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Abstract

This report presents FLAN, a formal method-based memory
planning framework for software-managed heterogeneous
memory systems. FLAN integrates with the MLIR compilation
pipeline and formulates data placement as an Optimization
Modulo Theories (OMT) problem solved by Z3 to synthesize
placement schedules that are correct by construction with
respect to capacity and retention constraints. Evaluations
on linear algebra kernels demonstrate an average of 19.8 %
decrease in energy and a 21.0 % decrease in latency compared
to greedy heuristic baselines.

1 Introduction

Modern computing systems are increasingly limited by the
“memory wall” [7]: the capacity and bandwidth of on-chip
SRAM caches and off-chip DRAM are insufficient for data-
intensive workloads such as AI/ML, especially on domain-
specific accelerators. As SRAM and DRAM scaling faces
physical limits [22], StRAM devices such as gain-cell embed-
ded DRAM (8, 13]) and LtRAM devices such as PCM [6] or
MRAM [21] offer denser alternatives with distinct tradeoffs:
StRAM provides high density and lower access costs but
requires refresh due to its limited retention; LtRAM offers
non-volatility but has asymmetric access costs and limited
endurance.

To exploit these new memory types effectively, we must
rethink traditional memory hierarchies and data manage-
ment policies. Li et al. [11] envision composing StRAM and
LtRAM alongside SRAM in a software-managed scratchpad
where the compiler, not hardware, controls data placement
and decisions such as prefetch, eviction, migration, and re-
fresh. As shown in Figure 1, this departs from the traditional
memory hierarchy where the entire address space is trans-
parently managed by hardware and organized into strict
cache and main-memory levels. Prior work has introduced
the term “cache bypass” [23] to describe this topology, where
data present in one memory region (e.g., an SRAM cache)
is not assumed to be a duplicate of data in another mem-
ory region (e.g., off-chip storage) when all memory regions
become directly addressable by the processing elements.

We introduce FLAN, a formal method-based memory planning
framework that formulates data placement in software-managed

heterogeneous memory systems as an Optimization Modulo
Theories (OMT) [18] problem solved by Z3 [5] that enables
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Figure 1. Comparison between the traditional hierarchical
memory organization (a) and emerging heterogeneous mem-
ory systems (b).

an average of 19.8 % decrease in energy and a 21.0 % decrease
in latency compared to heuristic baselines, and up to 82.9 %
decrease in energy and 88.5 % decrease in latency for some
configurations. FLAN’s contributions are: (1) the first formal-
ization of mapping into a heterogeneous memory system as
a multi-commodity flow problem, (2) an OMT-based solver
for this formulation, and (3) integration into the MLIR compi-
lation infrastructure [9] via custom liveness analysis passes,
enabling hardware-aware placement for any algorithm ex-
pressible in MLIR’s 1inalg and tensor dialects.

2 Related Work

It is important to distinguish between two related but dis-
tinct problems, as articulated by Maas et al. [15]. The data
mapping problem determines which level of a memory hier-
archy to assign each data value to, while the data allocation
problem chooses buffer locations within a shared, address-
able memory. FLAN addresses the mapping problem and does
not emit concrete memory addresses or offsets, which is the
focus of native bufferization passes in MLIR.

A substantial body of prior work seeks to address data
mapping as an optimization problem, often using mixed-
integer linear programming (MILP) or hand-tuned heuris-
tics for specific classes of workloads and architectures. Rec-
Shard [17] focuses on deep learning recommendation models,
constructing a mixed-integer linear program for optimal em-
bedding table sharding across memory regions. COSMA [12]
combines operator scheduling, memory allocation, and ten-
sor replacement in deep neural networks into a single ILP
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formulation. CHOPT [24] formulates the data placement
problem as a network flow and then uses a Minimum-Cost
Maximum-Flow (MCMF) algorithm to make placement deci-
sions. Like FLAN, it is able to handle arbitrary tiers of memory
with asymmetric read and write costs; however, it cannot
handle more complex memory constraints such as retention.
We hypothesize that many of the existing works relying
on mixed integer linear programming (MILP) formulations
for data placement are limited by the expressiveness of the
linear constraint language, which necessitates complex en-
codings and auxiliary variables to capture non-linear rela-
tionships such as retention policies and energy-delay product
objectives. In the meantime, no prior work has specifically
targeted heterogeneous memory systems with retention-
constrained StRAM regions, which requires additional mod-
eling of refresh policies and overheads. Furthermore, prior
work such as RANA [19] couple data placement to specific
workloads (typically CNNs) and bespoke architectures, re-
quiring redesign for each new algorithm family or hardware
platform. FLAN aims to address these limitations by exploit-
ing the expressiveness of OMT and integrating into the MLIR
compilation pipeline for workload-agnostic placement.

3 Methodology Overview

Figure 2 illustrates the overall organization of the FLAN frame-
work, consisting of three main components: (1) data flow
extraction from MLIR, (2) memory system modeling, and
(3) OMT-based solving, as well as a planned fourth stage that
annotates MLIR memref types with memory-space attributes.
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Figure 2. Overview of the FLAN framework: data flow ex-
traction, memory modeling, and OMT-based solving.
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4 Data Flow Extraction

The core representation for the data flow of a program is a
set of FlanValue tuples, each representing a program static
single assignment (SSA) value, as specified in Figure 3.

To compute these attributes, FLAN traverses the program
graph, keeping track of each time an SSA value is created
and read (§ 4.1), while using an analytical latency model to
simulate the elapsed runtime (§ 4.2).

4.1 Capturing Data Liveness

Given some high-level Python code written in a StableHLO-
compatible framework (i.e., Jax [4] or PyTorch [2]), FLAN first
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FlanValue Abstraction Variables:
t,gi): Nanosecond when the value is defined.
. t,ii): Nanosecond when the value is last used.
o size(i): Size of the data value i in bytes.
° 7;“): A sorted list of times at which the value is read,
used for determining refresh and migration needs.

Figure 3. The FlanValue abstraction. Each FlanValue rep-
resents an SSA value from the input program.

uses the MLIR pass infrastructure to lower this code to
MLIR’s “linalg-on-tensors” format .

As shown in Figure 2, analyzing IR code at this level allows
FLAN to guide MLIR’s one-shot bufferization pass to provide
hints on memory mapping before the concrete allocation
decisions are made, and also allows for further optimiza-
tions such as affine transformations to be applied after the
mapping decisions are made. Additionally, compared to a
lower-level IR like LLVM IR, the linalg-on-tensors repre-
sentation yields far more compact liveness data while still
exposing analyzable low-level computations, which helps
FLAN scale better to complex programs.

Once the source code has been lowered to linalg-on-tensors,
FraN walks the program control-flow graph, recording when
each SSA value is created and read. For each operation,
FLAN assigns a conservative wall-clock latency estimate (Sec-
tion 4.2) and advances a simulated elapsed time accordingly.
Bounded for-loops are handled with loop unrolling, and
branches always conservatively assume the branch with
higher latency will be taken. Handling of unbounded loops
such as while-loops is left as future work.

4.2 From Logical Time to Elapsed Real Time

Classical liveness analysis captures which variables are alive
at each logical point in the program. However, there is a
fundamental mismatch between this logical view of time
and the wall-clock time used to describe the retention of
the provided memory models. To bridge this gap, we need a
means of statically estimating the runtime of a list of MLIR
operations.

Predicting the throughput of a set of instructions is a well-
studied problem, with some prior approaches using machine
learning techniques [16], and others using scheduling models
combined with architecture-specific statistics about pops to
simulate the runtime [1, 10, 14].

FLAN instead takes an analytical approach, using a roofline
model [20] to estimate the latency of each arith or linalg
operation. To estimate the runtime of each operation, FLAN com-
putes the following conservative approximation:

'Here, "linalg-on-tensors" refers specifically to MLIR code consisting pri-
marily of the linalg, arith, scf, and tensor dialects.
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L =max(f, i) (1)
: estimated latency

: floating-point operations

: average estimated compute throughput (FLOP/s)

: communicated bytes

: average estimated memory bandwidth (bytes/s)
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Here, the number of floating-point operations F is com-
puted as the iteration-space size multiplied by a hand-specified
estimate of the floating-point operations per iteration, and
the number of communicated bytes B is computed as the
total sum of bytes across the operation’s operands and result.
The throughput P and bandwidth BW are to be specified by
the user based on knowledge of the target hardware. While
roofline models typically assume peak P and BW, FLAN uses
more conservative estimates, as underestimating latency may
result in data being assigned to memories with insufficient
retention time, leading to premature data loss.

The roofline model is particularly suitable for our use
case, as it inherently leaves the memory bandwidth as a
configurable variable, whereas other approaches often as-
sume every memory operation will be a L1 cache hit. We
assume different pieces of data can exhibit wildly different
read times due to the heterogeneous nature of the memory
architecture, so it is critical that the bandwidth be left as a
configurable variable. Additionally, there is a circular depen-
dency in this problem formulation: FLAN needs to estimate
program runtime in order to generate constraints to solve
for the optimal memory mapping; meanwhile, mapping data
onto memory inherently changes the runtime by impacting
the latency of different data accesses. Leaving bandwidth as
an explicit variable opens up potential future work to resolve
this circular dependency, explained further in Sec 7.3.3.

5 Solver Design

The solver module (FlanSolver) takes a list of FlanValue
instances and a MemoryModel, formulates the placement as a
network-flow problem within the optimization modulo the-
orem (OMT) framework, and solves it using Z3’s Optimize
engine (vZ) [3, 5].

5.1 Input Memory Model (M)

FLAN is designed to model a heterogeneous memory sys-
tem with an entirely software-managed scratchpad, so the
various memory regions (e.g., DRAM, SRAM, NVM) are rep-
resented as distinct entities in our model.

FLAN represents memory via two abstractions, MemoryRegions

and MemoryModels, as detailed in Figure 4. A MemoryRegion
encapsulates the physical properties of individual memory
arrays. A MemoryModel aggregates multiple MemoryRegions

and specifies pairwise directed migration costs for each or-
dered pair of regions, capturing the asymmetry in intercon-
nects or other hardware-level constraints. Notably, different
subpartitions of the same physical array can be modeled as
separate regions, such as portions of an StRAM array with
different retention times.

MemoryRegion Abstraction Variables
cap(j): Total capacity of memory region j.
ret(j): Retention time of memory region j.
ER(j): Read energy cost of memory region j.
EW(j): Write energy cost of memory region j.
LR(j): Read latency cost of memory region j.
LW (j): Write latency cost of memory region j.
BW(j): Maximum bandwidth of memory region j.

MemoryModel Abstraction Variables

e M: A list of MemoryRegions.

e EM(s, d): Energy cost of migrating data from memory
region S to memory region d.

o LM(s, d): Latency cost of migrating data from memory
region S to memory region d.

Figure 4. The memory region and model abstractions.

5.2 Input Data Values (V)

Each program data value is represented as a FlanValue in-
stance, as detailed in Figure 3. We can additionally derive
properties such as the lifetime of the value from these fields,
which would be aligned with the retention values of memory
regions to track potential refresh operation costs.

Note that we assume that the input data values are already
pre-scheduled with respect to the creation and kill times of
the SSA value and the read times of the data value. Future
work might consider co-optimizing these schedules with the
memory mapping decisions currently made by FLAN.

5.3 Decision Variables and Symbolic Phases

FrLaN uses the following decision variables to model the
placement of data values in memory regions.

where i € V., k € [0, Kimax)

@)

FraN splits the liveness range of each data value i among
all data values V into at most K,y phases, where each phase
k is a contiguous time interval during which the value resides

d(l) _ Tlii') S [t,gi),tlii)]
e e fo, M)

in a single memory region with the index p,ii) within a total
of | M| memory regions. Bounding the number of phases
makes the problem more tractable, and this decision is based
on the empirical assumption that most data values are not



expected to be migrated more than a few times during their
lifetime.

Since K.y and | M| are constants, the total number of
decision variables scales as O(|V| - Kpax), or linearly in the
number of data values. This is a design decision to ensure
that the problem does not scale with the number of execution
cycles, making long-running programs with large lifetimes
more tractable to solve.
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Figure 5. Symbolic transition-time encoding for a single
value with three phases. Transitions between phases with
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costs.

5.3.1 Value Lifetime Range. By this definition of phases,
we can express the time when a data value is created as the
beginning of the first phase T(l) and the time when a data

value is killed as the end of the last phase T( ) .

1) =7" and 1" =7 3)

5.3.2 Looking Up Time Points in Phases. One of the
key challenges in the symbolic time encoding is to determine
which symbolic phase k a given time point ¢ belongs to.
This can be done by iterating over all phases and checking
if t is between the start and end times of the phase. We
acknowledge that this is an expensive operation, and we
implemented an iterative helper function to look up the
phase index for a given time point.

l. koifte sV 7]
T()(t):{J_ feg 1)) @
0 > K

Similarly, checking which memory region a data value i
is in at a given time point ¢ is nontrivial given the symbolic
time encoding where the phase boundaries are not explicitly
represented as decision variables.

ifte [T(i) (i) 1, p(l)

R (i)t:j ’k+1 5
eg'’ (1) {L it g [, I((z)] (5)

5.4 Hard Constraints

In an OMT formulation, hard constraints are asserted on the
Z3 Optimize instance and must be satisfied for any valid
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placement. All constraints are encoded as quantifier-free
first-order logic formulae. The most important hard con-
straint is that the placement of each data value must satisfy
the capacity constraints of the memory regions: at every key
time point ¢t € 7 and memory region j € M, the total size
of values that are alive at t and placed in j must not exceed
the capacity of the memory region cap(j). We determine
that there are two sets of key time points 7~ that need to be
evaluated for the capacity constraints: (1) the points when a

data value is created or killed t(') and t(') and (2) the phase

boundaries T]E D for each data value i and phase k.

A A ZIf(Reg<i)(t)= J size(i), 0) < cap(j)| (6)

teT je M\ieV
7= (1), t(’) lie rv}u{flii) lieV, ke{0,...,Kna}}

(1) creation/kill (2) phase boundaries

5.5 Cost Terms and Soft Constraints

All costs are accumulated into Z3 IntVal expressions and
are organized into four categories, each contributing both
an energy and a latency component:

e Initial write cost: Incurred when the data value is
first written to memory in its Oth phase, a product of
its size and the destination region’s write cost.

e Read cost: Incurred at each explicit read time during
the value’s lifetime, a product of the size of the data
value and the read cost of the memory region it resides
in at that time point.

e Migration cost: Added whenever a data value mi-
grates between two distinct memory regions across
consecutive phases in addition to the read/write costs
of the source and destination regions.

e Refresh cost: Applied when a data value is placed
in a region with a non-zero retention time limitation.
The number of refreshes is calculated based on the
phase duration divided by the retention time, and each
refresh is modeled as a read followed by a write within
the same region.

5.6 Objective Function

The objective function for energy and latency is defined as
the sum of the initial write cost, read cost, migration cost,
and refresh cost.

- 0 4 O ) 4 g
Etotal - Z (Elnlt Eread Emlg Eref) (7)
i
Liotal = Z(Ll(l’il)t + Lr(eZd + Lf(ril)g + Lr(ez) ®)

i

FLAN’s solver uses these objective functions to search for
the placement schedule that minimizes one of the following:
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(1) energy, (2) latency, (3) energy-latency product, (4) lexico-
graphic (optimize energy first, then latency), or (5) Pareto
(optimize energy and latency simultaneously).

6 Evaluation

We evaluated FLAN on a set of simple Python JAX kernels
and then compared the figures of merits (FoM) of total mem-
ory access latency and total dynamic energy of memory
operations of the solver’s output against heuristic baselines.
The primary metric of interest is the percentage decrease in
energy and latency compared to the best heuristic baseline,
as this directly captures the improvement from using the
solver to perform memory mapping decisions. We also var-
ied the configurations of the memory model to understand
the utility of FLAN and when it becomes more beneficial to
use.

6.1 Heuristic Baselines

To contextualize the solver’s output, we compare against
three greedy heuristic baselines inspired by Maas et al. [15]:

1. Longest lifetime first: greedily place the value with
the longest lifetime into the lowest-cost region.

2. Largest size first: greedily place the value with the
largest byte size.

3. Largest area first: greedily place the value with the
largest product of size and lifetime.

The heuristics are implemented to place each value in
the lowest-cost feasible region at the time of its creation,
without any subsequent migrations. This means that the
heuristics do not explicitly consider the potential benefits of
data migration, and it may become oblivious to the different
access patterns of subsequent data values after placing the
first values with the highest empirical priority.

6.2 Workloads

We evaluate FLAN on a set of nine Python JAX programs
implementing basic linear algebra kernels, which are succes-
sively lowered into the MLIR linalg and tensor dialects
to be consumed by FLAN’s liveness analysis passes. These
are selected for two purposes: (1) to illustrate the utility of
FLAN on automatically processing workloads implemented in
a high-level language (unlike prior work with hand-crafted
execution graphs), and (2) to evaluate fundamental building
blocks of more complex AI/ML workloads that will be the tar-
get of future work. The evaluation workloads as well as brief
descriptions of their computational patterns are summarized
below.

e fused_ops: Multi-phase program with fused kernel
operations with early, persistent, and late buffers whose
lifetimes intentionally overlap, separate, and rejoin.

e jnp.dot: Matrix dot product C=A - B.

e jnp.linalg.norm: Frobenius norm of a matrix.

e jsp.linalg.block_diag: Assemblesablock-diagonal
matrix from two inputs.

e jsp.linalg.tril: Extracts the lower triangle part of
a matrix.

e jsp.linalg.triu: Extracts the upper triangle part of
a matrix.

e jnp.matmul: Single matrix multiply C=AB.

e relu_loop: Unrolled bounded loop of ReLU and ma-
trix multiplication.

e two_matmuls: Chained matrix multiply operations.

6.3 Memory Model Configurations

We configured 34 different memory system layouts by vary-
ing the compositions, capacities, and performances of the
memory regions in the MemoryModel input to FLAN, with the
following variations:

e On-chip SRAM: various capacities from 2 MB to 16 MB

e On-chip StRAM: various capacities from 8 MB to 64 MB.
They have higher densities, lower access costs, but lim-
ited retention times from 64 ps to 1024 ps to simulate
different gain cell RAM designs.

o Off-chip DRAM: various capacities from 128 MB to
512 MB, with high access costs and the option for
remote access via CXL for more capacity and even
higher access costs.

e Off-chip LtRAM: various capacities from 128 MB to
512 MB, with low read cost and high write costs to
simulate various non-volatile memories.

6.4 Results

Applying FLAN to the evaluation workloads and memory
model configurations, we observed an average of 19.8 % de-
crease in the access energy and a 21.0 % decrease in the access
latency compared to the best heuristic baseline; and up to
82.9 % decrease in energy and 88.5 % decrease in latency.

6.4.1 Impact of StRAM Retention Time and Capacity.
The ablation with the most significant impact on the FoM
decrease was the configuration of the StRAM memory re-
gion, where varying both the capacity and retention time of
the StRAM region led to significant differences in the FoM
decrease, as shown in Figure 6.

(a) Average Energy FoM decrease (b) Average Latency FoM decrease

64 us 47.49% 47.49%
128 ps 46.55% 46.55%

256 s { 34.15%

StRAM retention
StRAM retention

24.34% 29.62% 28.15% 28.15%

512 usq 27.43% 26.68% 29.87% 29.87%

15.83% 20.25% 15.68% 15.68%

1024 ps 1024 ps- 18.88% 15.62% 15.73% 15.73%

8 MB 16 MB 32 MB 64 MB 8 MB 16 MB 32 MB 64 MB
StRAM capacity StRAM capacity

Figure 6. Average energy (a) and latency (b) FoM decrease
for different StRAM retention times and capacities.



In general, a larger StRAM capacity and a smaller reten-
tion time led to more effective placements by FLaN, when
the solver can discover more nuances in the refresh and mi-
gration policies to optimize for the energy and latency trade-
offs versus tight retention constraints. Conversely, when the
StRAM retention time is large, the solver’s optimal place-
ment becomes more similar to the heuristic baselines that
do not consider migration or refresh.

7 Discussion and Next Steps
7.1 Expressiveness of OMT

The OMT formulation provides qualitative advantages over
MILP for memory placement. Retention implications and con-
ditional refresh policies are expressed natively as quantifier-
free first-order logic, avoiding Big-M reformulations. More
importantly, complex data management policies (placement,
migration, refresh, eviction) emerge as consequences of the
optimization rather than hand-crafted heuristics requiring
extensive expert knowledge.

7.2 Limitations

7.2.1 Joint scheduling. Scheduling and memory alloca-
tion are treated as separate problems. A joint formulation
could yield better results but would significantly increase
optimization complexity.

7.2.2 Address-level allocation. Data values are allocated
to memory regions, not specific addresses. Contiguous al-
location and fragmentation are not modeled; this will be
addressed in future iterations via graph coloring constraints.

7.2.3 Wear leveling and endurance. The memory model
currently does not capture the limited write endurance of
LtRAM devices, which would require additional constraints
to model wear-leveling policies and prevent excessive writes
to the same region.

7.2.4 Control flow. FLAN’s liveness analysis pass does not
handle back-edges and data dependencies between different
loop iterations without unrolling the loop. This also prevents
FLAN from considering unbounded loop structures.

7.3 Next Steps

7.3.1 Improved Evaluations. FLAN is designed to com-
pute optimal memory mappings for emerging hardware with
heterogeneous memory architecture. These emerging hard-
wares are often built specifically to service machine learning
workloads, and as such, FLAN should be evaluated over more
complex machine learning models. As a next step, we plan
to evaluate FLAN over more representative ML workloads.
In the process, we will likely need to make changes to make
FLAN more scalable.

7.3.2 End-to-End MLIR Integration. To properly inte-
grate FLAN into the MLIR compilation flow, it should not
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only compute memory placement decisions, but it should
also communicate these decisions to later compilation passes.
To "close the loop", FLAN should include a final component
which annotates bufferized memrefs with information on
where to place them in memory.

7.3.3 Symbolic Liveness Encoding. As mentioned in
Section 4.2, one advantage of the FLAN’s current analyti-
cal latency model is that it inherently leaves the memory
bandwidth BW as a configurable variable. As a next step, we
could formulate the liveness constraints symbolically, leav-
ing each operation’s memory bandwidth as an additional
variable to be solved for based on the memory placement
decisions.

8 Conclusion

We presented FLAN, a formal method-based memory plan-
ning framework that formulates data placement in software-
managed heterogeneous memory systems as an OMT prob-
lem solved by Z3. A symbolic transition-time encoding uni-
fies placement, migration, refresh, and eviction into a single
optimization, where data management policies emerge from
the solver rather than hand-crafted heuristics. Integration
with MLIR’s linalg and tensor dialects allows FLAN to
automatically extract liveness information from high-level
programs and produce placement solutions that are correct
by construction with respect to capacity and retention con-
straints. Across nine linear-algebra kernels and 34 memory
configurations, FLAN achieves an average of 19.8 % and 21.0 %
energy and latency reduction versus the best greedy base-
line. We will continue to evaluate FLAN on more complex
ML workloads, and our goal is to eventually fully integrate
FLAN into the MLIR compilation flow for any arbitrary pro-
gram and arbitrarily defined heterogeneous memory system.
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