of failures in verification due to “Rg/Mm/Br”: inequivalent registers/memories/branch conditions.

LLVM IRs. Another reason is that our approach fails to gen-
erate initial mappings for live-in registers in guest and host
instruction sequences, e.g., due to different numbers of guest
and host live-in registers (shown in column “FailG”). Over-
all, only 19% of total sequences failed in this step, i.e., 67%
of the remaining sequences after the preparation step can
successfully produce a probable initial mapping for learning
rules. This shows the effectiveness of the proposed heuristic
approach to parameterize the operands.
Failures in the verification step usually result from in-

equivalent guest and host registers (column “Rg”), memory
operands (column “Mm”), or branch conditions (column “Br”).
Other failures that include timing out and system crashes
during binary symbolic executions (due to the limitation
of the binary symbolic execution engine) are listed in the
“Other” column under the label “#F in Verification”. One
thing to note here is that for instruction sequences that have
multiple verified initial mappings, only their last verifica-
tion results are counted. From the table, we can see that
the main source of semantic inequivalence is from registers.
This is reasonable because the compiler may apply different
transformations/optimizations for guest and host ISAs due
to different numbers of available registers in the ISAs.
On the whole, our system can successfully learn binary

translation rules from every evaluated benchmark. Through
the process, the learned translation rules can be obtained
from around 24% of the total guest and host instruction
sequences.We call it the “yield” of our learning process. After
investigating the learned rules, we found that the length of
most learned rules, i.e., the number of guest instructions in
the rules, is between 1 and 6, which shows the suitability of
our learning scope since this length is typically smaller than
most of blocks translated by a DBT system [29].

Another interesting observation is that many of the rules
learned from the same benchmark have the same guest and
host instruction sequences. This implies there are oftenmany
same/similar code structures in the same program source
code. It also provides a strong evidence that our operand
parameterization approach has worked effectively to gener-
alize different operands, e.g., registers. However, there are
some rules that have the same guest instruction sequence but
with different equivalent host instruction sequences. They
are redundant from the perspective of a DBT system because
only one of them is needed to translate the matched guest
binary. In this case, we select the sequence with the smallest
number of host instructions based on the observation that
the number of host instructions executed correlates strongly
to the performance of the generated host code.

In addition, the last column in Table 1 shows the learning
time (in seconds) needed for each benchmark. Obviously,
it takes different amount of time to learn translation rules
from different benchmarks due to their different program
sizes. In general, less than one hour is required to learn
translation rules from most of the benchmarks, e.g., bzip2
and mcf. For some benchmarks with large code bases, e.g.,
gcc and xalancbmk, our system can still finish the learning
process in several hours. On average, the time to learn one
translation rule using our approach is less than two seconds,
which demonstrates the efficiency of our learning approach.

By looking at the time needed in each step of our learning
process, we found that around 95% of the time is spent in the
verification step. Our current implementation run the entire
SPEC CINT2006 benchmarks as a batch through each step of
the learning process. Obviously, each benchmark program
can be processed concurrently to substantially speedup the
entire learning process if multi-core resources are available.
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Figure 6. Sensitivity of learning on optimization levels.

-O0 -O2

/* readmin.c */
3634     net->n_trips = t;

Guest (ARM):
    ldr r0, [r13, #84]
    ldr r1, [r11, #-16]
    str r0, [r1, #404]
Host (x86):
    movl -0xe8(%ebp), %eax
    movl -0x14(%ebp), %ecx
    movl %eax, 0x194(%ecx)

Guest (ARM):
    str r10, [r6, #404]
Host (x86):
    movl %edx, 0x194(%edi)

Figure 7. Different optimization levels for learning rules.

Figure 6 shows the number of translation rules learned
using different optimization levels of LLVM to compile the
program source code. Interestingly, for some benchmarks,
e.g., gobmk and hmmer, more translation rules can be learned
at higher optimization levels. After investigating the learn-
ing process, we found that higher optimization levels can
produce more simplified (i.e., optimized) binary code, which
improves the success rate of learning rules. Figure 7 shows
such an example, where a translation rule can be learned
from the source line using “-O2”, but the guest and host live-
in registers cannot be mapped using “-O0” due to different
numbers. Overall, a similar number of translation rules can
be learned with different optimization levels. This demon-
strates that such a learning approach is not very sensitive to
the optimization levels used to compile the source code.

6.2 Performance Study
Figure 8 shows the performance comparison between our
prototype using the learned translation rules and the imple-
mentation using LLVM JIT as the backend, where the guest
binaries are built by LLVM. The performance of the original
QEMU is used as the baseline.
For the short-running test workload of SPEC CINT2006,

it is hard to benefit from LLVM JIT because of the heavy
translation overhead introduced by LLVM JIT. In contrast,
our prototype introduces quite small translation overhead
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Figure 8. Performance speedup for guest LLVM binaries.
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Figure 9. Performance speedup for guest GCC binaries.

by using the learned translation rules. It allows most of the
benchmarks to benefit from the learned rules except perl-
bench and xalancbmk, whose execution time is less than 1
second. Overall, our prototype achieves 1.07X performance
speedup on average for the test workload while the LLVM
JIT suffers 0.39X slowdown due to translation overheads.
Typically, the translation overhead can be amortized in

long-running workloads. In such cases, the efficiency/quality
of the translated host code is the main factor that impacts
the overall performance. As shown in Figure 8, LLVM JIT
achieves 1.02X performance speedup on average with the ref-
erence workload, while our prototype attains a performance
improvement for all benchmarks with an average of 1.25X
speedup. This shows that the host binary code generated by
the learned rules can be quite efficient and of high quality.
After studying the host binary code generated by both

the learned rules and LLVM JIT, we have the following two
observations. First, additional register spills could be intro-
duced by the register allocator in LLVM JIT due to the use
of host memory to maintain a copy of the guest register file.
Second, lack of global information limits the ability of LLVM
JIT to carry out more aggressive program optimizations. In
contrast, our prototype is less impacted by such limitations,
as it leverages the learned translation rules and cooperates
with TCG to generate efficient host binary code.

To study the sensitivity of the compilers that are used to
produce the translation rules when those rules are used to
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Figure 10. Dynamic host instructions reduced by the rules.
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Figure 11. Static and dynamic coverage of translation rules.

translate the guest binaries produced by different compilers,
Figure 9 shows the speedup achieved by our prototype and
the implementation using LLVM JIT for guest binaries built
by GCC. Again, the original QEMU is used as the baseline.

For the test workload, the translation overhead introduced
by the rule-based translation is still negligible. For the refer-
ence workload, our prototype achieves a 1.21X speedup on
average, which is again much better than that of LLVM JIT.
This shows that our learning approach is quite insensitive
to the compiler selected for learning the translation rules.
Figure 10 shows the percentage of the dynamic host in-

structions reduced by the learned rules using the reference
workload compared to those executed in the original QEMU
using the guest binaries built by LLVM. On average, 34% of
the dynamically executed host instructions are reduced com-
pared to the original QEMU. An interesting observation is
that the percentage of dynamic host instructions reduced in
hmmer is higher than that inmcf while the speedup achieved
in hmmer is lower than that inmcf (see Figure 8). A possible
reason could be the different types of dynamic host instruc-
tions (with different execution times) reduced by the learned
rules in these two benchmarks.
Figure 10 also shows that the reduced percentages for

some benchmarks are not very high, e.g., omnetpp. After
looking into this application, we found that the five hottest
basic blocks in this benchmark come from the LLVM runtime
library, which is mainly composed of hand-written assembly
code. This makes it hard for the rules learned from the source
code of other benchmarks to cover such guest binary code.
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Figure 12. Length distribution of hit translation rules.

Assume we translate a total ofm guest instructions during
the emulation of an application p. The boolean flag Bi indi-
cates if the ith guest instruction is translated by the learned
translation rules. Fi represents the dynamic emulation fre-
quency of the ith guest instruction. The static and dynamic
coverage of the rules applied forp can be defined as Sp =

∑
Bi
m

and Dp =
∑
Fi×Bi∑
Fi

. Figure 11 shows the experimental results
of Sp and Dp for each benchmark. On average, our prototype
can achieve more than 60% of both static and dynamic cover-
age. For mcf, the dynamic coverage is even higher than 85%.
This demonstrates the effectiveness of the translation rules
even though they are learned from significantly different
applications.
The length of a translation rule is the number of guest

instructions in this rule. A rule is a “hit” if there is at least
one guest instruction sequence that matches this rule during
the emulation of the evaluated benchmark. Figure 12 shows
the length distribution of the hit rules applied on each bench-
mark. It is quite common to have hit rules with more than 2
guest instructions. Also, most of the rules are less than 6, as
most lines in the source code are simple program statements.

7 Limitations and Discussion
Memory consistency models are very important for cross-
ISA emulation, particularly for multi-threaded applications.
Additional host memory fence instructions need to be in-
serted if the guest memory consistency model is stronger
than the host memory consistency model. Some recent work
has provided highly efficient and effective algorithms for
such fence insertion [9, 23]. Our rule-based approach is only
for the translation phase of a DBT system to translate a binary
code from one ISA to another ISA. It is very challenging to do
fence insertion during the translation phase because memory
consistency models are not part of the instruction set archi-
tectures. They depend mostly on different implementations
of the micro-architectures. Our learning approach is thus
not targeting, but orthogonal to, the memory consistency
issues. Fence insertion needs to be done after the translation
phase using any of the above mentioned algorithms.

It is also well known that most compilers only use a very
small subset of the ISA to generate binaries, which also holds
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true in DBT systems. In our experimental study (as shown
in Figure 11), our prototype can achieve around 60% of both
static and dynamic coverage. Incomplete coverage is mostly
due to insufficient translation rules for various combinations
of guest instructions, which requires more training programs
to build up the repertoire of such rules. To this end, the learn-
ing system could be trained using large amounts of exist-
ing open-source software. However, with more and more
rules learned and accumulated, a more efficient management
scheme is required to quickly search the matched rules dur-
ing the binary translation. This will be an interesting issue
that demands further investigation.

Due to the lack of hot trace generation support in QEMU,
there is no trace optimization in our implementation. A trace
can be generated by combining several basic blocks for fur-
ther trace-level optimization across multiple blocks. How-
ever, as mentioned earlier, the learned rules are independent
of QEMU, and thus trace-level optimization can be applied
to its translated blocks to further improve their performance.
One interesting issue though is the impact of the host codes
obtained from the translated rules during the trace optimiza-
tion as they are already more “optimized” than the translated
codes from QEMU. This also warrants further studies.

8 Related Work
Bansal and Aiken [1] use peephole superoptimizers to gen-
erate translation rules for binary translation. The mecha-
nism exhaustively enumerates all possible host instruction
sequences up to a certain length and checks each of them to
see if it is equivalent to any fixed-length guest instruction se-
quence. The equivalent guest and host instruction sequences
can construct a translation rule. The generated rules are then
fed to a static binary translator to generate more efficient
host binary code.

There are three fundamental limitations in this approach.
First, the process of generating translation rules is extremely
time-consuming, especially for large existing ISAs such as
x86, as it uses a close to brute force approach to search for
such translation rules. Specifically, it took about one week
to collect around 750 translation rules. Second, due to the
substantial time needed to gather translation rules, the max-
imum lengths of guest and host instruction sequences are
limited to 2 or 3, otherwise the time will increase exponen-
tially. As shown in our results, it is very efficient and common
to hit rules with more than 2 guest instructions. Third, it did
not address the issues of how to integrate it to an existing
DBT system that could benefit from the produced rules. The
high translation overhead when applied to a static transla-
tion, i.e., around 2 ∼ 6 minutes, is infeasible to a DBT system.
In contrast, our approach leverages the program source code
to bridge the semantic gap between the guest and the host
ISAs during the learning process, which makes our learning
approach much more efficient, i.e., less than two seconds

to learn a rule. Another main advantage of our learning
approach is that it is code-sequence based, not individual in-
struction based, which allowsmore optimized code sequences
to be generated for higher performance. In addition, we also
address the implementation issues regarding how to extend
an existing DBT system to benefit from the learned rules
with very little additional performance overhead.

ISAMAP [31] leverages an architecture description lan-
guage, ArchC, to establish instruction mappings between
the guest and the host ISAs. However, there is only one guest
instruction in each mapping, and it still requires human ef-
fort to construct the mappings. Compared with ISAMAP, our
learning approach can automatically learn translation rules
from program source code, and there is no length limitation
on a guest code sequence in the learned rules.

HQEMU [16] relies on LLVM JIT to generate host binary
code. The translation from QEMU’s TCG Ops to LLVM IRs
is still primarily based on manually constructed translation
rules. As shown in our results, LLVM JIT introduces very
heavy translation overhead. In contrast, the translation over-
head incurred by the rule-based translation is very small
even for short-running workloads.

The work in [14] automatically lifts assembly code to com-
piler IRs. However, the lifted IRs are still machine dependent,
and thus cannot be applied to cross-ISA DBT systems. There
has been a lot of research work to improve the performance
of DBT systems [7, 9–11, 15, 17, 19, 32, 33, 35]. Our approach
can typically take advantage of those techniques to further
improve the performance of the generated host binaries.

9 Conclusion
In this paper, we present a novel approach to intelligently
learn binary translation rules for DBT systems without man-
ual intervention. It leverages the source programs to bridge
the semantic gap between the guest and the host ISAs to
produce binary translation rules very efficiently. These trans-
lation rules are verified using symbolic execution. A proto-
type has been implemented based on QEMU to demonstrate
the benefits of the learned translation rules. Experimental
results show that the average time of learning a translation
rule can be less than two seconds. With the rules learned
from all benchmarks in SPEC CINT2006 excluding the eval-
uated benchmark itself, we can achieve 1.25X speedup on
average with very little translation overhead.
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