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Generative artificial intelligence (AI), powered by Transformer-based language 
models (LMs), such as OpenAI’s ChatGPT, is rapidly generating a new digital 
landscape. Unfortunately, it is hard to get efficient LM inference by simply scaling 
up the compute elements, particularly on resource-constrained edge AI platforms. 
In this context, we revisit a critical yet often overlooked system component: 
the memory subsystem. We propose a reconfigurable system-on-chip (SoC) 
architecture that dynamically modulates the cache-coherence modes to align with 
the heterogeneous demands of generative LM workloads. Our coherence-aware 
SoC outperforms a commercial edge GPU by yielding 8.12#  higher system efficiency 
when running the OPT-6.7B model, highlighting the potential of system-level 
adaptability as a key enabler for efficient and scalable LM inference.

Generative artificial intelligence (AI) has rapidly 
emerged as an unprecedented force in com-
puting, driven by the success of Transform-

er-based language models (LMs) that generate textual 
and visual content with ground-breaking sophistica-
tion.1,2,3 This technological shift has accelerated com-
mercial adoption, with the LM market valued at US$4.1 
billion in 2023 projected to grow more than tenfold to 
US$53.9 billion by 2032. Such rapid growth amplifies 
the demand for efficient inference infrastructures for 
a rich user experience, especially on edge and embed-
ded platforms with tight resource constraints.

However, delivering high-quality inferences comes 
at a substantial computational cost. The attention 
mechanism, a cornerstone of modern LMs, suffers 
from irregular data movement, low arithmetic inten-
sity, and quadratic scaling with sequence length. For 

example, attention layers can take more than 40 s to 
execute on a resource-constrained ARM CPU, making 
interactive applications infeasible. These limitations 
worsen during token-by-token generation, which of-
fers little opportunity for parallelism and requires re-
peated access to the model parameter with minimal 
reuse, making memory bandwidth and latency the pri-
mary bottlenecks.

Moreover, Transformers consist of computational 
kernels that are intrinsically heterogeneous, including 
dense vector-matrix multiplications, memory-bound 
element-wise operations, and bandwidth-intensive 
cross-attention. The performance and resource de-
mands of each kernel vary significantly with the model 
size and the length of the input–output (I/O) sequence. 
For example, as the input length increases, the memo-
ry activity grows more than three times.4 This diversity 
makes fixed-function accelerators or a single hard-
ware configuration impractical.

Prior efforts have mainly focused on reducing com-
putational complexity by scaling accelerators for large-
scale models, while substantially overlooking a critical 
source of system inefficiency: the memory subsystem. 

THEME ARTICLE: AI FOR HARDWARE AND HARDWARE FOR AI

A Coherence-Aware Runtime 
Reconfigurable System on Chip for Efficient 
Language Model Inference
Je Yang , Columbia University, New York, NY, 10027, USA

Gracen Wallace , IBM Research, Yorktown Heights, NY, 10598, USA 

Joseph Zuckerman , Gabriele Tombesi , and Luca P. Carloni , Columbia University, New York, NY, 10027, USA

0272-1732 © 2026 IEEE. All rights reserved, including rights for 
text and data mining, and training of artificial intelligence and 
similar technologies.
Digital Object Identifier 10.1109/MM.2026.3689025
Date of publication 1 May 2026; date of current version  
17 June 2026.

Authorized licensed use limited to: Columbia University Libraries. Downloaded on August 30,2026 at 23:01:41 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0009-0003-2024-6542
https://orcid.org/0009-0007-6974-4971
http://orcid.org/0000-0003-3081-1077
https://orcid.org/0000-0003-2590-0235
https://orcid.org/0000-0001-5600-8931


34 IEEE Micro

AI FOR HARDWARE AND HARDWARE FOR AI

May/June 2026

In particular, cache-hierarchy configurations and co-
herence modes remain largely underexplored for LM 
inference. This oversight leads to inefficiencies par-
ticularly during the generation phase, where matrix 
transposes occur at every token step, repeatedly ac-
cessing the same memory regions. As a result, coher-
ence-aware data sharing can have a substantial effect 
on performance.

To address this gap, we adopt a system-level per-
spective that reexamines how existing compute and 
memory resources are orchestrated instead of rede-
signing accelerators or merely scaling hardware for 
each new model. We propose a coherence-aware re-
configurable system-on-chip (SoC) architecture that 
dynamically adjusts the inter-accelerator parallelism 
level and selects appropriate cache-coherence modes 
on a per-layer basis. By supporting layer-wise invoca-
tion, a runtime software stack allows the SoC to adapt 
to the computational characteristics of each Trans-
former block. By decoupling hardware specialization 

from software configuration, our approach sup-
ports model-agnostic deployment and accelerates 
time-to-market.

Our comprehensive evaluation demonstrates that 
runtime adaptability unlocks substantial gains in sys-
tem performance by navigating the Pareto frontier 
between coherence-induced latency and resource 
utilization. Relative to a static noncoherent baseline, 
our adaptive strategy delivers a .1 17 # speedup with 

.3 13 # traffic reduction for BERT and a .1 12 # speedup 
with .1 74 # traffic reduction for the OPT family. Con-
sequently, our coherence-aware configuration leads 
to an .8 12 # higher system efficiency when running 
OPT-6.7B, compared to a commercial edge GPU. These 
findings underscore the importance of dynamic opti-
mization of the memory system while balancing the 
limited resources for LM acceleration and suggest 
that system-level configurability may be as critical 
as model- or hardware-level optimization for the next 
generation of edge AI systems.

BACKGROUND AND MOTIVATION
Structure of Language Models
Language models (LMs) operate in two phases: sum-
marization and generation. As shown in Figure 1, these 
correspond to the encoder and decoder blocks of 
the Transformer architecture.1 In summarization, the 
encoder embeds tokens into vectors and processes 
them through blocks containing a multihead attention 
(MHA) module and a feed-forward network (FFN), each 
followed by layer normalization and a residual connec-
tion. Each encoder block projects its input to query 
(Q), key (K), and value (V) matrices, which are used to 
compute attention scores via head-wise matrix multi-
plications and softmax normalization. Since Q, K, and V 
come from the same input, this is called self-attention. 
The FFN consists of two fully connected layers with 
expanded dimensions and a Gaussian error linear unit 
(GELU) activation.

The generation phase exhibits two key differenc-
es. First, unlike the encoder, the decoder operates 
one token at a time, rather than processing the en-
tire sequence in parallel. Second, the decoder uses 
the encoder’s precomputed key and value matrices 
and concatenates them with its own representations, 
while the query remains a single vector correspond-
ing to the current token. Because the query attends 
to external K and V rather than its own, this process 
is termed cross-attention. To generate G output to-
kens, the decoder must be invoked G times, each 
with an incrementally longer target sequence. This 
makes the generation phase inherently sequential and 

FIGURE 1.  Language model architecture and its characteris-

tics. L is the input sequence length, D the model dimension, N 

the number of encoder/decoder blocks, and G the generated 

sequence length.
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limits opportunities for parallelism, whereas the sum-
marization phase benefits significantly from parallel 
computation.

Challenges in LM Acceleration
The sequential nature of LM inference demands con-
tinuous access to new parameters with limited reuse, 
creating a pronounced memory bottleneck. Scaling 
compute or memory bandwidth often fails to yield pro-
portional performance gains, especially during autore-
gressive generation. Although modern GPUs offer high 
computational throughput and memory bandwidth, 
they are optimized for massively parallel workloads. 
When processing a single token, these resources can-
not be efficiently directed to the tensor cores that 
handle vector-level operations, thereby leaving both 
compute and memory underutilized.

Beyond the challenges of parallelism, Transformer 
models also exhibit substantial computational het-
erogeneity across kernel types and sequence lengths. 
Figure 2 shows the profiled floating-point operations 
(FLOPs) and memory operations (MOPs) for the 

encoder and decoder blocks when running two widely 
adopted Transformer-based LMs on a single NVIDIA 
GPU: BERT2 for encoder-based summarization tasks 
and OPT3 for decoder-based generation.

For short sequences, vector-matrix operations in 
the MHA and FFN layers dominate the FLOPs. How-
ever, as the sequence length increases, matrix–matrix 
multiplications become the primary compute driver, 
whereas memory-intensive element-wise operations 
emerge as the dominant contributor to MOPs in the 
encoder. The decoder shows similar trends, though 
with consistently lower sensitivity to element-wise 
operations. This variation highlights the need for 

FIGURE 2.  Per-layer FLOPs and MOPs for each encoder and decoder running BERT and OPT, respectively with sequence lengths 

of 128, 512, and 4096. MOP is the total number of load and store operations.

THIS VARIATION HIGHLIGHTS THE 
NEED FOR FINE-GRAINED 
ARCHITECTURAL ADAPTABILITY THAT 
GOES BEYOND ONE-SIZE-FITS-ALL 
HARDWARE ACCELERATION.
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fine-grained architectural adaptability that goes be-
yond one-size-fits-all hardware acceleration.

In generative workloads, decoder layers repeat-
edly access shared key–value matrices with minimal 
reuse, making coherence-aware data sharing highly 
beneficial. Yet, existing systems lack the flexibility to 
exploit it. These findings expose a fundamental chal-
lenge: Heterogeneous kernel types impose conflict-
ing demands on the memory hierarchy, making any 
single static coherence configuration suboptimal 
across Transformer layers. To address this, we pres-
ent a cache-coherence-aware, runtime-reconfigurable 
SoC that shifts from raw scaling to intelligent orches-
tration via per-layer coherence adaptation driven by 
each kernel’s arithmetic intensity and reuse pattern. 
Our analysis further reveals two nonobvious cache pa-
thologies—the saturation token length and the capac-
ity cliff—that together motivate and validate dynamic 
reconfigurability across model scales and generation 
lengths.

LM ACCELERATOR DESIGN
Accelerator Microarchitecture
We designed the LM accelerator, the main component 
of our SoC, with a system-level design approach that 
leverages latency-insensitive design and high-level 
synthesis to enable faster simulation and broader de-
sign-space exploration.5 As shown in Figure 3, the mi-
croarchitecture of our LM accelerator consists of four 

main modules: instruction controller, data arrange 
unit, reusable scratchpad and vector execution engine.

The instruction controller orchestrates the overall 
execution by decoding configuration registers from 
the host into control signals for the other units. It ar-
ranges the complex dataflow sequences required for 
operation fusion, managing dependencies between 
computational stages and ensuring precise synchro-
nization across the parallel processing in the vector 
execution engine and memory interfaces.

The data arrange unit interfaces with the external 
memory subsystem via dedicated direct memory ac-
cess (DMA) channels. Its primary function is the effi-
cient preprocessing and organization of data streams, 
meticulously arranging incoming data into formats 
suitable for the vector execution engine and pack-
ing outgoing results. A key capability is its on-the-fly 
transformation logic, which, for instance, transposes 
the key matrix as it is streamed from memory during 
MHA. This hardware-level data manipulation elimi-
nates explicit software-managed data reshaping or 
costly round-trips to off-chip memory, significantly 
reducing both latency and bandwidth consumption.

The reusable scratchpad (RS) consists of multi-
ple multibanked on-chip SRAMs, with the number of 
banks matched to the vector lane size ( )V  to maintain 
high-throughput streaming. To mitigate limited on-
chip capacity, we adopt aggressive in-place memory 
reuse. In self- and cross-MHA, operations are fused 
to minimize intermediate memory traffic, especially 

(a) (b)

FIGURE 3.  LM accelerator with coherence-aware runtime reconfigurable SoC. (a) Dataflow with hybrid parallelism. (b) Overview 

of SoC architecture with 3 3#  tile grid with layer-wise invocation.
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for attention scores and softmax-normalized matri-
ces. During fused attention, the query, key, and value 
matrices are loaded into the opA, opB, and opC buf-
fers, respectively. After opA (query) is consumed in 
the first matrix multiplication( ),·query keyT  its space is 
immediately reused to store the softmax-normalized 
scores. This reuse effectively halves the intermediate 
memory footprint, enabling longer sequence support 
under tight capacity constraints. For nonfused opera-
tions, the RS supports a uniform computation pattern, 

,res opA opB opC#= +  covering a broad range of lin-
ear and element-wise Transformer operations.

The vector execution engine (VXE) is the acceler-
ator’s main computing core, designed to execute all 
vector–matrix multiplication, matrix–matrix multipli-
cation (in MHA and FFN), and element-wise operations 
(softmax, layer normalization, and residual addition). 
It contains V multiply-and-accumulate (MAC) units 
arranged in a 1-D vector, followed by a shared, highly 
pipelined nonlinear unit containing dedicated GeLU 
and exponential operators. By decomposing complex 
nonlinear operations into these fundamental compo-
nents, the VXE exploits the common computational 
patterns found across modern LMs, enabling support 
for a wide range of architectures while minimizing 
hardware area overhead.

Accelerator Dataflow
Our LM accelerator employs an output-stationary 
dataflow: Input vectors are broadcast to all V MAC 
units, while weight matrices are streamed during vec-
tor–matrix multiplications. This configuration enables 
the concurrent computation of V output elements, 
maximizing output-level parallelism. To further en-
hance efficiency, our scheduler prioritizes localizing 
the entire accumulation dimension within a single 
tile, thereby eliminating the overhead of storing and 
retrieving intermediate partial sums from off-chip 
memory.

Building upon this stationary dataflow, we employ 
a hybrid intra-layer parallelism strategy to effectively 
manage the large scale of Transformer models. We 
apply model/sequence parallelism for non-MHA oper-
ations such as FFN layers while utilizing head parallel-
ism with kernel fusion for the MHA operation. For FFN 
layers, weight matrices are partitioned column-wise 
or sequence-wise based on the dimension, ensuring 
each accelerator can efficiently process its assigned 
data partition independently.

For MHA in both the encoder and the decoder, 
we employ tightly coupled operation fusion while 
partitioning the data head-wise, with the Algorithm 

reported in Figure 3(a). The fusion process begins 
with a runtime calculation to determine the maximum 
number of query tokens ( )Lc  and attention heads ( )Hc  
that can be accommodated within the available ca-
pacity of on-chip RS (M). Based on this constraint, a 
partial query matrix of shape [ , , ]L H Dc c k  is preloaded 
into the RS. In generation mode ( ),L 1=  this preload 
step occurs only once. For each block of Hc  attention 
heads, the corresponding transposed key and value 
matrices ([ , , ])G H Dc k  are fetched in a single contiguous 
transfer, where G is the number of tokens in the out-
put sentence. The accelerator then executes the fused 
kernel: First, it computes the attention scores via a ma-
trix multiplication between the preloaded query matrix 
and the streamed key matrix. This is immediately fol-
lowed by an on-the-fly row-wise softmax operation. 
The normalized scores are then directly consumed in 
a second matrix multiplication with the streamed val-
ue matrices to generate the final attention outputs of 
shape [ , , ],G H Dc k  which are subsequently written back 
to main memory. This fused execution loop continues 
until all H attention heads are processed. A key advan-
tage of this fused dataflow is that the intermediate at-
tention score tensor is both generated and consumed 
entirely on-chip, eliminating the need for off-chip mem-
ory transfers and enhancing the compute-to-data lo-
cality. This benefit becomes increasingly pronounced 
as the context length G grows because it avoids the 
expensive external transfer of a large G H#  score ten-
sor, especially when .G H&

SYSTEM DESIGN
SoC Architecture
Building on our LM accelerator, we designed a tile-
based heterogeneous SoC to exploit coarse-grained 
parallelism by mapping kernel partitions to separate 
accelerator instances for higher throughput and scal-
ability. To design our SoC, we leveraged ESP,6 an open 
source SoC platform with a scalable tile-based archi-
tecture and flexible system-level design methodology. 
The system incorporates four primary tile types (pro-
cessor tile, memory tile for communication with main 

BUILDING UPON THIS STATIONARY 
DATAFLOW, WE EMPLOY A HYBRID 
INTRA-LAYER PARALLELISM 
STRATEGY TO EFFECTIVELY MANAGE 
THE LARGE SCALE OF TRANSFORMER 
MODELS.
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memory DRAM, accelerator tile, and auxiliary tile for 
I/O peripherals and system utilities) that communi-
cate via a multiplane network-on-chip (NoC).

Processor and Memory Tiles
The processor tile serves as the system’s orchestrator, 
dispatching tasks and configuration commands to 
each accelerator. It features a 64-bit RISC-V CPU core 
with private L1 and L2 caches. Each memory tile has 
a DDR controller and a configurable partition of the 
last-level cache (LLC).

Accelerator Tiles
In ESP, a specialized hardware accelerator is encap-
sulated within a standardized socket providing NoC 
interface, dedicated DMA, virtual-to-physical address 
translation with a lightweight translation look-aside 
buffer (TLB), memory-mapped configuration regis-
ters, and interrupt mechanisms to notify task com-
pletion. An accelerator can communicate with the 
main memory subsystem through the following three 
main cache-coherence modes, which are supported 
by the NoC7:

Noncoherent mode (Non-M): The accelerator ac-
cesses the main memory using DMA transactions 
over dedicated NoC planes, bypassing the entire 
cache hierarchy. 
LLC-coherent mode (LLC-M): DMA requests from 
the accelerator are routed through the LLC, allowing 
reuse of cached data while bypassing the proces-
sors’ private caches. This approach reduces off-chip 
traffic when data reside in the LLC, with DMA traffic 
flowing through coherence-enabled NoC planes. 
Fully coherent mode (Full-M): Memory requests 
from the accelerator can be served at every lev-
el of the memory hierarchy. A coherence bridge 
ensures automatic invalidation of stale cache 
lines, eliminating software-managed cache flush-
ing. This flexibility allows the same accelerator to 
switch cache-coherence modes at runtime de-
pending on the characteristics of the workload 
being processed.

Layer-Wise Accelerator Invocation
A key contribution of our system is a layer-wise invo-
cation model that exploits per-layer heterogeneity in 
Transformers. Beyond coarse-grained parallelism, it 
enables coarse-grained memory-hierarchy config-
urability by dynamically selecting the accelerator’s 
cache-coherence mode for each layer, unlike tradition-
al systems that statically assign hardware resources.

Each Transformer layer, whether a memory-bound 
MHA block or a compute-intensive FFN, is treated as 
an independent scheduling unit. At runtime, the sys-
tem selects an appropriate coherence protocol. For 
example, matrix-multiplications in MHA modules may 
benefit from increased memory bandwidth and LLC 
sharing (via LLC-coherent mode), while FFN layers 
can leverage more compute tiles with relaxed coher-
ence. Leveraging the ESP application programming 
interface,6 the invocation process follows a three-step 
procedure:

1)	 Allocate shared memory buffers for inputs and 
outputs via esp_alloc.

2)	 Populate per-layer configuration registers in the 
target accelerator tile, including TLB entries, co-
herence settings, and tile groupings.

3)	 Trigger execution with esp_run, then release re-
sources with esp_free.

This reconfiguration involves only register writes 
and TLB updates, incurring negligible software over-
head and allowing rapid switching between hetero-
geneous layers without pipeline flushes or recompila-
tion. By decoupling computation from fixed mappings 
and employing coherence-aware adaptability, our SoC 
supports model-agnostic deployment and scalable 
Transformer acceleration through intelligent runtime 
orchestration rather than hardware over-provision-
ing. Although prototyped on the ESP platform, the 
proposed coherence-aware runtime reconfiguration 
relies on standard cache-hierarchy interfaces that are 
broadly available in modern heterogeneous SoCs.

EVALUATION
Experimental Setup
Application Benchmarks
We evaluate our configurable SoC using a benchmark 
suite spanning two foundational LM paradigms: en-
coder-based BERT2 and decoder-based OPT family.3 
We selected BERT-Base (110 M) for summarization 
tasks and a wide spectrum of OPT models, including 
OPT-350M, OPT-1.3B, and OPT-6.7B, for generative 
workloads. This diverse selection scaling up to a billion 

THIS FLEXIBILITY ALLOWS THE SAME 
ACCELERATOR TO SWITCH CACHE-
COHERENCE MODES AT RUNTIME 
DEPENDING ON THE 
CHARACTERISTICS OF THE 
WORKLOAD BEING PROCESSED.
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parameters enables a robust analysis of cache-coher-
ence behaviors across heterogeneous kernel charac-
teristics. To maintain numerical consistency and effi-
ciency, we employed 16-bit floating-point precision for 
all models.

System Implementation
We prototyped the SoC on a proFPGA UltraScale+ 
XCVU19P board with four accelerator tiles (V = 16), 
two memory tiles, a CPU tile, and an I/O tile. We allo-
cated a 32-KB private L2 cache for each accelerator 
and processor tile, and a 0.25-MB LLC partition per 
memory tile. The choice of four accelerator tiles to 
two memory tiles is informed by prior design-space 
exploration,8 which shows that adding more memory 
tiles yields diminishing performance returns relative 
to the associated resource overhead. Instead, sharing 
memory tiles across accelerators, together with co-
herence-mode selection to manage LLC contention, is 
more resource-efficient. To maximize on-chip density, 
our reusable scratchpad employs a hybrid BRAM-UR-
AM architecture. Our design utilizes 18.7% of LUTs, 
7.7% of registers, 65.0% of DSPs, 33.8% of BRAM, and 
80.0% of URAM in total. Each accelerator dissipates 
only 1.1 W with 24.5% of the total DSPs, while the mem-
ory tiles consume 0.6 W, ensuring an energy-efficient 
integration.

Kernel-Level Performance
Figure 4(a) shows the tradeoff between coher-
ence-driven performance and resource utilization 
across representative kernel classes. We report re-
source utilization as the fraction of total resources 
consumed by the instantiated accelerators, and we 
additionally include the cache resources attributable 
to the selected coherence mode (CPU L2 and LLC 
where applicable).

For memory-intensive element-wise operations, 
dynamic adaptation of the cache-coherence mode 
proves critical. The Full-M achieves a .2 89 # speedup 
across configurations, whereas the Non-M remains 
near 1 # even with increased accelerator counts. 
This result demonstrates that for kernels with low 
arithmetic intensity, optimizing data movement via 
coherence protocols is more energy efficient and 
effective than raw hardware scaling. Conversely, 

(a) (b)

FIGURE 4.  System performance analysis under varying memory optimization strategies. (a) Kernel-wise performance: A fixed 

input sequence length ( )L 128=  and the OPT-350M model configuration are used. The black line denotes the Pareto frontier 

points. (b) Scalability with generation length: Performance of the Cross-MHA kernel as the target generation token length (G) 

scales; the four-accelerator configuration is used and the latency is normalized to the noncoherent mode.

THIS DIVERSE SELECTION SCALING 
UP TO A BILLION PARAMETERS 
ENABLES A ROBUST ANALYSIS OF 
CACHE-COHERENCE BEHAVIORS 
ACROSS HETEROGENEOUS KERNEL 
CHARACTERISTICS.
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compute-bound vector-matrix multiplication shows 
limited sensitivity to coherence modes: Performance 
gains here are primarily driven by the scalability of 
accelerator tiles through our hybrid model/sequence 
parallelism.

For attention mechanisms, operator fusion reduc-
es off-chip access for intermediate scores by up to

. .2 87 #  However, coherence benefits vary by kernel 
type. For self-MHA, which is parallelizable across the 
input sequence, the Non-M yields optimal perfor-
mance under resource-constrained scenarios (e.g., 
single accelerator) due to the frequent cache flushing 
for large footprints of query, key, and value tensors. 
Cross-MHA, by contrast, benefits significantly from 
coherence owing to its memory-bound nature. While 
LLC-M delivers progressively larger reductions in off-
chip memory accesses as model scale increases, 

reaching up to .47 6 # for OPT-6.7B, its latency bene-
fit diminishes as the key–value (KV) matrix grows with 
the longer generation token lengths (G). This reveals 
that the performance bottleneck shifts from off-chip 
bandwidth to coherence protocol overhead as the vol-
ume of coherent requests scales with G.

Figure 4(b) further analyzes this sensitivity to 
generation length (G) and model size. Unlike stan-
dard CPU policies that offload KV data to DRAM,9 
our results reveal that maintaining KV cache in the 
LLC/private cache provides significant latency re-
duction until the saturation point is reached for 
edge-deployment. At short contexts (G = 512), Full-M 
execution yields up to 1.98# speedup relative to the 
Non-M baseline, as the KV working set still fits rea-
sonably well within the private caches and the LLC. 
However, as G increases, the total KV footprint grows 

(a)

(b)

FIGURE 5.  End-to-end system performance and comparison with commercial platforms. (a) The black star * denotes the co-

herence mode with minimum off-chip traffic. (b) Yellow and green diagonal lines represent iso-efficiency contours derived from 

latency per token # compute power of our reconfigurable SoC and the NVIDIA Jetson GPU, respectively.

Authorized licensed use limited to: Columbia University Libraries. Downloaded on August 30,2026 at 23:01:41 UTC from IEEE Xplore.  Restrictions apply. 



IEEE Micro 41

AI FOR HARDWARE AND HARDWARE FOR AI

May/June 2026

linearly, eventually exceeding the saturation token 
length—the inflection point where streaming access-
es bypass reuse, causing coherent latency to degrade 
below the Non-M baseline. Empirical results confirm 
that this saturation point is reached earlier for the 
larger OPT-6.7B compared to OPT-350M because of 
its massive parameter density.

Most notably, we observe a nonmonotonic relation-
ship between model size and cache efficiency that we 
define as capacity cliff. The OPT-1.3B model specifical-
ly suffers from severe capacity thrashing and exhibits 
lower hit rates than the smaller OPT-350M model be-
cause its increased number of heads (H) extends the 
data reuse interval of the attention loop beyond the 
effective capacity of the cache hierarchy, causing valid 
lines to be evicted before reuse. In a counter-intuitive 
reversal of this trend, the significantly larger OPT-6.7B 
model recovers a much higher LLC hit rate of approxi-
mately 13.8%. This restoration is driven by the interac-
tion between our fused row-wise softmax tiling strate-
gy and the model’s increased dimension per each head 
( ) .Dk  Unlike the 1.3B model ( ),D 64k =  the larger head 
dimension of the 6.7B model improves spatial locality 
by saturating cache lines more effectively during con-
tiguous memory accesses. Our fusion kernel exploits 
this alignment to maximize data reuse within each 
fetched cache line before eviction. Consequently, the 
system overcomes the raw capacity penalty of the larg-
er model by achieving superior cache line utilization. 
This behavior validates the necessity for dynamic re-
configuration to navigate the tradeoff between capac-
ity limits and reuse benefits, ensuring robust generaliz-
ability across the full spectrum of model scales.

System-Level Performance
Building on our kernel-level analysis, we evaluated the 
holistic end-to-end inference performance, comparing 
fixed-coherence modes with our proposed adaptive 
strategy. Guided by a Pareto frontier analysis, we con-
figure the adaptive system with the maximum number 
of accelerators and a fully enabled cache hierarchy, 
allowing the scheduler to dynamically select the op-
timal coherence mode for each kernel. As illustrated 
in Figure 5(a), our adaptive approach consistently de-
livers superior efficiency by achieving a .1 17 # speed-
up and substantial .3 13 # reduction in off-chip traffic 
for encoder-dominant model BERT, while achieving a 

.1 12 # speedup and .1 74 # reduction in bandwidth con-
sumption for the decoder-based OPT family, compared 
to baseline Non-M. Notably, the benefits of the adap-
tive policy become distinct as model scale grows, ef-
fectively minimizing the external memory penalty that 
typically bottlenecks large-scale inference.

Figure 5(b) benchmarks our system against com-
mercial platforms with vendor-optimized software 
stacks (TensorRT/cuDNN) as a high-performance soft-
ware-managed baseline. Despite operating with sig-
nificantly lower peak compute resources and memory 
bandwidth, our reconfigurable SoC achieves compet-
itive inference latency through efficient heteroge-
neous integration. Quantified by the system efficiency 
(latency per token # power) 1- , our SoC demonstrates 
superior hardware utilization, yielding . ,8 12 #  . ,2 56 #  
and .1 75 # higher efficiency than representative edge 
GPU, server GPU, and server CPU, respectively. Nota-
bly, our full SoC operates at 14.23 W total system pow-
er which fits well within a typical edge deployment 
budget, confirming that the efficiency gains stem 
from coherence-aware orchestration rather than ele-
vated power budgets. These results reinforce our core 
thesis: System-level reconfigurability—particularly in 
memory hierarchy and coherence management—of-
fers a viable, scalable solution for Transformer infer-
ence on resource-constrained edge platforms with-
out relying on costly hardware over-provisioning.

CONCLUSION
Transformer-based LMs have become fundamental 
to modern generative AI systems, while their infer-
ence demands exceed the capabilities of convention-
al architecture, especially in resource-constrained 
edge AI scenarios. In response to this challenge, we 
present a reconfigurable, coherence-aware SoC ar-
chitecture that changes system-level parameters, 
such as accelerator parallelism, memory bandwidth, 
and coherence mode, during runtime. By leveraging 
a layer-wise programming model, our architecture 
tailors the memory subsystem to the distinct arith-
metic intensity and data reuse patterns of each 
Transformer kernel. This approach not only obviates 
the need for kernel-specific hardware redesigns but 
also optimizes the Pareto frontier between latency 
and resource utilization. Ultimately, our reconfigu-
rable SoC achieves .8 12 # higher system efficiency 
compared to a commercial edge GPU, when running 
a billion-scaled model.

Looking ahead, our future work will focus on two 
dimensions of scalability. First, we plan to explore 
inter-kernel pipelining within the accelerator mesh 
to exploit spatial locality between sequential Trans-
former layers. Realizing this requires advancements 
in lightweight synchronization primitives and strict 
cache residency guarantees to minimize pipeline 
stalls. Second, we aim to extend our architecture to 
multichip systems to accommodate working sets 
that exceed single-device capacity. This introduces 
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complexities in distributed coherence and nonuniform 
memory access, necessitating the investigation of re-
mote memory access protocols and coherence-aware 
NoC designs that ensure seamless scaling without 
compromising consistency.

In conclusion, our work demonstrates that sys-
tem-level reconfigurability is a powerful lever for effi-
cient LM inference. By exposing configurable system 
parameters and embracing runtime adaptability, we 
offer an alternative path to specialized hardware: one 
that is more agile, generalizable, and well-suited to the 
evolving demands of next-generation AI workloads.
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