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ABSTRACT
The proliferation of large language models (LLMs) demands inference systems with both low latency and high
efficiency at scale. GPU-based serving relies on HBM for model weights and KV caches, creating a memory
bandwidth bottleneck during decode. To break through this bottleneck, we present the first large-scale, SRAM-
based LLM inference deployment—Groq’s public cloud—serving hundreds of billions of tokens daily. This paper
reviews Groq’s first-generation SRAM-based Huge Inference Pipelines (SHIP), highlighting: (1) a synchronous,
low-diameter interconnect enabling low-latency scaling across thousands of chips; (2) optimizations for LLM
serving under limited memory capacity; and (3) a large pipeline design that sustains efficiency and latency under
varying prefill-to-decode ratios and context lengths. Together, these yield state-of-the-art latency while maintaining
efficiency across diverse traffic scenarios—key to real-world LLM serving.

1 INTRODUCTION

The rapid adoption of Large Language Models (LLMs) has
placed unprecedented demands on compute infrastructure,
both in terms of latency and throughput. Today, NVIDIA
GPUs are the primary platform for LLM serving, supported
by a mature software ecosystem and access to the latest
generations of high-bandwidth memory (HBM). Competing
accelerators—AMD’s Instinct GPU (Smith & Alla, 2025),
Google’s TPU (Jouppi & Lakshmanamurthy, 2025), Meta’s
MTIA (Coburn et al., 2025) and Amazon’s Trainium (Fu
et al., 2024) and Inferentia (Amazon Web Services, 2025)—
likewise rely on off-chip DRAM to store model weights
and key-value (KV) cache during inference. This reliance
on external memory is unsurprising: LLMs are indeed very
“large”—growing to trillions of parameters—making dense
off-chip memory a natural choice.

Yet the challenge of efficient serving extends beyond mem-
ory density. LLM inference workloads divide into two
distinct regimes: prefill and decode. Prefill—the process-
ing of a user’s prompt—is compute-bound and in princi-
ple hardware-efficient. However, minimizing time-to-first-
token (TTFT) can conflict with other serving objectives, in-
cluding decode latency (time-per-output-token, TPOT) and
system throughput. The compute-bound nature of prefill
offers opportunities to reduce TTFT if the system can effec-
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Figure 1. Average end-to-end request latency over a one-month
period (Sep 26–Oct 26, 2025) on Groq versus the next two fastest
providers for each model. Data from (OpenRouter, 2025).

tively scale the amount of compute allocated to a request
across many chips—important for long context prompts.

Decode—the generation of one token per forward pass—is
dominated by memory traffic: autoregressive generation’s
low operational intensity stresses weight and KV cache
access. Batching can boost utilization on memory-bound
systems at the cost of TPOT. Effective batching, however,
is challenged by dynamic traffic, with context lengths and
prefill-to-decode token ratios in constant flux. Mixture-of-
Experts (MoE) architectures further stress memory band-
width: because expert selection is data-dependent, batched
tokens no longer map cleanly across all compute resources,
reducing the efficiency benefit of batching.

This tension is acute in practice. The latest LLM “killer
apps,” such as coding assistants and multi-step task agents,
demand both fast prefill and fast decode. Reasoning models
push 10! longer generations (Artificial Analysis, 2025),
further magnifying the importance of decode speed and
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cost. The lag while a model “thinks” risks alienating users—
Google measured drops in searches per user for page load
time slowdowns as short as 100 ms (Brutlag, 2009).

On-chip SRAM has long been the fastest memory technol-
ogy, offering significantly higher bandwidth than HBM—
albeit at much lower density. Making SRAM-based infer-
ence viable requires a rethinking of both architecture and
software. Throughput is achieved not by increasing batch,
but by minimizing latency. That is precisely the design
point of Groq’s Language Processing Unit (LPU).

At the time of publication, the next-gen LPU—fabricated on
Samsung’s 4 nm process—is in full production. In the spirit
of prior retrospectives, such as Google’s TPU papers (Jouppi
et al., 2017; 2023), this work looks back on LPUv1, built
on GlobalFoundries 14 nm. Deploying LPUv1 (hereafter
“LPU”) to build SRAM-based Huge Inference Pipelines
(SHIP) yields state-of-the-art end-to-end LLM serving la-
tencies (Fig. 1). The success of SRAM serving rests on
three key pillars:

1. Low-Batch: High memory-to-compute bandwidth en-
ables efficient inference at small batch sizes, making
latency optimization critical.

2. Scale: Model partitioning across thousands of LPUs
to overcome limited on-chip memory capacity.

3. Memory Capacity Efficiency: Software techniques
that maximize utilization of the available capacity.

The LPU chip and system architecture scale to very large
systems via a synchronous, low-latency chip-to-chip pro-
tocol and a low-diameter topology. Thousands of LPUs
operate in lock-step to serve each token. Groq’s software
ecosystem—compiler and runtime—are co-designed for sys-
tems where memory bandwidth is plentiful but capacity is
precious. Groq’s public LLM cloud was the first produc-
tion deployment of SRAM-based LLM inference, providing
a superior user experience by minimizing both TTFT and
TPOT (Fig. 1). These SHIP systems have grown rapidly
in demand, serving hundreds of billions of tokens per day
globally.

While extensive prior art exists for serving LLMs on DRAM-
based architectures, little has been published on the chal-
lenges and solutions for SRAM-based LLM serving. This
work provides a comprehensive look at techniques and in-
novations deployed in Groq’s production systems, includ-
ing: (1) a synchronous, low-latency interconnect for small-
tensor collectives with fault-tolerant scaling (§4); (2) mem-
ory management techniques on systems of thousands of
LPUs, including paged attention, prefix caching and spec-
ulative decoding (§5); (3) design and scheduling of large
pipeline-parallel inference to maintain throughput and meet
service-level objectives (SLOs) under dynamic traffic (§6);
and (4) a discussion on power, cost and synchronization
differences compared to GPU systems (§7).

2 BACKGROUND

2.1 LPU Architecture

At its core, the LPU is a tensor streaming processor ar-
chitecture (Abts et al., 2020; 2022). Tensors—physically
represented as collections of vectors—stream across func-
tional units (FUs) laid out horizontally across the chip. Each
FU type provides a distinct set of instructions while adher-
ing to a shared structural template: a SIMD unit operating
on 320-element vectors, controlled by its own instruction
dispatch unit (Bitar, 2022). FU types include the MXM
for high-throughput matrix multiplications (MatMul), VXM
units for non-MatMul operations, and MEM units for high-
bandwidth SRAM. Each FU is issued one instruction per
cycle, enabling pipelined, stall-free, deterministic execution.

The LPU compiler statically schedules all instruction dis-
patch across all FUs. It is empowered to do so by the
deterministic and predictable nature of the architecture—
specifically: (i) all instruction latencies are statically known,
(ii) on-chip SRAM accesses are deterministic and require
no temperature-dependent refresh cycles, and (iii) the inter-
connect consists of directional, arbitration-free buses that
move data eastward and westward. These properties give the
compiler a complete, cycle-accurate view of data movement
throughout the program, offering optimization opportunities
for both latency and power. In order to communicate with
non-deterministic external components, such as accessing
host memory via PCIe, the LPU’s ISA provides a light-
weight synchronization instruction to re-align functional
units to a common time domain.

Determinism in the LPU extends beyond a single chip to
encompass multi-chip systems, scaling from a single device
to thousands cooperating on the same workload. Natural
clock drift across LPUs is deterministically accounted for by
the LPU’s chip-to-chip (C2C) protocol using a combination
of shallow FIFOs and statically scheduled “deskew” instruc-
tions, yielding a synchronous chip-to-chip communication
model visible to the compiler (Abts et al., 2022). No dedi-
cated router chips are used for inter-LPU communication—
the LPUs themselves act as both processor and router, al-
lowing the compiler to schedule both compute and network
traffic. This enables the compiler to globally optimize net-
work routing, achieving efficient collective communication
pipelined behind compute (§4.2).

Eight LPUs are packaged within a node, along with a dual-
socket host system connecting to each LPU via PCIe. The
host system provides 1 TB of DDR4 DRAM per node. Fur-
ther system hardware details are described in §7.1.1.

2.2 LLM Serving

The Transformer architecture (Vaswani et al., 2017) under-
lies nearly all production LLMs. During inference, these
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Figure 2. 7-day sample from Groq Cloud of 10-minute moving
average of ratio of prefill-to-decode tokens served.

models operate in two distinct modes: prefill and decode.

Prefill processes the user’s prompt—an array of input to-
kens—to generate the first response token and produce the
cached key–value (KV) entries used during decode. Be-
cause all prompt tokens can be processed in parallel, prefill
is primarily compute-bound. A user’s input token through-
put (it/s/u) scales with compute allocated to the prompt. An
architecture’s ability to dynamically allocate more compute
to long prompts is key to minimizing TTFT—a key SLO.

Decode, in contrast, is memory-bound. Each output token
depends on previously generated tokens, making decode
inherently sequential and sensitive to memory bandwidth.
Per-user output token throughput (ot/s/u)—the inverse of
time-per-output-token (TPOT)—is limited by how quickly
weights and KV cache can be fetched. Batching multiple
users can improve FLOP utilization, but increases TPOT
due to the scaling latencies of self-attention, collective com-
munication, and normalization.

Managing compute allocation across the dynamic mix of
prefill and decode is a challenge in LLM serving. Mod-
ern serving libraries like SGLang (Zheng et al., 2024),
vLLM (Kwon et al., 2023) and TensorRT-LLM (NVIDIA,
2026) use techniques such as continuous batching (Yu
et al., 2022) and chunked prefill (Agrawal et al., 2023).
While an improvement over request-level scheduling, these
approaches still suffer from sub-optimal utilization with
fluctuating context lengths and prefill-to-decode token ra-
tios (Agrawal et al., 2023). Moreover, selecting a prefill
chunk size forces serving platforms to tradeoff TTFT, TPOT
and throughput, making it challenging to meet SLOs across
diverse traffic shapes. Prefill-decode disaggregation (Zhong
et al., 2024) addresses some of these conflicting SLOs but
introduces other challenges that we discuss in §7.3.

Reasoning models (Snell et al., 2025) introduce a new twist
to LLM serving SLOs: TTFT depends on both it/s/u and
ot/s/u, as a user must wait for a model to finish “thinking”
before receiving the response. This amplifies the importance
of decode latency, and hence memory bandwidth of the
serving hardware. Further stressing inference providers
are the longer contexts used by reasoning models, which
generate 2–10→ more tokens for the same prompt compared
to non-reasoning models (Artificial Analysis, 2025).
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Figure 3. Average operational intensity per forward pass across
batch sizes and context lengths (CL). Assumes uniform distribution
of tokens to experts in gpt-oss-120B.

Ultimately, inference providers must adapt to varying model
characteristics and dynamic traffic patterns. Prefill:decode
(P:D) token ratios (Fig. 2) and context lengths (CL) fluctuate
constantly, making system adaptability critical to maintain
efficiency.

3 MOTIVATION: LLMS IN SRAM
3.1 Latency

Whether to address the “thinking” lag in reasoning mod-
els or the responsiveness of task agents, a key challenge
in LLM serving remains how to overcome the memory-
bandwidth bottleneck of HBM. Reducing decode latencies
can also improve model intelligence by scaling “test-time
compute” (Snell et al., 2025) per unit time. While the
potential latency benefits of serving LLMs using higher-
bandwidth SRAM are clear, it is not immediately evident if
it can be done with sufficient efficiency to be economical.

3.2 Efficiency

The FLOP/s efficiency of a compute platform is funda-
mentally bounded by its compute-to-memory bandwidth
ratio and by the operational (or arithmetic) intensity of
the workload being served, as captured by the roofline
model (Williams et al., 2009). An analysis of memory tech-
nology for LLM inference therefore requires understanding
not only the capacity needed to store model weights and KV
caches, but also the operational intensity (OI)—measured
as the number of compute operations (commonly floating
point operations, or FLOPs) per byte loaded from memory.

In Transformer inference, the self-attention matrix multipli-
cations (QK→ and PV) exhibit batch-invariant OI during
decoding and increasingly dominate total compute as batch
size and context length grow (see Appendix A). Figure 3a
highlights how self-attention constrains decode OI in dense
models like Qwen3-32B, forming a ceiling on achievable
efficiency. MoE models face an additional constraint on
OI: tokens within a batch can route to different experts,
thus requiring very large batch sizes to see significant im-
provements to OI. In the case of gpt-oss-120B (Fig. 3b),
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the sliding-window-attention (SWA) layers help alleviate
the impact of self-attention on OI, but this is offset by the
reduced impact of batching in the routed expert MatMuls.

HBM-based accelerators can require OIs in the hundreds to
approach compute saturation. As seen in Figure 3, this is dif-
ficult to achieve due to the scaling behavior of self-attention
and sparse MoEs. SRAM-based hardware overcomes this
bandwidth limitation by operating at low batch sizes, with
the LPU delivering over 10→ greater memory-to-compute
bandwidth compared to GPUs. As a result, the limiting
factor shifts from bandwidth to capacity.

While compute-to-memory bandwidth ratio is fixed by the
chip architecture, total memory capacity increases with
scale. Spreading an inference workload across many chips
does not improve the roofline performance set by the OI, but
can improve efficiency when the performance limiter is stor-
age capacity. Motivated by this insight, Groq has deployed
a cloud of SHIPs—huge inference pipelines of hundreds
to thousands of LPUs storing weights and KV cache in
SRAM. SHIP combines tensor parallel and pipeline parallel
techniques to scale compute to such large systems:

Tensor Parallelism. Tensor parallel (TP) partitioning
strategies—used here to encompass head parallel, context
parallel, expert parallel, and self-attention data parallel—
distribute each decoder layer across multiple chips to reduce
compute latency and increase available memory capacity for
both weights and KV caches. Crucially, TP incurs overhead
from collective communication operations. Given the low
batch sizes used in SRAM-based inference, there is limited
opportunity to mask sequential dependencies, such as collec-
tives, behind independent compute for different batch items.
As a result, these exposed latencies are a larger fraction of
the total execution (Davies et al., 2025). This increased
latency-sensitivity necessitates innovation in both the scale-
out topology (§4.1) and the scheduling of collectives (§4.2)
in SHIP systems. Moreover, reaching large TP sizes re-
quires partitioning the model across multiple dimensions,
which in turn introduces new communication collectives
that must be carefully optimized.

Pipeline Parallelism. When the limits of efficient TP scal-
ing are reached, pipeline parallel (PP) partitioning enables
further expansion. PP provides access to additional mem-
ory for weights with less communication overhead than TP,
but offers limited improvement in KV cache storage: each
added pipeline stage requires additional KV cache alloca-
tion for another in-flight micro-batch to prevent pipeline
bubbles during decode (partially mitigated by speculative
decoding; see §5.3). Prefill, on the other hand, does not
require multiple KV caches to saturate the pipeline, offering
the option to allocate the entire SHIP to a single prefill job.

A critical factor in PP scaling is maintaining pipeline bal-

ance. Large variations in pipeline stage latencies—whether
from non-deterministic hardware performance, unbalanced
workload partitioning, or dynamic request traffic—can in-
troduce pipeline bubbles that degrade throughput. The
LPU’s determinism (§2.1) allows the compiler to balance
pipeline latencies at compile-time. Heterogeneous LLM
architectures—such as combinations of SWA and standard
attention, dense and sparse MoE—are balanced by allocat-
ing compute resources proportionally to each stage based on
its compute and storage needs. Section 4.1 covers the LPU
topology design to efficiently support such heterogeneous
pipelines. The dynamic nature of requests must still be man-
aged at runtime, with SHIP maintaining pipeline efficiency
and avoiding bubbles as described in Section 6.

4 VERY LARGE SCALING

4.1 Network Topology

Thousands of LPUs are interconnected through Groq’s C2C
topology, forming a low-latency, high-bandwidth fabric de-
signed for pipelined, synchronous compute. The network
is organized as a linear sequence of LPU nodes, with each
node containing eight fully-connected LPUs, forming an
intra-node K8 clique for single-hop, high-bandwidth local
communication. Each node then connects four links to its
four nearest node neighbors forward and backward in the se-
quence (Fig. 4). This topology, named QuadFour, provides
properties that make it highly suitable for SHIP:

Designed for both TP and PP. As detailed in Section 3,
scaling to large system sizes necessary for SRAM-based
inference requires a combination of both TP and PP. A given
model is broken up into a set of partitions, with each par-
tition scaled across multiple adjacent LPU nodes using TP.
The groups of nodes forming each partition are then laid out
in a pipeline across the network, as shown in Figure 5. Intra-
and inter-node links within the partition provide high aggre-
gate C2C bandwidth (853 GB/s bisection bandwidth) for
the collectives required by TP scaling, while inter-partition
links are sufficiently provisioned for pipeline transfers. The
topology can also form pipelines of varying partition sizes
to balance pipeline stage latencies in heterogeneous model
architectures. To prevent pipeline bubbles, the determinis-
tic LPU architecture (§2.1) allows the compiler to balance
pipeline stage latencies ahead of time by selecting TP strate-
gies that match each partition’s compute needs.

Low network diameter. The small batch sizes used in
SRAM-based LLM inference are highly latency-sensitive,
rendering large-diameter topologies, such as a mesh or
torus (Jouppi et al., 2023), unsuitable. The QuadFour topol-
ogy uses 32 external links per node to reach many LPUs
within a small hop count, enabling low-diameter TP scaling.
A 72-LPU TP partition with 16.56 GB of high-bandwidth
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node = 8 LPUs 
fully-connected

nodenodenodenodenode node node node node node node
rackrack

Figure 4. QuadFour Topology. Inter-node links are shown only for
highlighted node; all other nodes have identical relative connec-
tions: 32 C2C links distributed evenly to four forward and four
backward nodes.
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Figure 5. Mapping heterogeneous partitions to QuadFour on racks
in Groq’s data centers. Arrows show direction of pipe transfers.
The node experiencing failures is skipped while being serviced.

SRAM memory can be formed with a diameter of three hops,
with each hop taking only 300 ns thanks to the LPU’s syn-
chronous C2C protocol (§2.1). For example, such capacity
allocated to a single-layer pipelined partition of Qwen3-
235B-A22B could store the weights and KV caches for
decode of 1,380 concurrent users, each using 4,096 tokens
of context. Scaling to a larger 136-LPU TP partition with
31.28 GB of SRAM yields a diameter of five hops.

Scalable to thousands of LPUs. The sequential symmetry
of the topology allows logical partitions to move fluidly
across the physical topology, independent of rack bound-
aries. Laying out a model across thousands of LPUs can
be done without needing to be aware of the 72-LPU rack
package—a 72-LPU partition can be placed either within a
single rack or straddle two racks (Fig. 5).

The deterministic architecture enables synchronous inter-
LPU communication across the entire model instance with-
out interaction with any host or router (§2.1). Maintaining
network synchronization across such a large system requires
a distributed clock recovery scheme to account for clock
drift. This is achieved in the QuadFour topology using prop-
agated synchronization, where a wave of synchronization
flows through the pipeline, during which: (1) a partition
of LPUs synchronizes and performs compute; (2) the next
partition joins the synchronous domain, and receives inter-
mediate tensors through the inter-partition C2C links; then
(3) the first partition leaves the synchronous domain and
begins computing the subsequent inference while the next
partition continues the current inference. This mechanism
avoids pipeline bubbles and eliminates host overhead within
the pipeline.

Skipped Nodes (N) 0 1 2 3

Inter-Part BW (GB/s) 427 256 128 43

Table 1. Inter-partition bandwidth for two four-node partitions
communicating across N consecutive skipped nodes.

Resilient. While LPU systems do not include HBM (the
component with one of the highest rates of failure in GPU
systems (Grattafiori et al., 2024)), the sheer size of SHIPs
necessitates an effective failure-handling mechanism to han-
dle a failure to any of the components used in the system.
QuadFour’s inherent symmetry allows the system to shuffle
partitions around failed nodes (Fig. 5). Any given partition
has a reach of up to four nodes, allowing it to skip up to
three adjacent “down” nodes while they are being serviced
for failures. Inter-partition bandwidth scales down with
skip-distance, making it important to repair offline nodes
and return them to production when ready (Table 1).

Transient node errors are handled by replaying the affected
tokens. If the error persists, the node is taken offline and
partitions are rotated around it, leveraging the topology’s
sequential symmetry. Fast rotation is enabled by caching the
weights of multiple partitions in each node’s host-attached
DRAM. Once the node is repaired, partitions are rotated
back to eliminate node skipping and restore the lost band-
width. This design is motivated by empirical evidence that
node failures are not a purely memoryless process; rather,
once a node begins exhibiting errors, its near-term failure
risk increases significantly. Thus, rapid node rotation and
repair was preferred over prolonged in-band error recovery.

4.2 Efficient Collectives

Network communication introduced when scaling must be
low-latency to maintain efficiency in latency-sensitive SHIP
systems (§3.2), requiring tight co-design of the scale-out
hardware and compiler. The low-diameter topology de-
scribed in §4.1, together with the LPU’s synchronous C2C
fabric, achieves efficient communication collectives at small,
low-batch tensor sizes. The LPU compiler’s static schedul-
ing of network communication provides three distinct advan-
tages: (1) minimal transfer overhead; (2) tight scheduling of
pipelined operations; and (3) communication routes selected
to minimize hop count per transfer.

Low-latency transfers. The deterministic instruction sched-
ule of LPUs enables lock-free chip-to-chip transfers, elimi-
nating cycles spent on memory acquire–release operations
or cache management. As a result, the LPU’s C2C protocol
incurs minimal overhead for small data transfers, achieving
sub-µs hop latency: 300 ns per LPU-to-LPU hop, compared
to the 1–10 µs typically observed in GPU collectives such
as NCCL, NCCLX, and UCCL (Hu et al., 2025; Si et al.,
2025; Zhou et al., 2025). Figure 6a shows collective per-
formance on an 8- and 64-LPU system generated with the
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Figure 6. Performance of collective operations on LPU systems,
as generated by the compiler. For an AllReduce collective, LPU
systems achieve 50% bandwidth saturation at a tensor size of
32KiB, and 90% saturation at a tensor size of 80KiB.

LPU compiler, compared with an 8xB200 system using
NCCL collectives. While the LPU’s I/O bandwidth is con-
siderably lower (LPUv1 C2C: 235 GB/s; B200 NVLink:
1,800 GB/s), the reduced latency overhead in the LPU’s net-
working architecture allows it to achieve greater collectives
performance at small tensor sizes. Given that collective
tensor sizes during LLM inference on SHIPs typically range
from 32-256 KiB, the LPU architecture and software are
well-suited for SRAM-based inference.

The specific collective algorithm chosen varies based on
tensor size, as the compiler shifts between algorithms that
minimize hop-count or maximize bandwidth utilization.
For AllReduce operations, RedBcast, TiledRedBcast or
PAARD (Ma et al., 2021) are chosen. Figure 6a shows the
algorithms selected for a 64-chip AllReduce across tensor
sizes. Full descriptions of each algorithm are in Appendix B.

Compute-aware pipelining. Overlapping compute with
tensor transfers recoups some efficiency otherwise lost to
collective latency. On GPUs, various methods attempt this,
including device initiation of communication using NVSH-
MEM, kernel fusion and careful partitioning of communica-
tion and compute (NVIDIA, 2025; Chang et al., 2024; Wang
et al., 2022), offering substantive improvements. However,
such approaches can have varied success: dynamic kernel
execution and transfer times lead to imperfect overlap of
compute and collective (Chang et al., 2024). Some of this
latency overhead is amortized at high batch sizes seen in
GPUs, but can be catastrophic in low-batch SHIPs.

Pipelined overlap of small-tensor operations requires tight
scheduling, leaving no room for kernel-launch overhead,
host intervention, or non-deterministic operation execution.
In a statically scheduled environment, the compiler can
opportunistically pipeline on a cycle-by-cycle basis to maxi-
mize overlap. The LPU compiler interleaves data transfer
with compute; as the first chunks of tensor data are com-
puted, transfer instructions are issued at the earliest possible
cycle. Figure 6b shows the execution profile of a MatMul

split on its inner dimension across 8 chips, followed by an
AllReduce collective. Transfer operations for the AllReduce
(“C2C”) are overlapped with nearly the entire duration of
the compute (“MAC”). However, due to the inherent band-
width mismatch between compute FLOPs and C2C, there
still remain exposed C2C cycles. The compiler can mitigate
this by overlapping with other operations in the program.
Still, this bandwidth mismatch is a key challenge to scaling
regardless of batch size, and is a key focus of improvement
for next-generation LPUs.

5 MEMORY CAPACITY MANAGEMENT

While the massive scale of SHIP provides access to signifi-
cant amounts of fast SRAM memory, capacity still remains
constrained relative to a DRAM-based solution. Here we
discuss the essential software strategies needed to manage
these capacity-constrained systems in production.

5.1 Paged Attention

We implement an in-house PagedAttention (Kwon et al.,
2023) mechanism where the KV cache of the entire context
length is dynamically allocated to optimize SRAM utiliza-
tion. A model’s context is generally underutilized for most
prompts, as observed from production samples from Groq
Cloud: 92% and 97% of requests from a reasoning and
non-reasoning model, respectively, use fewer than 8Ki to-
tal tokens (Appendix D.1). To leverage this fact, pages of
SRAM are allocated on an as-needed basis as the prompt
size increases and additional tokens are generated.

Page allocation is managed by the runtime system per re-
quest. With every pipeline stage in SHIP having symmetric
memory allocation, the only interaction to control the al-
location is from the host CPU attached to the front of the
pipeline, which sends in a mask encoding—a vector of inte-
gers compactly representing the “active” KV cache pages
for the current set of requests (Appendix C). The mask en-
coding is then forwarded from each stage to the next. The
size of the mask encoding scales with the number of pages,
increasing the transfer cost for finer-grained pages. Larger
page sizes reduce mask encoding size but increase mem-
ory fragmentation. Common page sizes used are 128–512
tokens.

5.2 Prefix Caching on Large Systems

While scaling systems large enough to fit weights and KV
caches entirely in SRAM unlocks low-latency inference, ac-
cess to significantly more memory capacity provides a key
advantage: prefix caching. Prefix caching is an inference
optimization that stores prefixes of KV cache states from
previously completed inferences to avoid redundant com-
putation. Implemented in most modern LLM serving sys-
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Memory Type Memory Capacity (GB) Memory BW (TB/s)
SRAM 69.7* 10,616**
DDR4 72,000 18.4

Table 2. Prefix cache memory options in a typical LPU SHIP in-
stance of gpt-oss-120B. *: memory capacity for weights removed
from total. **: memory bandwidth shared with weights.

tems, including SGLang (Zheng et al., 2024), vLLM (Kwon
et al., 2023) and TensorRT-LLM (NVIDIA, 2026), prefix
caching can substantially improve efficiency and reduce
TTFT. These gains are especially pronounced in multi-turn
tool-use agents and coding assistants, where cache hit rates
exceeding 90% have been reported. The performance bene-
fits of prefix caching, however, are closely tied to the avail-
able memory capacity and bandwidth for storing and retriev-
ing cached prefixes.

SHIP’s distributed LLM serving architecture provides ample
capacity and bandwidth, making it particularly well-suited
to exploit prefix caching at scale. A single model instance is
partitioned across multiple LPU nodes (§4), each of which
provides 1 TB of DDR4 DRAM that is accessible to all eight
LPUs via the host system over PCIe (§7.1.1). SHIP’s scale-
out design thus enables access to a large pool of distributed
memory, providing both high aggregate bandwidth and total
capacity. Two levels of distributed memory are leveraged for
prefix caching: on-chip SRAM and host-attached DRAM.

In a typical deployment of gpt-oss-120B (Agarwal et al.,
2025) in Groq’s cloud, the model is partitioned across 72
LPU nodes, yielding substantial SRAM and DRAM capac-
ity for KV caches (Table 2). The abundant DRAM capacity,
in particular, allows the system to achieve cache time-to-
live (TTL) durations on the order of hours. Figure 7 shows
SRAM and DRAM cache hit rates for two model instances
in Groq’s cloud. The observed ↑50–75% DRAM cache hit
rate highlights the benefit of large-scale distributed memory
capacity for prefix reuse within a single instance.

The runtime employs a space-efficient BlockTrie to track the
prefix tree of the token space using rolling hashes of fixed
size token chunks. The block size in the BlockTrie matches
the page size used by our “PagedAttention” mechanism,
naturally compressing the representation compared to a tra-
ditional trie. Prefix matches in SRAM are instantly prefill-
complete—if the matched prefix spans the full prompt, de-
code begins with a near-zero TTFT. For matches in DRAM,
the runtime schedules corresponding pages to be loaded into
on-chip SRAM before completing prefill on any unmatched
prompt tokens and then commencing decode. Pages in
SRAM and DRAM are retained until capacity is reached,
then evicted using a LRU scheme.

To guarantee user privacy, Groq’s cloud enforces strict iso-
lation of prefix caches between organizations, preventing
cross-organization cache hits. Despite this restriction, we

Time (7-day window)

Pr
ef

ix
 C

ac
he

 H
it 

R
at

e 
(3

0m
 M

A
)

0%

25%

50%

75%

100%
Model A SRAM Cache Model B DRAM Cache

Figure 7. 7-day window of SRAM and DRAM prefix cache hit rate
on two different model instances in Groq’s public cloud.

Figure 8. Using SD with various draft models on SHIP vs. not
using SD. Target model: Llama3.3-70B. ω: number of accepted
tokens. Speculation length = 6, CL = 4096, P:D = 4.

still observe high cache hit rates in the public cloud environ-
ment, as illustrated in Figure 7. A HBM-based, non-SHIP
system could leverage data parallelism to scale to larger
DRAM capacities and therefore higher TTLs. However,
such an approach requires careful coordination of prefix
placement and routing to maintain load balance (Cao et al.,
2025), since the caches are distributed across many smaller
instances rather than a few large SHIP instances.

5.3 Speculative Decoding for Reduced KV Cache Size

Speculative decoding (SD) (Leviathan et al., 2023; Xia et al.,
2023; Chen et al., 2023) has been adopted in LLM serving
platforms to reduce TPOT—a key SLO (§2.2). In SD, a
smaller draft model predicts multiple candidate tokens that
are then verified by a larger target model, enabling parallel
output token generation and thus lower decode latency. Prior
work (Liu et al., 2024b; Su et al., 2023) has shown that for
GPU-based systems with high batch and short contexts,
SD can hurt efficiency due to its additional overhead and
the already high operational intensity of non-SD. Long-
context scenarios, however, do see efficiency gains in some
cases (Sadhukhan et al., 2025), as the memory-bound self-
attention mechanism dominates runtime (§3.2).

Memory capacity-constrained systems stand to gain fur-
ther from SD. By generating multiple tokens per KV cache
stored, the total memory for KV caches to sustain a given
FLOP/s efficiency is reduced. In a SHIP system, the draft
is inserted as an additional pipeline stage, which must be
adequately provisioned to avoid becoming a pipeline bot-
tleneck. SD thus introduces overhead from the extra draft
LPUs, the additional latency of the draft itself, and from
mispredicted tokens that must be verified and discarded.

A sufficiently high token acceptance rate is therefore essen-
tial for SD to provide a net efficiency gain. The threshold
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at which SD outperforms a non-SD setup for a given accep-
tance rate depends on the draft model’s size and architecture.
As shown in Figure 8, for Llama3.3-70B on SHIP, using
Llama3.1-1B or Llama3.1-3B as drafts can yield substantial
speedups, whereas a Llama3.3-8B draft struggles to match
non-SD efficiency even with high acceptance lengths (ω).
Careful tuning of the draft-target pairing is thus required
for optimal efficiency. Techniques like knowledge distilla-
tion (Zhou et al., 2024) and EAGLE (Li et al., 2025) show
promise for constructing well-aligned drafts.

6 DYNAMIC AND BALANCED PIPELINE

Two main factors determine the processing complexity of a
given token: (1) whether it is a prefill or decode token, and
(2) its context position. Unlike decode tokens, prefill tokens
from a common prompt can share KV cache memory access,
reducing their compute time during self-attention. Varia-
tions in prompt sizes can introduce compute imbalance that
is typically mitigated through chunked prefill (Agrawal et al.,
2023), which partitions prompts into fixed-size chunks. This
strategy is then paired with decode piggybacking, wherein
remaining compute capacity is utilized for decode tokens.
Although this improves over simpler allocation methods, it
still faces inefficiencies. The chunk size that best balances
system throughput, TPOT, and TTFT depends on context
length and the prefill-to-decode token ratio, both of which
vary continuously with traffic conditions (§2.2).

Moreover, token complexity increases with context position,
as each token attends to all preceding tokens. Concurrently
processing decode tokens at markedly varied context posi-
tions can thus underutilize compute resources. Continuous
batching (Yu et al., 2022) mitigates this by iteratively re-
constructing a batch to prevent short-context tokens from
being blocked by long-context tokens. However, this does
not avoid pipeline stalls in PP systems when a short-context
token trails a slower long-context token. In highly pipeline-
parallel SHIPs, these token-level imbalances create pipeline
bubbles that reduce efficiency. We thus employ the fol-
lowing techniques to maximize pipeline efficiency while
minimizing latencies:

Dynamic Chunked Prefill. SHIP employs dynamic chun-
ked prefill, supporting high compute efficiency at chunk
sizes as small as one token, while dynamically scaling up
to larger chunks for improved TTFT. Due to the LPU’s fast
SRAM, prefill chunks of 1–2 tokens are sufficient to saturate
self-attention compute, as the OI in self-attention can ap-
proach or exceed the LPU’s compute-to-memory bandwidth
ratio.1 Such fine-grained chunking enables the runtime
scheduler to flexibly allocate compute between prefill and

1Self-attention OI is 8 in Llama3.3-70B, 16 in Qwen3-235B-
A22B, and 128 in Deepseek-V3.
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Figure 9. Six pipeline stages in a SHIP. Boxes filled with the same
color belong to the same request.

decode tokens. When needed, the scheduler can form larger
prefill chunks to reduce TTFT (Fig. 9). The pipeline ac-
cepts “task IDs” from the runtime—tokens of the same task
are fused into a larger prefill chunk, with attention masks
generated on-the-fly to ensure correct causality.

Dynamic chunked prefill thus allows chunk sizes to adapt
at every pipeline step based on the observed prefill-to-
decode ratio and prompt size distribution. The scheduler
has the flexibility to span prefill chunks across multiple non-
adjacent pipeline stages, with the maximum possible chunk
size able to consume the full pipeline’s compute capacity.

Fused Context-Batch. To eliminate pipeline bubbles
caused by variations in token context position, SHIP en-
forces uniform pipeline stage latencies using a fused context-
batch technique. This follows from two observations. First,
as context and batch grow, self-attention increasingly domi-
nates compute time. Since self-attention efficiency is batch-
invariant during decode, the benefits of batching at long
context are reduced. Second, large context requests can
run out of memory capacity to fit KV caches for increased
batch sizes, especially in SHIP systems where capacity is
limited and KV caches can instead be used for more pipeline
parallel decode tokens.

Given these observations, fused context-batch proceeds:
1. Given a TP→PP system, select a batch size (B) for the

model’s maximum context length (C). This selection
is governed by the available memory capacity2 and the
target TPOT.

2. Fuse B and C dimensions and partition into N chunks,
where N is the maximum batch for any context length.

3. The pipeline receives an N→N mask from the runtime
scheduler that specifies which context-batch chunks to
fuse into a unified context.

This mechanism maintains uniform pipeline latencies—
guaranteed by the determinism of the hardware—while
dynamically adjusting batch and context length in tandem
based on the context positions of every token processed
(Fig. 9). From another perspective, fused context-batch re-

2Bmax = ceil(num kv caches can fit/pipeline depth)
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moves long-context-induced pipeline bubbles by filling idle
time for short-context tokens with additional batching.

Capacity-Filling Prefill. By default, the runtime scheduler
prioritizes decode over prefill. This design choice stems
from the KV-cache capacity constraint on decode: unused
compute slots due to insufficient memory can be filled with
prefill tokens that can share KV-cache, thereby improving
utilization. A prefill-prioritized policy would not only risk
starving compute under decode-heavy traffic, it also leads to
unstable TPOT, as seen in §6.1. While decode prioritization
comes at some TTFT cost, SHIP’s immense scale enables
large prefill chunks to still be formed.

Expert Imbalance. MoE models introduce inherent im-
balance in pipeline-parallel inference, as different token
batches may activate varying numbers of distinct experts at
each decoder layer. Such imbalance also arises in expert
parallelism (EP) (Shazeer et al., 2017), with dynamic re-
allocation of compute-to-experts necessary for maintaining
efficient execution (Liu et al., 2024a). At very large batch
sizes, this effect is dampened if a roughly uniform distri-
bution of expert usage is observed. At smaller batch sizes,
however, executing each token’s experts independently can
better maintain pipeline balance in a SHIP system. This
comes at the cost of low expert weight reuse, with the expert
MatMuls operating with an OI of 1. The high bandwidth pro-
vided by SRAM substantially improves utilization under this
scheme compared to HBM-based architectures. With the
first-generation LPU, we observe that the improved pipeline
balance from per-token expert execution outweighs the loss
in expert compute efficiency. In future generations, how-
ever, larger batch sizes enabled by higher capacity require a
different strategy for managing pipeline imbalance.

6.1 Results

To demonstrate the advantages of SHIP’s dynamic and bal-
anced pipeline, we evaluate performance characteristics of
a real system for different prefill-to-decode token ratios
(P:D) and context lengths (CL). To capture the system be-
havior across a range of request profiles, we measure system
throughput (t/s) and per-user input and output throughput
(it/s/u, ot/s/u) under different P:D and CL. We complement
these controlled experiments with two production traffic
samples from Groq Cloud: one from a reasoning model
and another from a non-reasoning model. As expected, the
reasoning model exhibits a higher average and wider dis-
tribution of context lengths (0.07K–100K), coupled with a
lower average P:D ratio. Full methodology and sampled
distribution details are in Appendix D.

For comparison, we evaluate “SGB200”: a non-SHIP B200
DGX system controlled by SGLang—a leading open-source
LLM serving library (Zheng et al., 2024). Qwen3-235B-
A22B (Yang et al., 2025) is selected as a representative

model, as it is a large, frontier MoE with mature support
in both the LPU and SGLang’s software ecosystem. The
SHIP system is configured to be large (TP=16, PP=95, max
concurrency=380) to highlight its ability to maintain SLOs
across a large distributed deployment. SGB200 is config-
ured with TP=8 and, with mixed chunking enabled, is evalu-
ated under two mixed-batch token budget (MBTB) settings
that cap the total number of tokens admitted to each GPU
iteration. MBTB=16Ki, the default SGLang setting for
B200s, is used as the high-throughput configuration, while
MBTB=2Ki is used as the lower-latency configuration. For
completeness, we show additional results in Appendix D.2
for limiting client-side offered concurrency, as well as re-
sults using vLLM (Kwon et al., 2023).

System Throughput. Figures 10a and 10d capture system
throughput trends as P:D and CL vary. At MBTB=16Ki,
SGB200 is able to achieve very high efficiency at high P:D.
At lower P:D ratios, throughput declines because fewer pre-
fill chunks are available relative to decode demand, reducing
decode piggybacking opportunities (Agrawal et al., 2023)
and leaving execution increasingly dominated by memory-
bound decode attention. Throughput also decreases as CL
grows, since longer contexts increase KV-cache size, plac-
ing greater pressure on memory bandwidth. At sufficiently
large context lengths, HBM capacity further constrains the
maximum achievable batch size. As in SHIP, increasing TP
can mitigate this capacity bottleneck when scaling remains
efficient. NVIDIA’s NVL72 architecture extends NVLink
across larger TP domains (Tirumala & Wong, 2024), in-
creasing effective HBM capacity for large-CL workloads.

In contrast, SHIP maintains system throughput at moderate-
to-high P:D (>8), with low P:D values also achieving
good throughput at smaller CL (<4Ki). Dynamic chunked
prefill—with efficient chunk-size=1 enabled by SRAM—
continuously adjusts prefill and decode balance based on ob-
served P:D, sustaining stable utilization. Memory capacity
constraints in SHIP reduce system throughput with growing
CL, but capacity-filling prefill mitigates this at higher P:D.
Future generations of LPUs will significantly improve the
low P:D, high CL regions by expanding on-chip SRAM ca-
pacity and increasing TP sizes with greater C2C bandwidth
and radix. Performance evaluations of next-gen LPUs are
left for future retrospectives.

Under production traffic evaluations, both systems expe-
rience lower throughput due to the presence of large-CL
requests. Because a request’s total compute and memory
capacity demand grows quadratically with CL, even a few
long-context requests disproportionately reduce throughput.
This effect is particularly visible in capacity-bound systems.
Nevertheless, SHIP exhibits a smaller system throughput
drop relative to its peak compared to SGB200, while achiev-
ing higher absolute throughput in production traffic samples.
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(a) LPU SHIP system throughput (b) LPU SHIP decode ot/s/u (c) LPU SHIP prefill it/s/u

(d) B200 DGX system throughput (e) B200 DGX decode ot/s/u (f) B200 DGX prefill it/s/u

Figure 10. Measured throughput and latency of serving Qwen3-235B-A22B at varying prefill:decode token ratios (P:D) and context
lengths (CL). B200 results measured using SGLang v0.5.8 at different mixed-batch token budgets (MBTB). Relative results normalized to
the peak measured on each respective system. → points mark performance on sampled request size distributions (avg ctx, max ctx) from
Groq Cloud’s production traffic. Non-reasoning model sample is (1.4Ki, 24.3Ki) and reasoning model sample is (3.4Ki, 98.9Ki).

TPOT. The stability of TPOT (inverse of ot/s/u) con-
trasts sharply between SHIP and SGB200 (Fig. 10b, 10e).
SGLang’s scheduler prioritizes prefill tokens to maximize
overall GPU efficiency—reflecting the performance gap be-
tween prefill and decode phases—and to maintain a stable
TTFT. This comes at the cost of decode latency. Optimal
MBTB size for TPOT is further complicated by differing
trends across low and high P:D. At low P:D, a higher frac-
tion of GPU iterations contain only decode tokens, which
use decode-only kernels that run faster than mixed-batch
kernels.3 In this regime, a larger MBTB drains prefill work
more quickly and thus yields more decode-only forward-
pass iterations, lowering TPOT. At high P:D, most decode
tokens are served in mixed batches, so reducing MBTB re-
sults in lower TPOT by shortening mixed-batch iterations.
Disaggregating prefill and decode can help mitigate these
tradeoffs by eliminating prefill-decode interference (§7.3).

In contrast, SHIP’s decode-prioritized scheduling with
capacity-filling prefill sustains consistently high ot/s/u with-
out sacrificing system throughput. Decode latency is further
maintained across varying CL with fused context-batch. As
shown in production experiments, SHIP maintains stable
ot/s/u under real dynamic traffic scenarios, while achieving
significantly higher absolute ot/s/u compared to SGB200.
This stability is essential for meeting stringent TPOT SLOs
and reducing TTFT for reasoning models (§2.2).

TTFT. SGB200 achieves greater it/s/u stability compared
to ot/s/u (Fig. 10f) thanks to its prefill-prioritized schedul-
ing. Reducing MBTB from 16Ki to 2Ki significantly im-
proves it/s/u in these experiments because the request pre-

3POD-Attention (Kamath et al., 2025) has been proposed to
improve mixed-batch kernels, but is not yet adopted in SGLang.

fill lengths (< 8Ki) do not require a 16Ki budget; instead,
MBTB=16Ki mainly batches additional prefills from other
requests, increasing iteration latency. This demonstrates
that even under SGLang’s prefill-prioritized scheduling, a
clear prefill-latency versus throughput tradeoff remains.

Despite prioritizing decode tasks, SHIP maintains stable
it/s/u under fixed traffic (Fig. 10c). High P:D traffic sees
consistently strong it/s/u, while the highest it/s/u occurs
at low P:D and high context (8Ki). This reflects SHIP’s
scheduler leveraging capacity-filling prefill: when large-CL
decode tasks leave pipeline “holes” due to KV-cache limits,
the scheduler opportunistically forms larger prefill chunks.

In production traffic, non-reasoning samples maintain stable
it/s/u, whereas reasoning model samples show a pronounced
drop in SHIP. We again see the quadratic cost of CL: while
long-context requests leave “holes” for prefill, they also
rapidly consume compute capacity, limiting SHIP’s ability
to form larger prefill chunks. Future systems should con-
sider adaptive scheduling heuristics to better balance decode
and prefill under such mixed workloads. Despite its drop in
it/s/u, SHIP still achieves lower mean TTFT than SGB200
across all experiments, including the reasoning sample.

7 DISCUSSION

7.1 Power and Cost

In §6, we demonstrated how SHIP can maintain TTFT and
TPOT SLOs when faced with a wide range of traffic pro-
files. This robustness comes from leaning into SRAM’s high
bandwidth, which makes low-batch decode efficient and re-
duces the tradeoffs that typically come from co-processing
prefill and decode.
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SHIP’s absolute peak efficiency, however, is ultimately
bounded by memory capacity and scalability. In SRAM-
based inference, the limiting factor shifts from bandwidth
to capacity needed to store weights and KV cache, which
typically requires partitioning across hundreds to thousands
of chips. When chip-to-chip bandwidth, radix, or hop la-
tency are insufficient, communication operations introduced
from scaling become exposed on the critical path, reducing
achievable utilization (Fig. 6b).

LPUv1 (GlobalFoundries 14 nm) integrates 230 MB of
SRAM and provides 235 GB/s of aggregate chip-to-chip
I/O bandwidth across 11 logical ports. This bandwidth and
radix provisioning constrained the peak efficiency of SHIP
deployments built from LPUv1, as it resulted in exposed
communication costs that hurt FLOPs utilization. Next-gen
LPUs scale these key architecture properties significantly.

While peak FLOP/s efficiency of SHIP systems does not
match NVIDIA GPU systems, other factors help reduce the
gap in performance per watt and per total cost of ownership.

7.1.1 System BOM and Power Overheads

As described in §2.1 and §4, the system hardware archi-
tecture must facilitate the direct, point-to-point intercon-
nection of a large number of LPUs. A single LPU node
comprises eight dual-width, full-height, three-quarter-length
PCIe Gen4 x16 accelerator cards housed within a standard
4U server chassis. Each accelerator card integrates the pack-
aged LPU chip, 12V-to-1V voltage regulator modules, four
QSFP cages for inter-node and inter-rack optical links, and
seven intra-node passive copper connectors. Within a node,
the eight LPU cards are interconnected in an all-to-all topol-
ogy via passive twin-axial copper cables. Each LPU rack
contains nine such nodes. Inter-node LPU connectivity em-
ploys commercial off-the-shelf quad-25G NRZ CDR QSFP
modules to realize the QuadFour topology (Fig. 4).

The chassis features a standard motherboard equipped with
a dual-socket AMD CPU host and peripherals: 1 TB DDR4
DRAM, a 100GbE network interface card (NIC), 1 TB
SSD for persistent storage, and a Baseboard Management
Controller (BMC) for telemetry and administration. Unlike
conventional host-driven GPU systems, where the CPU
typically orchestrates kernel launches, SHIP systems use a
host only for the initial pipeline invocation and final output
collection. Middle decoder partitions are invoked by the
LPUs themselves (§4.1), reducing host power overhead.

The SRAM-centric design of the LPU eliminates the de-
pendency on expensive, supply-constrained HBM devices
and CoWoS interposers, which constitute a major portion
of both the bill of materials (BOM) cost and the power
consumption in GPU-based architectures. Additionally, the
direct point-to-point networking of LPUs circumvents the

need for any intermediate switches in the scale-up network.
In contrast, GPU systems require a substantial number of
scale-up switches within the node or rack (typically one
switch per two or four GPUs), adding cost and power over-
heads at the system level. For the scale-out network, each
GPU has a dedicated NIC, yielding a 1:1 GPU-to-NIC ratio.

Overall, the LPU system achieves lower provisioned power
per accelerator because it reduces memory, scale-up, and
scale-out overheads, amortizing fixed host-system compo-
nents (CPU, memory, and NICs) across eight LPUs per
node. As a result, the provisioned power of the LPUv1 sys-
tem is 388 W per LPU, compared with 1,788 W per GPU
for a B200 DGX. Thus, minimizing system overheads helps
mitigate some of the efficiency lost in LPU systems.

7.1.2 Power-Aware Scheduling

Further power efficiency is achieved through power-aware
scheduling. To enable this, an instruction-level power model
was derived from RTL simulations and calibrated against
silicon measurements. Given LPU program execution is
deterministic, instruction traces can therefore be statically
converted to cycle-accurate power profiles using this model.
The model further accounts for statically inferrable sparsity
and reduces activity estimates for zero-skipped operations.

During scheduling, the compiler can predict the power pro-
file of candidate schedules and select ones that maximize
compute and I/O utilization while staying within a target
power budget. It can also smooth current transients and re-
duce voltage droop by reordering independent instructions
or inserting short NOP gaps when needed. Together, the
improved utilization and tighter guard bands enabled by this
static, compile-time approach improve power efficiency.

7.2 Benefits and Challenges of Synchronous Execution

A key property of the LPU architecture is its determinism:
a compiler-visible, synchronous execution model that spans
the entire scale-up network of LPUs (§2.1). In building a
high-performance LLM serving system on top of this archi-
tecture, we leveraged that property in several ways, while
also encountering challenges that required careful handling.
One important benefit was the elimination of data synchro-
nization latencies across static dependencies, avoiding la-
tency overheads often seen in asynchronous communication,
which are especially costly in low-batch inference. Static
scheduling also enabled fine-grained overlap of compute
and communication (§4.2), further reducing latency.

Handling dynamic workload structures, however, came with
some overheads. Common dynamic structures in LLMs,
specifically variable context length and expert execution,
were mapped to static shapes with runtime-provided masks
(§5.1, §6) and dynamic data-access via the LPU’s mem-
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ory gather/scatter instructions. Additional non-determinism
arose during prefix caching (§5.2), when cached KV pages
were transferred to/from host-attached DRAM over PCIe.
These transfers had to be carefully managed such that the
resulting re-synchronization overhead could be overlapped
with independent compute when possible.

Execution determinism also made deterministic floating-
point accumulation straightforward and, in our implementa-
tion, incurred no additional performance penalty. This was
particularly useful for debugging accuracy issues when de-
ploying new models. By contrast, GPU reduction libraries
often pay a latency penalty to ensure floating-point repro-
ducibility (Al Awar & Singanaboina, 2026).

Deterministic, statically scheduled execution further en-
abled power-aware scheduling (§7.1.2), improving system
power efficiency. In practice, however, accounting for dy-
namic effects on power—such as chip-to-chip variation
and live temperature—required extensive calibration and
conservative margining against silicon measurements to
cover worst-case behavior. This created some deployment
headaches as the power model matured. Different compile-
time power-threshold settings needed to be evaluated to
identify the configuration that achieved the best power effi-
ciency without violating provisioned power limits.

7.3 Disaggregated Serving

Disaggregated serving (Patel et al., 2024; Zhong et al., 2024)
is a popular mechanism for addressing the challenges of con-
currently processing prefill and decode by separating them
onto different systems—allowing each system to be config-
ured optimally while avoiding the TTFT and TPOT latency
tradeoffs from aggregated serving. This approach comes
with new challenges: (1) transfer of KV cache between
prefill and decode systems increases scale-out network de-
mand, and (2) prefill and decode systems must be throughput
matched based on P:D ratio—a traffic characteristic that is
in constant flux (Fig. 2). NVIDIA’s Dynamo (Mitra et al.,
2026) addresses these challenges by orchestrating requests
across specialized prefill and decode workers and coordinat-
ing KV-cache transfer between them, such that the handoff
overhead is reduced. It also uses load signals of the prefill
and decode workers to detect saturation and independently
scale prefill/decode pools as traffic P:D token ratio shifts.

Disaggregating prefill and decode offers a further oppor-
tunity to use specialized hardware for the two systems.
Leveraging GPUs for compute-bound prefill and LPUs for
memory-bound decode is a natural fit.

Attention-FFN disaggregation has been further leveraged
to improve decode efficiency in large MoE models (Zhu
et al., 2025; StepFun Team, 2025). By separating attention
and FFN execution, the serving system can provision hard-

ware independently for the two dominant components of
decode, each of which has distinct compute and memory re-
quirements. This design can enhance SHIP systems, as was
recently announced at NVIDIA’s GTC conference (Aubrey
& Ghodsian, 2026). In SHIP, a key bottleneck during decode
is limited KV-cache capacity, which increasingly constrains
throughput as context length grows (Fig. 10a). Disaggre-
gating attention from FFNs allows high-capacity GPUs to
store KV-cache while leveraging LPUs for memory-bound
MoE-FFNs. The high SRAM bandwidth available to LPUs
reduces the batch size required to reach high utilization. As
a result, less KV state must be fetched from GPU HBM
per unit of useful compute, mitigating the cost of fetching
KV cache from HBM instead of SRAM. The net result is a
system with both high ot/s/u and high t/s/W. Full evaluation
of these systems is left for future retrospectives.

8 RELATED WORK

While Groq’s LPU-based SHIP was the first production de-
ployment of LLMs with weights and KV cache stored in
SRAM, other work has also proposed leveraging SRAM’s
greater memory bandwidth for inference. (Peng et al., 2023)
proposed a large system of chiplets performing SRAM-
based LLM inference. In terms of production deployments,
Cerebras has also employed SRAM-based LLM serving on
their WSE-3, which employs a mesh network-on-wafer to
connect 900K small cores each containing 48 KiB of SRAM
memory, while using RDMA over Ethernet to scale to sys-
tems of wafers (Lie, 2024). While some of the principles
described in this work are applicable to such a system, the
networking approach stands out as a key difference. Prior
work has also shown success in SRAM-only inference for
other machine learning workloads (Fowers et al., 2018; Abts
et al., 2020; Ahmed et al., 2022; Coburn et al., 2025).

9 CONCLUSION

By rethinking both architecture and software around the
properties of SRAM, we demonstrate that SRAM-based
Huge Inference Pipelines (SHIPs) can deliver state-of-the-
art LLM user experience at scale—simultaneously optimiz-
ing for TTFT and TPOT. The LPU’s synchronous, low-
latency interconnect and compiler-driven execution model
enable efficient scaling at low batch sizes—a key property
of fast-memory systems. Common LLM serving techniques,
including paged attention, prefix caching and speculative
decoding, yield even greater benefits in SHIP systems when
co-designed appropriately. The greater memory-to-compute
bandwidth in SHIP further enables large, balanced pipelines
that adapt to dynamic workload conditions. Together, these
techniques deliver more stable latency and throughput across
varying traffic dynamics compared to DRAM-based LLM
serving solutions.
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