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Abstract—We present MTIA 300, Meta’s first Al training chip
optimized for Deep Learning Recommendation Models (DLRMs).
Unlike GenAl training, DLRM training requires modest FLOPS
but large memory, high network bandwidth, and frequent
collective communication; this combination often leads to low
accelerator utilization. MTIA 300 addresses these challenges with
three key innovations: (1) built-in NIC chiplets with 12 <800 Gbps
RDMA NICs to ensure high network performance and eliminate
PCle overhead; (2) dedicated message engines for collective
offloading, delivering throughput comparable to compute engines
while using only one-third of the chip area; and (3) near-
memory compute, placing message engines close to HBM, cache,
and I/0, with specialized hardware to accelerate reduction-
based collectives such as ReduceScatter. While motivated by
DLRMs, these broadly applicable design principles carry over
to subsequent MTIA generations (MTIA 400, 450, and 500)
optimized for GenAlI models. To our knowledge, MTIA 300 is the
first accelerator with built-in NIC chiplets and general-purpose
collective offloading engines, enabling efficient scale-up and scale-
out communication. Furthermore, while MTIA 300’s combination
of moderate FLOPS and higher HBM bandwidth and capacity
was initially optimized for training DLRMs, these characteristics
make it effective for GenAl inference. Performance evaluation
shows that MTIA 300 is competitive with same-generation GPUs
while offering cost advantages.

I. INTRODUCTION

Al workloads continue to grow rapidly across the industry.
At Meta, products like Facebook and Instagram rely on Deep
Learning Recommendation Models (DLRMs) [26] to deliver
personalized content, including ads, short videos, and friend
posts. This growth has driven the in-house development of
Meta’s Al chips. We previously introduced MTIA 1 [10] and
MTIA 2i [7] (a.k.a. MTIA 100 and 200), both optimized for
DLRM inference, with MTIA 2i now deployed at a scale of
hundreds of thousands of chips. This paper presents the next
step in that evolution: Meta’s first training chip, MTIA 300.

Meta supports two major Al workloads: GenAl and
DLRMs. DLRM training differs from GenAl training: it re-
quires fewer FLOPS but larger HBM capacity, higher network
bandwidth, and more frequent communications. This combina-
tion often leads to low accelerator utilization. Unlike general-
purpose GPUs, MTIA 300 is optimized for DLRMs, featuring
a design that intentionally diverges from GPU architectures to
reflect this focus.

To motivate MTIA 300’s design for DLRMs, we first
summarize the workload characteristics. DLRMs often apply
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multi-layer perceptrons (MLPs) to dense features (e.g., user
age) and embedding tables to sparse categorical features
(e.g., post IDs), connected via a dense interaction layer.
Dense components require high FLOPS (though far less than
GenAl), while sparse components require irregularly accessing
ultra-large embedding tables and are often memory-bound or
instruction-bound. Because embedding tables often exceed a
single accelerator’s memory capacity (sometimes representing
over 99% of model parameters), DLRMs employ hybrid paral-
lelism in training: dense layers use data parallelism, and sparse
layers shard embedding tables table-wise or row-wise [14].
This approach enables the training of large models without
sacrificing compute efficiency in dense layers.

This mix of data and model parallelism for different model
components introduces complex communication patterns. With
data parallelism, each accelerator receives a local batch and
performs an AllReduce to synchronize gradients. Model paral-
lelism adds AllToAllv collectives to exchange features and re-
distribute results for forward and backward passes. Moreover,
many DLRMs use the distributed Shampoo optimizer [12],
[32] for dense components, which adds an AllGather during
the optimization phase. Efficient execution of these collectives
is necessary for achieving high performance.

As DLRMs stress the communication data path, MTIA 300
incorporates the following features to address this challenge:

o Built-in NIC chiplets: MTIA 300 adopts a chiplet architec-
ture, embedding two NIC chiplets with a total of 12 highly
optimized 800Gbps RDMA NICs. Built-in NICs avoid PCle
overhead between the accelerator and NICs, and the NICs
can be used flexibly for scale-up or scale-out networks.

e Collective offloading: In GPUs, compute engines and the
host CPU handle collective operations, which is often inef-
ficient. MTIA 300, in contrast, utilizes dedicated message
engines that deliver the same communication throughput
for these operations as compute engines while using only
one-third of the chip area.

o Near memory compute: Compute and message engines
share the network-on-chip for memory and I/O access. To
avoid congestion from high-bandwidth collectives, message
engines are placed at the chip edges, next to HBM, cache,
and I/O. The message engine’s near-memory-compute logic
block delivers high throughput for all reduction-based col-
lectives, including Reduce, AllReduce, and ReduceScatter.



In addition to outlining MTIA 300’s unique hardware fea-
tures and overall architecture, we describe the software stack,
highlighting the collectives library, which provides a familiar
interface while effectively leveraging MTIA’s specialized mes-
sage engines and built-in NICs for efficient communication.

Contributions. While many GPUs and Al ASICs have been
reported [1], [3], [6], [11], [15], [17], [18], [22]-[24], [30],
[33], our experience reveals unique requirements for DL-
RMs that prior work does not address. To our knowledge,
MTIA 300 is the first accelerator with built-in NIC chiplets
and general-purpose collective offloading engines, avoiding the
inefficiencies of using compute engines for collectives and
enabling flexible networking for both scale-up and scale-out.
In comparison, although the TPU’s sparse core [16] can also
offload remote access to embedding tables, it is specialized
for a non-RDMA, non-switched torus network and lacks a
general collective library interface, limiting its applicability to
other industry accelerators, which are typically built around
RDMA and similar collective library interfaces.

Although MTIA 300’s distinguishing features—built-in NIC
chiplets, collective offloading, and near-memory compute—
were originally motivated by DLRM training, these design
principles remain broadly applicable and have been adopted in
subsequent MTIA generations optimized for GenAl models.
While the development of MTIA 300 began several years
ago to compete with HI00 and H200 GPUs, its successor,
MTIA 400 [34], was designed to rival GB300 GPUs. Further-
more, the upcoming MTIA 450 and 500 [34] target industry-
leading GenAl inference performance against future GPUs.
In this paper, we focus on MTIA 300, leaving the technical
details of later generations for future publications.

The rest of the paper is organized as follows. Section II
provides an overview of MTIA 300’s chip architecture, fo-
cusing on its message engine for collective offloading. Sec-
tion III details the rack and network architecture. Section IV
describes the software stack, emphasizing the collective library
that leverages MTIA 300’s offloading capabilities. Section V
evaluates MTIA 300’s performance. Section VI discusses its
challenges and limitations. Finally, Section VII reviews related
work, and Section VIII concludes the paper.

II. MTIA 300 ARCHITECTURE

Figure 1 shows an overview of MTIA 300, which adopts a
chiplet architecture. To highlight its distinguishing features, we
first compare MTIA 300 with MTIA-2i and then with GPUs.

A. Comparing MTIA 300 with MTIA-2i and GPUs

Table I compares the specifications of MTIA 300 and
MTIA-2i [7]. With MTIA-2i designed for inference and
MTTIA 300 for training, MTIA 300 introduces several changes:
~23x larger area, ~10x higher Thermal Design Power (TDP),
liquid cooling (versus air cooling), HBM3E (versus LPDDR),
FP8 compute (versus INT8), >3x BF16 FLOPS, a 2.5D
CoWoS package, a reticle-sized compute die, network chiplets
supporting RoCE, and message engines to offload collective
communication. Notably, the SIMD compute is increased
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Fig. 1: MTIA 300 with chiplets for compute, network, and
HBM.

to >6x for FP32, resulting in a 16:1 GEMM:SIMD ratio
compared to 32:1 in MTIA-24i; this increase is substantial given
the rising demand and diversity of non-GEMM compute in
training (e.g., table-batched embedding forward/backward, and
optimizers).

Unlike general-purpose GPUs, MTIA 300 is optimized for
DLRMs. Table II highlights the features that distinguish it
from H100 GPUs. Notably, MTIA 300 deemphasizes peak
FLOPS and emphasizes HBM bandwidth and networking,
featuring embedded NIC chiplets and dedicated hardware
support for collective communication offloading.

B. MTIA 300 Compute Chiplet

Figure 2 shows the MTIA 300 compute chiplet architecture.
It consists of a 12x6 grid of Processing Elements (PEs) for
computation and 16 Message Engines (MEs) for collective
operations. On the east and west sides, SRAM banks can
be used as last-level cache (LLC) or last-level scratch (LLS).
Each side connects to 3 twelve-high HBM3E stacks. The PEs
are connected to each other and to on- and off-chip memory
through a mesh interconnect.

Network-on-Chip (NoC): The NoC is a 2D mesh of routers
that connects PEs and MEs within the main grid. It also links
the compute chiplet to control and host interface blocks, as
well as to the chiplet interface IP blocks on the north and south
edges, which attach to the network chiplets. The NoC provides
channels for data, control, utility (e.g., register access and
debug), synchronization, and reductions. To improve perfor-
mance and scalability, we introduce cluster routers that connect
six PEs locally, reducing total hop latency. Unlike MTIA-2i,
the compute chiplet does not use a memory crossbar; instead,
the NoC handles bank selection routing. It implements L-
routing—first traveling along one dimension (e.g., X) and then
along the other (Y)—to distribute traffic evenly across the grid,
and it uses virtual lanes to avoid deadlocks.
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Fig. 2: Architecture of the MTIA 300 compute chiplet.

Host Interface: MTIA 300 provides a high-performance host
interface with PCle, DMA, and a secure boot processor. It
includes interfaces for host management of the compute and
network chiplets, as well as a debug interface.

Control Core: This is a RISC-V quad SMP core coordinating
execution across the PEs and MEs. It includes the associated
context RAM, mailbox registers, and MSI-X interrupts.

Redundancy: To improve yield for a reticle-limited die, the
compute chiplet includes a redundant row of PEs. Because
PEs consume the most area and distributed memory, and given
the east-west organization of memory and the NoC routing
paths, adding a redundant row is the simplest solution. Each
PE column can tolerate one faulty PE by replacing it with
the corresponding PE in the redundant row. This is configured
at boot, remains transparent to software, and does not impact
NoC performance.

C. Processing Element (PE)

Figure 3 shows the internal architecture of a PE. Each PE
includes two RISC-V cores, fixed-function units for acceler-
ating compute and data movement, and internal memory with
a memory bridge connecting all components.

Memory Bridge (MB): The MB provides data and configura-
tion connectivity between all components in the PE through an
internal NoC. It also contains peripherals such as an interrupt
controller, machine timer, and debug/trace modules.

Local Memory: Each PE includes 512 KB of fast local
memory (LS). The LS is software-managed and split into
Circular Buffers (CBs) of controllable sizes.

RISC-V Cores: The RISC-V cores execute the application
code and issue commands to the Command Processor for
the fixed-function units. MTIA 300 has two 64 B-wide
vector cores that provide additional SIMD throughput and
a symmetric programming model, allowing the same code
sequence to run on either core. MTIA uses an asynchronous



TABLE I: Comparing the specifications of MTIA 300 and MTIA-2i.

MTIA 300 MTIA-2i
Frequency 1.9 GHz 1.35 GHz
Instances 7.2B gates, 511M FLOPS 2.35B gates, 103M FLOPS
Area Compute ch.1plet: 25.6mm x 31.4mm 25.6mm x 16.4mm
Network chiplet (2x): 25.6mm x 9.3mm
Package 77.5mm x 77.5mm . 50mm x 40mm
(50.3mm x 51.9mm 3.2x interposer)
Voltage 085V 0.85V
TDP 912W (667W typical) 85W (65W typical)

Host connection

16x PClIe Gen5 (64 GB/s)

8x PCle Gen5 (32 GB/s)

Domain size

16 nodes

Scale-up network - N/A
Bandwidth 800 GB/s (up to 1000 GB/s)
Scale-out network Doman.u size 4096 L1, L2 unlimited N/A
Bandwidth 200 GB/s
GEMM TOPS 1120 TFLOPS/s (FP8) 354 TOPS/s (INTS)
560 TFLOPS/s (FP16/BF16) 177 TFLOPS/s (FP16/BF16)
RISC-V vector core 42.5 (INT8/FP16) 5.5 (INTS), 2.8 (FP16)
SIMD TOPS 21.3 (BF16/FP32) 1.4 (BF16/FP32)

SIMD engine

42.5 (FP8/FP16/BF16/FP32)

5.5 (INT8/FP16/BF16/FP32)

Per-PE local memory

512 KB

384 KB

Memory capacity

On-chip SRAM

192 MB

256 MB

Off-chip memory

216 GB (6 stacks HBM3E)

64-128 GB (16 channels LPDDRS)

Per-PE local memory

1.9 TB/s (R+W)

1.0 TB/s (R+W)

Memory bandwidth

On-chip SRAM

11.4 TB/s (R+W)

2.7 TB/s (R+W)

Off-chip memory

6.1 TB/s (R or W)

204.8 GB/s (R or W)
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Fig. 3: Processing Element (PE) architecture.

dataflow execution model. The programmer writes a kernel
that generates a sequence of custom instructions for the fixed-
function units, where data movement and computation occur
as dependencies are resolved.

Memory Layout Unit (MLU): The MLU performs memory
layout transformations, including transpose, reshape, slice, and
concatenation.

Dot Product Engine (DPE): The DPE performs General
Matrix Multiplication (GEMM) operations and is used in both

the forward and backward passes of training. It operates on
two input tensors: the first is read and cached in the DPE,
while the second streams from LS to compute a dot product
with all rows of the first tensor. The DPE includes two
32x64B x32 Multiply-Accumulate (MAC) tiles, delivering a
total throughput of 7.82 TFLOPS per PE with FP16/BF16 in-
puts and FP32 output. It also supports FP8 inputs (in SIE4M3
or SIESM2 formats) and TF32 inputs, which are useful for
certain ranking and recommendation use cases where higher
precision is required.

Reduction Engine (RE): The RE stores intermediate matrix
multiplication results from the DPE and performs inter-PE
reductions via a dedicated reduction network. It can receive
and accumulate results before forwarding them to the next PE
or to the SIMD engine for further processing.

SIMD Engine (SFU): The SFU supports quantization, ele-
mentwise operations, and non-linear functions. It consists of
an execution pipeline with floating-point ALUs and lookup
tables (LUTSs) to approximate non-linear functions. The SFU
can receive input from the RE or read directly from the LS.
For training, we removed INT8 and added FP8 alongside
FP16, BF16, and FP32. The SIMD width was increased from
32 to 128 elements per cycle to achieve a GEMM:SIMD
ratio of 16:1 (half of MTIA-2i), reflecting the high portion



TABLE II: Differentiating features of MTIA 300 versus H100 GPUs and how they enable efficient DLRM training.

| Differentiator | MTIA 300 Advantage

‘ Rationale and Benefit ‘

HBM bytes-to-FLOPS ra- | > 2x higher

DLRM’s large sparse features typically prevent effective utilization of high peak
tio FLOPS. Instead, a higher HBM bytes-to-FLOPS ratio enables balanced resource use and
higher model FLOPS utilization (MFU).

Network bytes-to-FLOPS
ratio

> 5x higher

DLRM training tends to have low compute complexity and high exposed
communication, so higher network bandwidth improves MFU.

Large global SRAM > 3x capacity

Improves utilization of GEMM and SIMD compute by capturing more locality in both
dense and sparse operators.

Flexible IO to meet net-
work demands

NICs can be partitioned between
scale-up and scale-out networks.

Supports a flat network of up to 1.2 TB/s and allows adjusting scale-up to scale-out
ratios based on model needs.

Hardware support for | High utilization due to compute-
collectives and on-device | communication overlap.
data movement

Message Engines (MEs) and Near Memory Compute (NMCs) work in coordination with
the control cores and the PE grid to maximize concurrency.

Optimizations for DLRMs | Accelerates sparse feature process-

ing and backward pass operators.

Table-batched embedding (TBE) and sparse optimizers are memory- and
instruction-bound. MTIA 300 provides dedicated embedding caches and indexed DMA
support for TBE, as well as radix-sort acceleration.

Hardware support for ea-
ger mode

Fast and flexible job dispatch with
Work Queue Engines (WQEs)

Eager mode is important for development and debugging and allows for more flexible
model deployment; speeding it up improves developer velocity.

Reliability Additional compute and memory

improves yield and tolerates errors.

Employs a redundant row of PEs in the 12x6 PE grid as well as provides ECC for
SRAMs and HBM to mitigate failures.

of computation spent on non-GEMM operations. Additional
SIMD throughput is available via the two RISC-V cores.

Based on the requirements of DLRM training, we imple-
ment several SFU improvements, including higher throughput
for non-linear operations on high-precision data types and
added support for min/max, clamping, and stochastic rounding.
MTIA 300 also supports hardware-accelerated radix sort to
accelerate the embedding backward operation. In the forward
pass, sparse offsets and indices are packed so that a single
output index maps to a contiguous subset of inputs. In the
backward pass, sparse indices must be sorted so that a contigu-
ous subset maps to a single embedding table index. Radix sort
fetches elements from LS, sorts them via bucketization, creates
histograms, and stores the bucketized elements in memory,
speeding up the backward embedding operation.

Command Processor (CP): This processor handles the exe-
cution of custom instructions from the RISC-V cores across
the fixed-function units, including scheduling and dependency
checking. The CP arbitrates LS access between the RISC-
V cores and the fixed-function units. It also provides the
programmer with a circular buffer (CB) abstraction and man-
ages dependency tracking to ensure correct producer-consumer
usage of the CBs.

Fabric Interface (FI): The FI is a DMA engine for transfer-
ring data between PE local memory and on-chip or off-chip
memory via the NoC. It also enforces packet fragmentation
and leaky-bucket traffic shaping to smooth traffic and limit
congestion.

Two enhancements to the FI and Command Processor
provide more powerful data-movement abstractions. First,
MTIA 300 supports byte-aligned DMA for tensor slicing,
eliminating the software overhead of layout transformations.
Second, it adds hardware-accelerated indexed DMA transfers
for scatters and gathers. The Command Processor generates

sequences of reads or writes using a list of indices in LS,
which is particularly useful for embedding table lookups.

D. Message Engine (ME)

As DLRM training stresses the communication infrastruc-
ture, the ME is designed to address GPU limitations and
achieve the following objectives.

Avoid host involvement in the data path: By integrating
NICs into the MTIA 300 package, we avoid the PCle data
path. Moreover, managing 1.2 TB/s of IO via the host CPU
would slow down work submission and completion queue
handling and consume a significant number of host cores.
Therefore, we offload these tasks to the ME.

Offload collective operations from PEs: In GPUs, compute
cores handle processing collective reduction operations, which
can be area-inefficient. The MEs deliver similar reduction
bandwidth using only one-third the area of PE cores, max-
imizing area efficiency for collective operations.

Reduce NoC contention: High-bandwidth collective commu-
nication on compute cores also stresses the NoC due to heavy
traffic. Placing the MEs at the edges of the PE grid minimizes
cross-grid congestion. (Figure 4).

Figure 5 shows the ME architecture designed to address these
limitations. It consists of three main functional blocks.

CPU-M and peripherals: The ME contains a single scalar
RISC-V core (CPU-M), similar to the PE vector cores, and 256
KB of context SRAM. An important feature is the single large
shared Completion Queue (CQ) per ME, which eliminates the
need to poll multiple queues and prevents CQ overflow.

NIC interface: As MTIA 300 includes 12 separate RDMA
NICs within the package, we want to avoid the ME managing
a significant number of doorbell addresses in software. This
is handled by the NIC interface, which receives work requests
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Fig. 5: Message Engine (ME) architecture.

(WRs) in a single FIFO and distributes them to the correct
doorbells on the appropriate NICs.

Near Memory Compute (NMC): The NMC is a reduction
block capable of 128 B/cycle for reductions or DMA, dropping
to 96 Blcycle if all are active concurrently. The MEs can
provide up to 2.8 TB/s of reductions, over twice the I/O
bandwidth (1.2 TB/s). This block is used in all reduction-based
collectives, including Reduce, AllReduce, and ReduceScatter.

E. MTIA 300 Network Chiplet

To avoid the PCle overhead, we directly integrate RDMA
NICs (based on third-party NIC IP) into the MTIA 300
package as network chiplets, as shown in Figure 4. Each of
the two network chiplets contains six custom 800 Gbps (100
GB/s) RDMA IP blocks, providing 600 GB/s throughput per
chiplet. We use a die-to-die interface and 112G SerDes to
achieve high bandwidth density. The custom RDMA IP blocks
are optimized as follows.

Express Doorbells: To minimize transaction-posting latency,
we introduce “express doorbells,” which use the work request
(WR) itself as the doorbell write, avoiding an additional
HBM ring-buffer read (800 ns per transaction). With express
doorbells, each IP block supports up to 24,576 outstanding
work requests divided among 1,024 Queue Pairs (QPs).

Removal of QP caching: We remove QP caching, as it
consumes significant chip area. This limits each NIC chiplet
to 1,100 active QPs, well beyond our workload requirements,
which typically involve only a few hundred ranks.

Simplified packet processing pipeline: Typical NICs support
many features, such as virtual switching and TC offloads (e.g.,

8x Upper Compute Blades

Network Ides °
8x Lower Compute Blades

Fig. 6: MTIA training chassis showing position of compute &
network blades.

cls_flower), which we do not need. Removing them simplifies
the packet processing pipeline.

AXI steering tag: By supporting custom steering tags, we can
leverage features like separate cache partitions in the compute
chiplet for different traffic types.

III. SYSTEM ARCHITECTURE: RACK AND NETWORK

A. Rack System

As models evolve rapidly, we aim to provide a flexible
system architecture that accommodates last-minute changes,
compensating for the slower silicon development process
where decisions are made well in advance. To this end, we
designed the MTIA training system with separate compute
and network blades. Each MTIA training chassis contains 16
compute blade slots and six network blade slots, all connected
via a pair of cable backplanes. Not all network blades need
to be installed. The compute blades are placed vertically
to minimize the size of the cable backplane, a historically
sensitive component in terms of machining precision.

We design two types of network blades for scale-up and
scale-out. The scale-up blade uses an ASIC chosen for its
lower latency and power consumption, and multiple racks can
be combined to form larger scale-up domains. The scale-out
blade supports a disaggregated scheduled fabric that avoids
hot links by using packet spray, while ensuring in-order packet
delivery as well as providing reliability via a fabric-level, end-
to-end credit mechanism. Each blade delivers 200 GB/s of
I/O per compute blade, and the number of blades used can
be configured according to the chosen scale-up or scale-out
setup. Both blades are liquid-cooled.

The compute blade consists of a single CPU with 512 GB of
RAM and one MTIA 300 accelerator. The 1:1 mapping keeps
nodes simple, accommodating unpredictable CPU demands
and avoiding PCle contention. Both the CPU and accelerator
are liquid-cooled.
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Fig. 7: Network architecture.

B. Network Design

MTIA 300’s network architecture is shown in Figure 7. The
scale-out network provides 200 GB/s of bandwidth, while the
scale-up network currently offers 800 GB/s per accelerator,
with the option to reach 1 TB/s. This approach optimizes
power consumption and cost based on the requirements. We
use a scale-up domain of 16 nodes (one rack) and a first-level
scale-out domain of 4,096 nodes, with the option to add a
second-level switch network to expand the scale-out domain
to 16K nodes or more if needed.

IV. SOFTWARE STACK

Figure 8 shows MTIA 300’s software stack, which delivers
a PyTorch-native experience. It supports a broad range of
PyTorch libraries such as FSDP2, DTensor, TorchRec, and
XFormers for rapid development of training and inference
solutions. It uses the latest PyTorch stack with TorchDynamo
for graph capture and TorchInductor for Triton code genera-
tion. It supports both eager and graph modes, offers a CUDA-
compatible runtime API, and allows kernel authoring in C++
or Triton. We also leverage coding agents for automated kernel
generation [13], [21].

The MTIA compiler, built as a custom PyTorch backend,
traces forward graphs with TorchDynamo and generates back-
ward graphs via AOTAutograd. It applies MTIA-optimized op-
erator decompositions and supports both handwritten pattern-
based fusion and compiler-driven fusion through TorchInduc-
tor. It implements a suite of memory optimizations tailored
for training workloads. For example, its graph scheduler uses
heuristics (e.g., integer linear programming) to reduce peak
memory pressure in each training iteration. In addition, the
compiler performs activation rematerialization to enable larger
effective batch sizes and improve HBM utilization.

A notable distinction from GPUs is MTIA’s ability to
capture compute and collective operations in a single graph.
Collectives traced via torch.export or torch.compile
are compiled into one monolithic graph along with compute
operators. This lowers sub-graph launch overhead, improving
efficiency and determinism. Dependencies between compute
and communication are managed via semaphores. Currently,

PyTorch (TorchDynamo and Torchinductor) ‘
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Fig. 8: MTIA 300 software stack.
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Fig. 9: An example of mapping work from CPU-C to CPU-Ms.

statically shaped collectives are fully supported, with ongoing
work for dynamically shaped collectives and device-resident
AllToAll with dynamic send/recv counts.

Compared with GPUs, MTIA 300 features Message Engines
(MEs) for communication offloading and network chiplets
for integrated NICs, enabling efficient communication without
PCle traffic or host/PE involvement. To leverage these hard-
ware features, our collective communications library, called
HCCL (Section IV-B), uses the MTIA streaming interface to
submit all communication operations. Internally, HCCL uses
RDMA verbs to drive the network chiplets.

To manage stream order, the control core (CPU-C) was
extended from MTIA-2i to dispatch work for both the PE
grid and the MEs. Work arrives at the control core in packets
containing compute and/or communication tasks; the core
ensures dependencies are met before dispatch. Work packets
for communication may include multiple subgraphs, which
HCCL maps to MEs for parallel execution. Each ME can run
multiple subgraphs concurrently; thus, the 16 MEs can handle
many subgraphs in parallel. Upon completion, the MEs report
status back to the control core to unblock subsequent work.

A. Collective Graph Processing

Figure 9 shows an example of dispatching subgraphs to the
CPU-Ms. Subgraphs are represented as arrays of work queue
entries (WQESs), each describing an operation of one of several
types, examples include: SEND, RECV, WRITE, WAIT, SET,
REDUCE. Some map directly to RDMA work requests (i.e.,
SEND, RECV, and WRITE) with similar fields and semantics
(e.g., queue pair ID, local and target address, length, lkey, rkey,
etc.). The SET WQE writes a value to local memory (HBM
or cache), while the WAIT WQE stalls until a comparator on a
memory location is satisfied (e.g., wait for address Oxabcdef
> 10). The REDUCE WQE performs a sum operation, S = A+
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Fig. 10: Example of an AllReduce ring algorithm with 4 nodes.

B, where S can overlap with A or B, or optionally performs
a memory copy, acting like a DMA engine.

WQE:s also include internal fields to aid processing. Flow
control fields define ordering between WQESs, enabling com-
mon communication patterns such as rings, recursive doubling,
and ordered trees. These are the fields that can be defined to
specify ordering:

e wge_sync: Do not issue this WQE until the specified
previous WQE (counting backward from the current one)
has completed.

e fence: Do not issue any additional WQESs until this one
completes.

e rx_sync: Wait for all outstanding receive WQEs to com-
plete before issuing this one.

e sync: Wait for all previous WQEs to complete before
issuing this one.

The near-memory compute (NMC) engine (Section II-D) ef-
ficiently performs reductions. Its proximity to cache and HBM
enables it to execute the essential operations for AllReduce or
ReduceScatter without using the PE grid, minimizing resource
sharing between communication and compute operations.

Putting it all together, Figure 10 illustrates a simplified
AllReduce ring algorithm [29] which takes place in a Re-
duceScatter phase and AllGather phase translated into WQEs
with dependencies. Reading from bottom to top, the first
receive and send have no dependencies and can be posted in
parallel. The subsequent add operation depends on the preced-
ing receive, which then unblocks the next receive and send.
This repeats until all data is locally reduced (the ReduceScatter
phase). The final three steps depict the AllGather phase, where
each step depends on the previous for data movement.

B. Collective Communications Library (HCCL)

HCCL constructs work packets and subgraphs that use the
network chiplets and NMC engines. It uses the RDMA verbs
to manage the control path. For example, to create queue
pairs (QPs) between two peers, it calls ibv_create_gp and

then ibv_modify_gp to move them to “ready to receive”
and “ready to send,” as with any standard RDMA workflow.
Creating these QPs also involves mapping them to express
doorbells via the NIC interface. WC errors are detected inline
by the ME. Errors that do not trigger WCs are captured via
ibv_get_async_event.

Due to the lack of hardware QP caching (Section II-E), each
NIC supports a limited number of active QPs accessible by
HCCL (1,088). HCCL manages this by connecting QPs only
when needed, designing collective algorithms to minimize
unused QPs, and reusing QPs within communicators. Because
of our flexibility in using the NICs, we have 12 NICs with
13,056 queue pairs that can be split or shared between the
scale-up and scale-out communication domains.

For the data path, HCCL provides an API similar to other
collective communication libraries, including familiar collec-
tives (e.g., AlltoAll, AllReduce, ReduceScatter, AllGather) and
point-to-point communication (i.e., send and receive) using
communicators to define participating device groups. This
API is primarily exposed through PyTorch distributed inter-
faces (both PyTorch Distributed [8] and torchcomms [35]).
Backends for these interfaces translate PyTorch semantics,
such as Tensors and process groups, into communication
library semantics of contiguous buffers and communicators
with associated resources.

When a user calls a HCCL communication API, the library
prepares the communication for offload to the device. Unlike
many libraries where communication is host-driven, HCCL is
uninvolved once the work reaches the device. It determines
the most efficient algorithms and communication channels a
priori based on outstanding work, system topology, communi-
cation type and other parameters, selecting the algorithm and
corresponding resources. The library then translates this into
work packets, subgraphs, and WQEs for device execution.

Parallelism occurs at multiple levels. Work packets for
a single collective execute in the same stream, enforcing
ordering between algorithm phases if needed. Within a work
packet, subgraphs execute logically in parallel, though hard-
ware availability may queue some until the required ME is
free. Subgraphs can also define dependencies between each
other using semantics like WAIT and SET as described above.
WQEs are issued sequentially but only block when specified
via the flow control field. Together, these mechanisms let
HCCL maximize parallelism, efficiently using network band-
width and reduction capacity. Figure 11 visualizes this flow.

HCCL maintains a thread that tracks the status of outstand-
ing work to clean up resources no longer needed and monitor
for errors. This thread also allows HCCL to signal operation
completion to the application, depending on the interface used
such as TorchWork objects in torchcomms interface.

V. EVALUATION

Proper evaluation of MTIA 300 requires situating it in
the fast-evolving Al accelerator landscape. Development of
MTIA 300 started several years ago to compete with H100
and H200 GPUs. Its successor, MTIA 400 [34], was designed
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to rival GB300 GPUs, while MTIA 450 and 500 [34] target
industry-leading GenAl inference performance against future
GPUs. In this context, Table III compares MTIA 300, H100,
and H200. We evaluate MTIA 300 using both microbench-
marks and production-scale DLRM training workloads. Addi-
tionally, although MTIA 300 was optimized for DLRMs, its
superior HBM capacity and bandwidth make it effective for
GenAl inference, which we also evaluate in this section.

TABLE III: Evaluation testbeds.

y [MTIA 300 [H100Y [ H200

Peak FLOPS/s (BF16) 560 TF/s 780 TF/s(*) 1000 TF/s

HBM Capacity 216 GB 96 GB 141 GB
Bandwidth 6.1 TB/s 2.4 TB/s 4.8 TB/s

Power (accelerator / host) | 912W/1500W | 500W/6500W | 700W/8850W

# of accelerators per host | 1 8 8

Scale-up | Domain size | 16 accelerators | 8 accelerators | 8 accelerators

network | Bandwidth 800 GB/s 450 GB/s 450 GB/s

Seale-out | g dwidth | 200 GB/s 50 GBJs 50 GB/s

network

(*) To achieve better performance per watt, we use a custom HI00 con-
figuration with a 500W power cap, which reduces peak performance from
1,000 TFLOPS at 700W.

A. Compute Operations

To begin, we assess compute performance using several
microbenchmarks.

Embedding performance: Embedding operators, particularly
table-batched embedding [36], are important computational
components in the sparse portions of DLRMs. As shown
in Figure 12, our evaluation of embedding operator perfor-
mance across various shapes and input distributions from
production workloads demonstrates MTIA 300’s strong per-
formance: MTIA 300 achieves 2.0x and 1.6x speedups for
forward operations and 2.1x and 1.6x speedups for backward
operations (geometric mean) compared with H100 and H200,
respectively. This high performance is enabled by MTIA 300’s
high memory and cache bandwidth, as well as its specialized
functional units, such as radix sort, which accelerate embed-
ding operators. We note that embedding performance does not
scale linearly with HBM bandwidth and therefore does not
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Fig. 12: Performance of forward and backward table-batched
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reach a 2.5x speedup compared with H100. Skewed input data,
where most indices reference the same feature, often causes
embedding operators to become cache-bound or instruction-
bound rather than memory-bandwidth-bound.

Memory bandwidth: Figure 13 illustrates the memory band-
width for element-wise addition on MTIA 300, H100, and
H200 using a simple BF16-add kernel across various tensor
sizes. The results show that MTIA 300 reaches up to 5.57
TB/s for large data sizes (91% of its peak HBM bandwidth),
surpassing the H100’s 2.26 TB/s (94%) and H200’s 4.40 TB/s
(92%). While MTIA 300 shows comparable HBM efficiency
and higher bandwidth for large memory operations, it shows
lower performance for fine-grained kernels. We discuss this
per-kernel latency in Section VI.

GEMM performance: GEMMs are a major component of
the dense layers in DLRMs. Figure 14 shows BF16-GEMM
performance across various sizes encountered in production.
The results indicate that MTIA 300 performs well on smaller,
memory-bound GEMMs due to its high memory bandwidth.
However, for larger matrices, MTIA 300 shows lower per-
formance, limited by its peak FLOPS. When the arithmetic
intensity exceeds 400 bytes/FLOPS, H100 achieves 63% effi-
ciency, compared with MTIA 300’s 59% for the tested shapes,
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though MTIA 300’s is higher than H200’s 54% efficiency.
Since MTIA 300 reaches over 90% efficiency on favorable
shapes in our microbenchmarks, this lower efficiency is due
to our GEMM library, which still needs further optimization.
We discuss further kernel optimizations in Section VI.

B. Collective Operations

This section compares the performance of three widely
used collectives in production training models: AllGather,
AllReduce, and AllToAll. Figure 15 shows their normalized
latencies on MTIA 300 and H100 across varying numbers
of accelerators. MTIA 300 generally demonstrates superior
performance for all three collective operations within the
message size ranges used by our models (denoted by the
“Time %" in Figure 15). This speedup is particularly notable
when using 16 or more accelerators or message sizes over
16 MB, which we attribute to MTIA 300’s larger scale-up
domain size and 2.2x higher scale-up bandwidth. For small
message sizes, H100 with NCCL currently tends to outperform
MTIA 300 with HCCL. We have not yet fully optimized the
software stack for small messages, as they currently account
for only a small percentage of the wall-clock time in the
training workloads we actively run on MTIA 300.

C. Overlapping Compute and Collective Operations

MTIA 300 features a hardware architecture that offloads
collective operations, effectively minimizing the performance
impact on compute kernels during concurrent execution. To
evaluate the interaction between compute kernels and collec-
tives, we developed a microbenchmark that runs 1,000 TF32
GEMMs of size 4K x 4K x 4K while simultaneously executing
various collective operations with representative message sizes
across 16 accelerators. Figure 16 shows the efficiency of
computation and communication when performed in paral-
lel; 100% efficiency indicates that the platform achieves the
same performance as when running only computation or only
communication operations. MTIA 300 sustains high efficiency
for both, demonstrating minimal interference between the
two. This is enabled by dedicated message engines and near-
memory compute units, which process collective operations
independently from the main compute engines. In contrast,
H100 experiences contention for streaming multiprocessors
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when collectives and computation are executed concurrently,
resulting in notable performance degradation. MTIA 300’s
ability to decouple collectives from computation is particularly
beneficial for DLRMs, which rely on frequent collective
operations for distributed training.

D. Production Training Workload

MTIA 300 has demonstrated promising results on produc-
tion training workloads. This section examines MTIA 300’s
performance when training a DLRM model [26], which con-
tains approximately 150 billion parameters (with 99% in the



2000 4 @## OutMsg (Min-Avg-Max) I
B InMsg (Min-Avg-Max) 1

z |
Z 1500 Bl
o ne
N 1
n 2;
] i i
g 1000 2;
© L1
0 ne
g il
S 500 ; E al
ne

Ht

ne

E al

0 wha i B 15

§ wmmA H100
- ¥
_|40 v @ MTIA 300
@ /
£ ¥
= | K1
@ 301 1
v
£ i1
" i L
c B [}
] ] ’
20 1 7 i1 8
=} ] v N
i ¥ v
] ] v H| a
ot ] 1 v 0
9] i ] 17, A
X 10 1 v v 170t By
i 7 v IBR R aa
. /] 1 veree A
P et 1 veveet a
IFTRAR ] M 1 IRERE| 1
LLELR 7 ] || RALLE 1 ';:’\
0 Al NN [ 21 Ko BALRA AN
HANMSNON0DOANMITNONONNOANMIINONVOIOHNMTNX O
HHH R ERFAAAAAAAA A NANNNNNNNNNAMMMMM I L
I I I I T HEHE SRR H SRR B S AR RS SR E SR ®
IIIIIIIIICLCIIIICIIIILIIIICLIIIICLIIILCL
P B B = - I B B = R I B = = B I = = - B B

Fig. 17: Message sizes and latencies of collective operations
across the 40 accelerators used in training. AA, AR, and AG
denote AllToAllv, AllReduce, and AllGather, respectively.

sparse component). Training a single sample requires roughly
3 billion floating-point operations. We implemented the model
using TorchRec [14] and fully compiled it with PyTorch’s
graph compiler, TorchInductor [2], on both MTIA 300 and
HI100 to maximize performance. The model uses the dis-
tributed Shampoo [32] optimizer and is parallelized via a
distributed data-parallel scheme.

1) Collectives: To compare collective execution times, we
configured the model using 40 accelerators with a local batch
size of 6,144. Figure 17 illustrates the message statistics and
latencies for each training iteration. As shown in the first chart,
AllReduce and AllGather operations handle substantial data,
with incoming messages of 1.6 GB and 2.1 GB, respectively.
However, the 35 AllToAllv operations present a unique per-
formance challenge; they involve sparse-data distributions with
highly variable message sizes ranging from 1 KB to 1 GB. The
second chart demonstrates MTIA 300’s superior performance
over H100 for large-scale AllIToAll and AllReduce operations.
Overall, MTIA 300’s communication performance exceeds
that of H100 by 3.9x.

2) End-to-end training performance: While models imple-
mented for GPUs can run directly on MTIA 300, perfor-
mance is maximized when models are co-designed with its
architecture. Below, we highlight three co-design strategies
that collectively enable MTIA 300 to achieve a 1.42x higher
Perf/TCO than H100 for the DLRM model.

CPU offloading for Shampoo. The matrix eigen-
decomposition operator is a compute-intensive component
of the Shampoo optimizer’s preconditioning step. While

TABLE 1V: Perf/TCO with different local batch sizes.

A Normalized Perf/TCO
Local batch size Accelerators Rk .
(higher is better)
6144 40 x H100 1.00
6144 40 x MTIA 300 1.39
10240 24 x MTIA 300 1.42

H100 utilizes the cuSOLVER library for this operation,
implementing a numerically accurate and efficient version on
MTTIA 300 is difficult due to performance-accuracy trade-offs.
However, MTIA 300’s 1:1 host-to-accelerator ratio enables
offloading these computations to the host CPU, ensuring
sufficient numerical precision. In contrast, using a 1:8 ratio
(typical of H100 systems) would incur a 7.8% performance
loss, underscoring the advantages of MTIA 300’s balanced
architecture.

Disable quantized communication. Since this model was
originally optimized for H100, it enables row-wise FP8
quantized communication by default to reduce data volume.
However, on MTIA 300, this process relies on inefficient
RISC-V operations rather than native support. By disabling
FP8 quantization and leveraging MTIA 300’s high network
bandwidth, we avoid these resource-intensive operations and
achieve a 4.4% performance improvement.

Large training batches. Increasing the local batch size on
MTIA 300 optimizes distributed training performance. By
enlarging the local batch size, we can reduce the number of
trainers while maintaining a constant global batch size, thereby
improving kernel granularity and minimizing communication
overhead. Table IV compares Perf/TCO across different local
batch sizes. MTIA 300’s substantial HBM capacity supports
larger batch sizes, such as 10,240, which increases Perf/TCO
by 2% over the 6,144 baseline used for H100. Leveraging
MTIA 300’s memory to increase local batch size is thus an
effective strategy for boosting training efficiency.

Future optimization opportunities. We aim to further en-
hance performance through several targeted optimizations.
Beyond refining kernels for GEMM and small collective op-
erations, we are developing strategies tailored to MTIA 300’s
unique hardware. This includes a TorchRec sharding strategy
specialized for MTIA 300’s performance profile, leveraging
its distinct kernel, communication, and memory trade-offs to
reduce load imbalance and iteration time. Additionally, we are
exploring kernel co-location within the same grid—rather than
sequential execution on a 12x6 grid—to increase PE utiliza-
tion. Together, these optimizations are expected to improve
MTIA 300’s efficiency and throughput.

E. LLM Inference

While MTIA 300 was originally optimized for training DL-
RMs, it is also effective for serving Large Language Models
(LLMs). For this study, we use H200 as the reference platform
instead of H100, as H100’s HBM capacity is insufficient to
run the DeepSeek-R1 model [9] used in the evaluation. We use
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InferenceMax [5], an open-source LLM inference benchmark,
running on the vLLM inference runtime [20]. Attention and
KV-cache are stored and computed in BF16, while mixture-
of-experts (MoE) computation uses FP§; these precisions are
natively supported on both MTIA 300 and H200. We focus on
an online short-prompt scenario: each request draws its input
and output lengths independently and uniformly at random
from [0.8x 1024, 1024] tokens. These are tested across a sweep
of batch sizes (concurrency levels from 4 to 256), measuring
throughput (tokens/sec) and latency.

Because a single accelerator cannot host the full model, we
evaluate 8-accelerator configurations on both platforms (8 x
MTIA 300 and 8 x H200). We consider two sharding strate-
gies: TP8-TP8 (tensor parallelism applied to both attention
and MoE across 8 accelerators) and DP8-EPS (data parallelism
for attention components combined with expert parallelism for
MoE). In TP8-TP8, each layer’s weight matrices are sharded
across all 8 devices; every device computes a slice of each
operation and synchronizes via AllReduce after each parallel
region. In DP8-EPS8, the dense layers (attention and shared
MLPs) are replicated across all 8 devices, with each device
processing an independent batch of requests, while the MoE
portions are partitioned so that each device owns 1/8th of the
experts and tokens are routed between devices via AllToAll
communication. For this evaluation, we configured the servers
using mixed batching.

Figure 18 shows the performance on MTIA 300 and H200,
where the x-axis denotes the client-side end-to-end latency of

each request and the y-axis denotes the total token through-
put per accelerator. The results demonstrate that MTIA 300
outperforms H200 overall on the InferenceMax benchmark.
In this configuration, execution time is decode-dominant,
allowing MTIA 300 to leverage its high HBM bandwidth
and outperform H200 at high concurrency levels (over 64).
However, the performance gap is not uniform across all
operating points; the gap is smaller at low concurrency levels.
This is due to MTIA 300’s higher small-batch communication
overhead compared with the fast intra-node communication on
H200 via NVLink, as well as certain kernels not being fully
parallelized beyond the batch/token dimension, which leads to
the underutilization of PE cores on MTIA 300.

VI. CHALLENGES AND LIMITATIONS

While MTIA 300 is optimized for DLRM training, it has
limitations that we aim to address in subsequent MTIA genera-
tions. In particular, balancing specialization and generalization
remains crucial for adapting to evolving models. In addition
to supporting DLRMs, our roadmap for MTIA 400, 450, and
500 [34] expands support for LLM workloads, specifically
prioritizing LLM inference performance.

Compute-heavy workloads. Modern GenAl models are
compute-intensive, requiring large-scale, low-precision matrix
operations. This trend is beginning to influence DLRMs,
which are adopting larger dense components and Transformer
architectures, further increasing computational demands. Con-
sequently, we designed MTIA 400 [34] with higher FLOPS to
address these challenges.

Low-precision data types. Supporting new data types on
MTIA 300 is challenging, especially as models adopt formats
with custom scaling, such as row-wise or block-wise scaling
for MX4 and NVFP4. While MTIA 300 handles standard
hardware-accelerated casts, these emerging types often require
specialized scaling that is not natively supported, forcing a
fallback to RISC-V execution. This fallback reduces perfor-
mance and complicates the integration and optimization of
models using these advanced data representations. To address
this limitation, we introduced native support for MX4 in
MTIA 400 [34].

Numerical accuracy. Hardware fungibility—the expectation
of consistent results across platforms—is important. Achieving
numerical parity between MTIA 300 and existing systems is
challenging: differences in floating-point arithmetic (precision,
rounding, and supported data types) and in kernel or operator
implementations (algorithm choices and operation order) can
cause convergence issues that only appear after hours or days
of training. We have developed numerical debugging tools to
address these challenges, but they still require time to mature.

Eager mode. Eager mode is convenient for model devel-
opment, particularly for debugging and rapid prototyping,
although graph mode is typically used in production. However,
eager mode faces significant performance challenges. Unlike
NVIDIA’s highly optimized low-latency systems, MTIA 300’s



eager mode incurs substantial host-side overheads—arising
from the Python interpreter, dynamic dispatch, and device-
host communication—that do not scale with faster accelerator
hardware. Consequently, as accelerators improve, the host
becomes the bottleneck, highlighting the need for better eager
mode support.

Training time. Optimizing training time on MTIA 300 re-
quires balancing complex trade-offs. MTIA 300 excels with
large batch sizes by leveraging abundant HBM and efficient
computation. However, the global batch size must be con-
trolled to preserve model convergence, often forcing smaller
local batches. While some users favor faster training by run-
ning more trainers with smaller batches, this can underutilize
HBM and amplify host-runtime overheads from fine-grained
operators. The challenge lies in reconciling these competing
requirements.

Model enablement and operator authoring. Training DL-
RMs requires orders of magnitude more operators and shapes
than inference. Some are performance-sensitive and justify
significant developer effort for maximum performance, while
others are “tail” operators that do not. This contrasts with
LLMs, where the operator and shape surface area is relatively
well-defined. Additionally, ranking engineers perform exten-
sive experimentation, leading to frequent model iterations.
Each new model snapshot we enabled required new operators,
shapes, and graph transformations. Beyond adding support in
TorchInductor and writing manual kernels, we needed sub-
stantial infrastructure to collect production traces, synthesize
operator and shape tests, and maintain a CI/CD environment
to increase coverage and developer velocity. To this end, we
have achieved early success in leveraging coding agents for
automated kernel generation [13], [21].

VII. RELATED WORK

Due to the surge in Al workloads, the trend of devel-
oping in-house AI chips has gained significant momentum
among major IT companies, including Google [17], Ama-
zon [11], Huawei [22], IBM [23], Microsoft [1], Alibaba [15],
Baidu [28], OpenAl [27], Tesla [25], Tencent [19], and
Meta [7], [10]. Additionally, many startups, such as Cere-
bras [24], Groq [3], SambaNova [30], Cambricon [4], and
Rivos [31], offer AI chips as alternatives to GPUs from
established vendors [6], [18], [33].

Compared with Meta’s prior inference chips [7], [10],
MTIA 300—our first training chip—introduces three distin-
guishing features: (1) built-in NIC chiplets, (2) dedicated
message engines for collective offloading, and (3) near-
memory compute to accelerate reduction-based collectives. To
our knowledge, these features are unique among existing Al
accelerators.

Although Google TPU’s sparse core [16] can offload com-
munication, it is specialized for a non-RDMA, non-switched
torus network and lacks a general collective library interface.
This limits the applicability of the sparse core’s technology to

other industry accelerators, which are typically built around
RDMA and similar collective library interfaces.

Most custom Al ASICs focus on inference in graph mode
and lack first-class support for eager mode, which is important
for PyTorch’s usability by model developers. In contrast,
MTIA provides a native, PyTorch-first software ecosystem
supporting TorchDynamo, TorchInductor, Triton, and both
eager and graph modes, with a CUDA-like runtime API that
simplifies model porting. Notably, while both MTIA and other
chips [30] adopt a dataflow architecture in which computations
occur as their dependencies are resolved, MTIA is the only
one to provide a native PyTorch experience. Finally, whereas
modern Al ASICs are primarily optimized for GenAl models,
MTIA 300 is optimized for DLRMs.

VIII. CONCLUSION

We presented the design and evaluation of MTIA 300, our
first in-house Al chip for DLRM training. With its first-of-
its-kind integrated NICs and collective offloading engines, we
demonstrate improved efficiency on a recommendation model
training workload compared with GPUs. For future work, we
are accelerating the development of Meta’s next-generation Al
chips [34], which will address the growing demands of LLM
training and inference workloads alongside recommendation
tasks. We expect that the shift toward in-house AI chips will
drive new model co-design opportunities and the next wave of
model innovations.
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