
Motivations: Memory-Bandwidth Bottleneck Motivations: Reduce Active Memory Footprint

LtRAM Chiplet Design:

LtRAM Chiplet Summary:

LtRAM Chiplet Density and Energy Benefits:

Feature Specification
Density & Granularity 0.32 GB/mm2; 1250 ports/mm2; 32 KB Banks
Area-scalable Bandwidth < 2.32 TB/s/mm2 (scalable from 40 mm2 to wafer-scale)
Read Latency < 8ns (4-stage pipelined random-access, < 2ns per stage)
Read Energy ~0.01 pJ/b
Read Voltage < 500 mV
Write Latency < 16 ns (8-cycle write)
Write Energy 0.04 – 0.06 pJ/b
Write Voltage 1.5 V

Write Endurance 1012 cycles

Long-term RAM (LtRAM) Quantitative Analysis Framework

Memory-Compute Integration:

Time PartitioningExpert Pipelining

▪ Dedicated expert per package
▪ Concurrent full batch execution
▪ Queries held during batch collation (overhead)

▪ Experts interleaved across packages (load balanced)
▪ Pipelined model execution, single query per stage
▪ Queries streamed in and launched (no overhead)

Composition of Experts Execution Modes:

Agentic Workload Modeling:

S. Jain et al., ‘Composition of Experts: A Modular Compound AI 
System Leveraging Large Language Models’, 2024

Off-Chip Memory (HBM) On-Chip Memory (LtRAM & SRAM)

Iso-Silicon Comparison

Performance Metrics:

Quantitative Analysis Results

Long-Term RAM – Key Benefits 

Query Response Time Aggregate Token Throughput
▪ Time to complete one inference query (I + 

O)
▪ Tokens processed per second (I + O)

Memory Capacity per Query 
Throughput 

Silicon Area per Query 
Throughput

▪ Total memory (KV cache + weights) 
needed per query/sec

▪ Total accelerator area (mm²) needed 
per query/sec

1. Compute-Bound Query Processing
▪ Enables sustained throughput scaling at near iso-latency
▪ Unlocks peak compute utilization across pipeline depths

2. Compact Active Memory Footprint
▪ Reduced per-query memory footprint 
▪ Multi-query concurrency with minimal memory overhead

3. Throughput-Dense Silicon
▪ Near-linear throughput scaling with chip count
▪ Iso-throughput targets with significantly fewer accelerators

A. Gholami et al., ‘AI and the Memory Wall’, 2024
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Background knowledge & Motivation

Fig.1. The scaling of parameters and decoder layers in large language model [1]

▪ Goal: New energy-efficient AI hardware for neuromorphic computing
▪ Accelerate data retrieval in language model
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GPT-4
1.76 trillion?*

Decoder8

GPT-3
175 Billion*

GPT-2
1.5 Billion*

GPT-1
117 Million*

*Parameters

120?

Synaptocentric (GPU) [3] Axocentric (SNN) [4] Dendrocentric [5]

▪ Time dependent
▪ Event driven
▪ Run in parallel but overheat 

▪ Sequence dependent
▪ 3D chip
▪ Run in parallel w/o overheat

Input spike train

Pre-neurons

Post-neurons

Output spike train
Shared Memory

Registers Registers

Thread 0 Thread 1

Local 
Memory

Local 
Memory

Global Memory
Constant Memory
Texture Memory

Block 0

▪ Matrix multiplication
▪ 2D chip
▪ Synchronized clock

Experimental results

▪ Sequence detection demonstrated by 3-gate IGZO FeFET
▪ Nanodendrite fires when the sequence is correct
▪ Tolerance to repeated-gate perturbations 

▪ Needs a 15X faster processor and a 170X bigger battery to run GPT-3*
▪ High memory density
▪ Parallel operation in 3D chip

▪ Applied pulse to m out of n wires:
▪ Keep m constant, increase n → activity scales as 1/n
▪ Heat generates as volume: n2

▪ Heat dissipates as surface: n2

→ scales as power 1 → parallel operation

1.5 1

3D & Dense

3D & Sparse

Run GPT on the edge

▪ Heat generates as volume: n3

▪ Heat dissipates as surface: n2

→ scales as power 1.5 → overheat → series operation

*compared to today’s smartphone

Fig. 2. 3D and sparse human brain scales in linear scale [2]

Fig. 5. (a) Exhaustive permutation test of the three-gate IGZO/HZO nanodendrite. The correct
order 1-2-3 (green) drives ID to the 100 µA compliance limit, while the five incorrect
permutations (red) stay ≥10× lower, establishing a clear discrimination margin (b) Tolerance to
repeated-gate perturbations. Device response to challenging patterns that revisit one gate
within the three-pulse train. The correct 1-2-3 order (green) again hits compliance, whereas
sequences such as 2-2-2, 1-1-3 and 2-2-1 (red) remain 10²–10⁴ times weaker, demonstrating
robust rejection of spurious or duplicated pulses.

(a) (b)

Fig. 8. (a) SEM (plan-view) and TEM (cross-section) images of the three-gate IGZO FeFET
nanodendrite, showing the abrupt HZO/IGZO interfaces. (b) STEM–EDS maps confirming element
localization and absence of interdiffusion

Fig. 6. Sentaurus TCAD simulation of a three-gate
IGZO/HZO nanodendrite. (a) Cross-section. (b–c) Correct
G1→G2 pulse localizes field and bends bands, enabling
switching. (d–e) Incorrect G2-only pulse yields weak
field and flat bands, preventing switching.

Fig. 9. (a) ≤400 °C bottom-gate IGZO/HZO FeFET process. (b) Single-gate device shows 5 V memory window.
(c) 10 MFM loops yield median Pr ≈ 16 µC/cm², Ps ≈ 24.5 µC/cm². (d) 10 PUND confirms EC ≈ ±3 MV/cm.

▪ New concept of sparse computing → using pulse sequences into a dendrite (a) Parallel processing within 3D neuromorphic architectures (b) Avoids over-heating of traditional computation

▪ First demonstration: BEOL-compatible multi-gate FeFET as an electronic dendrite

▪ An atomically sharp HZO/IGZO interface enables read-after-write delay  5 µs 

▪ Built and tested nanodendrite → Has highly selective sequence discrimination capabilities

Conclusions & References

[1] Jay Alammar
[2] The Human Advantage A New Understanding of How Our Brain Became Remarkable
[3] An, S.; Seo, S.C. Efficient Parallel Implementations of LWE-Based Post-Quantum Cryptosystems on Graphics Processing Units. Mathematics 2020, 8, 178. 
[4] Roy, K., Towards spike-based machine intelligence with neuromorphic computing. Nature 575, 607–617 (2019)
[5] Boahen, K. Dendrocentric learning for synthetic intelligence. Nature 612, 43–50 (2022)

Nanodendrite channel Si IGZO

Sequence discrimination 

margin
102 10~102

(limited by compliance)

Read-after-write delay 20 ms < 5 𝛍𝐬

3D stackable (≤ 𝟒𝟎𝟎℃) No Yes

Fig. 4. (a) IGZO/HZO nanodendrite enables <5 µs read delay, 10¹–10² margin, and
<400 °C 3D integration. (b–c) Si-channel FeFETs show ~20 ms delay from charge
trapping. (d) IGZO-channel FeFETs eliminate this delay.Fig. 3. AI hardware. Synaptocentric, Axocentric, and Dendrocentric

Fig. 7. Transfer curves of a single-gate IGZO
FeFET after reset/program under 1 ms pulses.
Programming with grounded source/drain
(dashed) yields ~10⁴ A contrast, while floating
contacts (dotted) suppress switching due to
lack of ground reference.

Fig. 10. Effect of reset duration on sequence discrimination. (a) 1 ms reset erases contrast. (b) 10 ms reset improves
selectivity. (c) 100 ms reset restores ~10² current ratio between correct (blue) and incorrect (red) sequences.

(preliminary unpublished results)

(preliminary unpublished results)

(preliminary unpublished results)



Motivation

GEMMA: Gain Cell Embedded DRAM-based
MAMBA-like Model Accelerator

Hery Shin (hshin24@stanford.edu), Thierry Tambe (ttambe@stanford.edu) 
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Overall Architecture

Fine-grained Refresh Policy Conclusions & ReferencesData Lifetime-Aware HW & SW Co-Design
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AI and Memory Wall

2. Analysis of Kernels Based on Data Lifetime 

1. GCRAM: An Emerging Solution for the Growing 
On-Chip Memory Demands of ML Applications

3. Worst-case Retention-based Static Refresh Policy

1. Data Lifetime-Aware Scheduling

2. Token Pruning & Merging Compression

1. SIMD Architecture
• Output stationary GEMV PEs
2. Microscaling-Adaptive Floating Point Hybrid Data Format
• Compress weight and activation to ~5 bits per element

• Kernel categorization based on data lifetime • Row-wise retention estimation before runtime

1. Design For Test (DFT) 2. Row-wise Refresh With Bin Array

• Metadata for each GCRAM row: lifetime 
indicator + error correction code

• Long-lived data mapped onto long 
retention time rows. 

• Short-lived data can skip its refresh or be 
overwritten after its lifetime.

3. GCRAM Metadata

• Seamlessly integrate Si-based 3T gain cell 
RAM (GCRAM) into state space model 
accelerators to increase on-chip memory 
density.

• Challenge of Si-GCRAM: Refresh overhead 
due to short retention time

• Data Lifetime minimizing HW&SW co-
design: Various techniques to shorten 
data lifetime of stored weight/activation 
by clock domain crossing, scheduling, 
token compression, etc.

• Retention-aware Fine-grained Refresh 
Policy: Row-wise refresh management 
reduces refresh overhead and enable 
lifetime-dependent data mapping in the 
GCRAM.

• Virtual-physical address translation book 

• Kernels such as nonlinear functions, 
residual layers are categorized as 
generating long-lived data [3].

• Over 99% of cells exhibit retention times 
longer than the worst-case refresh period [4].

• Opportunities to minimize refresh overhead 
for both long-lived and short-lived data

[On-chip memory requirement 
for AI workloads [1]]

[SoC Integration Schematic]
[GEMMA Accelerator Schematic] 3. Near Memory Processor in GB & Activation Units in PEs

• Reduce the data movement between GB and PEs
• Reduce memory access through kernel fusion
4. Clock Domain Crossing between EDRAM and Accelerator
• Reduce data lifetime of activations

[1] A. Gholami, et al., “AI and Memory Wall,” IEEE MICRO, Mar.  2024. 
[2] K. Zhang, “1.1 Semiconductor Industry: Present & Future,” in 2024 IEEE 
International Solid-State Circuits Conference (ISSCC), Feb. 2024.
[3] P. Li, T. Tambe, “GainSight: Profile-Guided Design for Heterogeneous On-
Chip Memories in Next-Generation AI Accelerators,” IEEE MICRO
[4] RAAAM

[End of SRAM scaling [2]] [Alternative memory technology]



GainSight: Application-Guided Profiling for Composing 
Heterogeneous On-Chip Memories in AI Hardware Accelerators
Peijing Li (peli@stanford.edu), Thierry Tambe (ttambe@stanford.edu)
Department of Electrical Engineering, Stanford University, Stanford, CA, United States

Abstract -- Visit our homepage on gainsight.stanford.edu!
As AI workloads drive soaring memory requirements, there is a need for higher-density on-chip memory for domain-specific accelerators that goes beyond what current SRAM technology can provide. We motivate 
that algorithms and application behavior should guide the composition of heterogeneous on-chip memories. However, there has been little work in factoring dynamic application profiles into such design deci-
sions. We present GainSight, a profiling framework that analyzes fine-grained memory access patterns and computes data lifetimes in domain-specific accelerators. By combining instrumentation and simulation 
across retargetable hardware backends, GainSight aligns heterogeneous memory designs with workload-specific traffic and lifetime metrics. 

Introduction
•	 Motivation: the “memory capacity wall” for transformer-based AI 

models; the stopping of SRAM scaling
•	 Long and short-lived data call for heterogeneous on-chip memory
•	 Devices such as gain cell random access memory (GCRAM) are 

promising candidates for short-lived data, but their short retention 
times and refresh costs pose challenges.

•	 Need to quantitatively correlate dynamic data lifetime profiles of 
workloads with characteristics of long and short-term memory

•	 We conceived the GainSight Profiler to tackle these challenges, 
to analyze the memory access patterns and data lifetimes of soft-
ware running on domain-specific accelerators, in order to inform 
the design of heterogeneous on-chip memories.

Retargetable Hardware Backend
•	 Acquire fine-grained, on-chip memory access patterns for a physical 

or simulated architecture
•	 Currently implemented simulators for NVIDIA H100 GPUs (Accel-

Sim) and systolic arrays (SCALE-Sim-v2)
•	 Exploit workload sampling to reduce program sizes to speed up 

cycle-accurate simulation

Analytical Frontend
•	 Consume memory traces generated by backend
•	 Calculate address-level data lifetimes, read/write frquencies, and 

on-chip memory capacity utilization
•	 Visualize lifetime distribution and compare with silicon gain cell 

retention times in Tableau
•	 Project number of refreshes, area, and total energy using calculated 

memory statistics for devices of SRAM, fully Si-Si GCRAM, and 
hybrid Si-ITO GCRAM.

Case Study
Insights from profiling MLPerf Inference and PolyBench workloads 
using simulated GPUs and systolic arrays:
1.	 40% of L1 and 18% of L2 GPU cache accesses, and 79% of sys-

tolic array scratchpad accesses across profiled workloads are 
short-lived and suitable for Si-GCRAM

2.	 Si-GCRAM reduces active energy by 11-28% compared to SRAM; 
3.	 Up to 90% of GPU cache fetches are never reused, highlighting 

inefficiencies in terms of cache pollution.
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I. Motivation:
• Memory Wall Problem [1]

• Gain Cell Memory (GCRAM)

• vs SRAM: High density, high bandwidth, ultra-

low leakage [2]

To enable fast, accurate, customizable, optimized Gain 
Cell bank generation and performance simulation 

targeting for AI workloads:
We need a Gain Cell compiler

II. Methodology:

III. OpenGCRAM: III. Results:

III. OpenGCRAM
IV. Design Space Exploration:

• Port memory compiler [3] to new PDK

• Add support for new memory technology

• GCRAM vs SRAM: layout

• GCRAM vs SRAM: schematic

• GCRAM bank architecture [2]

• Example GCRAM bank layout (32x32)

• Dual-port GCRAM vs Single-port SRAM: area

• Dual-port GCRAM vs Single-port SRAM: freq, 

bandwidth & power

• GCRAM retention can be boosted with higher Vth or with WWL level shifter

• OpenGCRAM enables design space exploration for AI tasks [4]

OpenGCRAM: An Open-Source Gain Cell Compiler 
Enabling Design-Space Exploration for AI Workloads

References: [1] A. Gholami, Micro 2024; [2] S. Liu, IEDM 

2023; [3] M. R. Guthaus, et al., ICCAD 2016; [4] P. Li, et al., 
arXiv:2504.14866 

Acknowledgement: This work was supported in part by SRC 

JUMP 2.0 PRISM and CHIMES centers, Stanford SystemX Alliance, 
DAM project, and NMTRI.
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Technical ApproachObjectives

• Key results and metrics:

• Counteracting capacitive coupling

• P-type read enhances voltage sensing speed and sense 

margin

• Better speed-retention tradeoff

• 10,000 s retention, with state ‘0’ as a high-current state

Key Accomplishments, 

Showstoppers & Next Steps

This work was supported by

Publications: F. F. Athena et al., “First Demonstration of an N-P Oxide Semiconductor Complementary Gain Cell Memory,” IEEE International Electron Devices Meeting, 2024  (SRC ID: 397536)
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• Complementary GC (CGC) , with its n- and p-type 

OS configuration, results in high density, good 

retention, CMOS compatibility, low capacitive 

coupling, and adequate read speeds

• CGC with complementary back-end-of-line 

technology enables future monolithic multiple layers 

3D integration

• ALD IWO write 

nFET and PVD SnO 

read pFET

• Next Steps:

• Improve SS for p-type OS

• Variation control

• Multi-layer integration and 

scalability to advanced 

nodes

3 nm thick ALD IWO nFET

• The measured field-

effect mobility ➔ ∼14 

cm2/Vs 

• subthreshold slope 

➔80 mV/dec

• These values indicate 

efficient charge 

transport and good gate 

control

Optimized State Allocation

• p-type read transistor ➔ reversed 

polarity 

• state “1” is allocated to low read current 

while state “0” to high read current

• read current at low VGS refresh point is 

high, providing high speed read

• data states “0” and “1” remain clearly 

distinguishable for over 10,000 seconds 

with a read current (∼0.1 μA)

RWL-SN capacitive coupling 

• causes further degradation in nOS-nOS GC 

• improves/ retains the margin between state “0” and state 

“1” for nOS-pOS CGC (performing read only from 3 ms 

to 4 ms)

Counterbalanced Capacitive Coupling 

in CGC

✓CMOS Compatible

✓Monolithic 3D

✓No capacitive 

coupling

✓Better speed-

retention tradeoff

• Grand challenge 

applications: 

• M3D integrated high-

density on-chip memory

Non-Volatile Memory Technology 
Research Initiative (NMTRI)

PI: H.-S. Philip Wong 
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