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Abstract
Memory disaggregation via Compute Express Link (CXL) offers a
promising path to address the growing memory demands of data-
intensive applications. However, effectively utilizing CXL-attached
memory remains challenging due to its higher access latency com-
pared to local DRAM. We propose CCom, a compiler framework
that enables efficient utilization of CXL memory for linear algebra
computations. CCom provides a domain-specific language (DSL)
with an allocator annotation, allowing programmers to spec-
ify memory placement while the compiler automatically allocates
memory objects to specific memory pools and generates optimized
code. Built on MLIR, CCom employs tiling and double buffering
with auxiliary threads to improve cache performance and hide CXL
memory latency. We evaluate CCom on matrix multiplication using
a CXL prototype system. Results show that while naïve CXL mem-
ory access incurs a 3.3× slowdown compared to DRAM, CCom’s
optimizations achieve a 2.50× speedup over naïve DRAM, with
12.6× higher instructions per cycle than naïve CXL memory code.

CCS Concepts
• Software and its engineering → Compilers; • Computer
systems organization → Heterogeneous (hybrid) systems;
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Figure 1: Performance of matrix multiplication on DRAM,
Disk, and FAM. Matrix size: 16384 × 16384, FP64, 28 threads.
To simulate the case where data cannot fit in DRAM and
must be frequently accessed from disk, the disk version uses
msync to enforce synchronization from the mmap memory to
its underlying disk file.
1 Introduction
The growing memory demands of data-intensive applications, such
as scientific simulations, machine learning, and graph analytics,
are pushing the limits of traditional server memory architectures.
Practically, going beyond the limit of workstation main memory
requires the use of storage technologies, such as hard drives or
non-volatile memory (NVMe) devices, which add orders of magni-
tude higher latencies compared to DRAM. Fabric-attached memory
(FAM) has emerged as a trade-off between the low latency, low ca-
pacity, and high cost of DRAM and the high capacity, high latency,
and low cost of storage devices. Figure 1 shows a clear example: in
this experiment, the inputs and output of a square matrix-matrix
multiplication are stored in DRAM, disk, and FAM. The results
show that storing data on disk increases execution time by orders
of magnitude, while FAM provides performance that is between
DRAM and disk storage. As opposed to storage memory, which
is interconnected through the I/O bus and provides block-level
access,1 FAM is attached to computing elements through specific
interconnection buses and provides word-level access (like DRAM),
thus enabling users to control their data at the object level.

1Because of the complexity and latency of moving data, the OS generally maintains
a cache in memory, which means an entire page (4KB, 2MB, or even 8MB) of data is
moved from disk to DRAM when a new block is accessed.
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var matrix = Tensor<f64>([M, N], 
             {allocator = "FAM"});
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Figure 2: Overview of the CCom workflow. Users annotate
tensor declarations with memory placement attributes. The
compiler generates optimized code targeting heterogeneous
memory systems with CXL-attached memory.

Among various standards, Compute Express Link (CXL) [28]
is an industry-standard interconnect that enables access to fabric-
attachedmemorywith significantly lower latency than prior network-
attached solutions such as remote direct memory access (RDMA)
or disk storage. CXL-attached memory provides a byte-addressable
memory pool accessible via standard load/store instructions, mak-
ing it an attractive target for memory-intensive workloads. How-
ever, CXL memory exhibits 2–5× higher access latency compared
to local DRAM [13], presenting both opportunities and challenges
for system software and applications. As CXL-based systems start
to appear, in the form of prototypes and production systems, it is
important to understand how to leverage fabric-attached memory
and prepare the software stack and applications [27].

Existing approaches to mitigating FAM latency fall into three
categories: Kernel-based solutions [6, 9, 13] modify the operating
system to transparently migrate pages between local and remote
memory, but suffer from page fault overhead and lack application-
level control; Library-based approaches [21] provide explicit APIs
for remote memory access, offering fine-grained control but re-
quiring significant application modifications; Compiler-based so-
lutions [8, 25] offer a middle ground: they allow programmers to
express intent through high-level annotations while automatically
generating optimized code for heterogeneous memory systems.

In this paper, we propose CCom, a compiler-based solution to
leverage CXL FAM while mitigating the effects of higher memory
latency. CCom allows users to write linear algebra computations
using a domain-specific language (DSL) with simple annotations
specifying object memory placement. Based on the multi-level inter-
mediate representation (MLIR) framework, our compiler automati-
cally generates optimized code that leverages a large CXL-attached
memory pool while hiding its latency through techniques such
as tiling and double buffering. Double buffering prefetches data
into DRAM buffers and overlaps prefetching with computation (as

def main() {

# Tensor declarations with allocator attribute

var A = Tensor<f64>([M, K], {allocator = "FAM"});

var B = Tensor<f64>([K, N], {allocator = "FAM"});

var C = Tensor<f64>([M, N], {allocator = "DRAM"});

# Matrix multiplication

C[i, j] = A[i, k] * B[k, j];

}

Figure 3: Matrix-matrix multiplication implemented in the
CComDSL. Users can annotate each tensorwith an allocator
attribute. The compiler automatically associates each mem-
ory reference with its requested allocator.

detailed in Section 2.3). These optimizations increase cache per-
formance and proactively move data from FAM to DRAM based
on application semantics, thereby enabling applications to exploit
both larger memory pools and DRAM-like latency.

We demonstrate CCom’s capabilities using a CXL prototype
system and matrix-matrix multiplication kernels, which are the
basis of many scientific and engineering applications. While the
demonstration is for a specific CXL prototype, in our design the
compiler effectively decouples the user-facing DSL from the low-
level allocator library. Our results show that the code optimized
by CCom achieves a 2.50× speedup over the unoptimized DRAM
version on 16384 × 16384 matrices using 28 threads. In summary,
we make the following contributions:

• A DSL for linear algebra computation where users can explic-
itly annotate memory objects (tensors) with an allocator
attribute. The DSL provides explicit control over data place-
ment in heterogeneous memory systems.

• A multi-level IR compilation pipeline built on MLIR that prop-
agates memory allocation decisions through progressive low-
ering stages.

• Optimization strategies including tiling and double buffering
with auxiliary threads to mitigate CXL memory latency.

• A case study demonstrating CCom on matrix multiplication,
with analysis of tile size selection and performance trade-offs.

2 Design and Implementation
CCom is designed to simplify the development of scientific ap-

plications that leverage FAM to extend memory capacity beyond
the DRAM available on computing workstations.

CCom is implemented within the MLIR framework, which al-
lows us to reuse well-established optimization and code lowering
passes and focus on FAM-specific concerns: memory allocation,
data movement between DRAM and FAM, and latency-hiding opti-
mizations.

As illustrated in Figure 2, users write linear algebra programs in
a tensor-based DSL, annotating tensors with their desired memory
placement using the allocator attribute. The compiler processes
these programs through a series of lowering passes, generating
executable code that allocates data in the appropriate memory
domain and applies optimizations to hide CXL memory latency.
Our solution consists of three integrated components: a DSL, a
multi-level IR compilation pipeline, and optimization strategies for
proactive data movement.
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Figure 4: Double buffering timeline example. Three compute workers process data in their buffers, while one auxiliary worker
prefetches (copies) data from the original FAM location to dedicated DRAM buffers and swaps buffers to enable simultaneous
copying and computing. The buffer shapes are illustrative and do not represent actual sizes.
2.1 Domain-Specific Language
To simplify the task of writing scientific applications and storing
memory objects in the appropriate memory space, we designed
a domain-specific language (DSL) for tensor algebra applications.
With our DSL, users express linear algebra computations using
high-level tensor operations instead of low-level nested loops. Fig-
ure 3 shows an example of a matrix-matrix multiplication kernel
developed using the CCom DSL. In this program, the user defines
three tensors (A, B, and C): A and B are the program inputs while
C contains the result of the matrix multiplication. The CCom DSL
provides the allocator keyword to specify the memory domain
for tensor storage, either DRAM or FAM.2 In the example in Figure 3,
the two input tensors A and B are stored in FAM, while the output
tensor C is stored in DRAM. Beyond the annotation, the rest of the
code is agnostic of memory placement—the compiler generates the
correct allocation calls and, as described in the following sections,
automatically applies optimizations to hide FAM latency.

2.2 Compilation Pipeline
CCom leverages a multi-level IR compilation pipeline built on
COMET and MLIR [11, 16]. The key advantage of this multi-level
approach is that it enables progressive lowering: each level of abstrac-
tion exposes different optimization opportunities, and information
from higher levels (such as tensor semantics and memory place-
ment decisions) can guide transformations at lower levels. This is
particularly important for CXL memory optimization, where we
need both high-level knowledge about data access patterns and
low-level control over memory allocation.

At the top of the pipeline, CCom utilizes the Tensor Algebra
(TA) dialect and Index Tree dialect [16, 18]. The TA dialect captures
the semantics of algebraic operations—including multi-dimensional
tensors, index labels, and contractions—using Einstein notation.
This high-level representation is essential because it preserves the
mathematical structure of computations, enabling algebraic opti-
mizations such as operation reordering and fusion. Critically, the
TA dialect is where the allocator attribute is first attached to
tensor declarations, marking which objects should reside in FAM
versus DRAM. The Index Tree dialect extends support for sparse
tensors, semirings, and masking operations. Together, these dialects
provide a rich, domain-specific representation that would be lost if
we started directly with low-level loops.

2DRAM is inferred by default if no allocator is specified.

The middle layers leverage MLIR’s built-in MemRef and SCF
(Structured Control Flow) dialects. The MemRef dialect [5] con-
verts abstract tensors into concrete memory references with explicit
shapes, strides, and memory spaces. This is where the allocator
attribute is translated into memory space annotations that will
eventually determine which allocation function to call. The SCF
dialect [4] represents the loop nests that implement tensor oper-
ations. Having explicit loop structures at this level is crucial for
our optimizations: we can apply tiling to partition computations
into cache-friendly blocks, and we can identify loop levels where
double buffering should be enabled. These transformations would
be difficult to express at the tensor level (too abstract) or at LLVM
IR (too low-level, loop structure is obscured).

Finally, the code is lowered to LLVM IR, which provides a portable
representation across architectures. At this stage, memory alloca-
tions marked for FAM are lowered to calls to the CXL memory
allocator, while DRAM allocations use the standard malloc(). The
LLVM backend then generates optimized machine code, benefiting
from standard compiler optimizations such as register allocation
and instruction scheduling. Thanks to LLVM’s multi-target sup-
port,CCom can potentially compile the same DSL code for different
hardware platforms.3

The placement of CCom’s CXL-specific optimizations—between
the SCF dialect and LLVM IR—is deliberate. At this level, we have
access to both (1) high-level information about tensor access pat-
terns from the TA dialect, which tells us what data will be accessed,
and (2) explicit loop structures from SCF, which tell us when data
will be accessed. This combination enables effective tiling (to im-
prove cache utilization) and double buffering (to hide FAM latency).
Performing these optimizations earlier (at the TA level) would be
premature, as we lack concrete loop structures. Performing them
later (at LLVM IR) would be difficult, as loop structures are obscured
by control flow graphs and the connection to tensor semantics is
lost.

2.3 Optimization Strategies
To mitigate the higher latency of CXL memory compared to local
DRAM,CCom implements two key optimizations: tiling and double
buffering. The key idea is that CCom exploits the semantics of high-
level operators in the DSL, such as matrix-matrix multiplication, to
automatically apply optimizations that would otherwise be difficult
or require complex code analysis. Because CCom knows exactly

3Currently, CCom’s optimizations are tested on x86 CPUs. Support for GPUs and
other accelerators is future work.
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what computation the user wants to perform, it can directly apply
these optimizations without runtime overhead.

Tiling is a well-known technique that divides input tensors into
smaller, cache-friendly chunks to improve data locality. Tile sizes
are selected so that tiles fit in processor cache. While loop tiling is
effective on many architectures and widely employed in scientific
and engineering applications, in this context it provides an addi-
tional opportunity: hiding the latency of FAM. The compiler knows
exactly the order in which tiles will be accessed and can prefetch
the next tiles from FAM into DRAM. In this way, CCom effectively
prefetches the next tile from CXL memory while computing on the
current tile, maximizing data reuse in DRAM.

Exploiting the predictable access patterns of tiling,CCom applies
double buffering to overlap computation with data movement. The
optimization proceeds as follows: First, CCom analyzes the code’s
computation pattern and gathers information such as input size
and loop range. Then, CCom tiles the loop structure to divide
input tensors into cache-friendly chunks. Finally, CCom generates
double buffering code to enable efficient prefetching. Specifically,
in addition to the existing parallel execution, it creates an auxiliary
worker process, while the existing processes are called compute
workers. There can be multiple auxiliary workers, each serving
multiple compute workers.

For double buffering, CCom also generates auxiliary data struc-
tures, including a double buffer and an atomic token for each com-
pute worker. The double buffer contains two tiles: one for comput-
ing and one for prefetching. While a compute worker operates on
data in one tile, the auxiliary worker prefetches the next tile into
the other tile. Once both prefetching and computation complete,
the auxiliary worker swaps the two buffers. This allows computa-
tion and prefetching to overlap, with the atomic token providing
synchronization between auxiliary and compute workers.

Double buffering improves performance for two reasons. First,
the tiled buffer structure is cache-friendly: tiles are sized to fit in
cache, and once allocated in DRAM, compute workers can lever-
age data reuse to hide FAM access latency. Second, overlapping
prefetching with computation hides data movement overhead and
improves compute efficiency. Figure 4 illustrates three compute
workers operating with one auxiliary worker. While buffer swap-
ping and computing cannot occur simultaneously, prefetching and
computation are effectively overlapped.

3 Evaluation
We evaluate CCom using dense matrix multiplication (GEMM) as a
case study. Our evaluation addresses the following questions:

• What speedup does CCom achieve over baseline FAM and
DRAM execution? (Section 3.1)

• How do CCom’s optimizations affect low-level performance
metrics such as cache miss rates and IPC? (Section 3.2)

• How sensitive is performance to tile size selection? (Section 3.3)
Hardware Platform. We conduct experiments on a CXL memory
prototype system. The testbed consists of a compute node con-
nected to an FPGA-based memory accelerator via a CXL 1.x to 2.x
protocol conversion interface over PCIe 5.0. The compute node has
a dual-socket Intel Xeon Gold 5420+ processor (28 cores per socket,
4.1 GHz). Each core has a private 48 KB L1d cache, a private 2 MB
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Figure 6: Performance of matrix multiplication for DRAM,
FAM, Tiling, and DoubleBuffer configurations. Matrix size:
16384 × 16384, FP64, 28 threads.
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Figure 7: Performance scalability ofmatrixmultiplication for
DRAM, FAM, Tiling, and DoubleBuffer from 1 to 28 threads.
Matrix size: 16384 × 16384, FP64.
L2 cache, and access to a shared 52.5 MB L3 cache. The FAM device
provides 32 GB of CXL-attached memory, managed by a memory
server daemon running on the compute node.
Workloads and Configurations.We evaluate GEMM (𝐶 = 𝐴 × 𝐵)
with square matrices of size 𝑁 × 𝑁 using double-precision (FP64)
values. We compare four configurations:

• DRAM: All matrices allocated in local DRAM (baseline).
• FAM: All matrices allocated in CXL-attached FAM.
• Tiling: Matrices in FAM with tiled loop execution.
• DoubleBuffer : Matrices in FAM with double buffering; tiles are
prefetched into DRAM buffers.

for (i = 0; i < N; i++)

for (k = 0; k < N; k++)

for (j = 0; j < N; j++)

C[i,j] += A[i,k] * B[k,j];

Figure 5: Unoptimized
GEMM kernel.

The DRAM and FAM both
use the unoptimized kernel
shown in Figure 5. For Dou-
bleBuffer, one thread serves
as the auxiliary worker while
the remaining threads are

compute workers. In single-threaded mode, the same thread per-
forms both prefetching and computation sequentially. The best tile
sizes for Tiling and DoubleBuffer are determined by tuning. We use
up to 28 threads (single socket) to avoid NUMA effects.

3.1 Main Performance Results
Figure 6 compares the four configurations on 16384 × 16384 ma-
trices using 28 threads. Using DRAM as the baseline, naïve FAM
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Figure 8: Performance comparison of matrix multiplication on DRAM and FAM. Matrix side length: 32 to 16384, FP64, single
thread.
execution achieves only 0.30× the performance of DRAM—a 3.3×
slowdown due to FAM’s higher access latency. Tiling alone im-
proves FAM performance to 0.86× of DRAM by improving cache
locality, narrowing the gap significantly but still falling short of
DRAM performance.

Notably, DoubleBuffer achieves a 2.50× speedup over the DRAM
baseline. This counterintuitive result—FAM-based execution out-
performing DRAM—is explained by the combination of two effects.
First, double buffering prefetches tiles from FAM into DRAM buffers
and overlaps prefetching with computation, so compute workers
operate entirely on DRAM-resident data, effectively eliminating
FAM latency from the critical path. Second, the tiled access pattern
ensures that the working set fits in L2 cache (a 512 × 512 FP64 tile
is 2 MB), resulting in significantly better cache utilization than the
naïve DRAM baseline, which suffers from cache thrashing on the
full 16384 × 16384 matrix. In other words, DoubleBuffer does not
merely hide FAM latency—it restructures the computation to be
more cache-friendly than unoptimized DRAM execution.

Figure 7 shows thread scalability from 1 to 28 threads on the
same matrix size. DoubleBuffer consistently outperforms the other
configurations across all thread counts. Both DRAM and FAM scale
well with increasing thread counts but maintain a constant per-
formance gap between them. Tiling narrows this gap at all thread
counts by improving cache behavior. The exception is Double-
Buffer at 2 threads, where it shows minimal improvement over
single-threaded execution. This occurs because with only one com-
pute thread and one auxiliary thread, the auxiliary thread cannot
prefetch fast enough to keep up, and synchronization overhead
offsets the benefit of overlapping. Beyond 2 threads, DoubleBuffer
scales effectively as the ratio of compute workers to auxiliary work-
ers increases. Overall, DoubleBuffer achieves a 2.64× geometric
mean speedup over DRAM across all thread counts.

3.2 Profiling Results
To understand the performance differences, we use perf to collect
hardware performance counters.
Impact of Matrix Size. Figure 8 profiles DRAM and FAM (no
tiling or double buffering) across matrix sizes (side length from 32

to 16384) using a single thread (to isolate memory effects from inter-
thread cache interference). The results in Figure 8-(a) reveal three
distinct regimes: (1) For small matrices (𝑁 ≤ 64), FAM is slower
because the working set fits in cache but each initial load incurs
FAM’s higher latency. (2) For medium matrices (128 ≤ 𝑁 ≤ 2048),
FAM achieves near-DRAM performance because the working set
fits in L3 cache, allowing data reuse to amortize the initial FAM
access cost. (3) For large matrices (𝑁 ≥ 4096), FAM performance
degrades significantly as the working set exceeds cache capacity,
exposing FAM’s latency on every cache miss. The profiling data
confirms this interpretation: L1 cache miss rates increase with
matrix size (Figure 8-(b)), and IPC drops sharply for large matrices
(Figure 8-(f)), indicating memory-bound execution. In addition,
Figure 8-(c) and -(d) show that L2 miss rates and hardware prefetch
miss rates increase when the matrix exceeds the L2 cache size
(2 MB for a 512 × 512 FP64 matrix). Figure 8-(e) shows the TMA
DRAM Bound metric, which estimates how often the CPU stalls
on DRAM accesses. When the matrix side length reaches 4096 or
larger, DRAM-related stalls increase significantly as the working
set exceeds L3 cache capacity. We use TMA DRAM Bound in place
of LLC miss rates, as the latter could not be reliably measured on
our prototype system.
DoubleBuffer’s Effect.Table 1 compares performance counters for
FAM and DoubleBuffer on 16384 × 16384 matrices with 28 threads.
DoubleBuffer achieves 12.6× higher IPC (4.30 vs. 0.34) due to several
factors: (1) Lower L2 miss rate (1.98% vs. 4.42%) because the tiled
working set is sized to fit within the 2 MB L2 cache, reducing
capacity misses compared to naïve FAM execution that traverses
the full matrix with poor locality. (2) Lower hardware prefetch
miss rate (41.19% vs. 52.13%) because the tiled, sequential access
pattern is more regular and predictable for the hardware prefetcher.
(3) Higher DRAM Bound metric (6.40% vs. 2.10%), indicating that
DoubleBuffer’s remaining stalls come from DRAM access rather
than FAM access—exactly the intended effect of prefetching data
from FAM into DRAM buffers.
Summary. The profiling results in Figure 8 show that when the
working set fits in cache, FAM achieves comparable performance to
DRAM. Tiling exploits this insight by partitioning the computation
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Figure 9: DoubleBuffer performance sensitivity to tile size
and thread count. Cell values show execution time in seconds.
Matrix size: 16384 × 16384, FP64.
into cache-friendly chunks, which is why it outperforms naïve FAM.
DoubleBuffer combines tiling’s cache performance benefits with
prefetching data from FAM into DRAM (Table 1) and overlapping
prefetching with computation, further reducing latency. This is why
DoubleBuffer surpasses even naïve DRAM execution in Figure 6.

3.3 Sensitivity Results
Figure 9 shows DoubleBuffer’s sensitivity to tile size across different
thread counts on 16384 × 16384 matrices. The optimal tile size
consistently falls in the range of 256–512, regardless of thread count.
This range corresponds to tiles that fit within the 2 MB L2 cache (a
512 × 512 FP64 tile is 2 MB), enabling effective data reuse while the
auxiliary thread prefetches the next tile. Smaller tiles incur higher
prefetching overhead relative to computation, while larger tiles
exceed L2 capacity, increasing cache misses. The consistency of the
optimal range across thread counts suggests that tile size selection
can be determined statically based on cache hierarchy parameters,
simplifying auto-tuning.

4 Related Work
CXL and Disaggregated Memory Systems. Early disaggregation
work such as Infiniswap [7], LegoOS [23], and Google’s far memory
system [9] explored RDMA-based approaches, while AIFM [21] and
Semeru [26] provided application-level APIs. With CXL, Pond [12]
studiedmemory pooling, TPP [13] proposed kernel-level page place-
ment, and DirectCXL [6] demonstrated direct CXL memory access.
Unlike these kernel-based approaches, CCom takes a compiler-
based approach with explicit data placement annotations.
Heterogeneous Memory and Data Tiering. Data tiering re-
search has explored how to place data across memory tiers with

Metric FAM DoubleBuffer

L1 d-cache miss rate 5.84% 6.32%
L2 data read miss rate 4.42% 1.98%

L2 hardware prefetch miss rate 52.13% 41.19%
Instructions per cycle 0.34 4.30
TMA DRAM Bound 2.10% 6.40%

Table 1: Hardware performance counter comparison between
FAM and DoubleBuffer. Matrix size: 16384 × 16384, FP64, 28
threads.

different performance characteristics. Dulloor et al. [3] presented
foundational work on DRAM–NVM tiering, HeMem [20] intro-
duced scalable tiered memory management, and online guidance
approaches [17] use profiling to steer allocation. These systems op-
erate at page or object granularity with runtime profiling, whereas
CCom specifies placement at the tensor level through compile-time
annotations.
Tensor Compilers and DSLs. Domain-specific compilers for ten-
sor computations have gained significant traction. Halide [19] pi-
oneered separating algorithm from schedule, TVM [2] extended
this with auto-tuning, MLIR [11] provides multi-level IR infrastruc-
ture, and Tiramisu [1] leverages polyhedral compilation. CCom
builds on COMET [16, 18], extending it with memory placement
annotations and CXL-specific optimizations.
Loop Tiling, Prefetching, and Double Buffering. Loop tiling
is a well-established technique for improving cache locality. Lam
et al. [10] established foundational principles for tile size selection
and cache performance of blocked algorithms. Software-controlled
prefetching [14, 15] hides memory latency by issuing prefetch
instructions ahead of data use. Double buffering maintains two
buffers to overlap memory access with computation; Sancho and
Kerbyson [22] analyzed optimal buffer sizing on multicore architec-
tures, and Zhang et al. [24] proposed a non-stop double buffering
mechanism for dataflow architectures. CCom adapts these tech-
niques to the CXL memory context, where higher latency necessi-
tates smaller tile sizes and auxiliary threads for data movement.

5 Conclusion, Limitations, and Future Work
We presented CCom, a compiler framework that enables efficient
utilization of CXL-attached memory for linear algebra computa-
tions. CCom allows programmers to annotate tensor declarations
with an allocator attribute to specify memory placement, while
the compiler automatically generates optimized code through tiling
and double buffering with auxiliary threads. Our evaluation on ma-
trix multiplication demonstrates that while naïve FAM access incurs
a 3.3× slowdown compared to DRAM, CCom’s double buffering op-
timization achieves a 2.50× speedup over naïve DRAM execution.
Profiling results confirm that double buffering improves IPC by
12.6× by effectively prefetching tiles from FAM into DRAM buffers.

The major limitations of CCom are that tile sizes must be tuned
based on cache sizes, the optimized computation kernel is limited,
and memory placement decisions rely on user annotations. Looking
forward, we plan to extend CCom with automatic tile size selection
based on cache hierarchy analysis, support for additional linear
algebra operations, and exploration of automatic hybrid allocation
and placement strategies that dynamically balance data placement
between CXL memory and DRAM based on access patterns.
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