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Search as an important class of computation kerne
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Growing use of associative search in Al/ML workloads
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Al and memory wall

Al and Memory Wall
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‘The evolution of the number of parameters (410x) of SOTA Al models
over the years, along with the Al accelerator memory capacity (2x)’

A. Gholami, et.al, IEEE Micro Journal, 2024



Memory wall in conventional computing platforms
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Reduce memory transfer overhead is critical!



In-memory search via
content addressable memory



In-memory search: Content-addressable memory (€

1 CAM => Associative memory (AM)
»Support parallel search

»Widely used in high-associativity cache, network router, etc.
»Growing use in data analytics, machine learning, vector processing
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Choices of memory device technologies for CAMS
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NVM opens doors for desighing
more sophisticated CAM functions



CAM data representations

Generic CAM array structure
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CAMs based on different memory technologies
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Different types of match for T/MCAM
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2-FeFET MCAM design implement other distances

1 Conventonal B/TCAM uses Hamming distance; can other distances be
implemented?

> Yes!
ML
4 V;and V,, assignment problem: ‘
» Find the optimal V; and V, for each state VQ-l Vr _||-
» Minimize the error between each CAM distance and the desired distance

» Define necessary constraints

CAM distance desired distance
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CAM for complex and large-scale search



How big can a single CAM array be?

1 Sub-array size, particularly # of columns, cannot be too big!
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J How to support high dimensional vectors with small CAM subarrays?

1 How do architectural solutions impact accuracy, energy, latency?



Hierarchical CAM architecture
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Scatter and gather
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Gather schemes and limitations

Match Type H°ﬂf“|’;ta' Vertical only | MOnZomal S
Exact AND Merge AND and Merge
Best Voting Comparator N/A

Threshold N/A Merge N/A

M Merge without error

Gather with approximation error!
B No effective gather schemes proposed yet!!



Cross-layer design choices in CAM-based accelerators
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CAMASIm: CAM-based accelerator simulator
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https://github.com/ND-IMC/EvaCAM-V1.0
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Case study and look forward



Case study: Memory-augmented neural nhetwork:

CPU/GPU based approach
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» High-dimension embedding = Horizonal gather is required
» Majority voting used here
= What is the best design configuration considering gather errors?
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Impact of embedding and subarray size
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Impact of device variation and sensing limit

Robust to noise!
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Looking forward

el

Explicit source-

Data size exceeds the capacity of NVM Gererator wformesd arsuer

based memory E‘!._,; >
» Hardware-aware compression . O - 1 K

= Hierarchical and hybrid CAM architectures [ 5>
= Write overhead and endurance limitation ' {j )

= |ntelligent scheduling and mapping schemes r : ML,
= NVM and analog circuit non-idealities TR -

. A 4

Pre

Search data reg |5ters

.

Use of associative search in retrieval augmented generation for
Large Language Model (LLM)



	Slide 1: Challenges and Opportunities in Accelerating  Large-Scale Search Using NVM-based In-Memory Computing
	Slide 2: Search as an important class of computation kernels
	Slide 3: Growing use of associative search in AI/ML workloads
	Slide 4: AI and memory wall 
	Slide 5: Memory wall in conventional computing platforms
	Slide 6: In-memory search via  content addressable memory
	Slide 7: In-memory search: Content-addressable memory (CAM)
	Slide 8: Choices of memory device technologies for CAMs
	Slide 9: NVM opens doors for designing  more sophisticated CAM functions
	Slide 10: CAM data representations
	Slide 11: CAMs based on different memory technologies
	Slide 12: Different types of match for T/MCAM
	Slide 13: 2-FeFET MCAM design implement other distances
	Slide 14: CAM for complex and large-scale search
	Slide 15: How big can a single CAM array be?
	Slide 16: Hierarchical CAM architecture
	Slide 17: Scatter and gather
	Slide 18: Gather schemes and limitations
	Slide 19: Cross-layer design choices in CAM-based accelerators
	Slide 21: CAMASim: CAM-based accelerator simulator
	Slide 22: Case study and look forward
	Slide 23: Case study: Memory-augmented neural network (MANN)
	Slide 24: Impact of embedding and subarray size
	Slide 25: Impact of device variation and sensing limit
	Slide 26: Looking forward

