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Abstract—The evolution of AI workloads has driven the need
for specialized accelerators that provide both computational
efficiency and easy-to-use software interfaces. This paper presents
the host runtime (MTIA-RT) for Meta’s custom AI accelerator
(MTIA), which manages kernel launches, buffer lifecycles, and
other critical functions. To our knowledge, MTIA-RT is the first
publicly documented runtime for an AI accelerator deployed at
hyperscale. Despite MTIA’s different architecture compared to
GPUs, MTIA-RT exposes APIs that are functionally compatible
with the CUDA runtime, ensuring application portability. It
provides a familiar, native PyTorch experience for developers,
supporting both high-performance graph mode and flexible eager
mode. Currently, it manages accelerators in production and
serves a diverse set of models. By sharing MTIA-RT’s design and
deployment experience, we aim to provide concrete, field-tested
knowledge about production accelerator runtime development.

Index Terms—Runtime, ASIC, Accelerator, Eager Mode, Py-
Torch, MTIA.

I. INTRODUCTION

Large language models, recommendation systems, and other
emerging ML use cases are driving a surge in demand for AI
accelerators, such as GPUs from NVIDIA and AMD, as well
as custom ASICs developed by hyperscalers and numerous
AI chip startups [1]–[11]. These chips are managed by an
accelerator runtime that runs on the host and coordinates
kernel launches, buffer lifecycles, and other critical functions
on the accelerator. Performance is crucial, as even a small
delay in the runtime could leave accelerator resources idle.

Despite the proliferation of GPUs and custom ASICs along
with the numerous publications on their hardware architec-
tures, programming models, and compilers, no work has
detailed the internals of an accelerator runtime. This represents
a notable gap, given the runtime’s important role and the
growing imperative to develop and optimize runtimes for
many new types of accelerators. For example, NVIDIA’s
CUDA runtime is the most widely known today. It provides
programming abstractions that hide hardware complexity and
maintain portability across GPU generations. However, despite
public documentation of CUDA’s runtime API, its underly-
ing design and implementation remain proprietary, preventing
knowledge sharing with the broader community. Moreover,
CUDA supports only NVIDIA GPUs, so it is unclear if its
API can generalize to other types of accelerators.

To address the limited understanding of accelerator run-
times, we share our experiences developing and deploying
MTIA-RT, the runtime for Meta’s AI accelerators, MTIA [8]–
[10], [12]. MTIA-RT currently manages accelerators in pro-
duction at scale, achieving higher performance per unit of total
cost of ownership (TCO) than comparable GPUs. To the best
of our knowledge, this paper is the first to publicly document
the internals of a production runtime for an AI accelerator.

One challenge in developing MTIA-RT was compatibility.
MTIA has a different architecture from NVIDIA GPUs—for
example, it does not provide hardware threading (SIMT [13])
and lacks virtual memory support. Despite these differences,



we found it was possible to provide a developer API that was
functionally compatible with CUDA. For example, MTIA-RT
uses the CUDA stream abstraction to allow programmers to
control on-device concurrency. This dramatically simplified
integration with existing ML frameworks like PyTorch directly
or via middle layers (like OpenXLA PJRT [14]), as well
as custom internal workloads at Meta. We anticipate other
custom AI accelerators will face similar challenges because
their architectures also differ from NVIDIA GPUs, yet many
may still want to maximize compatibility and portability with
the PyTorch and CUDA ecosystem. Therefore, we hope these
experiences will be helpful to the broader AI-accelerator
community.

Another challenge for MTIA-RT was performance. Like
CUDA, MTIA-RT provides support for eager-mode execution
where operators run immediately as they are encountered
in code. This mode is native to PyTorch, simplifies model
development, and is easier to debug. As a result, it is the
most common mode for training jobs at Meta, especially for
experimentation when creating new models. However, because
eager mode relies on many fine-grained kernel launches, its
performance is constrained by runtime overhead. To min-
imize this overhead, we co-designed the runtime with the
accelerator firmware. This includes a runtime threading model
that avoids context switching, the use of PCIe BAR writes
for efficient small data transfers to the device, and pipelined
kernel launches from the device firmware. When even higher
performance is required, MTIA-RT also provides support for
CUDA graphs, which allows batches of operations to be
launched together [15]. Finally, MTIA-RT can go a step further
than CUDA graphs by providing a custom monolithic graph
mode that combines and launches multiple operators in a
single optimized kernel that is fused by the compiler. This is
useful in situations where the utmost performance is needed,
such as large-scale deployments of inference workloads.

Contributions. In summary, we make the following contribu-
tions:

• Despite the runtime’s important role and the increasing
need to develop and optimize runtimes for rapidly emerg-
ing GPUs and accelerators, no prior work has detailed a
runtime’s internals. We address this gap by presenting the
first end-to-end description of such a runtime.

• We demonstrate that even for custom ASICs with hard-
ware architectures different from GPUs, it is feasible to
maintain sufficient runtime compatibility with CUDA’s
API, easing portability and backward compatibility for
existing software. Achieving this is more challenging than
for AMD GPUs, which have a more similar architecture
to NVIDIA GPUs [16].

• While most custom ASICs avoid eager mode due to its
performance overhead [4], [7], [17]–[19], we show that
an optimized runtime can enable eager mode without
sacrificing performance.

• Beyond eager mode, we demonstrate that a runtime for
custom ASICs can deliver a familiar, native PyTorch

experience while maintaining high performance.

II. BACKGROUND

In this section, we provide an overview of the CUDA
programming model; describe design characteristics and com-
patibility with CUDA in existing runtimes; and summarize
the similarities and differences between GPUs and other
accelerators like MTIA [8]–[10]. We conclude by discussing
runtime integration with ML frameworks, and design tradeoffs
between eager mode and graph mode.

A. The CUDA Programming Model

CUDA [20] is a runtime system and parallel programming
model that targets NVIDIA GPUs. It provides abstractions for
issuing parallel operations while providing portability across
different generations of hardware. It is widely adopted in
industry, and serves as a de facto standard for many ML
applications.

CUDA allows programmers to define functions that can
execute on GPUs, called kernels. Unlike regular functions,
kernels are designed to execute in parallel on many different
hardware threads. These threads are clustered into groups,
called thread blocks, that each run the same code. Each thread
can rely on its thread index to help determine which subset of
the input data it will process.

A memory hierarchy defines how data can be accessed and
shared. Each thread has its own local registers and private
memory, and data can be shared efficiently within a thread
block or across all threads through slower but higher capacity
global device memory. The host can also do direct memory
access (DMA) to move memory in and out of the GPU to
its own buffers. All these memory operations, i.e., allocating
global device and host memory and transfers between them,
are provided by CUDA APIs.

Programmers interact with CUDA through a context, which
represents an isolated environment on a GPU. Within each
context, concurrency is managed through an abstraction called
a stream. Each stream executes operations (e.g., kernel
launches, memory copies, etc.) asynchronously and in the
order they were issued. Multiple streams can be used at a time
and they can synchronize with each other by waiting for events
(i.e., on-stream markers that signal command completions).

B. Existing Runtimes for AI Accelerators

Several runtimes have been developed for emerging AI
accelerators, requiring different levels of effort to migrate
applications to them from CUDA. Most do not target direct
CUDA compatibility; instead, they provide interoperability at
the framework level (e.g., PyTorch [21], TensorFlow [22]).
Even with full framework support, developers may still need
substantial effort to support new models. For example, Cere-
bras [7] and SambaNova [19] require changes to data pre-
processing and model architectures to fit specialized dataflow
schedules. AMD, by contrast, offers partial CUDA compatibil-
ity through HIPIFY [23], which automatically translates many
CUDA APIs to AMD HIP equivalents but still requires manual



intervention when no direct mapping exists. Unlike MTIA-RT,
AMD’s underlying hardware is based on a GPU architecture.

Another difference in existing runtimes is that they are gen-
erally optimized for graph mode rather than eager mode. While
this improves performance for large-scale production deploy-
ments, it makes debugging harder because individual oper-
ator states are less accessible. Graph-centric runtimes [24]–
[28] take models in a graph IR (e.g., PyTorch FX [29],
[30], XLA HLO [31], ONNX MLIR [32], [33]), compile
them into hardware-specific executables, and execute them as
optimized, mostly static computation graphs. This approach
avoids the overhead of many fine-grained kernel launches
and enables global optimizations such as quantization, layout
transformation, tiling, cache access, operator fusion, and even
distributed scheduling (e.g., TPU Pathways [28]). As a result,
these runtimes can rely on simpler host interactions that often
require less optimization.

C. MTIA Accelerator Hardware

Like many custom AI ASICS, MTIA lacks some GPU
architectural features such as hardware threading (SIMT [13])
and virtual memory. However, our experiences with MTIA
suggest that it is still feasible to retain CUDA’s abstractions
at a runtime level.

In this paper, we focus on Meta’s recent MTIA 300 chip as
a motivating example (hardware layout shown in Fig. 1) [10],
but MTIA-RT can provide the same abstractions for earlier
generations of MTIA hardware [8], [9]. MTIA 300 uses a
SIMD execution model and features a 12×6 grid of pro-
grammable processing elements (PEs), each with 512 KB of
local memory, two vector units, and several matrix multi-
plication units (Dot Product Engine, and Reduction Engine).
MTIA 300’s memory hierarchy is simpler and more manually
managed than a GPU’s: it has 192 MB of on-chip SRAM
and 144/216 GB off-chip HBM capacity (144 GB is picked
for production usage), shared across all PEs. This architecture
results in some unique design challenges for the runtime layer:
(1) MTIA-RT has to dynamically transform input shapes to
meet cache alignment requirements for best performance. (2)
MTIA 300 has no virtual address space, so multi-tenancy and
memory management are more difficult. (3) Both DRAM and
SRAM are visible to the programmer, instead of connecting
them through a hardware cache hierarchy like in a GPU.
(4) The PE grid is configurable to run different jobs on
rectangular subgrids, but it is runtime-controlled and lacks
hardware threading, shifting more responsibility to MTIA-RT.

D. ML Frameworks

PyTorch is among the most widely adopted AI frameworks
at Meta [21], [29]. It supports a variety of accelerators
through a consistent, user-facing Python frontend. It allows
the registration of per-hardware backends, which hook into
model compilation, tensor management, and neural network
execution, and compose these operations using the runtime
API of the target hardware. Both NVIDIA and AMD provide

Fig. 1: Simplified MTIA 300 architecture [10].

an additional layer, torch.cuda, which wraps CUDA’s de-
vice, context, memory, and stream APIs into Python, enabling
direct device control with a programming experience close
to that of the CUDA C/C++ API. Many AI models and
applications (e.g., GPT2 [34], Diffusion [35]) are implemented
using the unified PyTorch frontend. However, more complex
AI frameworks, such as vLLM [36], extensively leverage
torch.cuda for optimized memory management and job
scheduling. Those workloads are thus more difficult to migrate
to new accelerators if they cannot provide a torch.cuda
equivalent.

E. Eager and Graph Mode Tradeoffs

Deep learning execution spans a spectrum from maximal
flexibility (debuggability) to maximal performance. Pure eager
mode, the default define-by-run approach in PyTorch [21],
executes operators immediately, making debugging and dy-
namic control flow easy, but it incurs frequent kernel launch
and Python overhead and limits global optimization [37].
Inductor graph mode [29] balances usability and performance
by capturing Python programs into graphs, enabling fusion,
and lowering launch overhead of fusion groups with CUDA
graph [38]. Monolithic graph mode treats the entire model
as a single optimization unit [39]–[41] to expose more cross-
operator opportunities such as memory planning and end-to-
end scheduling, but it is harder to compile and can be brittle
when model structure or input is highly dynamic. Megakernel
approaches push optimization closest to hardware by collaps-
ing a large portion of the model into one or a few persistent
kernels while sacrificing development simplicity [42]–[44].

The graph-centric nature of most existing accelerators ren-
ders PyTorch eager mode inefficient, if not entirely unsup-
ported. Irregular data layouts, memory accesses and branching
in eager or fine-grained dynamic execution hurt SIMD perfor-
mance [45]–[47] and expose extra CPU-side data and control-
flow overhead, as well as frequent host-device synchroniza-



tions. Most accelerators (e.g., Inferentia [48], Trainium [4],
and Gaudi [27]) support only static graphs; TPUs [49]–[51]
(with TensorFlow [22] and JAX [31]) simulate eager mode
by buffering and lazily evaluating operators as a graph [18],
[52]. According to Meta-internal MTIA adoption surveys, the
lack of eager mode support is a significant concern, as it
leads to a poorer development and debugging experience. We
show that competitive graph and eager mode performance are
still achievable on MTIA/customized ASICs with an efficient
runtime that optimizes its interactions with device firmware.

We evaluate MTIA monolithic graph mode and GPU graph
mode (inductor with CUDA graph) in Section VII, as these
represent the most common inference production workloads.
We choose to evaluate eager mode as well, because it is
more sensitive to kernel launch overhead and useful in three
common settings. First, developers rely on eager mode for
experimentation when creating new models in order to verify
model accuracy; they do not want compiler techniques (PT2
compilation) to alter the model’s execution behavior and
complicate the inspection of buffers passed between kernels.
Second, PyTorch supports and Meta uses other compilation
modes in which graph breaks commonly occur (e.g., Torch
Inductor), and these can easily require hundreds of eager-mode
kernel launches in practice. Third, eager mode dominates
training production: 78.4% of the more than 100K distinct
training jobs running on NVIDIA GPUs at Meta use eager
mode today, and we expect many jobs to run on MTIA in the
future.

III. RUNTIME OVERVIEW

A. Overview

MTIA-RT sits in between applications and the firmware
running on the accelerator. It provides CUDA-like APIs for
device, memory, and compute job management. Its design
follows three principles:

1) Generality: It must work well across a wide range of
production workloads and MTIA silicon generations.

2) Interchangeability: The API signatures and semantics
should be structurally similar to CUDA APIs in order to
reduce porting effort.

3) Performance: Kernel launch latency should be as low
as possible and the device should be kept busy as often
as possible. This principle is especially important for
supporting eager mode efficiently.

MTIA-RT has supported four different generations of SIMD
hardware: MTIA 100 [8], 200 [9], 300 [10], and the forthcom-
ing MTIA 400, 450, 500 [12] under the generality principle.
MTIA-RT’s hardware-agnostic methods—including its API
designs, its bypassing of drivers to reduce communication
overhead between runtime and firmware, and its fast paths
for specific job types—have proven broadly applicable across
every hardware platform we support. At the same time, MTIA-
RT incorporates hardware-specific optimizations to accommo-
date differences in hardware specifications, such as cache-line
alignment, in order to fully exploit each platform’s potential.

For instance, because kernels typically reach peak efficiency
only when their input buffers are properly aligned, co-design
between the runtime and the kernels is essential to optimizing
performance.

Fig. 2 shows the major components connected by MTIA-
RT. A PyTorch model can run on MTIA seamlessly using
the PyTorch MTIA extensions (see Listing 2). The model
is first 1⃝ traced, transformed, and optimized into one or
more FX IRs. Each IR is then converted to an ELF binary
separately by an MTIA-specific LLVM compiler, with 2⃝
MTIA kernel symbols linked. The compiled ELF binaries are
then 3⃝ serialized along with other model data and metadata,
such as weights and static shapes, and provided to the graph
and kernel launchers— 4⃝ accessed through MTIA-RT API
wrappers—to be scheduled for on-device execution. MTIA-
RT 5⃝ communicates with a user-space driver to configure
devices and initialize hardware resources. It is also capable of
6⃝ communicating directly with the device control firmware

running on a control processor (Section V-A) to minimize host-
device communication overhead. The device firmware, which
runs on a control core on the accelerator, finally sets up the
execution environments for the jobs and 7⃝ initiates the PEs to
perform the computations. Additionally, MTIA-RT integrates
with the MTIA collectives library and driver, which are beyond
the scope of this paper.

B. Public APIs

The MTIA-RT APIs are designed to be similar to CUDA
runtime APIs [53] to unlock easier application migration from
GPUs to MTIA. Some APIs are slightly modified to be
compatible with MTIA hardware differences and other parts
of the MTIA software stack: for example, MTIA exposes
SRAM as a user-accessible resource, and MTIA’s current
code compiler does not yet support compiling mixed host and
accelerator code nor does it recognize the triple angle bracket
notation (i.e. <<< ... >>>) for kernel launches (more details
in subsection V-C).

Listing 1 shows a simple MTIA program, where we omit
error handling (all APIs return an error code), DMA data
preparation, and result verification. It demonstrates several
differences from CUDA runtime APIs:

• All MTIA-RT APIs support lazy device initialization, but
users can disable it and initialize and destroy the context
with explicit mtiaInit and mtiaDestroy calls.

• Both DRAM and SRAM are visible and accessible to
users.

• mtiaExecutableLoad is simplified in Listing 1. In
the real world, it requires reading more detailed ELF
metadata such as enabled performance counters from disk
or memory.

1 mtiaError_t err = mtiaSetDevice(0);
2

3 mtiaStream_t stream = 0;
4 err = mtiaStreamCreate(&stream);
5

6 void* hostBuf = nullptr, deviceBuf = nullptr;
7 err = mtiaHostAlloc(&hostBuf, 96);



Fig. 2: Overview of MTIA-RT and its primary connected components for serving a PyTorch model end-to-end.

8 *(float*)hostBuf = 1.0;
9 *(float*)(hostBuf+32) = 2.0;

10 err = mtiaMalloc(&deviceBuf, 96, MTIA_MEM_DRAM);
11 err = mtiaMemcpyAsync(deviceBuf, hostBuf, 64,

MTIA_MEMCPY_HOST_TO_DEVICE, stream);
12

13 mtiaExecutable_t exe;
14 err = mtiaExecutableLoad(&exe, "/tmp/add_fp32.elf");
15

16 mtiaLaunchConfig_t config = {
17 .tileWidth = 8, .tileHeight = 8, .timeoutMs = 5000
18 };
19 // Execute add kernel with 2 input buffers and 1

output.
20 err = mtiaRunFunction(config, exe,
21 {deviceBuf, deviceBuf+32, deviceBuf+64}, stream);
22

23 err = mtiaMemcpyAsync(hostBuf+64, deviceBuf+64, 32,
MTIA_MEMCPY_DEVICE_TO_HOST, stream);

24 err = mtiaStreamSynchronize(stream);
25 CHECK_EQ(*(float*)(hostBuf+64), 3.0);
26

27 err = mtiaExecutableUnload(exe);
28 err = mtiaFree(deviceBuf);
29 err = mtiaHostFree(hostBuf);
30 err = mtiaStreamDestroy(stream);

Listing 1: MTIA code example that runs an add operator a +
b using the MTIA-RT APIs.

IV. RUNTIME MODULES

A. Memory Management

MTIA 300 is equipped with both HBM and SRAM. SRAM
is scarcer but provides higher performance. It is partitioned
into a last-level cache (LLC) and a last-level scratch (LLS).
The LLC is used by both the on-device control and compute
firmware, while the LLS is visible to the host runtime and
ML kernels. The LLC vs. LLS ratio is configurable at device
initialization, allowing engineers to optimize for different
model sizes and workload characteristics. For example, allo-
cating more SRAM to LLC benefits cache-heavy workloads,
whereas increasing LLS improves workloads that require static
allocation such as weights and activations. MTIA-RT supports
allocating and freeing DRAM and LLS buffers.

MTIA-RT supports host-device DMA, as well as inter- and
intra-device memory copies. Inter-device transfers are enabled
by (1) mapping each device’s whole memory address space
onto the PCIe bus, so that the DMA engine on the destination
device can directly pull data from the source; or by (2)

collectives over the NIC when two devices are on different
nodes. MTIA hardware does not support intra-device memory
copies directly; it is instead implemented by issuing an eager-
mode operator to perform the copy from the PEs. For smaller
transfers, MTIA-RT also supports direct PCIe BAR writes to
improve buffer copy latency compared to DMA (V-D).

B. Executable Management

MTIA-RT registers and executes RISC-V [54] ELF binaries
on the device. An ELF object file is the minimal unit of
execution on MTIA which can contain one single kernel in
eager mode or multiple kernels in graph mode. This is different
from CUDA which runs a kernel as a function inside a fat
binary [55] that can contain multiple PTX virtual assembly
code sections that can each be loaded and run independently.
Instead, MTIA runs each kernel as a separate executable
(Section V-C). ELFs are loaded from disk or just-in-time
generated at run time. Each ELF is assigned a unique ID for
use by the kernel launching APIs.

Developers can choose to store ELFs in SRAM or DRAM:
the MTIA firmware can load instructions and data more
efficiently from SRAM, but SRAM is a scarcer resource than
DRAM. The MTIA firmware itself is a small footprint OS
image designed for resource constrained real-time systems and
uses a single address space for executables (ELFs), the OS
kernel and firmware. Therefore, ELFs are position-independent
binaries, and MTIA-RT performs a two-phase compilation to
offload multiple ELFs within the same address space: (a) It
compiles each kernel or graph with .TEXT section specified
to be at 0x0, and allocates a device memory of the same size
as the compiled ELF binary; (b) It relocates all symbols in the
compiled ELF based on the allocated device memory address,
and writes the relocated ELF to that memory buffer.

C. PE Job Submission

A PE job submission is launched through a special com-
mand with several configuration values and device buffer
addresses sent from MTIA-RT to the on-device firmware. The
device firmware queues the submitted PE jobs per stream (Sec-
tion IV-D) until a PE subgrid of the requested size becomes
available; it then sets up the kernel’s execution context (e.g.
caches, registers) and dispatches the job to that allocated PE
subgrid. However, only in debug mode would we expect jobs



to be submitted and executed sequentially—required so that
the program can stop and dump the precise state after a failure.
Otherwise, there is generally a queue of ready jobs that can
start to be submitted while the grid is still busy. Therefore,
PE idleness can be avoided through a pipelined job dispatch
optimization, where the firmware begins to set up the next job
while the previous job is still executing to reduce the delay
between launches.

For a PE job, there are three kinds of buffers attached to
the submission as shown in Table I. MTIA-RT manages these
buffers’ lifetimes (V-G4) to prevent data corruption among
concurrent jobs.

We extracted common configuration data needed for PE jobs
into a data structure called LaunchConfig, which would
fit into a single 64-byte cache line. The LaunchConfig
contains information needed for a job submission, including
PE subgrid size and position, PMP ranges, etc. It can be reused
across PE jobs in the same stream to save the time for setting
it up and moving it to the device for every job.

D. Stream Management

Streams are the abstraction of on-device parallelism which
supports concurrent job submission and synchronization. The
minimal unit of job submission is a StreamCommand, which
represents a job being submitted from the host runtime to the
device runtime. Here are five of the most commonly used
commands (not including the collectives):

• Transfer memory: Copies source memory to a destination
address on the same or a different device.

• Run PE job: Executes a selected RISC-V ELF binary on
a PE subgrid with the given argument data.

• Run host function: Executes a host function on CPU with
the given argument data.

• Record event: Records (inserts) an event into the stream.
• Insert cross-stream dependency: Adds a dependency for

an event on another stream.
MTIA-RT’s stream implementation buffers commands on

the device, with firmware enforcing FIFO (first-in-first-out)
order handling per stream and concurrency across streams. It
maximizes throughput by saving host-device communication
overhead for cross-stream synchronization and pipelining (1)
command preparation on the host, (2) command transfer over
PCIe, and (3) command scheduling on the device.

Stream synchronization is a host-side operation and does not
impact the commands that have already been submitted to the
device. MTIA-RT will block the caller thread that attempts
to synchronize a stream via mtiaStreamSynchronize,
until all previously enqueued commands are completed. The
other threads can still enqueue commands to that stream in
parallel, which will be submitted to the device without being
interrupted by the stream synchronization.

Host functions require special handling compared to other
commands. When submitting one to a stream, all subsequent
enqueued commands to that stream will be buffered on the host
until the host function completes its execution. A host function
can also be blocking, which requires synchronizing the stream

first, or non-blocking with an asynchronous callback, which
requires the host function to run when MTIA-RT detects that
the previous enqueued command has completed.

V. RUNTIME DESIGN CASE STUDY

A. User-space Driver and Driver Bypass

MTIA-RT communicates with a user-space device driver
via D-Bus [56] IPC, which controls the device via MMIO
regions and VFIO (Virtual Function I/O) [57]. However, the
IPC of communicating over D-Bus introduced extra overhead
that was significantly higher than the original kernel-driver
based mechanism, which exposed operations through IOCTLs
and other system calls. As shown in Fig. 3, we therefore added
an extremely low-latency, high-throughput bypass mechanism
by mapping firmware command queues and other memory
resources directly into the client process’s address space, sim-
ilar to kernel-bypass network drivers [58]–[60]. This allowed
MTIA-RT to submit commands and read completions without
going through the driver, eliminating D-Bus IPC and user-
kernel context switching overhead.

Fig. 3: Driver bypass with user-space driver. This reduced the
latency of host-device communication round trip to 4.2 µs. A
roundtrip through mtia_drv.ko took 13 µs.

B. Host-managed Device Memory

Table II compares the average latency of allocating device
memory on NVIDIA H200 and MTIA. CUDA memory allo-
cation requires coordination with the device (e.g., to update
virtual mappings), and its cost can increase manyfold when
memory gets fragmented. Instead, MTIA-RT is responsible
for managing the entire DRAM and LLS memory regions,
and it reserves them during runtime initialization. All sub-
sequent allocation requests are handled by the host, elim-
inating the need for communication with the device driver
or firmware. Developers are provided with both DRAM and
SRAM regions with flexible memory allocation policies. For
example, one can invoke the mtiaMalloc API with the
SRAM_FALLBACK_DRAM policy to designate that the DRAM
region is permitted as a fallback when available SRAM is
insufficient.



Type Creator Visibility Usage
Request buffers User program via

MTIA-RT APIs
Host runtime,
Kernels

Prediction request data buffers such as inputs, outputs,
weights.

Firmware buffers Host runtime Host runtime,
Firmware

Storage of firmware traces and coredump.

Special buffers Host runtime Host runtime,
Kernels

Index tables for buffer shapes and addresses (Sec-
tion V-C); storage of kernel logs, traces and coredump.

TABLE I: Categories of associated buffers to a PE job submission.

Size cudaMalloc mtiaMalloc
1 KB 1.60 µs 0.48 µs
1 MB 53.95 µs 1.65 µs

10 MB 69.06 µs 11.85 µs
100 MB 106.76 µs 47.23 µs

1 GB 29 849.82 µs 51.22 µs

TABLE II: Average memory allocation latency on NVIDIA
H200 with CUDA 12.4 v.s. on MTIA with MTIA-RT.

C. Mitigation of Missing Single-Source Compiler

Unlike the NVCC (CUDA compiler driver) and gpucc [61]
(an open-source CUDA compatible compiler), which are
single-source compilers that handle compilation of GPU de-
vice functions and host code in one CUDA source and
afterwards embed the compiled GPU functions as fat binary
images within the host object file, the MTIA compiler does
not support compiling a mixture of device functions and host
code. Instead, the MTIA compiler compiles each kernel (in
eager mode) or each graph (in graph mode) into a separate
program binary, rather than as a function object. As a result,
the MTIA kernels must be implemented and optimized for
generic sizes of input tensors, and the kernel binary contains
no references to data type, structure, or size information that is
available in the host code. MTIA-RT passes this information
via two data buffers to the device, allowing kernels to parse
it in real time.

The lookup buffer hosts an auxiliary lookup table to index
the request buffers and special buffers, and helps kernels to
look up those buffers’ device addresses according to their
indexes or tags. The lookup buffer is protocolized with a
custom C struct buffer that is inspired from Flatbuffers [62] to
enforce forward and backward compatibility between MTIA-
RT and kernels as well as high serialization and deserialization
performance.

The TensorView buffer is a list of TensorView data struc-
tures including the corresponding tensor’s shape, stride, data
type, etc. for the kernel to correctly interpret tensor storage.
In graph mode, the TensorView information is generated at
the graph compilation and hard-coded into the compiled ELF.
In eager mode, TensorViews, one per kernel argument, are
generated by a shape inference procedure and serialized into
the TensorView buffer on the fly.

The lookup and TensorView buffers are kept separate to
optimize cases where only one buffer needs to be updated—for
example, when the model has a static shape or buffers are
reused across kernel executions. Both sizes scale proportion-
ally with the number of buffers associated with the kernel or

graph, which can become a performance bottleneck for job
submissions (Section V-D).

D. Memory Allocation and Movement

Memory allocations—including both host and device—and
data movement between host and device were identified as the
primary bottlenecks affecting end-to-end latency and as major
contributors to performance deviation. Previously, MTIA-RT
required an average of 16.4 µs (ranging from 11 to 34 µs)
at the mtiaRunFunction layer and 18.2 µs (ranging from
12.2 to 38 µs) at the PyTorch layer to launch a simple
add operator. The optimizations described in this subsection
effectively reduce both latency and deviation. Currently the
same operator takes 4.2 µs (ranging from 2.9 to 6.0 µs) at
mtiaRunFunction layer and 5.8 µs (ranging from 4.2 to
8.8 µs) at the PyTorch layer.

1) Fast Memory Allocations
Heap and device memory allocation can become a bottle-

neck for critical paths, such as kernel launching. To optimize
this, MTIA-RT relies on pre-created, fixed-length buffers of
device memory for runtime job metadata (as detailed in Sec-
tion V-C). The runtime also minimizes its use of C++ container
classes (e.g. std::string), replaces most std::vector
objects with small vectors [63], and allocates thread-local data
from an arena allocator [64]. Collectively these reduce heap
allocations on the host.

2) Small Data Transfer
When data transfers are small (e.g., less than 16 KB), we

found that it was more efficient to write the data to the PCIe
BAR directly rather than asking the accelerator to transfer the
data via DMA. Fig. 4 compares the latency between BAR
writes and DMAs. In practice, more than 95% of PE jobs have
less than 12 arguments so the lookup table and TensorView
list can easily fit in a 16 KB buffer, allowing them to take
advantage of this optimization. We also experimented with
optimizing small-transfer DMA performance but decided not
to pursue it because BAR writes will always be faster in the
sizes we care about.

E. Threading Model

MTIA-RT uses a threading model that is designed to
minimize context switches. In an earlier version of MTIA-
RT, we used a pair of internal threads for each stream to
handle sending commands on the submission queue (SQ)
and receiving completions from the completion queue (CQ).
We thought that having a separate completion thread would
reduce completions handling delays, which are needed for
running host functions and propagating cross-device events



Fig. 4: PCIe BAR write v.s. DMA write latency by size. The
BAR write is faster for small sizes, while its latency grows
linearly but faster when the size is over 16 KB.

(both can’t be delayed). However, we discovered that this
design led to frequent context switches (2–3 per kernel launch,
each adding a couple microseconds), which contributed to
significant runtime overhead relative to the runtime’s overall
kernel launch cost of 2.9–6 µs.

To avoid this overhead, we switched to a design that
never context switches between threads, and instead uses
the thread the application is already running on to write
commands directly to a stream’s SQ. Completion han-
dling from the CQ is deferred until either the stream
becomes full (i.e., the number of commands in flight
reaches the queue size) or the the stream is synchronized
via mtiaSynchronize, mtiaStreamSynchronize or
mtiaStreamWaitEvent. In either case, completions can
be reaped in-line without thread switches to maintain higher
efficiency.

One challenge with this design is that all completion han-
dling is delayed, but as mentioned above it still needs to be fast
for host functions and cross-device events. To overcome this
limitation, the firmware provides MTIA-RT with a separate
per-stream queue that is only used for events (EQ). A dedi-
cated internal thread continuously performs blocking reads on
the EQ so that it can promptly handle these rare events out-
of-band without requiring synchronization with streams. The
firmware also uses the EQ to deliver notifications for other
event types, such as when it detects device-level failures.

Fig. 5: Thread mode of MTIA streams: User threads write
directly to the on-device submission queue (SQ) and from
completion queue (CQ), while a per-stream event handler
background thread continuously polls the high-priority event
queue (EQ). User threads can concurrently access multiple
streams.

F. Cross-Stream Synchronization
Meta recommendation system models are partitioned into

several networks to balance and maximize memory and com-
pute resources on both CPUs and accelerators. Cross-network
dependency is required, for example, the dense network ex-
ecution (which performs prediction) must wait for sparse
network completion (which looks up embeddings) running on
a different stream.

Similar to CUDA, we use mtiaEventRecord to mark a
point in a stream execution and mtiaStreamWaitEvent
to specify cross-stream synchronization and enforce the ex-
ecution ordering correctness on the device to reduce round
trips between host and device. As shown in Fig. 6, the
MTIA stream specifies each event as a ⟨stream id, sequence
number⟩ pair, and sends a special WaitOnEvent firmware
command (in blue) with the target event to the device without
stalling the submission on the host. After firmware receives
that command, it checks all dependent streams running past
the dependent sequence numbers (e.g., A⃝ 901 on Stream#0_0)
before submitting any new command (e.g., Command#601 on
Stream#0_1). However, streams still rely on host notifications
to unblock firmware queues that are waiting on events from
other devices.

Fig. 6: Intra- and inter-device event handling with MTIA
streams. Stream#X_Y means the X-th stream created and
mapped to the submission queue X on Device Y . A⃝ The
intra-device dependency is enforced on the device; B⃝ the inter-
device one is done on the host and blocks Job#1001 to be
submitted to the firmware.

G. Special Use Cases in Meta Production
Numerous designs and optimizations are based on special

production requirements at Meta. This section will cover
several representatives.

1) Production Deployment
Meta maintains all code in a monolithic repository and

builds production packages with all dependent libraries stati-
cally linked on top of the tree. However, product groups have
different release pipelines and cadences of their production
packages, which would lead to multiple versions of the MTIA-
RT libraries in the production. The MTIA software stack and



application integrations are also undergoing fast iterations,
therefore we are not able to follow Meta’s strategy for CUDA
deployment strategy which is to update CUDA versions across
all platforms quarterly.

We choose to define pure C public APIs for MTIA-RT for
ABI compatibility and support dynamic linkage by default for
both production and development environments. The MTIA
team centralizes and manages the release of the MTIA-RT
shared library and MTIA user-space driver (Section V-A)
independently from product groups’ pipelines. MTIA-RT and
driver are bundled to prevent incompatibility between the host
and device runtimes. We version the MTIA-RT APIs with
N−1 backward compatibility guarantee, so that the workloads
using old API versions of MTIA-RT will not be impacted
when the MTIA-RT library is upgraded: a workload using
MTIA-RT version N − 1 can switch to version N in its
next release. Deprecated APIs are removed only when no
production workload is using the APIs.

2) Memory Identifiers
MTIA utilizes Physical Memory Protection (PMP) [65], a

standard RISC-V feature, to control the memory access per-
missions for specified physical memory regions, compensating
for the lack of MMU-backed isolated virtual memory address
spaces. MTIA-RT maintains a lookup table to track allocation
sizes by their start addresses. For each PE job, MTIA-RT
configures PMP to ensure that memory outside the allocated
ranges or all user memory remains inaccessible. However,
unlike NVIDIA GPUs, MTIA 300 does not support unified
virtual addressing (UVA) [66] to distinguish addresses from
different devices. Instead, MTIA-RT distinguishes memory
from different devices by including the device ordinal in the
top bits of the device address, creating a unique ID (UID).
This UID is returned to the mtiaMalloc caller and can be
masked to retrieve the allocation’s start address on the device.

3) Multi-Tenancy
The host-side memory region management (Section V-B),

single device address space design (Section IV-B) and lack
of hardware resource partitioning limit MTIA’s multi-tenancy
support. Nevertheless, we find two primary use cases of multi-
tenancy in the MTIA production:

• Small CPU models may not utilize full hardware re-
sources. We support static partitioning in MTIA-RT: each
instance pre-allocates 1

N of memory regions and limits
kernels to execute on a predetermined 1

N of the 8× 8 PE
grid, where N = 1, 2, 4 is the tenancy count.

• MTIA model trainers are ported from GPU which
open all visible devices at start, but only one trainer
will allocate memory or execute kernel jobs on
each device. We observe that trainers’ first invoked
CUDA/MTIA API is cudaSetDevice(device_id)
or mtiaSetDevice(device_id). Therefore, we in-
troduce a special mode to mtiaSetDevice to lazily
initialize MTIA-RT by claiming resources of only the
specified device.

4) Buffer Lifetime Tracking
MTIA-RT uses reference counters to manage the lifetime

of device buffer allocations. The reference counters are incre-
mented before launching DMA, P2P, and PE jobs that access
them and decremented by mtiaFree and when the associated
jobs complete.

5) Priority Stream
The model partitioning scheme described in Section V-F

introduces another challenge for optimizing service QPS and
device utilization. In a typical two-device setup, the sparse
network is split into two shards, each assigned to a device,
while the dense network is replicated across both devices. On
each device, a configurable number of sparse and dense worker
threads are spawned. For each incoming request, both devices
asynchronously process their assigned sparse shard (usually
taking several milliseconds). Afterward, one device (selected
per request in a round-robin fashion) runs the dense replicate
to generate the final results (usually 20–50 milliseconds).
This architecture can lead to short, continuously submitted
sparse jobs queuing up in the on-device submission queues
and being scheduled faster than the longer-running dense
jobs. Consequently, early-arriving requests may be blocked
by sparse executions from later requests, negatively impacting
end-to-end latency.

MTIA-RT improved average end-to-end latency by 3–5% by
allowing users to create streams with priorities and assigning
a higher priority to the Fully Connected (FC) worker streams:
high priority jobs have higher probability to be scheduled be-
fore low priority jobs. However, low priority streams are at risk
of experiencing starvation. It is the application’s responsibility
to properly assign the priority levels to the streams to avoid
starvation—if there is a potential starvation on a low-priority
stream, the application should increase the priority level of
that stream.

VI. NATIVE PYTORCH INTEGRATION

We followed the standard PyTorch integration procedure to
ensure native compatibility with PyTorch for MTIA devices.

A. MTIA ATen Backend and torch.mtia

The PyTorch ATen library provides unified interfaces across
device types for tensor operators through its C++ frontend.
The PyTorch dispatcher dispatches these ATen operators to
their respective device-specific implementations based on the
input tensor’s device type.

The MTIA ATen backend implements all customized ATen
operators and connects them to corresponding MTIA kernels,
as shown in Fig. 7. It supports fallback to CPU operators for
any operator being debugged or not yet available on MTIA,
enabling rapid iteration during early model enablement. We
provide options of in-tree operator registration that reuses
PyTorch’s native codegen (TorchGen [67]), meta functions,
automatic type casting, etc., and out-of-tree registration that
completely decouples MTIA from the PyTorch source tree for
experimental features.



Fig. 7: In-tree and out-of-tree dispatch flow for torch.addmm.
More details of TensorIterator, DispatchStub, and MTIAKer-
nelLauncher can be found in Section VI-A. Green blocks are
MTIA-specific.

To enable applications’ direct access to device, memory,
stream and event, we introduced the torch.mtia module [68]
via PyTorch virtual guard and Hooks interface which separates
those user-facing management interfaces and implementations.
This provides an interface identical to torch.cuda, allowing
seamless migration between CUDA and MTIA-RT and au-
tomatic device backend selection with torch.accelerator [69]
which is another layer of abstraction on top of torch.mtia and
torch.cuda.

MTIA reuses most ATen device-agnostic interfaces to pre-
vent unnecessary branching with low maintenance.

• MTIA tensor is implemented by overriding the memory
allocator in the c10::Storage creation, enabling na-
tive PyTorch tensor APIs such as torch.empty(...,
device="mtia").

• Pinned memory tensor is device-agnostic, based on the
Accelerator Hooks interfaces (PyTorch PR#126376 [70]).

• Out-of-place operators and tensor operations (e.g., cre-
ation and resizing) are generated with a special MTIA
version of aten::empty_tensor based on Torch-
Gen [67] and Structured Kernels [71].

• We directly use TensorIterator to handle element-wise
operations on tensors efficiently with features like auto-
matic dtype casting and broadcasting and integrated with
Structured Kernels.

• Some operators are dispatched to dedicated functions per
underlying hardware via DispatchStub. We create new
stubs and dispatch functions for MTIA if they do not
already exist.

• The community-contributed PyTorch test cases were sup-
ported by modifying the device type instantiation process
and reusing the rest of the implementation.

B. PyTorch Example and MTIA Migration

PyTorch is a complex ecosystem that provides many
other domain libraries besides the core functionality, e.g.,
FBGEMM [72], TorchRec [73], and FSDP [74] (Fully Sharded
Data Parallel). Those domain libraries and PyTorch-powered
applications can be easily extended to support MTIA fol-
lowing a straightforward strategy: replacing all hard-coded
device specific APIs with the (1) MTIA or (2) device-agnostic
ones. Listing 2 demonstrates these two ways, while TorchRec
PR#1382 [75] is a realistic example of migrating existing
PyTorch recommendation systems to MTIA.

1 # Method 1: Using torch.mtia API
2 a = torch.ones([8, 8], dtype=torch.float16, device="

mtia")
3 b = test_model(a)
4 c = b.to("cpu")
5 torch.mtia.synchronize() # Fully propogate data
6

7 # Method 2: Using torch.acclerator API
8 device_type=torch.accelerator.current_accelerator()
9 a = torch.ones([8, 8], dtype=torch.float16, device=

device_type)
10 b = test_model(a)
11 c = b.to("cpu")
12 torch.accelerator.synchronize()

Listing 2: Example PyTorch code running on MTIA.

Table III evaluates the migration of five major Meta internal
ML frameworks in engineering time and lines of code change.
Most took a handful of engineer days to port core functionality,
while it generally takes 1 engineer week to support complex
optimizations due to the hardware differences and more weeks
to fill gaps in the MTIA compiler and kernel to run full
production models.

C. Graph Mode

MTIA’s execution model centers on monolithic graph mode
in production, which reduces host launch overhead and en-
ables global memory planning across the entire traced graph.
The program is first captured as an FX GraphModule via
torch.export or torch.compile, and is then compiled
into a monolithic ELF for execution. The resulting artifacts are
packaged into the Graph Launcher (Fig. 2), which manages
input processing (e.g., padding and type conversion), allocates
intermediate tensor memory, and invokes MTIA-RT to launch
the graph ELF as the minimal unit on device. In typical
workloads, runtime launch overhead is negligible relative to
input processing time, and host overhead is fully overlapped
with PE execution; consequently, performance is normally
bounded by memory bandwidth or PE compute throughput.

Dynamic shapes are a core challenge for monolithic ex-
ecution. The Graph Launcher reserves intermediate buffers
sized for the maximum supported shape, runs a host-side shape
inference library prior to dispatch, and provides kernels with
per-request shape information in the same manner as eager
mode (see Section V-C).



Application Engineering Effort SLOC
vLLM <2 weeks (incl. basic model enablement) for e2e

examples; ≈2 weeks to implement optimizations and
enable Llama4.

1K LOC in total for Llama4 with advanced optimizations
like KV caching.

Llama4x Trainer <1 day to simply replace torch.cuda. ≈160 LOC across 23 files.
General PyTorch
Trainer

<1 day to port with runtime optimizations. 3 LOC in 1 file to load torch.mtia when MTIA is detected.
10-30 LOC per feature to support pipeline parallelism,
overlapped communications, etc.

Python Predictor Worked out of the box. 2 weeks to onboard the first
model.

0 LOC to run minimal examples on MTIA. ≈600 LOC
per model type pertaining to data processing (e.g., text
tokenization for transformer-based models) and lowering.

C++ Predictor ≈2 days to implement MTIA task runner following
exactly the same CUDA task runner logic.

≈150 LOC for MTIA task runner, and 200 LOC to
integrate with predictor.

TABLE III: Migration cost of major Meta internal ML applications from CUDA to MTIA. The C++ predictor is written with
CUDA C API. Engineering Effort is measured for a single developer.

D. Eager Mode

While MTIA and the majority of software stack are de-
signed and optimized for graph mode to maximize perfor-
mance and cost efficiency, MTIA-RT aims to deliver a close-
to-GPU user experience and performance when developers try
to use eager mode.

1) Graph Compiler Bypass
Existing accelerator runtimes support eager mode by reusing

the graph-mode compiler and constructing graphs of either
a single layer or lazily buffered layers. MTIA-RT generates
IR for each operator call and directly dispatches it to the
MTIA compiler backend for compilation and caching, entirely
bypassing the graph compiler’s tracing, optimization, and
static lowering steps.

2) Runtime Layout Transformations
Unlike the MTIA-2i [9] hardware which limits kernels

to access only 32-byte-aligned buffers to maintain cache
coherency, MTIA 300 increases cache line to 64 bytes and
lifts the limitation. However, accessing unaligned data dramat-
ically increases kernel overhead from cache invalidation. As a
workaround, MTIA-RT continued to pad the lowest dimension
of all tensors to 64 bytes. Padding was originally performed
on the host, requiring it to check tensor layouts before each
kernel launch. If tensors were unaligned, the host had to copy
them from the device, pad them, and copy them back, forcing
stream synchronization and reducing host-device parallelism.
This degraded end-to-end performance.

Today MTIA-RT moves padding to the device by creat-
ing padded empty tensors to reserve space and executing a
layout_transform kernel for unaligned tensors. Eager mode
end-to-end throughput was less than 10% of graph mode
for both training and inference, and eliminating host-side
layout transforms leads to a 2–4× boost. Notably, the lay-
out_transform kernel is not fully optimized and is memory
bound. For example, executing aten::concat with three
FP32 2792 × 1024 aligned tensors takes 6.5 µs end-to-end.
But it takes as long as 8 ms for unaligned inputs with on-host
transformation, and it still takes 44 µs even when the layout
transformation is moved to the device as well.

3) DMA and PE Job Batching with MTIA Graph
Most workloads involve the launch of hundreds or thousands

of kernels per iteration, e.g., Llama 4 Scout and Maverick [76]
comprise 48 transformer layers, with each layer initiating
≈10 PE jobs. To reduce and amortize the cost of host-side
launch overhead, NVIDIA offers CUDA graph [15] to enable
compute, memory, and collective job submissions. Similarly,
MTIA-RT introduces a feature, termed MTIA graph. The
MTIA graph execution consists of three distinct phases:

1) Capture: A MTIA stream switches to capture mode when
mtiaStreamBeginCapture is called. Any DMA or
PE operations are logged in a graph with all input/output
parameters instead of being executed right away on the
device.

2) Instantiate: mtiaGraphInstantiate instantiates a
recorded graph to be executable by allocating and caching
all necessary host and device resources required for
execution, which includes device buffers, launch config-
urations, commands, etc. and constitutes the majority of
the overhead in an eager mode execution.

3) Launch: mtiaGraphLaunch submits the prepared
commands in the graph in a lightweight way.

MTIA graph currently has two limitations: (1) It relies on
host-side node dispatch—where a lightweight job execution
command is issued per graph node—rather than fully on
the device as introduced in CUDA 12.6 [77]. This preserves
flexibility of supporting dynamic shapes (which require on-
demand shape inference) and conditional nodes, but incurs
per-node host launch overhead. (2) While MTIA graph reduces
host time, it does not yet improve end-to-end kernel latency
because PE job fetch and initialization are serialized with
execution in the firmware. Enabling pipelining of PE job
fetch, initialization and execution reduces inter-kernel idle time
by more than 3 µs (from ≈5 µs, compared to ≈0.9 µs on
GPUs [15]).

Table Va compares the latency of eagerly launching
aten::add operators with and without MTIA graph. MTIA-
RT takes 4.4 µs host time to launch this minimal ATen
operator, compared to 3 µs on the NVIDIA H200 with the
same host setup. MTIA graph further reduces this overhead by
a factor of 7–13.6×, amortizing the launch latency to 0.4 µs



per operator.

VII. END-TO-END PERFORMANCE EVALUATION

We evaluate performance of two primary MTIA 300 work-
load types—recommendation training and GenAI inference—
and compare against NVIDIA H100 and H200 with CUDA
12.4. MTIA 300 peak FLOPS is 50% of H200 with 25%
higher HBM bandwidth [10]. Compared with H100, its peak
FLOPS is 72% and HBM bandwidth is 2.5×. Because each
MTIA 300 host contains a single card, we focus on single-node
performance when possible to remove the effects of cross-host
collective submission and execution. The models are shrunk to
fit within the single MTIA 300 node. We also briefly discuss
multi-node training and inference performance.

A. Recommendation Training

Table IV collects the throughput for three recommenda-
tion models trained on multi-node MTIA 300 and GPU
H1001. Each H100 host contains 8 H100 cards, whereas each
MTIA 300 host has a single MTIA 300 card, resulting in
slightly higher network overhead for distributed workloads.
Every trainer was assigned to its own card; for example,
MAIv4 utilized 40 trainers, which were distributed across
either 5 H100 hosts or 40 MTIA 300 hosts.

Although collective submission is not yet fully optimized in
MTIA-RT and MTIA graph is not enabled for these workloads,
MTIA-RT prevents the host from becoming the bottleneck. As
a result, MTIA monolithic graph mode achieves 30% higher
throughput than GPU Inductor graph mode, and MTIA eager
mode reaches 84%–99% of GPU graph-mode throughput. On
MTIA 300, eager mode achieves 75% of MTIA graph-mode
throughput. Across all models, performance is effectively
limited by HBM bandwidth.

Model Trainer G-Graph M-Graph M-Eager
IDXCVR 16 254K 334K

(1.31×)
252K
(99.2%)

MAIv4 40 388K 498K
(1.28×)

376K
(96.9%)

E2V 256 466K n/a† 392K
(84.1%)

TABLE IV: End-to-end IDXCVR (Index CVR), MAIv4 (Mo-
bile App Install) and E2V (Event-to-Vec) model QPS with
GPU Inductor graph mode (G-Graph), MTIA monolithic graph
mode (M-Graph), and MTIA eager mode (M-Eager). † has
not been enabled on MTIA due to the architecture divergence
between MTIA and GPU and the development inefficiency
from graph-mode model lowering.

B. GenAI Inference

1) Single-Node Performance
Fig. 8 reports single-node DeepSeek-R1 performance on

MTIA 300 for monolithic graph mode and eager mode,

1These models are yet to be provisioned on H200 and too large to fit within
one node.

Fig. 8: Comparison of DeepSeek-R1-shrunk [78] throughput
with different batch sizes and execution modes. Input sequence
length is 1024.

and compares against H200 running Inductor graph mode
(with CUDA graph) and eager mode. To fit within a single
MTIA 300 or H200 card, the model was shrunk from the full-
size DeepSeek-R1-671B.

At small batch sizes, prefill is compute bound, so GPU
throughput is higher until memory becomes the bottleneck (the
speedup is less than 2× because the kernels are optimized
to different degrees). Peak prefill throughput is higher on
MTIA 300 owing to its higher memory bandwidth. Although
eager mode introduces additional host and device overhead, it
does not noticeably affect throughput on either MTIA 300 or
H200, thanks to the efficient MTIA-RT and CUDA runtime.

Decode is memory bound. Both MTIA-RT and CUDA
runtime allow scaling before peak FLOPS/s is reached. MTIA
monolithic graph mode outperforms or reaches parity with
GPU in all scenarios. MTIA eager mode generally achieves
50–75% of the end-to-end throughput of monolithic graph
mode, and 70–130% of eager mode on H200, even without
special kernel optimizations or the use of MTIA graph. The
performance ratios of eager mode versus graph mode on
MTIA is close to that observed with CUDA (40%–80%) when
device is not saturated. For reference, the DeepSeek-R1-shrunk
decode throughput on MTIA 300 are 54% and 64% of that
in monolithic graph mode at batch size 16 and 64, compar-
ing to CUDA’s 52% and 64%. Similar ratios are observed
with GPT-OSS and Llama3.2-1B models. There are some
remaining sources of overhead that vary across workloads,
as they have different data types, shapes, and operators. For



example, additional layout_transform calls have overhead—as
mentioned in Section VI-D2—as well as kernels and collective
communications that we are continuing to optimize.

2) Zoom-In the Trace

Fig. 9: Zoomed-in trace of DeepSeek-R1-shrunk [78] decode
step on MTIA 300, running in eager mode.

Fig. 9 zooms into the trace of DeepSeek-R1-shrunk decode
phase on MTIA 300, running in eager mode. The profiler
introduces ≈20% host overhead to the PyTorch runtime and
MTIA-RT. The primary sources of PyTorch dispatch overhead
(shown in grey) are the CPU-side logic between kernel invoca-
tions such as output tensor allocations. Each decode step issues
87 kernel launches, with a median inter-kernel gap of 27 µs.
The median kernel launch latency is 15 µs, most of which is
spent on preparing and transferring the lookup and TensorView
buffers, as discussed in Section V-C. Both numbers include
the 20% tracing overhead. Fig. 9(b) extracts a snippet of the
trace and shows an example of device job pipelining, which
reduces PE job bubbles to 2–3 µs by overlapping jobs’ setup
with the current kernels’ execution. Some bubbles last longer
because the job queue starves when host-side operations, such
as dynamic memory allocation, stall.

3) MTIA Graph
Table Vb compares host operator launch latency in Py-

Torch with GenAI model launch latency in vLLM, including
Llama3.2-1B [79] and a shrunk version of DeepSeek-R1 [78]
(1 dense layer and 1 MoE layer with 256 experts). MTIA
graph maximizes device utilization by eliminating host-side
bottlenecks from end-to-end execution. For instance, as shown
in Fig. 8, Llama3.2-1B (BS=16) eager-mode decode takes
6.1 ms/token after translation. MTIA graph is able to reduce
the host time spent on launching kernels from 5.9 ms to 43 µs,
which results in a 5.4% end-to-end latency gain and less than
1 ms host processing time per token. The end-to-end speedup
is not as significant as with GPU CUDA graph (67% with
5.2 ms launch overhead saved), because the MTIA 300 kernel
is slower and its performance remains the bottleneck.

4) Multi-Node Performance
We also evaluated full-size DeepSeek-R1-671B on 8

MTIA 300 nodes. MTIA monolithic graph mode reaches
1.5× throughput compared to H200 Inductor graph mode.
On MTIA 300, eager-mode prefill throughput is on par with
monolithic graph mode (varying within range of 91%–117%)

# of jobs Kernel Launch Graph Launch Speedup
1 4.37 µs 0.61 µs 7.12×
10 47.87 µs 3.93 µs 12.19×
100 496.01 µs 36.49 µs 13.59×

(a) Total kernel launch latency with operator-level benchmarks,
based on the MTIA Kernel Launcher in Fig. 2.

Model Kernel Launch Graph Launch Speedup
Llama3.2-1B 5876 µs 43 µs 136.6×
DeepSeek-R1 2528 µs 29 µs 87.1×

(b) Total kernel launch latency of end-to-end models. Batch size is
16. We observe similar speedup with other batch sizes.

TABLE V: Comparison of kernel launch latency in pure eager
mode and with MTIA graph on MTIA 300.

because execution is device bound; for decode, eager-mode
throughput drops to 17%–40% of monolithic graph mode,
caused by inefficient collective handling and unoptimized
kernels.

VIII. CONCLUSION

We presented the design and implementation of MTIA-
RT, a runtime system for Meta’s custom MTIA accelerators.
Despite MTIA’s architectural difference from GPUs, MTIA-
RT provides a developer API that is sufficiently compatible
with CUDA, simplifying integration with existing applications.
It also includes several optimizations that can unlock high
performance in order to support eager mode, which requires
launching many fine-grained kernels, and graph mode, which
includes a custom extension for a compiler-optimized mono-
lithic graph. Finally, we demonstrated that we could provide
a native PyTorch experience on top of MTIA-RT by deeply
integrating with the underlying framework.
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