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Abstract—We present GPU-64, a power-efficient 64-bit GPU
architecture optimized exclusively for Large Language Model
(LLM) inference. GPU-64 inherits the revolutionary Content-
Addressable Memory (CAM) based KV-Cache from GPU-256,
achieving O(1) lookup latency while consuming only 75W. Key
innovations include: (1) compact 64-bit registers enabling 16,384
KV-Cache entries per SM (4× more than GPU-256), (2) 8×8
tensor cores optimized for FP16/INT8 inference, and (3) edge-
friendly LPDDR5 memory interface. GPU-64 achieves 4× in-
ference speedup compared to traditional GPUs while enabling
deployment in power-constrained environments.

I. INTRODUCTION

Edge AI deployment requires a different optimization target
than datacenter GPUs. While GPU-256 targets both training
and inference at 300W, many applications need:

• Low power consumption (<100W)
• Small form factor (edge/mobile)
• Maximum inference throughput
• Long context support

GPU-64 addresses these requirements by focusing exclu-
sively on inference optimization.

II. ARCHITECTURE

A. 64-bit Register Format

GPU-64 uses a compact 64-bit register structure:

Ri = KEY︸ ︷︷ ︸
32

∥V ALUE︸ ︷︷ ︸
32

(1)

The VALUE field holds 2×FP16 or 4×INT8 for vectorized
inference.

B. Streaming Multiprocessor

TABLE I
SM CONFIGURATION

Component Specification

Execution Cores 64 × 64-bit SIMD
Tensor Core 8×8 MMA unit
Precision FP16/INT8
KV-Cache 16,384 entries (4× GPU-256)
Shared Memory 256KB
Register File 16 warps × 32 regs

TABLE II
KV-CACHE COMPARISON

Parameter GPU-256 GPU-64

Entry Size 256 bits 64 bits
Entries/SM 4,096 16,384
Total Entries 32,768 65,536
Batch Lookup 8 parallel 16 parallel
Lookup Latency 1 cycle 1 cycle

C. Hardware KV-Cache: The Core Innovation

The 64-bit architecture enables significantly more KV-
Cache entries:

The 4× increase in KV-Cache entries directly translates to
longer context support:

Max Context =
Total Entries

Layers × Heads
(2)

For a 7B model (32 layers, 32 heads): 65536
32×32 = 64 tokens

in hardware cache per head.

III. MEMORY HIERARCHY

TABLE III
MEMORY SPECIFICATIONS

Level Size Bandwidth Latency

Register File 64KB/SM 2 TB/s 0 cycles
Shared Memory 256KB/SM 2 TB/s 5 cycles
KV-Cache 128KB/SM 1 TB/s 1 cycle
L2 Cache 2MB 500 GB/s 50 cycles
LPDDR5 16GB 102 GB/s 200+ cycles

IV. INFERENCE ACCELERATION

A. Traditional GPU Flow

For each token:
Load K,V from memory ; O(N) bandwidth
Compute attention ; O(N) compute
Store K,V to memory ; O(N) bandwidth

B. GPU-64 Flow

For each token:
KVPUT K,V ; O(1) - on-chip CAM
KVBATCH (16 keys) ; O(1) - parallel CAM
8x8 Tensor MMA ; Hardware accelerated
; Zero memory traffic for cached tokens!



TABLE IV
INFERENCE PERFORMANCE (BATCH=1)

Model Traditional GPU-64 Speedup

1B params 200 tok/s 800 tok/s 4×
3B params 100 tok/s 400 tok/s 4×
7B params 50 tok/s 200 tok/s 4×

V. PERFORMANCE ANALYSIS

VI. POWER EFFICIENCY

TABLE V
POWER COMPARISON

Metric GPU-256 v2 GPU-64

TDP 300W 75W
Inference tok/J 0.67 2.67
Form Factor PCIe Edge/Mobile
Cooling Active Passive possible

GPU-64 achieves 4× better energy efficiency for inference
workloads.

VII. IMPLEMENTATION

TABLE VI
PHYSICAL IMPLEMENTATION

Parameter Value

Process Node TSMC 7nm
Streaming Multiprocessors 4
Clock Target 1.2 GHz
Die Size 100-150 mm2

Transistors 15-20B
TDP 75W
Memory LPDDR5 (102 GB/s)

VIII. USE CASES

• Edge AI: On-device LLM inference
• Mobile: Smartphone AI assistants
• Embedded: Automotive, robotics
• IoT: Smart home, wearables
• Datacenter: High-density inference nodes

IX. CONCLUSION

GPU-64 demonstrates that the O(1) KV-Cache innovation
from GPU-256 scales effectively to power-constrained envi-
ronments. By focusing exclusively on inference and using 64-
bit registers, GPU-64 achieves the same 4× speedup as GPU-
256 while consuming only 25% of the power. The 4× increase
in KV-Cache capacity enables longer context handling, making
GPU-64 ideal for edge deployment of conversational AI.
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