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I. INTRODUCTION

Transformer accelerators are increasingly used as more
specialized, lower-latency alternatives to GPUs on specific
workloads, but they are increasingly limited, especially from
an energy perspective, by data movement bottlenecks. For
long-context GPT-style workloads, large attention intermedi-
ates and model tensors can exceed on-chip SRAM capacity,
forcing accesses to lower levels of the memory hierarchy and
increasing energy substantially.

This project asks whether a new type of embedded DRAM
— 333-eDRAM — can improve that bottleneck in a TPU
v4-inspired accelerator. Rather than redesigning the entire
accelerator, we focus on the memory hierarchy: specifically,
whether replacing on-chip SRAM buffers with denser 333-
eDRAM can reduce off-chip traffic enough to improve Energy-
Delay Product (EDP).

The motivation is that SRAM is fast but area-expensive.
Under a fixed area budget, its 6T cell limits how much capacity
can be placed on chip. eDRAM is denser, but conventional
designs suffer from high leakage and refresh overhead. 333-
eDRAM is promising because it combines IGZO FETs for low
leakage, CNFETs for strong read current, and silicon CMOS
for peripheral logic, aiming to preserve density advantages
while reducing the drawbacks that have limited prior eDRAM
approaches [2].

Our central hypothesis is that 333-eDRAM is most useful
when deployed selectively. In particular, we expect it to be
most effective in the global buffer, where additional capacity
can keep large reused tensors on chip, while SRAM remains
better suited for latency-sensitive local buffers near the com-
pute array.

To evaluate this idea, we modeled four memory configura-
tions for a TPU-like accelerator: an all-SRAM baseline, local-
buffer 333-eDRAM, global-buffer 333-eDRAM, and all-333-
eDRAM. We analyzed these designs on GPT-style workloads
in AccelForge, focusing on how energy and reuse behavior
change with sequence length and einsum fusion. The key
question is not whether 333-eDRAM should replace SRAM
everywhere, but where its extra density provides the most value
[11], [13]–[16].

Our results support three main takeaways. First, 333-
eDRAM is most effective when used selectively in the global
buffer rather than in the local buffer, because the global
buffer benefits more from added capacity and tensor reuse

while the local buffer is more sensitive to peripheral overhead,
showing that new memory technologies may be best used
not as a substitute for but as a complement to existing
technologies. Second, the largest gains appear at intermediate
sequence lengths where SRAM begins to spill large attention
intermediates such as QK and QKsoftmax, but 333-eDRAM
can still keep them on chip and preserve reuse, showing
that workload size and structure is a key mediator of the
performance gains. Third, einsum fusion amplifies the benefit
of 333-eDRAM by allowing these intermediates to remain live
in on-chip storage instead of being repeatedly materialized in
main memory, showing that performance is quite sensitive to
choice of mapping. Across all experiments, the dominant effect
is on energy, which experiences significant reductions of up
to 16.4%, rather than latency, which changes only marginally.

II. BACKGROUND AND RELATED WORK

Prior work motivates this paper from three directions:
accelerator memory bottlenecks, dense embedded-memory al-
ternatives to SRAM, and emerging 3T/IGZO-based eDRAM
designs. Our contribution is to connect these threads at the
architecture level for a TPU-like accelerator running GPT-style
workloads.

A. Memory Hierarchies and Off-Chip Traffic

Modern machine learning accelerators depend heavily on
data reuse, so memory-hierarchy design is often as important
as raw compute throughput. TPU v4 is a natural baseline for
this study because it is a production-scale accelerator whose
efficiency still depends on keeping operands and intermediates
close to the compute fabric [1]. More broadly, design-space
studies have shown that limited on-chip storage can make off-
chip DRAM a dominant energy cost; for example, Li et al.
report that off-chip DRAM can account for a large fraction
of system energy in DNN accelerators, motivating denser on-
chip memory technologies that reduce main-memory traffic
[5]. This motivation is especially strong for Transformer
workloads, where attention intermediates grow rapidly with
sequence length.

B. SRAM, eDRAM, and Gain-Cell Memories

SRAM remains the standard on-chip buffer technology
because it is fast and does not require refresh, but its 6T
cell is area-expensive. eDRAM offers higher density, which
can reduce off-chip accesses by increasing effective on-chip



capacity. RANA [3] showed both the promise and the diffi-
culty of this approach: eDRAM-backed buffers can improve
accelerator energy, but refresh and retention behavior must be
handled carefully at the architecture level. Gain-cell eDRAM
work further supports the density argument. Hwang and Kwon
showed that a 3T eDRAM cell can occupy only 54% of the
area of a comparable 6T SRAM cell, making 3T-class embed-
ded memories attractive for capacity-constrained accelerator
buffers [4]. At the same time, both RANA and later eDRAM-
based compute-in-memory work emphasize that denser cells
do not automatically translate into better systems; access cost,
retention, and peripheral overhead remain important [3], [6].

Yu et al. [20] describe a 4T2C eDRAM cell designed for
compute-in-memory (CiM) that can hold a ternary — rather
than binary — cell state while using less area per cell than
traditional SRAM. However, their results were generated using
simulations of 65nm technology, which is quite a ways from
state-of-the-art and may obscure issues of parasitic capaci-
tance.

C. IGZO-Based and Heterogeneous eDRAM Designs

Recent work has explored oxide-channel and hybrid-device
memories to improve the retention and efficiency of dense
embedded memories. IGZO-based eDRAM and CIM designs
use the low leakage of oxide-channel devices to extend reten-
tion and reduce refresh pressure, making them attractive for
back-end-of-line integration above logic [7], [8]. Other recent
accelerator-oriented designs, including eDRAM digital CIM
and Transformer accelerators built around 3T-eDRAM-class
memories, show that these devices are becoming increasingly
relevant for neural workloads [6], [9]. Within this space,
333-eDRAM is particularly interesting because it combines
IGZO for retention, CNFETs for read performance, and silicon
CMOS for peripheral logic in a heterogeneous monolithic 3D
design. Kong et al. showed that this structure improves device-
level EDP and EADP relative to silicon eDRAM, suggesting
that it is a strong candidate for dense on-chip storage [2].

D. Relation to This Work

Our work differs from prior eDRAM and CIM papers
in two ways. First, we study 333-eDRAM as a memory-
hierarchy technology rather than as a standalone bit cell or a
compute-in-memory macro. We preserve a TPU-like datapath
and ask where this denser memory should be placed: in
latency-critical local buffers, larger global buffers, or both.
Second, we target GPT-style attention workloads, where the
main question is whether increased on-chip capacity preserves
reuse of large intermediates and avoids spill traffic as sequence
length grows. In this sense, our work is closest in spirit to
prior studies showing that memory choice should depend on
data lifetime, access frequency, and hierarchy level rather than
on a universal SRAM replacement strategy [5], [10]. The
specific contribution here is to evaluate whether the device-
level advantages of 333-eDRAM translate into system-level
gains for Transformer acceleration, and under what placement
and workload conditions those gains appear.

III. MOTIVATION

Our project studies whether replacing on-chip SRAM with
333-eDRAM improves the efficiency of a TPU-like accelerator
on transformer attention workloads. The core motivation is that
attention moves large intermediate tensors through the mem-
ory hierarchy, so performance depends not only on compute
throughput but also on on-chip capacity, access cost, and data
movement energy. Because 333-eDRAM is denser than SRAM
while remaining on chip, it is a natural candidate for storing
larger activations and intermediates close to the MAC array.

By way of exposition, Table I summarizes the memory
characteristics used for a 112 mm2 global-buffer comparison.
The key difference is that 333-eDRAM provides much higher
capacity in the same footprint, while keeping read and write
costs in a similar range. However, it is important to note that
read and write latencies and energies are higher for the 333-
eDRAM cache, so there is a clear tradeoff here. Nevertheless,
the increased capacity has significant benefits in terms of
potential for tensor reuse.

We study this question using an AccelForge model of a
TPU-style accelerator running a GPT-3-like attention layer
without KV caching [11], [13]–[16]. This workload stresses
the on-chip memory system because it materializes large ten-
sors such as QK and repeatedly moves intermediates through
the local and global buffers as sequence length increases.

Architecturally, we focus on the two main on-chip memory
structures: the local buffer and the global buffer. We replace
SRAM with 333-eDRAM in one or both of these structures
while keeping the rest of the architecture fixed, which isolates
the effect of memory technology from unrelated mapping
changes. Our goal is to determine where added memory
density matters most, and what tradeoff it creates in energy
and latency.

Our hypothesis is that 333-eDRAM helps primarily by
increasing effective on-chip capacity. If more of the working
set remains resident in the global buffer, large intermediates
can be reused instead of spilled to main memory. By contrast,
the local buffer is more latency-sensitive and may benefit less
because peripheral overhead matters more there.

To evaluate this idea, we built a HWComponents model
of 333-eDRAM using latency, energy, and area data from
the ArrayCharacterization flow in MemSysExplorer [12], [13],
[17]. Because this characterization flow builds on DESTINY-
style memory modeling, we cite DESTINY as the underlying
memory-array modeling infrastructure for SRAM, eDRAM,
and emerging memory technologies [18], [19]. We then modi-
fied an AccelForge TPU v4-style architecture specification by
replacing the normally SRAM-based buffers with denser 333-
eDRAM and measuring the resulting performance on GPT-
style attention workloads [11], [13]–[16].

IV. EXPERIMENT SETUP

We evaluate the architecture with three experiments, all run
in AccelForge on a GPT-3-like attention workload without KV
caching [11], [13]–[16]. Across all experiments, the compute
datapath and overall organization remain fixed; the main



TABLE I
MEMORY CHARACTERISTICS FOR A 112 MM2 GLOBAL BUFFER.

Metric SRAM 333-eDRAM
Read latency (s) 7.81× 10−12 4.15× 10−11

Read energy (J) 2.41× 10−10 3.70× 10−10

Write latency (s) 1.56× 10−11 4.05× 10−11

Write energy (J) 3.02× 10−10 4.00× 10−10

Leak power (W) 5.60 1.74
Capacity 128 MB 512 MB

variable is whether the on-chip buffers use SRAM or 333-
eDRAM under the same area budget.

A. Experiment 1: Buffer Replacement Study

We first compare four configurations: an all-SRAM base-
line, local-buffer-only 333-eDRAM, global-buffer-only 333-
eDRAM, and all-333-eDRAM. This experiment isolates which
storage level benefits most from the new memory technology.

We set up this experiment by using the existing TPU v4 ar-
chitecture definition available through AccelForge [11], [13]–
[16], but modified it to include leakage power for the local and
global buffers, estimated from a 50 mW/mm2 baseline for 6T
SRAM. We then calculated, for each of the local and global
buffers, the capacity of 333-eDRAM that would yield an area
the same as the original SRAM buffers. We obtained values
of 512MB and 32MB, respectively (rounding to the nearest
power of two and not going over; in any case the areas were
quite close to the originals).

B. Experiment 2: Sequence-Length Scaling and Capacity Cut-
offs

We next scale sequence length to stress on-chip capacity.
This experiment identifies when large quadratically scaling
intermediates, especially QK and QKsoftmax, stop fitting in
the global buffer for SRAM and for 333-eDRAM. The goal
is to pinpoint the regime where extra density changes reuse
behavior and reduces spill traffic.

This involved changing the number of tokens in the Ac-
celforge workload definition for GPT 3 without KV caching.
We only focus on the control and the 333 eDRAM global
buffer, consistent with the results of Experiment 1.

C. Experiment 3: Effect of Einsum Fusion

Finally, we study the interaction between memory technol-
ogy and einsum fusion. With fusion enabled, intermediates
can remain in on-chip buffers instead of being explicitly
materialized in main memory. Comparing fused and unfused
mappings for SRAM and 333-eDRAM shows whether added
capacity amplifies the benefit of fusion.

We simulated lack of fusion by using the TensorHolder
facility within the AccelForge TPU definition and used the
AccelForge mapping infrastructure to compare fused and un-
fused schedules [11], [14]–[16]. We specified that the AV, Z,
V, K, and Q tensors (the intermediates) should be kept within
main memory using the keep flag on TPU MainMemory.

Fig. 1. Energy performance on the GPT 3 (no KV) workload on a TPU with
the local buffer, global buffer, both, and neither replaced by 333-eDRAM.

V. RESULTS AND DISCUSSION

The results across all three experiments point to a fairly
consistent conclusion: for this workload, 333-eDRAM is most
useful when it is used to expand the global buffer, not when it
is used uniformly throughout the memory hierarchy. The main
effect is a change in data movement energy accruing from
changes in data reuse behavior rather than latency changes. In
particular, the denser 333-eDRAM global buffer allows large
attention intermediates to stay on chip over a wider range of
sequence lengths, which reduces accesses to main memory and
improves overall energy efficiency.

We broadly interpret our results through the lens of reuse. In
attention, tensors such as QK and QKsoftmax are expensive not
only because they are large, but because they are referenced
repeatedly by subsequent operations. If those tensors fit in
the global buffer, the accelerator can exploit temporal reuse
by serving many accesses from on-chip storage. If they do
not fit, the mapping must either spill them to main memory or
recompute/fetch them in smaller pieces, both of which increase
energy. The benefit of 333-eDRAM therefore comes less from
making any single access dramatically cheaper and more from
changing from where repeated accesses are serviced.

One striking result is that latency hardly changes even when
energy does; all changes are below 3%. The data show that the
local and global memories are not on the critical path often
enough for their modest access-time differences to translate
into large end-to-end runtime changes; the MAC dominates
latency because the accelerator overlaps most buffer accesses
with ongoing tensor computation.

A. Experiment 1: Buffer Replacement Study

Experiment 1 compares four memory configurations: the all-
SRAM baseline, local-buffer-only 333-eDRAM, global-buffer-
only 333-eDRAM, and an all-333-eDRAM design. Results are
shown in Fig. 1. The main takeaway is consistent with our
hypothesis: the global buffer is the right place to deploy 333-
eDRAM. Replacing the global buffer yields the best improve-
ment in energy, with a 12.5% decrease (10.5% EDP) relative
to the all-SRAM baseline, while replacing only the local buffer
actually harms energy, resulting in a 14.3% increase in both
energy and EDP relative to the control.



This difference follows directly from the role of each buffer
in the accelerator. The global buffer is large, shared across
more of the computation, and responsible for holding tensors
that are reused over longer windows. That makes density
especially valuable there: increasing capacity increases the
chance that large intermediates remain resident long enough
to be consumed by subsequent einsums without returning to
main memory. As a result, the global buffer is where 333-
eDRAM can translate extra bits per unit area into materially
higher reuse.

On the other hand, the local buffer is much smaller and sits
closer to the compute array, where low access overhead matters
more than raw density. Because it already holds only relatively
small working sets, increasing its capacity does not unlock the
same level of additional reuse. At the same time, 333-eDRAM
incurs nontrivial peripheral overhead. ArrayCharacterization
results from the MemSysExplorer/DESTINY-based modeling
flow indicate that a meaningful fraction of the access cost
comes not from the storage cell itself but from the surrounding
peripheral circuitry, including sensing and interface logic [17]–
[19]. Furthermore, at a per-cell level, it is true that 333
eDRAM has both higher latency and energy, so if the density
gains are not as important, the calculus does not work out in
333-eDRAM’s favor.

This helps explain why a hybrid design emerges as the best
architectural choice. SRAM remains well matched to latency-
critical local storage, while 333-eDRAM is better used where
capacity and reuse dominate.

B. Experiment 2: Sequence-Length Scaling and Capacity Cut-
offs

Experiment 2 is the central result of the paper, and the
results are shown in Fig. 2. As sequence length increases,
the energy benefit of the 333-eDRAM global buffer is not
uniform; instead, it is concentrated over a specific range of
sequence lengths where on-chip capacity is the deciding factor.
This behavior is exactly what we would expect for attention.
The key intermediates, especially QK and QKsoftmax, scale
quadratically with sequence length and are accessed frequently
enough that keeping them in the global buffer provides sub-
stantial reuse. When they fit on chip, repeated accesses are
cheap; when they no longer fit, the mapping must spill them
and the energy cost rises sharply.

The figure shows two important cutoff points. The first is a
lower spill point, visible in the inset, where the SRAM global
buffer can no longer hold the full QK and QKsoftmax tensors.
That transition occurs at a input sequence length (number of
tokens) between 128 and 136. Beyond that point, the SRAM
loses the ability to keep those quadratically growing tensors
resident in the global buffer, so reuse drops and memory traffic
increases. The second cutoff appears later in the main figure,
between 1280 and 1536 tokens, where even the denser 333-
eDRAM global buffer eventually runs out of space.

The interval between the SRAM spillover cutoff and the
333-eDRAM spillover cutoff is the most interesting regime
in the experiment because it isolates the value of increased

Fig. 2. Energy performance with and without a 333-eDRAM global buffer
as sequence length increases. The inset highlights the lower spill point where
the SRAM global buffer can no longer retain the quadratically scaling QK
and QKsoftmax intermediates, while the main plot shows the higher-sequence-
length cutoff for the 333-eDRAM buffer. The dashed line is a guide showing
the linear trend to highlight divergence.

on-chip density. In this middle region, the 333-eDRAM de-
sign achieves a substantial energy advantage of up to 16.4%
(seq. len 1280). 333-eDRAM is still able to keep the large
attention intermediates on chip, while SRAM is not. Once
SRAM begins spilling, every subsequent reuse opportunity
for those tensors becomes more expensive. The 333-eDRAM
design, by contrast, continues to serve those accesses from the
global buffer, preserving reuse and avoiding many lower-level
transfers. This is exactly the kind of workload regime where
denser on-chip memory matters most.

The mapping files make this story even clearer. Comparing
the mappings in Fig. 3, we see that at the representative
intermediate sequence length of 1024, the 333-eDRAM con-
figuration keeps both QK and QKsoftmax in the global buffer
long enough to support reuse across the downstream stages
of attention. The SRAM mapping cannot do that. Instead,
because its global buffer is smaller at the same area budget,
those tensors must be partitioned or spilled, which breaks the
clean reuse pattern and forces additional movement through
the hierarchy.

Leakage power also contributes to this result. Because 333-
eDRAM uses a 3T cell rather than the 6T cell minimum typical
of SRAM, it benefits from lower leak power of 1.74 W rather
than 5.60 W (estimated based on a 50 mW/mm2 baseline
for 6T SRAM). That said, leakage is better understood as
a supporting factor rather than the entire explanation. The
dominant mechanism is still reuse: lower leakage helps, but
the major win comes from the fact that denser storage changes
the point at which large reused tensors stop fitting on chip.

C. Experiment 3: Effect of Einsum Fusion

Experiment 3 studies the interaction between memory tech-
nology and einsum fusion. Fusion is especially relevant here
because it directly changes whether intermediate tensors are
materialized in memory at all. When adjacent einsum-style
operations are fused, the producer and consumer can often



Fig. 3. Mappings for Experiment 2 for control (above) and 333-eDRAM
global buffer (below) architectures. The 333-eDRAM global buffer, by being
significantly more dense (though equal area) is able to reuse the QK and
QKsoftmax tensors while the control spills them out to main memory.

Fig. 4. Energy performance for a TPU running a GPT3-style workload with
fusion and no fusion. Fusion is defined as forcing the AV, Z, V, K, and Q
tensors to reside in main memory, where these tensors are defined as they are
in the standard AccelForge GPT3 workload.

be scheduled so that intermediate results remain in on-chip
buffers and are consumed soon after they are produced. In
the best case, this avoids writing large temporaries out to
main memory entirely. When fusion is disabled, those same
intermediates are explicitly materialized, stored, and later
reloaded, increasing both memory traffic and energy.

The results, shown in Fig. 4, highlight that fusion helps
both SRAM and 333-eDRAM, but the benefit is especially
pronounced for the 333-eDRAM configuration, with a relative
improvement of 6.1% for 333-eDRAM compared with 3.0%
for SRAM. This difference has an intuitive explanation. Fusion

is most valuable when the architecture has enough on-chip
capacity to hold the produced intermediates until they are
consumed. Since 333-eDRAM enlarges the global buffer, it
creates exactly the conditions under which fusion can pay
off. Said differently, fusion creates the opportunity to avoid
repeated pulls of intermediate data from main memory, and
333-eDRAM provides the storage density and thus capacity
needed to capitalize on that opportunity.

This is also why disabling fusion hurts the 333-eDRAM
design more in relative terms. Without fusion, the architecture
is forced to commit intermediates to memory explicitly, which
removes one of the biggest advantages of a larger global buffer.
The 333-eDRAM design still retains some benefit from lower
leakage and higher density, but it can no longer fully exploit
the “keep the tensor live on chip” behavior that makes it so
effective in the fused case. The SRAM baseline also suffers
when fusion is removed, but because its capacity was already
limiting reuse, it has less to lose.

The results indicate that a denser memory hierarchy is
most useful when the mapping and fusion strategy actually
expose reuse opportunities. Conversely, mapping with fusion
is most valuable when the hardware can hold onto the fused
intermediates long enough for the consumer to use them. In
our experiments, the strongest outcomes occur when those two
pieces align: 333-eDRAM increases effective global-buffer
capacity, and fusion ensures that this capacity is used to retain
intermediates rather than repeatedly materializing them from
main memory.

D. Increasing 333-eDRAM Port Width

We also explored increasing the port width in the hope of
improving bandwidth further. We intuited that if the global
buffer could deliver more data per access, perhaps it would
better support the bandwidth demands of attention and even
make it more attractive to place some otherwise stationary
weight tensors in 333-eDRAM-backed storage. However, this
modification did not improve performance.

The ArrayCharacterization output from the
MemSysExplorer/DESTINY-based modeling flow (not
shown due to space) suggests why [17]–[19]. Increasing port
width raises the cost of the peripheral circuitry substantially,
and that extra peripheral energy offsets the gain from the
higher bandwidth.

E. Summary

Overall, the results across our experiments support a fairly
specific but generally applicable conclusion. 333-eDRAM is
most effective when it is used selectively in the global buffer
of a TPU-like accelerator running memory-intensive attention
workloads. Its benefit comes primarily from increasing on-chip
capacity and preserving reuse of large intermediates, not from
dramatically reducing latency. That is why the strongest gains
appear in the sequence-length range where SRAM begins to
spill but 333-eDRAM does not, and why fusion magnifies the
advantage by allowing those same intermediates to remain live
on chip rather than being materialized repeatedly.



VI. LLM USAGE

We used Gemini for helping us set up the libraries at the
beginning; we ran into issues with package managers, etc. as
well as forking the repo and getting the commits to work when
repos are embedded within each other. We also used Gemini
to help proofread and for assistance with converting the print
statements from the code into a structured table for analysis.

We used Claude for making syntactic edits to config files;
i.e., there were many config files we had to change so we
gave the base file to Claude and described the changes, and
it created duplicates populated with the correct info. We used
Gemini to find typos in the final report.

AI was not at all helpful for anything technically oriented
because it seems as though it still doesn’t know much about
what goes into optimizing an accelerator. Though it has a
vague understanding of reuse, mapping, and fusion, it doesn’t
hold up to any rigor. For this reason, we didn’t use AI for any
of the Python coding aspects.

VII. CODE AVAILABILITY

Our repo is available at https://github.com/rishipurohit/
hwcomponents-333e. The relevant notebook is
component_energy_area.ipynb.
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