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3D Die Stacking
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3D-Stacked Commercial Products

e HBM

o Stacked DRAM layers

o Energy-efficient, high
bandwidth memory
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3D-Stacked Commercial Products

AMDZN 3D CHIPLET TECHNOLOGY

e 3DV Cache

Structural silicon

64MB L3 cache die

o L3 Cache die on top of
CCD Direct copper-to-copper bond

Through Silicon Vias (TSVs) for
silicon-to-silicon communication

Up to 8-core “Zen 3" CCD

A PACKAGING BREAKTHROUGH FOR HIGH-PERFORMANCE COMPUTING

AMD 3D V-CACHE PROTOTYPE PICTURED
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3D-Stacked Commercial Products

AMDZN 3D CHIPLET TECHNOLOGY

e 3DV Cache

Structural silicon

64MB L3 cache die

o L3 Cache die on top of
CCD Direct copper-to-copper bond

Through Silicon Vias (TSVs) for
silicon-to-silicon communication

Up to 8-core “Zen 3" CCD

A PACKAGING BREAKTHROUGH FOR HIGH-PERFORMANCE COMPUTING

AMD 3D V-CACHE PROTOTYPE PICTURED

Our Vision: Further demonstrate the potential of 3D stacking through more
drastic architectural changes
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Memory-Stacked GPU Architecture

e TSVs have low connection density

o Cannot split fine-grain structures
across dies

o Memory stacking

Connection

TSV ‘ 2D wire

Pitch

‘ 20um’ ‘ 50nm?

1. K. -I. Moon, et. al., IEDM 23
2. S. Liao, et al., IEDM 24
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Memory-Stacked GPU Architecture

e GPUs are relatively simple

o Replicated structures

o Concentrated workloads
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Workload: LLM Inference
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Workload: LLM Inference
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Disaggregated Serving: Use separate devices for prefill and decode
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Memory-Stacked GPU for LLM Decode

e Stack layer as a NUMA node
o Lower latency
o Higher capacity
o Higher bandwidth
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Memory Latency Reduction

e GPU mem latency ~300ns

e Stack layer can reduce ~200ps
latency’

e GPU architecture is latency tolerant

Delay (ns) 0 360 1800
Ex Time (us) 73.9 77.9 268.9
Diff (%) - 5.4 263.9

1. H. Suh, et. al., EPEPS 24
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Memory Capacity Increase

e \With larger capacity

o Serve larger, more capable
models

o Longer context

o Batch more requests at each
step
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Memory Capacity Increase

e \With larger capacity

o Serve larger, more capable
models

o Longer context

o Batch more requests at each
step

To increase capacity

©)

©)

Multiple GPUs per node

Multiple nodes per model

NX increase
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Memory Capacity Increase

e Additional memory from stacking e To increase capacity
o ~1GB of SRAM o Multiple GPUs per node
o ~20GB of DRAM o Multiple nodes per model

e H100 has 80GB of HBM

. NXx increase
o 25% increase

o Not cost-effective
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Memory Bandwidth Increase

Layer Name  OPs Memo‘r.y Arllhl’l?f?tlc s Bound

. .. . Access Intensity Performance

e Decode has low arithmetic intensity —

q-proj 34M 34M | 768G memory
o Optimal value for H100 is ~141  kproj  33M  34M : 1686 memery
V_proj 34M 34M | 768G memory
0_proj 34M 34M | 768G memory
: gate_proj 90M 90M 1 768G memory
© Behaves Ilke data scan up_proj 90M 90M | 768G memory
down_proj 90M 90M 1 768G memory
gk_matmul 17M 17M 0.99 762G memory
sv_matmul 17M 17M 0.99 762G memory
: — softmax 328K 262K 1.25 960G memory
2X bandWIdth == 2X Speedup norm 29K 16K 1.75 EF memory

add 4K 16K 0.25 192G memory
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Memory Bandwidth Increase

e Decode has low arithmetic intensity e 132 SMs in H100
o Optimal value for H100 is ~141 e Memory can saturate ~ 1 SM

o Behaves like data scan

2x bandwidth => 2x speedup
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Memory Bandwidth Increase

e Decode has low arithmetic intensity e 132 SMs in H100

o Optimal value for H100 is ~141 e Memory can saturate ~ 1 SM

o Behaves like data scan
Replace surplus compute with

TSVs for high memory bandwidth?
2x bandwidth => 2x speedup




