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Abstract
Dataflow accelerators have emerged as a dominant architecture

for modern AI workloads, combining massively parallel compute

fabrics with hierarchical on-chip memories to achieve high perfor-

mance and energy efficiency. Many such systems adopt a decoupled

access–execute model, where programmable load/store engines or-

chestrate data movement between memory and compute units.

While this design improves utilization, it imposes efficient address

generation as a first-class performance constraint for the compiler.

In these units, address arithmetic is typically realized as scalar op-

erations interleaved with memory operations, forming dependence

chains along the critical data supply path. Simple in-order pipelines

exacerbate the impact of the latency of these computations and

impact overall performance.

In this work, we propose a compiler approach to reduce ad-

dress arithmetic overheads in programmable load/store units. Our

approach consists of two complementary techniques: (1) Address
arithmetic absorption, a local transformation that incorporates scalar

address updates into composite memory operations by leveraging

their pre-incr and post-update fields, and (2) Address arithmetic
hoisting, a global transformation that restructures loop-carried ad-

dress computations to simplify updates across iterations.We demon-

strate the effectiveness of our approach in the context of IBM Spyre
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accelerator and its compiler. Our results over a range of AI work-

loads spanning transformer, convolution-style models along with

object-detection models demonstrate a geometric mean speedup

improvement of 1.65× in execution cycles over a strong baseline

with state-of-the-art optimizations.
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1 Introduction
Artificial intelligence (AI) workloads continue to drive unprece-

dented demands on modern computing systems, necessitating spe-

cialized architectures to sustain performance and efficiency. Hard-

ware acceleration has therefore become central to contemporary

system design, with both industry and academia proposing a wide

spectrum of accelerator architectures. Industrial designs such as

IBM’s Spyre [1, 5], NVIDIA’s Deep Learning Accelerator (DLA) [29],

Meta’s MTIA [14], Google’s TPU [23], AMD Versal ACAP [17], and

SambaNova’s systems [32] exemplify this trend.

Dataflow architectures have emerged as a dominant design par-

adigm for AI accelerators, enabling high compute utilization and

energy-efficient execution. These architectures integrate massively

parallel compute fabrics, such as SIMD units or systolic arrays, with

hierarchical on-chip memory systems comprising multiple levels

of scratchpad memories and vector register files [14, 29, 32, 34, 38].

To sustain the throughput demands of dense compute arrays, they

employ wide, high-bandwidth datapaths that balance data supply
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with computational intensity. Many dataflow accelerators adopt a

decoupled access–execute paradigm, wherein memory access and

computation are handled by distinct programmable units. In such

designs, specialized and simple in-order load/store engines are

responsible for transferring data between on-chip scratchpad mem-

ories and compute units, in both directions. While this separation

enables fine-grained control over data movement and improves

compute utilization, it also shifts significant complexity to the com-

piler. In particular, the compiler must generate efficient load/store

programs that orchestrate address generation, memory access, and

data transfer to rate match the compute requirements.

A key challenge in programmable load/store engines arises from

address generation. Unlike conventional processors, where out-of-
order execution and speculation help hide address computation

overheads, these units operate under constraints, including in-order

execution and absence of branch prediction units. As a result, ad-

dress arithmetic, typically expressed as scalar operations inter-

leaved with memory operations, becomes a significant source of

inefficiency. Since these engines operate in-order, each scalar ad-

dition must complete before the subsequent memory operations,

serializing address computation with data transfer. Consequently,

any delay in data transfer by the load/store engines directly stalls

the compute units—in our evaluation, address arithmetic accounts

for up to 40% of execution cycles of the load/store units (section 5)—

leading to degraded performance.

Prior compiler efforts have addressed scalar computations through

classical optimizations such as constant propagation, dead code

elimination, CSE, and PRE [2, 3, 6, 7, 12, 18]. However, in load/store

units, address arithmetic often manifests as linear chains of depen-

dent scalar updates interleaved with memory operations, where

each computation is live and contributes to subsequent address

formation (an example in fig. 3(b)). These operations are neither

redundant nor dead, and are therefore beyond the reach of classical

scalar optimizations.

Many architectures, including general-purpose ISAs such as Pow-

erPC [30] andARM [4], as well as accelerators such as IBM Spyre [5],

support composite memory operations with pre-increment and

post-update semantics, such as auto-increment and base+offset

addressing modes in load/store instructions. Peephole optimiza-

tions [2, 28] and instruction combining in compilers such as LLVM

and GCC [16, 25] exploit these modes by fusing a scalar address up-

date with an adjacent load/store into a single instruction. However,

these techniques are inherently limited in two fundamental ways.

First, they rely on syntactic matching over small windows of in-

structions, making them blind to address progression patterns that

span multiple operations. Second, naively fusing scalar computa-

tions into pre-increment or post-update fields is often semantically

incorrect under the constraints these fields impose (section 2.2, sec-

tion 3), or inapplicable in the presence of multi-transfer operations

such as bursts.

This paper makes the following contributions for reducing ad-
dress arithmetic overheads in load/store units.

• We introduce address arithmetic absorption, a local, intra-

loop transformation that collapses linear chains of composite

memory operations interleaved with scalar additions into a

single leading scalar addition followed by composite opera-

tions by adjusting their pre-increment fields and preserving

correct effective addresses (section 4.2).

• We develop address arithmetic hoisting, a global transforma-

tion that eliminates the residual per-iteration scalar address

update remaining after absorption by simplifying across it-

erations and moving it out of the loop body (section 4.3).

• We present a unified compilation approach that applies ab-

sorption and hoisting in a bottom-up traversal of the loop

hierarchy. Both algorithms are linear-time and add less than

1% to total compilation time in practice. We implement these

techniques as an MLIR-based compiler pass deployed in pro-

duction as part of the IBM Spyre compiler toolchain [37].

• Evaluation on diverse deep learning workloads, including

transformers [13], CNN’s [19], and object detection mod-

els [27], demonstrates a geometric mean speedup of 1.65×
over a strong baseline with state-of-the-art optimizations.

2 Background
In this section, we provide a concise overview of key concepts

necessary for understanding the remainder of this paper.

2.1 Programmable Dataflow Accelerators
Dataflow architectures [10, 11, 15, 17, 20, 21, 24, 29, 31, 34], rooted

in the decoupled access–execute paradigm [35], have emerged as

a compelling foundation for modern AI accelerators. Unlike con-

ventional CPUs and GPUs, which rely on cache hierarchies and a

unified instruction stream to manage both memory access and com-

putation, dataflow architectures explicitly orchestrate data move-

ment through compiler-managed scratchpad memories. In these

systems, computation and data movement are performed by multi-

ple independent, specialized programmable units that communicate

via distributed scratchpad memories and FIFO-based channels. Each

unit executes its own instruction stream and is responsible for a

distinct role in the dataflow pipeline, such as computation, data

transfer, or specialized functional operations.

Figure 1: IBM Spyre single-core dataflow architecture (repro-
duced from [8, 9, 38]).
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Figure 1 illustrates the baseline core architecture of the IBM

Spyre accelerator [1, 5, 38], which follows a decoupled access–execute

design. In this architecture, programmable compute engines, such

as the PE (Processing Engine) and SFU (Special Function Unit), oper-

ate on data residing in a hierarchy of on-chip scratchpad memories,

denoted as L0 and L1. Data movement across these memory levels

and compute units is orchestrated by dedicated programmable load

and store engines. Of particular relevance are the load engines that

supply data to the compute pipeline. For instance, the L1-LU unit
transfers data from the L1 scratchpad to L0, while the L0-LU unit
streams data from L0 to the PE rows via FIFO channels. Comple-

mentarily, store engines (e.g., L1-SU) collect results from compute

units and write them back into the memory hierarchy.

These load/store engines are lightweight programmable cores,

each maintaining its own instruction stream and program counter.

Beyond data movement, they are responsible for address generation,

orchestration of memory accesses, and communication with other

units via FIFO-based channels. To achieve high energy efficiency,

these engines adopt simplified microarchitectures characterized by

in-order execution, limited address arithmetic capabilities (e.g., only

addition and subtraction), and the omission of features commonly

found in general-purpose processors, such as branch prediction.

2.2 Composite Memory Operations
Composite memory operations are first-class primitives in pro-

grammable load/store units that unify address generation, memory

access, and data movement within a single instruction. Unlike reg-

ular load/store instructions, which typically require separate scalar

operations to compute addresses, composite memory operations

embed address update semantics directly into the instruction, en-

abling more efficient execution. Conceptually, the address updates

in these operations are analogous to indirect addressing modes

in conventional ISAs such as x86 [22] and PowerPC [30], where

base addresses can be combined with offsets (pre-increment) and/or

updated automatically (post-update). In programmable dataflow

accelerators, this idea is generalized further by tightly integrating

memory access and address updates with data transfer across units.

For example, in architectures such as IBM Spyre [5], composite

memory operations simultaneously compute effective addresses,

access data from scratchpad memories, stream the data to or from

other programmable units, and then update the base address.

Composite memory operations differ from GPU bulk-copy in-

structions such as NVIDIA’s TMA, which are offloaded to a separate,

asynchronous hardware engine — the issuing thread hands off a

descriptor and continues other work while the engine executes

the transfer independently. Composite memory operations, by con-

trast, execute directly on the issuing load/store unit itself, using

explicit pre-incr/post-update fields as part of the instruction’s
own addressing semantics.

Benefits. Composite memory operations avoid additional in-

struction fetch, decode, and issue overheads for pre-increment and

post updates. At the micro-architectural level, address updates are

performed as part of the instruction pipeline and can proceed in

parallel with memory access and data transfer. This enables the

base address to be updated without introducing additional pipeline

dependencies or waiting for memory operations to complete. As a

result, these operations reduce serialization in the data supply path

and enable more efficient streaming of memory accesses, which is

critical for sustaining throughput of connected compute engines.

Representation.We model composite memory operations us-

ing a canonical five-operand form: composite_op(base, pre_incr,
post_update, unit, size), where the first operand (base) spec-
ifies the base address, the second operand (pre_incr) denotes the
offset applied to the base address prior to the memory access, and

the third operand (post_update) specifies the offset to add to the

base address after the operation. The fourth operand (unit) identi-
fies the destination (for loads) or source (for stores) programmable

unit, and the fifth operand (size) denotes the number of bytes

transferred. The instruction produces a new address as its result,

which can be used in subsequent operations. An example of such

composite operations can be seen in lines L05, L08, L11, and L14 in

the motivating example shown at fig. 3(b).

Pre-increment and Post-update Constraints. Across ISAs,
composite memory instructions restrict the post-update value to

either equal the pre-increment or be zero. PowerPC’s update-form

loads (lwzu r3, 4(r4) [30]) write back EA = r4 + 4 to the

base register—tying the writeback to the pre-increment—while non-

update forms (lwz) leave the base unchanged. ARM’s pre-index

with writeback (LDR Rd, [Rn, #imm]! [4]) and plain offset form

follow the same split. IBM Spyre also adopts a similar design. The

restriction is not a hardware limitation but an enabling choice: be-

cause the writeback value is always either the effective address or

the original base, thus address generation unit can select between

these two already-computed values without requiring a separate

adder or additional control logic—allowing the base update to be

folded into the load/store with no pipeline delay. When a different

post-update is needed, the programmer/compiler simply issues a

scalar addition after the memory operation. The flexibility with

the ISA support combines the update with the access for the com-

mon case, or express it separately when the stride differs, with no

penalty either way. Thus, the single-instruction form (common case)
is therefore a performance optimization, not a fundamental limitation
and maximizing its use is precisely the goal of our approach.

2.3 Time-wrapped Composite Operations
Some compositememory operations encodemultiple time-sequential

memory transfers within a single instruction, and we refer to

these as time-wrapped operations. The most common form of time-

wrapping is burst mode, in which a single instruction performs 𝐵

iterations of address generation, memory access, and data trans-

fer, repeatedly advancing the address using the pre-incr and

post-update fields. The post-update field is essential to this se-

mantics: at each of the 𝐵 steps it advances the result address by

post-update value, so that successive transfers within the burst

touch distinct locations; without it, every transfer in the burst would

redundantly access the same address.

Lines 3–25 of fig. 3(b) can equivalently be expressed as a single

time-wrapped composite operation. Whereas the original code is-

sues four separate composite load operations along with address

scalar arithmetic operations, the time-wrapped version requires

only two composite load operations within the j loop: since %u1
specifies a burst of 3 (𝐵 = 3), it expands to 1+3 = 4 loads at runtime,
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1 %a_next = for %j = 0 to 32 iter_args (% a_addr = %a) {

2 %u0 = composite_load_and_send (%a_addr , 0, 0, PE, 4)

3 %u1 = composite_load_and_send (%u0, 8, 8, PE, 4, ←↪

burst = 3) // default burst is 1

4 %u2 = scalar_add %u1, 40

5 yield %u2

6 }

Figure 2: Time-wrapped composite operation equivalent to
lines 3–25 of fig. 3(b).

exactly matching the four loads of the original. At each of the 𝐵 iter-

ations, the address is advanced by the post-update value, exactly

as the explicit scalar arithmetic did in the original code; the two

forms are therefore semantically equivalent. The burst argument

thus encodes the time dimension of the composite operation along

with this address manipulation, compactly capturing what would

otherwise require unrolling the burst explicitly.

2.4 Loop Carried Variables Representation
Address arithmetic is often expressed through loop-carried vari-

ables, particularly after lowering and applying optimizations such

as scalar replacement [36] and strength reduction [2]. We repre-

sent these variables similar to using MLIR’s structured control-flow

constructs (e.g., Affine and SCF dialects [26]), where loop iterator

arguments (iter_args) are initialized at loop entry, updated via

yield operations at the end of each iteration, and returned as re-

sults of the for operation. In our motivating example (fig. 3(b)), the

j-loop carries %a_addr, initialized with %a at line L03 and updated

through yield %u7, while the k-loop similarly propagates %b_addr
from its initial value %b at line L19. Conceptually, this mechanism is

analogous to 𝜙-nodes in LLVM IR, but is embedded directly within

structured loop constructs.

3 Motivating Example
As a motivating and running example throughout the paper, we

consider an illustrative program executed on the load unit (L0-LU)
shown in fig. 3(a). This unit is responsible for fetching data from

the L0 scratchpad and supplying it to the (PE), which performs core

computations such as convolutions and batch matrix multiplica-

tions. The example captures a representative execution pattern,

where address generation, memory accesses, and data movement

are orchestrated within load/store programs alongside structured

control flow. The program operates on a 4-D tensor 𝐴 and a 3-D

tensor 𝐵 with int8 precision, located at base addresses 𝑋 and 𝑌 ,

respectively (lines 7–8). The outer loop over 𝑖 (line 9) defines the

overall access pattern for both tensors. Within this loop, the j-loop
(lines 14–21) traverses tensor 𝐴 along its second dimension with a

stride of two, while performing a group of four transfers along the

third dimension (lines 17–20). Each transfer loads four contiguous

bytes from the innermost dimension and forwards them to the

PE using the load_and_send_4 operation. In contrast, the k-loop
(lines 23–26) performs a linear traversal over tensor 𝐵, where each

transfer loads eight contiguous bytes from the innermost dimension

using the load_and_send_8 operation.
The corresponding lowered and optimized IR is shown in fig. 3(b).

High-level affine accesses from the original program (lines 17–20

and 25 in fig. 3(a)) are translated into explicit address computations

using loop-carried variables (lines 2–3, and 19 in fig. 3(b)). Affine

multiplications (e.g., 2*j at line 17) are eliminated via strength

reduction [2], scalar evolution [33], and realized as loop-carried

accumulations, which then further get optimized by loop-invariant

code motion (LICM). These transformations are essential in accel-

erator settings where scalar multiplications and divisions are either

expensive (for performance) or unsupported (for functionality).

Successive accesses (lines 17–20 in fig. 3(a)) are lowered into a

sequence of composite memory operations interleaved with scalar

increments (lines 5–14 in fig. 3(b)), where each address is derived

from its predecessor using scalar_add. These increments are in-

troduced through re-materialization strategies, such as live range

reduction [9], which shorten the lifetime of intermediate values

by recomputing them at their points of use (e.g., scalar_add at

lines 6, 9, 12, and 16) with near-by definitions to mitigate regis-

ter pressure. Consequently, address progression is transformed

as a chain of scalar updates interleaved with composite memory

operations, rather than relying on long-lived temporaries. As an

example, the live range reduction technique realizes the address

A[i][2*(j+1)][0][0] from A[i][2*j][3][0] with an addition

of 40 (line 16), and this is correct because 𝑗 strides by 2, one skipped

group of four 8-byte sub-rows contributes 4 × 8 = 32 bytes, plus 8

bytes past the last loaded element, giving 32+ 8 = 40. Even without

re-materialization, such scalar increments are inherently present

in the lowered IR, and they would appear as address computations

directly derived from loop induction variables.

At this stage, composite memory operations (lines 5, 8, 11, and

14) are emitted with neutral addressing semantics, with both pre-

increment and post-update fields set to zero. Focusing on the j-loop,
each composite memory operation is followed by a scalar arithmetic

instruction, resulting in suboptimal performance. Since the load

unit can issue data transfers to the PE only after its base address

is ready, these arithmetic instructions lie directly on the critical

path of the data supply pipeline from the L0 scratchpad to the

PE. This introduces additional latency and stall the compute units

awaiting input data. Assuming a uniform cost model where each

IR operation consumes one cycle, the explicit address arithmetic

accounts for nearly 50% of the total execution cycles of the load

program. This behavior exposes a key performance inefficiency

in decoupled access-execute accelerators: A large number of scalar
address computations surrounding composite memory operations can
significantly limit the utilization of the compute units they serve.

A natural question is whether existing compiler techniques can

address this inefficiency. Many architectures expose pre-increment

and post-update fields in their memory instructions precisely to

absorb scalar address updates, and compilers such as LLVM and

GCC exploit these modes through peephole optimizations and in-

struction combining. We examine three such approaches below and

show that each is either semantically incorrect, constrained by the

field restrictions, or limited in scope — motivating the need for a

more principled solution.

Possible approach 1 (Fusing into pre-incr). A naive approach

is to eliminate scalar arithmetic by directly fusing it into the pre-
increment field (second operand) of composite memory operations.

For instance, the computation %u1 = %u0 + 8 at line L06 could

be absorbed into the pre-increment operand of the subsequent

composite_load_and_send at line L08, rewriting the operation to
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1 // (a) Running example: input L0LU program (pseduo C)

2 // 4-D Tensor A starts at L0 address X, and

3 // 3-D Tensor B starts at L0 address Y

4 // Layout of A (outer to inner) : [100][64][4][8]

5 // Layout of B (outer to inner) : [100][256][8]

7 l0addr_t baseA = X;

8 l0addr_t baseB = Y;

9 for (int i = 0; i < 100; ++i) {

11 // Traverse A along its second dim in strides of 2,

12 // while issuing a burst of four transfers

13 // corresponding to the third dimension in the body.

14 for (int j = 0; j < 32; ++j) {

16 // Each transfer loads 4 elements and send to PE

17 load_and_send_4 (&A[i][2*j][0][0:3] , PE);

18 load_and_send_4 (&A[i][2*j][1][0:3] , PE);

19 load_and_send_4 (&A[i][2*j][2][0:3] , PE);

20 load_and_send_4 (&A[i][2*j][3][0:3] , PE);

21 }

23 // Each transfer loads 8 contiguous elements from B.

24 for (int k = 0; k < 256; ++k) {

25 load_and_send_8 (&B[i][k][0:7] , PE);

26 }

27 }

1 // (b) Corresponding lowered (pseduo IR) from (a)

2 %res:2 = for %i = 0 to 100 iter_args (%a=%X, %b=%Y){

3 %a_next = for %j = 0 to 32 iter_args (% a_addr = %a) {

4 // A[i][2*j][0][0:3]

5 %u0 = composite_load_and_send (%a_addr , 0, 0, PE, 4)

6 %u1 = scalar_add %u0, 8

7 // A[i][2*j][1][0:3]

8 %u2 = composite_load_and_send (%u1, 0, 0, PE, 4)

9 %u3 = scalar_add %u2, 8

10 // A[i][2*j][2][0:3]

11 %u4 = composite_load_and_send (%u3, 0, 0, PE, 4)

12 %u5 = scalar_add %u4, 8

13 // A[i][2*j][3][0:3]

14 %u6 = composite_load_and_send (%u5, 0, 0, PE, 4)

15 // advance to A[i][2*(j+1) ][0][0]

16 %u7 = scalar_add %u6, 40

17 yield %u7

18 }

19 %b_next = for %k = 0 to 256 iter_args (% b_addr = %b) {

20 // B[i][k][0:7]

21 %v0 = composite_load_and_send (%b_addr , 0, 0, PE, 8)

22 // advance to B[i][k+1][0]

23 %v1 = scalar_add %v0, 8

24 yield %v1

25 }

26 yield %a_next , %b_next

27 }

Figure 3: (a) Motivating and running example showing a typical load-unit (L0LU) programwith explicit scalar address arithmetic
and composite memory operations along with imperfectly nested loop, and (b) its corresponding lowered and optimized IR
which introduces composite memory operations and explicit scalar arithmetic operations.

use %u0 as the base address with an adjusted pre-increment (e.g., 8)
instead of materializing %u1 explicitly. While this transformation

preserves the effective address of the memory access at line L08,
it corrupts the result value produced by the operation. Composite

memory operations have dual semantics: the memory access uses

the effective address EA = base + pre_incr, but the result value is
computed as base + post_update— not from the pre-incremented

address. In the original program, the result %u2 equals %u1 + 0 (post-
update is zero), correctly reflecting the address passed in as the base.

After absorption, the base becomes %u0 instead of %u1, so the result
becomes %u0 + 0 — an incorrect value that causes all subsequent

address computations to observe the wrong address, even though

the memory access itself was correct. This mismatch makes direct

fusion into the pre-increment field semantically incorrect.

Possible approach 2 (Fusing into post-update). Another
seemingly natural approach is to absorb scalar address updates

into the post-update fields of preceding composite memory opera-

tions. For example, the same computation %u1 = %u0 + 8 at line
L06 could be folded into the post-update operand of the previous

memory operation at line L05. Conceptually, this would change the
post-update value of the instruction from 0 to 8, thereby eliminating

the explicit scalar addition. From a purely semantic standpoint, this

transformation is valid because the updated base address returned

by the operation would match the value produced by the original

addition. However, such transformations are often constrained by

the values taken by post-update field of composite memory op-

erations, i.e., either 0 or the same value as the pre-increment field

(more details in section 2.2). Hence, the value 8 cannot be absorbed

into the post-update operand of the operation at line L05 because
it is neither zero nor same as the pre-increment value. Therefore,

while absorbing scalar additions into post-update fields may ap-

pear attractive, it is infeasible in practice due to the constraints on

post-update fields to form a single instruction.

Possible approach 3 (Fusing into both pre-incr and post-
update). Extending on the above approaches, another potential

solution is to eliminate scalar arithmetic by fusing it into both the

pre-increment (second operand) and post-update (third operand)

fields of the subsequent dependent composite memory operations.

While this strategy may partially reduce scalar arithmetic instruc-

tions - for example, by absorbing the scalar_add operations at

lines L06 into the composite memory operation at line L08 - it

is limited in scope. In particular, this approach fails to eliminate

address arithmetic at lines L16 and L23. These remaining scalar

computations cannot be captured by local fusion since there are no

subsequent composite memory operations. Moreover, this fusion

is only valid when the pre-increment and post-update fields of the

target composite operation already have the same value before the

fusion. Furthermore, this approach is inapplicable to time-wrapped

composite operations such as burst mode, where the pre-increment

and post-update fields govern multiple time-sequential transfers—

fusing an arbitrary scalar offset into these fields would corrupt the

address sequence across all transfers within the burst. We include

this approach (referred to as IC) for comparison in our evaluation.

Our approach. We introduce two complementary compiler op-

timizations to reduce scalar address arithmetic in programmable

load/store units: Address Arithmetic Absorption (section 4.2) and

Address Arithmetic Hoisting (section 4.3). Together, these transfor-

mations remove all explicit scalar address computations within the

i, j- and k-loops, as shown in fig. 5.
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4 Our Proposed Approach
Our overall approach performs a systematic transformation of the

input IR (section 4.1) by traversing the loop hierarchy in the reverse

breadth-first (RBF) order. This traversal enables a bottom-up op-

timization strategy in which transformations are applied to inner

loops before propagating to enclosing loops. For each loop node

encountered, the approach first applies address arithmetic absorp-

tion (section 4.2) within the loop body to subsume explicit address

arithmetic into composite memory operations, followed by address

arithmetic hoisting(section 4.3) at the loop level to further reduce

address arithmetic operations.

4.1 Input IR Programs
Our approach operates on an SSA-based intermediate represen-

tation with structured control-flow semantics (i.e., single-entry,

single-exit). The IR comprises composite memory operations with

pre-increment and post-update semantics, explicit scalar arithmetic,

and loop constructs. Programs are organized as a hierarchy of

for loops, where loop-carried state is explicitly represented using

iter_args and yield operations, following the structured control-
flow abstractions of MLIR Affine/SCF dialects (sections 2.2 and 2.4).

While the input IR can include general scalar arithmetic (e.g., mul-

tiplication and division), we assume that standard pre-processing

passes normalize such expressions into sequences of additions and

subtractions via strength reduction and related optimizations. After

strength reduction, affine memory accesses — which multiply a

loop induction variable by a constant stride — are converted into

loop-carried additions with a constant increment, so some of the

scalar additions in the normalized IR have one constant operand.

Additionally, upstream re-materialization passes such as live-

range reduction [9] — a prior technique applied earlier in the com-

piler pipeline — often restructure input programs’ address compu-

tations into chains of scalar updates interleaved with composite

memory operations by shortening value lifetimes to reduce register

pressure. Although not required for correctness, such transforma-

tions significantly increase the opportunities for our optimizations,

as demonstrated in section 5.

4.2 Address Arithmetic Absorption (AAA)
Address arithmetic absorption is a local transformation applied

within the body of a loop that eliminates explicit scalar address

arithmetic with the following key insight: a linear chain of compos-
ite memory operations interleaved with scalar additions represents a
sequence of pointer updates that can be restructured: the chain can
be collapsed into a single leading scalar addition followed by a se-
quence of composite operations whose pre-incr fields are adjusted to
preserve the correct effective address at each step, with post-update
fields set to zero. Unlike peephole instruction combining, which

fuses only a single adjacent scalar–memory pair, absorption rea-

sons over the entire address chain jointly. This global view allows it

to collapse arbitrarily long chains of interleaved scalar additions

and composite operations.

Linear chain. As an example, the body of the j-loop in fig. 3(b)

forms a linear chain of address updates, %a_addr → %u0 → %u1 →
%u2 → %u3 → %u4 → %u5 → %u6 → %u7 → yield, where each
composite_load_and_send propagates the base address forward,

and each scalar_add advances it by a fixed offset (8 at lines L06,

L09, and L12, and 40 at line L16). Similarly, the k-loop forms a shorter

chain, %b_addr → %v0 → %v1 → yield. In both cases, each

intermediate value has exactly one use, forming a single-def/single-

use spine that connects the loop-carried input to the yield. This
structural property enables systematic rewriting of the chain for

absorption. The algorithm for address arithmetic absorption over a

given loop 𝐿 is presented in algorithm 1.

Algorithm 1: Address Arithmetic Absorption over loop L

// B: Set of (chain, total-offset) pairs

// V: visited ops

1 B ← ∅; V ← ∅ ;
2 foreach 𝑜𝑝 ∈ body(𝐿) in bottom-up order do
3 if 𝑜𝑝 ∈ V then continue;
4 V ← V ∪ {𝑜𝑝};

// Δ: merging increment; 𝜎: chain

5 Δ← 0; 𝜎 ← ⟨ ⟩; 𝑐 ← 𝑜𝑝 ;

6 while 𝑐 has exactly one use ∧ 𝑐 ∈ 𝐿 do
7 V ← V ∪ {𝑐};
8 if 𝑐 ≡ scalar_add(𝑥, 𝑘) ∧ 𝑘 constant then
9 Δ← Δ + 𝑘 ; 𝜎 += ⟨𝑐, ⊥⟩; 𝑐 ← Def (𝑥);

10 else if 𝑐 is a composite memory op with constant
pre-incr 𝛿 and post-update 𝜌 then

11 𝛿 ′ ← 𝛿 − 𝜌 − Δ; Δ← 𝜌 + Δ; 𝜎 += ⟨𝑐, 𝛿 ′⟩; ;
12 𝑐 ← def (addr(𝑐));
13 else break;
14 if |𝜎 | > 1 then B ← B ∪ {(𝜎, Δ)};
15 foreach (𝜎, Δ) ∈ B do
16 let 𝑣in be the value feeding the last entry of 𝜎 (i.e., the

chain root, closest to the loop-carried input);

17 insert 𝑣 ′
in
← scalar_add(𝑣in, Δ) before the chain root;

18 foreach ⟨𝑒, 𝛿 ′⟩ ∈ 𝜎 do
19 if 𝑒 is scalar_add then
20 replace all uses of 𝑒 with the value feeding 𝑒 in

the chain and erase 𝑒 ;

21 else
22 𝑒.pre-incr← 𝛿 ′; 𝑒.post-update← 0;

Chain identification (Algorithm 1, lines 1–14). The algo-

rithm initializes an empty set B of (chain, total-offset) pairs (line 1)

and scans the body of 𝐿 bottom-up (line 2). For each operation 𝑜𝑝

encountered, it initializes a running merging increment Δ ← 0

and an empty chain 𝜎 (line 5), then walks backward through the

use-def chain via 𝑐 . Δ tracks the total address offset accumulated so
far in the backward walk — the sum of all scalar additions and post-

updates already absorbed — which will be placed as a single leading

scalar_add at the chain root. At each step, if 𝑐 is a scalar_add by
constant 𝑘 (line 8), 𝑘 is folded into Δ, 𝑐 is recorded in 𝜎 for deletion,

and the walk continues to the defining operation of 𝑥 (line 9). If 𝑐

is a composite op with pre-incr 𝛿 and post-update 𝜌 (line 10), the

adjusted pre-incr is set to 𝛿 ′ = 𝛿 − 𝜌 − Δ, and Δ is updated to 𝜌 + Δ
(since the post-update 𝜌 also advances the address and must be

accounted for). The operation is appended to 𝜎 with its adjusted
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pre-incr 𝛿 ′, and the walk continues to the defining operation of

addr (line 12). The walk also terminates if 𝑐 has more than one use,

belongs to a different region (outside the loop), or is of an unrecog-

nized form (line 13). A completed chain, together with its final Δ, is
added to B if it contains more than one entry. Single-entry chains

(a lone scalar_add feeding yield) are excluded from absorption

and are instead handled by address arithmetic hoisting (section 4.3).

Application to the running example—chain identification.
Scanning the j-loop body of fig. 3(b) bottom-up, the algorithm

first encounters %u7 = scalar_add (%u6, 40) as a candidate

𝑜𝑝 . Tracing backward: Δ accumulates to 40 after processing %u7;
at %u6 = composite_load_and_send(%u5, 0, 0, . . . ), 𝛿 ′ =
0 − 0 − 40 = −40 and Δ remains 40 (since 𝜌 =0, Δ ← 𝜌 + Δ = 40).

Continuing through %u5 = scalar_add (%u4, 8), Δ = 48; at %u4,
𝛿 ′ = −48, Δ = 48; through %u3 = scalar_add (%u2, 8), Δ = 56;

at %u2, 𝛿 ′ = −56, Δ = 56; through %u1 = scalar_add (%u0, 8),
Δ = 64; at %u0, 𝛿 ′ = −64, Δ = 64. The walk stops at %a_addr since it
is a loop-carried argument and the defining operation is not within

the loop body. Hence, the resulting chain 𝜎 has eight entries with

final Δ = 64 and adjusted pre-incr values −64,−56,−48,−40 for

%u0, %u2, %u4, %u6 respectively. Scanning the k-loop body yields a

two-entry chain 𝜎 = ⟨%v1, %v0⟩ with Δ = 8 and 𝛿 ′ = −8 for %v0.
Chain transformation (Algorithm 1, lines 15–22). For each

chain (𝜎,Δ) ∈ B, a single scalar_add(𝑣in, Δ) is inserted before

the chain root (line 17), encoding the total accumulated offset as a

single leading address update. Each scalar_add in 𝜎 is deleted and

its uses forwarded to the next operation in the chain (lines 19–20),

eliminating the intermediate SSA values. Each composite memory

operation receives its computed 𝛿 ′ as its new pre-incr and its post-

update is zeroed (line 22), since addr now flows unchanged through

the chain carrying only the leading offset.

Application to the running example—chain transforma-
tion. Applied to the j-loop, the four scalar_add operations %u1,
%u3, %u5, %u7 are eliminated and a single scalar_add(%a_addr,
64) is inserted at the head of the chain; the four composite ops

%u0, %u2, %u4, %u6 receive pre-incr values −64,−56,−48,−40 respec-
tively with post-update set to 0. For the k-loop, %v1 is eliminated,

a leading scalar_add(%b_addr, 8) is inserted, and %v0 receives
pre-incr −8. The resulting IR is shown in fig. 4(a).

Correctness.We show that after transformation, the effective

address of each composite op is preserved. Define the running
address at a program point as the value that flows into the next

op in the chain. In the original IR, the running address entering

the chain root is 𝑣in; each scalar_add by 𝑘 advances it by 𝑘 , and

each composite op with post-update 𝜌 advances it by 𝜌 . In the

transformed IR, the running address entering the chain root is

𝑣in + Δfinal; all scalar_adds are removed and all post-updates are

zero, so the running address remains 𝑣in + Δfinal throughout. For

each composite op, let 𝑆 denote the total advance in the original

IR from 𝑣in to just before this op (sum of preceding scalar_add

constants and post-updates). Then EAorig = 𝑣in+𝑆+𝛿 , and EAnew =

(𝑣in + Δfinal) + 𝛿 ′. Setting 𝛿 ′ = 𝛿 − 𝜌 − Δbefore and using the fact

that the backward walk maintains Δfinal − Δbefore = 𝑆 + 𝜌 (since Δ
accumulates the offsets of ops processed after this one in the walk,

while 𝑆 accumulates those before it), we get EAnew = 𝑣in + Δfinal +
𝛿 − 𝜌 − Δbefore = 𝑣in + 𝑆 + 𝛿 = EAorig, preserving correctness.

4.3 Address Arithmetic Hoisting (AAH)
After applying absorption to a loop body, each linear chain begins

with a scalar_add operation. The results of these operations form

derived induction variables (derived IVs), expressed as a scalar_add
of the loop-carried address argument arg𝑖 with a loop-invariant

constant 𝑘 (e.g., Line 04 in fig. 4(a)). This update advances the base

pointer in each iteration and naively incorporating this offset into

subsequent composite memory operations may violate constraints

on the post-update field, which must either be zero or pre-incr.
Key idea. The per-iteration offset 𝑘 can be subsumed into the

address progression already performed by the composite memory

operations — specifically, into the post-update field of the first com-

posite op𝑚1, which already advances the address each iteration.

Concretely, we set both the pre-increment and post-update of𝑚1

to 𝑘 , so𝑚1 takes over the role of the scalar add, and then distribute

1 // (a) IR after Address Arithmetic Absorption

2 // on j, k-loops

3 %res:2 = for %i = 0 to 100 iter_args (%a = %X, %b = %Y){

4 %a_next = for %j = 0 to 32 iter_args (% a_addr = %a) {

5 %u0 = scalar_add %a_addr , 64

6 %u1 = composite_load_and_send (%u0, -64, 0, PE, 4)

7 %u2 = composite_load_and_send (%u1, -56, 0, PE, 4)

8 %u3 = composite_load_and_send (%u2, -48, 0, PE, 4)

9 %u4 = composite_load_and_send (%u3, -40, 0, PE, 4)

10 yield %u4

11 }

13 %b_next = for %k = 0 to 256 iter_args (% b_addr = %b) {

14 %v0 = scalar_add %b_addr , 8

15 %v1 = composite_load_and_send (%v0, -8, 0, PE, 8)

16 yield %v1

17 }

18 yield %a_next , %b_next

19 }

1 // (b) After Address Arithmetic Hoisting on j,k-loops

2 %res:2 = for %i = 0 to 100 iter_args (%a = %X, %b = %Y){

3 %a_0 = scalar_add %a, -64

4 %a_1 = for %j = 0 to 32 iter_args (% a_addr = %a_0) {

5 %u1 = composite_load_and_send (%a_addr , 64, 64, PE ,4)

6 %u2 = composite_load_and_send (%u1, 8, 0, PE, 4)

7 %u3 = composite_load_and_send (%u2, 16, 0, PE, 4)

8 %u4 = composite_load_and_send (%u3, 24, 0, PE, 4)

9 yield %u4

10 }

11 %a_2 = scalar_add %a_1 + 64

13 %b_0 = scalar_add %b, -8

14 %b_1 = for %k = 0 to 256 iter_args (% b_addr = %b_0) {

15 %v1 = composite_load_and_send (%b_addr , 8, 8, PE, 8)

16 yield %v1

17 }

18 %b_2 = scalar_add %b_1 + 8

19 yield %a_2 , %b_2

20 }

Figure 4: (a) IR after address arithmetic absorption applied to the running example in fig. 3 and (b) IR after address arithmetic
hoisting (Linear Chain) applied to the j- and k-loops.
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the prior pre-increment of𝑚1 across other composite memory op-

eration in the chain. The algorithm for address arithmetic hoisting

is presented in algorithm 2.

Algorithm 2: Address Arithmetic Hoisting

1 foreach iter_arg arg𝑖 of input loop node 𝐿 do
2 D ← ∅;
3 foreach user 𝑢 of arg𝑖 do
4 if 𝑢 . scalar_add(arg𝑖 , 𝑘) then D ← ∅; break;
5 else D ← D ∪ {𝑢};
6 foreach derived iv 𝑑 ∈ 𝐷 ;𝑑 ≡ scalar_add(arg𝑖 , 𝑘) do
7 if ∀ 𝑣 ∈ users(𝑑): 𝑣 ≡ scalar_add(𝑑, 𝑘2) or (𝑣 is

composite op with 𝛿 =𝜌) (Elimination) then
8 foreach 𝑣 ∈ users(𝑑): 𝑣 is composite op do

𝑣 .𝛿 ← 𝑣 .𝛿 + 𝑘 ; 𝑣 .𝜌 ← 𝑣 .𝜌 + 𝑘 ;
9 foreach 𝑣 ∈ users(𝑑): 𝑣 ≡ scalar_add(𝑑, 𝑘2)

do 𝑣 .𝑐 ← 𝑘2 + 𝑘 ;
10 replace uses of 𝑑 with arg𝑖 ; erase 𝑑 ;
11 break;

12 else if 𝑑 forms a linear chain exclusively of

composite ops𝑚1 → · · · →𝑚𝑝 → yield[arg𝑖 ]
with 𝜌=0 (Linear Chain) then

13 let 𝛿1 ←𝑚1 .𝛿 ; 𝑚1 .𝜌 ← 𝑘 ; 𝑚1 .𝛿 ← 𝑘 ;

14 foreach 𝑗 > 1 do𝑚 𝑗 .𝛿 ←𝑚 𝑗 .𝛿 − 𝛿1;
15 insert init′ ← scalar_add(init𝑖 , 𝛿1) before 𝐿;
16 init𝑖 ← init′; replace uses of 𝑑 with arg𝑖 ; erase 𝑑 ;
17 insert scalar_add(result𝑖 , −𝛿1) after 𝐿;
18 replace uses of result𝑖 with it;

19 break;

20 else if 𝑒 ≡ scalar_add(_, 𝑐) feeds yield[arg𝑖 ]
(Generic) then

21 𝑒.𝑐 ← 𝑒.𝑐 + 𝑘 ;
22 insert init′ ← scalar_add(init𝑖 , 𝑘) before 𝐿;
23 init𝑖 ← init′; replace uses of 𝑑 with arg𝑖 ; erase 𝑑 ;
24 insert scalar_add(result𝑖 , −𝑘) after 𝐿; replace

uses of result𝑖 with it;

25 simplify 𝑒 and update users of 𝑒 , arg𝑖 ;
26 break;

Candidate collection (Algorithm 2, lines 1–5). For each loop-

carried argument arg𝑖 , the algorithm collects derived induction

variables into D: every user of arg𝑖 must be a scalar_add with a

constant operand 𝑘 (lines 3–5). If any user fails this test, collection

is abandoned for this arg𝑖 since no hoisting is possible.

Method 1—Direct Elimination (lines 7–11). If every user of

derived IV 𝑑 is either a scalar_add(𝑑, 𝑘2) or a composite op with

𝛿 =𝜌 , then 𝑘 can be absorbed directly: both 𝛿 and 𝜌 of each compos-

ite user are incremented by 𝑘 (preserving the 𝛿 =𝜌 invariant), and

each scalar_add user’s constant is updated to 𝑘2 + 𝑘 . The derived
IV 𝑑 is erased and replaced by arg𝑖 . Applied to the j-loop in fig. 4(a),

%u0 is the derived IV with 𝑘 =64. Its sole user %u1 is a composite

op with 𝛿 =−64 and 𝜌=0, so 𝛿 ≠𝜌 ; hence next method is tried.

Method 2—LinearChain (lines 12–18). If𝑑 has exactly one use,
arg𝑖 has exactly one use, and the uses of 𝑑 form a chain exclusively

of composite ops 𝑚1 → · · · → 𝑚𝑝 → yield[arg𝑖 ] with 𝜌 = 0

(outcome of absorption technique in section 4.2), the derived IV is

hoisted by encoding𝑘 into𝑚1: set𝑚1 .𝛿 ← 𝑘 and𝑚1 .𝜌 ← 𝑘 , making

𝑚1 advance the base pointer by 𝑘 each iteration and eliminating

the scalar add. Since this shifts the effective starting address of

the chain by 𝛿1 (the original pre-incr of𝑚1), three compensating

adjustments are made: (1) insert scalar_add(init𝑖 , 𝛿1) before 𝐿

as the new initial value, (2) subtract 𝛿1 from the pre-incr of each

remaining op𝑚2, . . . ,𝑚𝑝 , and (3) insert scalar_add(result𝑖 ,−𝛿1)
after 𝐿 so the enclosing loop sees an unchanged value. Then 𝑑 is

erased and its uses replaced by arg𝑖 . Applied to the j-loop: 𝑘 =64,

𝛿1=−64; after hoisting𝑚1 .𝛿 =𝑚1 .𝜌=64; the pre-incrs of𝑚2,𝑚3,𝑚4

become −56 + 64,−48 + 64,−40 + 64, i.e., 8, 16, 24; scalar_add(%a,
-64) is inserted before the j-loop; and a compensating scalar_add
of −(−64)=64 is inserted after it. The resulting IR after applying

the linear chain method on the j- and k-loops is shown in fig. 4(b).

Correctness. The transformation replaces the initial value with

init𝑖 +𝛿1, shifting the loop-carried base arg𝑖 up by 𝛿1 each iteration.

To preserve each effective address, 𝛿1 must be redistributed across

the chain. For𝑚1: EA
new

1
= (arg𝑖 +𝛿1) +𝑘 = (𝑑+𝛿1) = EA

orig

1
(since

𝑑 = arg𝑖 + 𝑘). For𝑚 𝑗 ( 𝑗 > 1): after𝑚1’s post-update 𝜌1 = 𝑘 , the

result of𝑚1 is (arg𝑖 +𝛿1) +𝑘 = 𝑑 +𝛿1; since all subsequent ops have
𝜌 = 0, this value flows unchanged as the base to every𝑚 𝑗 . With the

adjusted pre-incr 𝛿 ′𝑗 = 𝛿 𝑗 −𝛿1, we get EAnew

𝑗 = (𝑑 +𝛿1) + (𝛿 𝑗 −𝛿1) =
𝑑 + 𝛿 𝑗 = EA

orig

𝑗
.

1 // (c) IR after Address Arithmetic Hoisting on i-loop

2 %a_0 = scalar_add %X, -64

3 %b_0 = scalar_add %Y, -8

4 %res:2 = for %i = 0 to 100 iter_args (%a=%a_0 , %b=%b_0){

5 %a_1 = for %j = 0 to 32 iter_args (% a_addr = %a) {

6 %u1 = composite_load_and_send (%a_addr , 64, 64, PE, 4)

7 %u2 = composite_load_and_send (%u1, 8, 0, PE, 4)

8 %u3 = composite_load_and_send (%u2, 16, 0, PE, 4)

9 %u4 = composite_load_and_send (%u3, 24, 0, PE, 4)

10 yield %u4

11 }

13 %b_1 = for %k = 0 to 256 iter_args (% b_addr = %b) {

14 %v1 = composite_load_and_send (%b_addr , 8, 8, PE, 8)

15 yield %v1

16 }

17 yield %a_1 , %b_1

18 }

Figure 5: IR after address arithmetic hoisting (Generic) ap-
plied to the i-loop. All scalar address arithmetic (total dy-
namic count: 38,400) has been eliminated from loop bodies.

Method 3—Generic (lines 19–26). If a scalar_add(_, 𝑐) feeds
yield[arg𝑖 ], hoisting proceeds by absorbing 𝑘 into that yielded

update: set 𝑒.𝑐 ← 𝑐 + 𝑘 , insert scalar_add(init𝑖 , 𝑘) before 𝐿 to

pre-adjust the initial value, insert scalar_add(result𝑖 ,−𝑘) after
𝐿 to restore the value seen by the enclosing loop, and erase 𝑑 .

Correctness: the loop-carried value now starts 𝑘 higher (via the

init), so 𝑑 = arg𝑖 + 𝑘 is equivalent to arg𝑖 itself — the derived IV

is redundant and can be removed. The yielded update absorbs the

extra 𝑘 , keeping the per-iteration progression unchanged. Applied
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to the i-loop in fig. 4(b): %a_0 is the derived IV with 𝑘 =−64; 𝑒 ≡
scalar_add(%a_1, 64) feeds yield[%a], so 𝑒.𝑐 updates to 64 +
(−64) = 0 (the add collapses to identity), scalar_add(%X, −64) is
inserted before the i-loop, and a compensating scalar_add of +64
after it (omitted since the result has no uses). The same applies to

%b_0 with 𝑘=−8. The final transformed program, shown in fig. 5,

removes all explicit scalar address arithmetic inside the loops while

exploiting composite instructions respecting constraints on the

post-update. The savings amount to 100 × 32 × 4 + 100 × 256 ×
1 = 38,400 scalar ops (one per composite op per loop iteration),

each costing one cycle. A detailed step-by-step IR trace of the full

approach applied to the running example from fig. 3(b) is shown in

the supplementary material.

4.4 Time Wrapped Composite Operations
Some compositememory operations encodemultiple time-sequential

transfers within a single IR operation — a burst of 𝐵 transfers where

the effective address advances by post-update 𝜌 value at each time

step (described in section 2.3). Bursts cannot appear as chain mem-

bers in absorption because their pre-incr and post-update fields are

shared across all 𝐵 time steps: directly fusing a chain offset into

them would uniformly shift every transfer’s address, corrupting

the intra-burst address sequence.

We handle this by logically expanding a burst into 𝐵 single-

transfer chain members during chain construction, assigning the

𝑡-th expanded operation (𝑡 = 0, . . . , 𝐵−1) a pre-increment based on

its existing pre-incr, post-update, burst instance, and finally the

merging increment accumulated just before this burst in the back-

ward chain walk. This gives each time step an independent offset

that accounts for both its intra-burst position (𝑡 · 𝜌 + 𝛿) and the

surrounding chain context (Δbefore), allowing the standard absorp-

tion machinery to assign correct per-step pre-increments without

corrupting the intra-burst address sequence. At materialization, the

expanded single-transfer operations are re-compressed back into

burst form wherever their adjusted pre-increments form a uniform

arithmetic progression — i.e., 𝛿 ′𝑡 = 𝛿 ′
0
+ 𝑡 · 𝜌 ′ for some constant 𝜌 ′.

This re-compression keeps the program footprint small, avoiding

the code size blowup that naive expansion would incur, while still

benefiting from the chain-level address arithmetic elimination.

5 Evaluation
In this section, we evaluate the effectiveness of our approach on

representative deep learning (DL) workloads. Our techniques are

implemented as a backend optimization pass in the Spyre compiler

toolchain [37], targeting the IBM Spyre accelerator [38], a dataflow

architecture with programmable load/store units supporting com-

posite memory operations.

Workloads. We evaluate inference workloads from three repre-

sentative DL model families: ResNet-50 [19] (Image classification),

SSD [27] (object detection), and BERT Large [13] (LLM encoders).

All experiments use INT8 precision with a batch size of one.

Hardware. Our evaluation targets a single-core configuration

of the IBM Spyre accelerator [5] (Figure 1). A key component is

the L0-LU (Level-0 Load Unit), which transfers data from the L0
scratchpad to the processing element (PE) array and is actively

engaged in operations such as convolutions and batch matrix mul-

tiplications. Since the PE array depends on a continuous supply

of operands, the efficiency of the L0-LU is critical for sustaining

high PE utilization. The data transfer schedule and access patterns

executed by this unit are fully determined by the compiler.

Baseline, Variants, and Metric. The Baseline is the produc-
tion code path from IBM’s Spyre compiler [8, 9, 37], built on open-

sourceMLIR, and already incorporates a mature set of optimizations

including aggressive scalar simplification, loop-invariant code mo-

tion, strength reduction, common sub-expression elimination, dead-

code elimination, and partial redundancy elimination, layered with

proprietary architecture-specific transformations, representing the

best code the compiler can currently produce for this hardware. All

variants (IC, AAA, AAH, AAA+AAH) share these identical preced-

ing passes; these techniques are applied as an additional pass on top

of the baseline. We evaluate three variants of our approach: AAA (ab-
sorption only), AAH (hoisting only), and AAA+AAH (the full combined

approach). For comparison, we also implement a peephole-style

instruction combining (IC) optimization that locally fuses scalar

address arithmetic into the pre-increment and post-update fields

of adjacent composite memory operations, analogous to Possible

Approach 3 in section 3. We report speedup of the L0-LU computed

relative to baseline execution cycles as our primary metric.

5.1 Layer-Wise Comparison
Figure 6 presents per-layer-group speedups for all three workloads.

Layers with similar behaviors are grouped on the x-axis (for space

brevity); the geometric mean across all groups is shown as the

rightmost bar. We describe the key observations below.

Observation 1: AAA+AAH eliminates nearly all scalar address
arithmetic from L0-LU programs. Across all three workloads, the
combined AAA+AAH approach removes more than 90% of scalar

arithmetic operations from the generated L0-LU programs: 99.3%

for ResNet-50, 100% for BERT Large, and 93.7% for SSD (seen

in fig. 8). The 100% elimination in BERT Large reflects the ho-

mogeneous structure of transformer MatMul kernels, where all

scalar address arithmetic is fully reflected into the pre-increment

and post-update fields of composite memory operations (similar

to our running example). The residual in SSD (6.3%) corresponds

to address computations that fall outside the single-def/single-use

chain structure required by absorption, such as addresses used by

multiple consumers.

Observation 2: AAA and AAH are complementary; their combina-
tion is necessary for maximum benefit. Across all three workloads,
AAA+AAH consistently and substantially outperforms either tech-

nique applied in isolation. AAA alone restructures intra-loop ad-

dress chains—subsuming scalar arithmetic into composite memory

operations—leaving exactly one residual scalar update at the head

of each chain. AAH alone has limited opportunity without this

prior normalization, since it requires the loop-carried update to

appear as a clean derived induction variable feeding a linear chain

of composite ops; consequently, AAH-only speedups remain close

to 1.1× across all workloads and groups. To quantify the extent

to which AAA enables AAH, we measured the fraction of AAH’s

transformation opportunities that are exposed only after AAA has

run, as opposed to those already present in the input IR. Across
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Figure 6: Layer-group speedup for ResNet-50, SSD, and a BERT Large transformer block across the baseline and four compiler
configurations: Instruction Combine (IC), Address Arithmetic Absorption (AAA), Address Arithmetic Hoisting (AAH), and the
combined AAA+AAH approach.

our evaluated workloads, more than 75% of AAH’s opportunities

emerge exclusively after AAA has collapsed the chain of composite

memory operations and adjusted their pre-increment fields — un-

derscoring that AAA is not merely a standalone optimization, but

a critical enabler that unlocks the majority of AAH’s impact. The

combined approach achieves geometric mean speedups of 1.65×
(ResNet-50), 1.66× (SSD), and 1.33× (BERT Large) over the baseline,

compared to lower gains from either variant alone.

Observation 3: AAA outperforms IC due to burst-awareness and
relaxed fusion preconditions. In several groups, G1–G6 in ResNet-

50 and G2–G5 in SSD, AAA-only substantially outperforms IC.

These groups correspond to convolutional layers whose access

patterns involve composite memory operations with burst seman-

tics, where a single IR operation encodes multiple time-sequential

memory transfers. IC is inapplicable in two ways in these groups:

first, directly fusing a scalar offset into the pre-increment field of a

burst operation would incorrectly apply the offset to every transfer

within the burst, corrupting the address sequence; second, several

non-burst composite ops in these groups have pre-incr and post-

update values that already differ (𝛿 ≠ 𝜌), violating the precondition

that IC requires before fusing an adjacent scalar offset. AAA han-

dles both cases: burst operations are handled via logical expansion

(section 4.4), and non-burst ops with 𝛿 ≠ 𝜌 are handled by the

chain-wide absorption that adjusts pre-incr fields globally rather

than relying on a local 𝛿 =𝜌 precondition.

In a small number of groups (e.g., G8 in ResNet-50 and G9 in

SSD), IC modestly outperforms AAA-only. These correspond to

innermost loops with very short chains—typically a single scalar

add immediately preceding one composite op with same pre-incr

and post-update values—where IC’s local fusion eliminates the

scalar op directly. AAA, by design, leaves this residual update in

place as the normalized chain head for AAH to hoist out of the

loop. The full AAA+AAH approach recovers and exceeds IC’s gain

in every such case, confirming that the residual is not wasted but

deferred to exploiting together with AAH.

Observation 4: Speedup correlates with loop depth and iteration
count. The magnitude of speedup from AAA+AAH varies across

layer groups within each workload. For ResNet-50, speedups range

from 1.5×–1.6× in G1–G4 (early shallower-nested layers) up to

≈ 2× in G7–G10 (deeper convolutional layers with larger kernels

such as Conv-143,155,165). For SSD, the highest gains appear in G7–

G17, with peaks approaching 2× or above in groups covering the

larger convolutions (e.g., Conv-117,229 in G12 andConv-103 in G16),

which feature deeper loop nests and higher per-iteration address

arithmetic. For BERT Large, gains are more uniform across G1–

G8 (1.3×–1.5×, with G4 peaking at ≈ 1.5×), reflecting transformer

attention and feed-forward MatMul blocks.

5.2 Impact of Live Range Reduction Technique
Figure 7 isolates the contribution of live range reduction (LRR) [9],

a re-materialization technique that restructures address computa-

tions into explicit chains of scalar updates interleaved with compos-

ite memory operations that our techniques exploit. As discussed

in section 4.1, LRR is not required for correctness of our optimiza-

tions, but it directly increases the density of absorption and hoisting

opportunities by producing the single-def/single-use chains.
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Figure 7: Geometric mean speedup over the baseline for IC
and our combined AAA+AAH approach, each evaluated with
and without live range reduction (LRR).

The results confirm this relationship sharply. Without LRR, our

combined approach achieves modest geometric mean speedups

of 1.06× (ResNet-50), 1.13× (SSD), and 1.06× (BERT Large), im-

provements that are real but limited, since only the address chains

already present after standard lowering are available for transforma-

tion. With LRR enabled, speedups increase dramatically to 1.66×,
1.65×, and 1.33× respectively, a gain of 1.57×–1.59× relative to

the without-LRR configuration. This demonstrates that LRR and

our address arithmetic optimizations are strongly synergistic: LRR

exposes the chain structure, and our techniques then eliminate it.

In contrast, IC benefits only minimally from LRR. Without LRR,

IC achieves 1×–1.11× geometric mean speedup; with LRR, this

improves to only 1×–1.20×. The limited interaction reflects IC’s

fundamental scope: it fuses only locally adjacent scalar-op/memory-

op pairs, so restructuring value lifetimes to form longer chains

provides no additional fusion targets. The ratio of AAA+AAH+LRR

to IC+LRR geometric mean speedups ranges from 1.33× to 1.49×
across workloads, quantifying the advantage of our global, chain-

aware, loop-level approach over purely local instruction combining.

Summary. The results from section 5.1, section 5.2 collectively

highlight a broader trend: typical AI inference workloads — domi-

nated by convolutions, matrix multiplications, and attention mech-

anisms — operate on tensors with affine access patterns, where

strength reduction, loop-invariant code motion, and live range re-

duction transform high-level multi-dimensional accesses into struc-

tured chains of scalar updates interleaved with composite memory

operations. This regularity is precisely the structure that AAA and

AAH are designed to exploit. The near-complete elimination of

scalar address arithmetic across diverse model families confirms

that encoding address progression directly into composite mem-

ory operations is not merely a micro-optimization but a critical

compiler responsibility in decoupled access–execute accelerators,

where every cycle of address arithmetic on the critical data supply

path directly translates to compute unit stalls.

5.3 End-to-End Layer Speedups
Throughout section 5.1, we report speedup of the L0-LU as our

primary metric because it is the major data-supply engine to the

PE compute array: any delay in L0-LU directly stalls compute.

Compute-bound operations such as convolutions and batch ma-

trix multiplications are scheduled in two phases — a block-loading
phase, in which weights are staged into the PE array, followed by

a streaming-computation phase fed continuously by L0-LU. Since

block-loading overhead is small relative to the streaming-computation

phase, L0-LU efficiency dominates the per-layer critical path in the

common case, motivating its use as our primary evaluation metric.

To validate this assumption directly, we additionally measure

end-to-end per-layer speedups, shown alongside the corresponding

scalar-arithmetic reduction in fig. 8. Geometric-mean end-to-end

speedups are 1.54×, 1.47×, and 1.30× for ResNet-50, SSD, and BERT
Large, respectively, compared to L0-LU-level speedups of 1.65×,
1.66×, and 1.33× in fig. 6. End-to-end gains thus retain 88–98% of

the corresponding L0-LU-level gains across all three workloads,

confirming that L0-LU lies on, or very near, the critical path for the

large majority of layers, rather than hidden by compute overlap.

For a finer-grained view of where L0-LU is — or is not — the

bottleneck, fig. 8 reports per-group end-to-end speedups alongside

the scalar-arithmetic reduction. The specific layers comprising each

group are listed in fig. 6. The overwhelming majority of groups

closely track their corresponding L0-LU speedups, with a small

number of exceptions — most notably the final group of ResNet-

50, and groups G1, G12, and G17 of SSD — falling closer to 1.0–

1.2×. These groups correspond to layers with small tensors or low

arithmetic intensity, where the streaming-computation phase is

short enough that L0-LU is no longer the dominant contributor to

the critical path, and other factors (e.g., block-loading overhead or

compute latency) become comparatively more significant.

5.4 Compilation Overheads
Both AAA and AAH are designed with linear-time complexity. AAA

performs a single bottom-up traversal of each loop body, visiting

every operation at most once across all chain walks due to the

visited-ops guard, yielding 𝑂 (𝑛) per loop node. AAH performs

one scan per iter_arg with a single-use chain walk of bounded

length, giving 𝑂 (𝑝 · 𝑛) per loop node where 𝑝 is the number of

iter_args—effectively 𝑂 (𝑛) in practice since 𝑝 is bounded by the

number of distinct address streams, which is small and constant

in the load/store programs we target. Applied bottom-up across

the full loop hierarchy, the total pass complexity is 𝑂 (𝑁 ) in the

number of operations in the program unit.

We measure compilation overhead on a standard development

machine (Apple M3Max with 64GBMemory) using single-threaded

compilation of the full ResNet-50, SSD, and BERT Large workloads.

Across all three workloads, enabling our combined AAA+AAH

pass adds less than 1% to total single-threaded compilation time

relative to the baseline compiler. This negligible overhead is a direct

consequence of the linear-time algorithms: the pass touches each

operation a constant number of times and introduces no iterative

fixed-point computation or exponential search. The optimization is

therefore practical to enable unconditionally in production compiler

pipelines without any compile-time budget concerns.

5.5 Applicability to Other Architectures
Our approach relies on the presence of composite memory op-

erations with pre-increment and post-update fields, where the

post-update is constrained to be either zero or equal to the pre-

increment. As discussed in section 2, this pattern is not unique

to IBM Spyre — it is a common property of update-form address-

ing found across general-purpose ISAs, including PowerPC (lwzu,
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Figure 8: Per-layer-group percentage reduction in scalar address arithmetic operations (left axis) and corresponding end-to-end
layer speedups (right axis) achieved by AAA+AAH relative to the baseline, for (A) ResNet-50, (B) SSD, and (C) a BERT Large
transformer block. Layers with similar access patterns are grouped on the x-axis; the rightmost bar in each subplot shows the
geometric mean across all groups. The specific layers comprising each group are listed in fig. 6.

stwu), ARM pre/post-index with writeback, and others. Any archi-

tecture exposing such instructions, and whose compiler IR makes

the pre-increment and post-update fields explicitly manipulable, is

a direct candidate for our optimizations.

In general-purpose programs, the effectiveness of our approach

may be more limited. Our chain construction conservatively ter-

minates at any operation it cannot classify, such as conditionals,

function calls, multi-use values, or operations outside the loop, so

address chains spanning complex control flowwill not be optimized.

Furthermore, the density of optimization opportunities depends on

whether an upstream pass such as live range reduction constructs

the single-def/single-use chains that absorption requires; without

such a pass, fewer chains are exposed and gains will be modest, as

confirmed by our without-LRR results (section 5.2). Functionally,

the transformation is always correct and safe to apply — it simply

produces no change when no eligible chains exist. The performance

benefit is therefore architecture- and workload-dependent, and is

highest in structured, loop-heavy programs found in ML workloads

dominated by address arithmetic, such as the load/store programs

in decoupled accelerators that motivated this work.

Although some of these accelerators expose coarse-grained DMA

engines, scalar instructions remain essential for completing the

address arithmetic required by the diverse tensor traversals the

scheduler generates — coarser-grained instructions alone cannot

fully capture this arithmetic. Consequently, our approach applies

directly whenever a given hardware’s coarser-grained instructions

can be represented as composite memory operations (including

time-wrapped variants such as bursts, discussed in section 2.3);

where this is not possible, our analysis and transformation conser-

vatively skip that region of code (e.g., line 13 of AAA) rather than

risk an incorrect transformation. Notably, our evaluation shows

that converting coarser-grained movement instructions into finer-

grained ones significantly improves performance by exposing addi-

tional opportunities for AAA and AAH (Observation 3).

6 Conclusions & Future Work
Address generation is a critical performance concern for compil-

ers targeting decoupled access–execute dataflow accelerators: We

presented two complementary compiler techniques—Address Arith-

metic Absorption (AAA) and Address Arithmetic Hoisting (AAH)—

for addressing the performance concern. Evaluated on ResNet-50,

SSD, and BERT Large on the IBM Spyre accelerator, the combined

AAA+AAH approach eliminates more than 90% of scalar address

arithmetic from generated L0-LU programs—99.3% for ResNet-50,

100% for BERT Large, and 93.7% for SSD—and achieves geomet-

ric mean speedups of 1.65×, 1.66×, and 1.66× respectively over a

strong baseline, substantially outperforming a peephole instruction-

combining baseline across all workloads and layer groups.
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