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Sub-billion-parameter language models (SLMs) enable practical on-

device intelligence. However, edge deployment remains constrained by 
memory-bound decode stages and limited batch-level parallelism. Existing 
LLM accelerators, designed for cloud-scale workloads, suffer severe energy 
inefficiency in the decode stage when adapted to multi-request edge settings. 
We propose rDXE, a multi-chip, ring-based decoder engine that introduces 
token-level pipelining to sustain high utilization, low decode latency, and 
reduced memory traffic across diverse requests. Measured silicon results in 
16nm demonstrate 5.26 TOPS/W and 11.16 μJ/token for SLM decode 
workloads. rDXE also integrates a vector recompute (VRC) unit that fuses 
Softmax and RMSNorm with GEMV, and an iWuR KV cache with hardware 
GQA support, achieving up to 4.66× latency reduction for non-linear layers 
and up to 1.31× end-to-end decode speedup. 
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I. INTRODUCTION  
Large language models (LLMs) have permeated many aspects of 

our daily lives, powering chatbots, summarization tools, and assistant 
applications. For many of these use cases, edge deployment is attractive 
due to improved privacy, reliability, latency, and operating cost [1]. To 
support this trend, sub-billion-parameter language models (SLMs) have 
been introduced, trading some accuracy for lower latency and energy. 
However, existing LLM accelerators [6–8], designed for cloud settings 
with abundant token- and batch-level parallelism, suffer degraded 
energy efficiency in the decode stage when moved to the edge. The 
autoregressive nature of decode stage makes it memory-bound: each 
iteration repeatedly incurring expensive external memory access (EMA) 
to reload weights and key-value states. In edge scenarios, limited batch 
sizes further reduce MAC utilization, imposing substantial strain on the 
power budget.  

Notably, keeping all SLM weights on-chip is increasingly feasible. 
Current SRAM densities are unprecedented (38.1 Mb/mm² [2]), 
allowing ~250M INT8 parameters within a 50 mm² SRAM budget 
(roughly half a mobile SoC). This makes SLM practical to store in 
SRAM, eliminating EMA.  

Furthermore, edge devices may need to handle concurrent requests 
from diverse applications, such as voice assistants, healthcare 
wearables, and smart keyboards. While batch-level parallelism can be 
exploited in most linear layers, the attention mechanism is constrained 

by request specific key-value caches and sequence lengths, which 
severely limits parallelism across concurrent user-requests. 

To mitigate these issues, prior work [9] explored multi-user 
scenarios and introduced a software-based solution atop a multi-core 
system, but its scope remains tied to data-center environments. 
Likewise, [10] proposed a scalable multi-core architecture that 
primarily optimizes multi-batch scheduling, but does not target the 
decode stage where each batch contains only a single token’s workload. 
In this paper, we present rDXE, a multi-chip scalable system with 
token-level pipelining that targets the decode stage of SLMs and 
efficiently supports multi-request, multi-token execution on edge 
devices. 

II. CHALLENGES AND CONTRIBUTIONS 
To enable on-device processing, hardware must provide high energy 
efficiency, low memory requirements, and low latency. Edge SLMs 
have been proposed for efficient on-device inference. These models 
can be tuned to specific tasks, with MobileLLM 125M [3] achieving 
only an 8.3% drop on API calling tasks compared to ~56x larger 7B 
models, and MobileLLM 350M achieving a 29.1% gain on chat tasks 
while ~20x smaller. However, as shown in Fig. 1, several key 
challenges remain for efficient on-device inference: 
 Unbalanced Execution Pattern between Prefill and Decode: On-
device SLM inference suffers from a fundamental stage asymmetry: 

 
Fig. 1. System-level challenges of edge SLM inference showing prefill/decode 

asymmetry and multi-request padding overhead. 
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prefill benefits from high token parallelism, while decode remains 
memory-bound and restricted to batch-level parallelism. Each iteration 
triggers repeated EMA, creating a significant energy burden. 

Latency Bottlenecks and Padding Overhead in Multi-Request 
Scenarios: In multi-request settings, overall latency is limited by the 
request with the longest decode sequence. Additionally, requests with 
differing sequence lengths must be padded to a uniform length, wasting 
both energy and processing cycles. Prior selective batching approaches 
[4] cannot resolve the lack of batch-level parallelism in the attention 
stage especially under small SLMs and strict edge power budgets. 

 Non-MAC Operations Lead to Underutilization of MAC: Non-
MAC operations such as Softmax and RMSNorm disrupt the steady 
dataflow of matrix multiplication, reducing MAC unit utilization and 
complicating scheduling. The key–value cache (KV$) further 
introduces substantial memory requirements and bandwidth demands, 
and its asymmetric access patterns for keys and values lead to low 
SRAM utilization and unnecessary stall cycles. 

Motivated by these challenges we propose rDXE, a ring-based 
decoder execution engine designed for efficient on-device SLM 
inference.  Our main contributions are: 

1. Multi-Requests-Multi-Tokens processing: rDXE employs a 
token-level pipeline where each DXE handles one layer or sub-
layer and forwards compact intermediate results to the next. 
This token-level pipelining provides seamless dataflow across 
both prefill and generation stages, sustaining 77.8% utilization 
across diverse workloads while supporting multiple concurrent 
requests. 

2. Vector recompute (VRC): Hardware support for VRC is 
proposed, which fuses non-linear Softmax and RMSNorm with 
linear MAC operations, achieving up to 1.31× latency saving. 

3. Optimization of On-chip Buffers: An irregular-write, 
uniform-read (iWuR) scheme mitigates underutilization of 
KV$ bandwidth and achieves further latency savings up to 
1.54×. We also demonstrate the first hardware implementation 
of group query attention (GQA) [5] through vertical links 
(VLINK), which can significantly reduce KV$ capacity 
demand. Furthermore, adaptive dataflow—TB broadcast to all 
DXTs and rr-SRAM unicast within DXT—enhances data reuse 
and reduces memory traffic.   

III. PROPOSED TRANSFORMER DECODER ACCELERATOR 
Fig. 2 illustrates the zoom-in microarchitecture of a single DXE, 

which can be extended to an rDXE for larger model support. It consists 
of an I/O interface, a token buffer (TB), a top-level controller, a global 
post-processing unit (GPPU), and eight decoder execution tiles (DXT). 
The TB receives input tokens from the I/O interface and flexibly 
delivers them via multicast to all DXTs. Each DXT integrates 16 
vector–accumulate cores (VACs) connected through a 32-bit global bus 
(GBUS), along with two local data-reuse buffers: a row-reuse SRAM 
(rr-SRAM) for reusing recent outputs and an activation-reuse buffer for 
repeated activation access. A dedicated vector engine (VE) within each 
DXT computes the RC factors, which will be broadcast to the 
recompute unit (RCU) of each VAC, for VRC, and generates GELU 
activation outputs. Inside each DXT, VACs are linked via horizontal 
links (HLINK), forming a systolic input datapath. Combined with the 
local reuse buffers, this structure maximizes both temporal and spatial 
reuse of activations. Each VAC contains a multiply-and-accumulate 
(MAC) unit of 16 multipliers, a local post-processing unit (PPU) for 
quantization and GBUS communication, and an RCU for VRC support. 
To reduce wiring delay and power in this memory-centric design, every 
VAC is equipped with local KV$ and WMEM.  

A. Multi-Requests-Multi-Tokens processing in rDXE 
To maintain high hardware utilization across both stages, each DXE 

is designed to process a single token, thereby enabling a unified data 
flow. DXEs are organized in a ring (rDXE), with each DXE assigned 
to process one or more layers for a single token from a request at each 
time step. For example, as illustrated on the left of Fig. 3, a 
configuration with four DXEs (each containing weights for two layers) 
handles tokens from Users #0 to #3 in the pipeline. When User #3’s 
request is fully served, their computation completes early, immediately 
freeing resources for User #4’s request. This approach eliminates 
redundant computation and storage, such as zero padding (to align 
token lengths in prefill) or waiting for the slowest batch in decode, 
allowing users to finish early or join late. Relative to a baseline 
supporting 8-way and 16-way simultaneous vector dot-product 
execution, rDXE delivers 32.7% and 52.4% higher utilization, 
respectively. The I/O interface supports 16-channel quad-SPI with a 
bandwidth of 800 Mb/s. The interface transfers only one token during 
the computation of the previous token, thereby minimizing overhead 

 
Fig. 2. Microarchitecture of a single decoder execution engine (DXE) with DXT, VAC, 
KV cache, and VRC paths. 

 
Fig. 3. Unified Token Stream and Multi-Requests–Multi-Tokens Execution Support in 
rDXE with Layer Sharing. 

https://arxiv.org/abs/2305.13245


and hiding I/O latency. This enables the rDXE to support token-level 
pipelining, ensuring scalable Edge SLM execution under concurrent 
multi-request workloads. Additionally, the reconfigurable interconnect 
between DXEs enables flexible layer-sharing patterns. Unlike [1], 
which had to use immediate block-wise sharing to avoid GPU cache 
movement, rDXE’s ring topology keeps weights stationary and 
circulates tokens. This supports symmetric and sequential sharing, 
reducing perplexity by 25% without increasing on-chip memory. 

B. VRC: Fusing Nonlinear Normalization with Linear GEMV 
Conventional accelerators execute nonlinear operations (e.g., 

Softmax, RMSNorm) sequentially with linear MAC processing, which 
lowers MAC utilization, and increases overall latency.  Prior work [10] 
applies polynomial approximations to nonlinear layers and 
additionally uses delayed statistics with rollback to recover accuracy 
when approximation errors occur. This approach introduces detection 
circuitry and incurs latency penalties whenever rollbacks are triggered. 
Another design [6] also relies on polynomial approximation and reuses 
the MAC units for Softmax, but it does not reduce the overall latency. 
In both cases, the use of polynomial approximations leads to degraded 
numerical precision. We propose VRC, which fuses these nonlinear 
stages directly into the GEMV pipeline without compromising 
precision. As shown in Fig. 4, the input token is simultaneously fed to 
both the MAC unit and the vector engine (VE). For RMSNorm, the 
MAC computes the dot product using weights pre-merged offline with 
the RMSNorm gain factor, while the VE computes the reciprocal RMS 
(RC factor). The MAC’s outputs are recombined with the quantized 
RC factor (25b) broadcast to the RCU of each VAC.  InvSqrt operation 
for RC computation is implemented with a fast Newton–Raphson 
method. For Softmax, obtaining the maximum value of Q×K is 
performed during the write back of its result previous to P×V stage. 
During P×V stage, The VE simultaneously computes the reciprocal 
exponential sum (RC factor) while MAC executes dot products with 
V. Both VRC designs reduce power and area by fully pipelining the 
non-linear functions, eliminating large on-chip buffers for feature 
storage and reusing quantization units from VACs. This fusion 
achieves 93%/94% area reduction and 30%/81% power reduction for 
Softmax/RMSNorm. It achieves up to 4.66× latency reduction for the 
non-linear operations alone and improves end-to-end latency by up to 
1.31× on a single OPT-350M layer with only a slight accuracy loss 
from quantization. 

C. On-Chip Databuffer Optimization 
We show that by carefully accounting for dataflow, we can reduce 

on-chip buffer (KV$, rr-SRAM, TB) footprint and access energy, 
while increasing local data reuse—features that are especially 
favorable for edge applications. As shown in Fig. 5, our GBUS and 
VAC caches support the iWuR scheme: during K writeback, each K 
output from a VAC is sent to other VACs. Inside each VAC, the KV$ 
supports byte-level writes with K stored row-by-row. V values are 
written back only to the local VAC, stored column-by-column. This 
organization enables uniform, low-latency reads of K and V. In the 
MT5-small model, iWuR improves utilization by up to 25% over 
baseline and yields 1.36×–1.54× latency reduction across workloads. 
Furthermore, VLINK enables GQA by reconfiguring KV$ across 
DXTs, allowing KV sharing across attention heads. On GPT2-small, 
sharing KV across 3–6 heads increase validation loss by only 0.041% 
– 2.5%, while reducing KV$ required capacity by up to 83%. TB 
supports broadcast mode within each DXT, while the rr-SRAM in each 
DXT enables unicast mode. During attention layer, heads are split 
along the output-channel dimension, aligning naturally with broadcast 
mode; later projection layer acts on all heads together, aligning with 
unicast mode. Same kind of pattern also applies to MLP layer in our 
dataflow. This organization increases data reuse and reduces traffic 
between TB and rr-SRAM. 

IV. RESULTS 

A. Chip Level Evaluation 
We prototyped a single DXE in 16 nm FinFET technology with a 

total area of 14.21 mm² as shown in Fig. 6. The DXE operates from 
12.5 MHz to 200 MHz across a supply range of 0.56 V–1.0 V, 
consuming 18.95 mW–281.01 mW. 

Reported energies are normalized using the highest reported 
efficiencies: 189.8 TOPS/W [8], 88.36 TOPS/W [6], and 47.8 TOPS/W 
[7]. For a MT5 model’s decoder layer (d_model = 512, n_head = 6, 
d_ffn = 1024), the #Ops include QKV, Q×K, P×V, projection, and FFN 
layers. The EMA reduction reported in prior works is 87.5%, 75.7%, 
and 73%. Leveraging a scalable multi-chip configuration, our design 
places all weights on-chip, requiring only a single weight load at 
initialization. In contrast, even assuming prior works can amortize one 
initial weight load across all input tokens, their decode stage still 
requires reloading weights once per generated token. Under these 
settings, as illustrated in Fig. 7, rDXE achieves 11.6 µJ/token and 5.26 

 
Fig. 4. VRC fuses the GEMV with Non-linear operation, reducing latency without 
compromising precision. 

 

 
Fig. 5. iWuR, GQA KV sharing, and broadcast/unicast flow for on-chip dataflow 
optimation. 



TOPS/W, with even greater benefits expected as the output-to-input 
token ratio increases. 

B. System Level rDXE Evaluation 
We further assessed system-level inference throughput in Fig. 8. 

With 7 DXEs yielding 99.47 mm2 in 16nm, it is affordable in mobile 
devices, given mobile SoCs today exceed 100mm2 even in more 
advanced technologies (sub-5nm). rDXE reaches 4412 tokens/s on the 
GPT-2 model, demonstrating its effectiveness for decoding workloads 
in edge SLM deployment. 

V. CONCLUSIONS 
This work presented rDXE, a scalable decoder engine tailored for 

edge SLM inference. By introducing token-level pipelining, rDXE 
sustains high utilization across multi-request, multi-token workloads. 
Our VRC mechanism fuses nonlinear operations with MAC compute 
to reduce latency, while the iWuR KV$ and hardware-efficient GQA 
design lower memory pressure and mitigate stalls. Together, these 
techniques deliver a highly efficient decode pipeline that overcomes 
the memory-bound nature of edge inference, enabling fast, low-energy 
on-device processing. 
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Fig. 6. Measurement results and comparison table 

 

 
Fig. 8. Die photo of the DXE (left) and system level specification table (right) 
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Fig. 7. Energy efficiency and system energy consumption degrade as output/inputtoken 
ratio increases. 
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