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Abstract—Generative Inference is largely memory-bound. Au-
toregressive decoding dominates inference runtime and thus
drives memory bandwidth and capacity demands. SRAM-based
accelerators offer high bandwidth but limited capacity, while
HBM DRAM provides capacity but is constrained by bandwidth
and power. 3D-stacked logic-on-DRAM (3D-DRAM) helps close
this gap, but integrating 3D-DRAM with accelerator logic in-
troduces four challenges: (1) workload-aware mapping to exploit
parallelism, (2) power optimization without burst-based data bus
inversion (DBI), (3) resilience with high bank counts, and (4)
thermal reliability at elevated junction temperatures.

This paper distills lessons from the early silicon of Raptor,
the first commercial generative inference accelerator with 3D-
stacked DRAM (3D-DRAM). This paper introduces four key
architectural features to enable practical 3D-DRAM integration.
First, stream-blocking maps KV-cache streams onto configurable
3D-DRAM channels, sustaining up to 100 TB/s per card while
preserving bank-level parallelism. Second, pinless DBI on the
single-cycle µbump interface reduces memory-subsystem energy.
Third, topology-preserving redundancy with thermal-aware re-
fresh. Fourth, interleaved ECC for reliability at high tempera-
tures. Across Llama-3.1 70B, DeepSeek-V3, Kimi K2, GPT-OSS,
Whisper, and Canary, Raptor 3D-DRAM gives 4.71× and 2.44×
higher throughput than with HBM and SRAM, respectively,
while being less sensitive to network latency and bandwidth.

I. INTRODUCTION

Generative models now power interactive products such as
search and assistants, as well as media tools, moving inference
from offline batch jobs to always-on services with tight latency
targets [2]. Unlike conventional compute-bound inference,
serving large language and speech models is predominantly
memory-bound. SRAM-centric designs have capacity limits,
while HBM-based systems are constrained by bandwidth and
I/O power. We show that a 3D-stacked logic-on-DRAM ar-
chitecture delivers SRAM-like bandwidth and locality with
HBM-class capacity at much lower energy, provided the
accelerator is built around native 3D-DRAM integration rather
than treating it as an add-on device. This paper presents the
lessons learned and architectural insights from Raptor, the
first-of-a-kind 3D-stacked DRAM-based accelerator.

Generative inference proceeds in two phases [18], [25]. The
prefill phase is compute-bound and dominated by large matrix
multiplications. The decode phase is autoregressive: tokens are
generated sequentially, and each step issues multiple key–value
(KV) cache reads and writes. Decode is therefore limited by
the memory bandwidth [31], and this bottleneck grows as
models and context lengths increase [47]. Once model weights
and KV caches no longer fit within a single accelerator de-
vice, inference must be distributed across accelerators, adding

latency-heavy inter-card synchronization overheads [64]. In
this regime, memory bandwidth and capacity become the
primary limits on system performance [32].

Two metrics capture this performance. Time Per Output
Token (TPOT) reflects session-level interactivity, while to-
kens per second per accelerator card (tok/s/card) measures
throughput and utilization [92]. The memory system constrains
both. For a Llama-class 70B-parameter model, weights occupy
about 70GB at 8-bit precision, often exceeding a single card’s
capacity and forcing partitioning. During decode, each token
attends to the accumulated KV cache across all layers. With
80 layers, grouped-query attention [3], roughly 8 KV heads,
head dimension ∼128, and 8-bit storage, the KV cache grows
by about 0.16MB per token per user [83]. This adds nearly
1.25GB at 8K, 5GB at 32K, and 20GB at 128K per user
per session, directly limiting how many concurrent sessions a
deployment can support on a given number of cards.

These characteristics and metrics determine the memory
substrate. On a PCIe SKU, SRAM-centric accelerators provide
about 150TB/s of on-die bandwidth but only a few GB of
capacity [8], which does not scale to large model weights and
KV caches. HBM4-based DRAM cards increase capacity to
a few hundred GB but remain below 20TB/s of bandwidth
and are limited by I/O power [1], [27], [75]. These constraints
motivate Raptor, which vertically integrates 3D-DRAM with
the accelerator logic. As shown in Figure 1, 3D-DRAM raises
per-package bandwidth and capacity, enabling lower TPOT,
higher tok/s/card, and reduced collectives.

While 3D-DRAM offers attractive bandwidth-per-GB scal-
ing for generative inference, deploying it in a production ac-
celerator exposes four system-level challenges. (i) The chiplet-
based stack must present a clean, high-bandwidth interface to
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Fig. 1: The benefits of 3D-DRAM compared to SRAM and HBM. (a) 3D-
DRAM offers a favorable performance–capacity trade-off. (b) X-ray cross-
section of our 3D-DRAM integrated with the Raptor accelerator logic using
face-to-face (F2F) stacking.
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compute. Our design vertically integrates DRAM and logic
dies (TSMC N4P) via face-to-face (F2F) bonding, flexibly
mapping hundreds of DRAM banks to compute engines
while preserving uniform, low-latency channels across the
die. (ii) 3D-DRAM I/O breaks the assumptions of standard
burst-mode power optimizations. JEDEC memories (DDR4,
HBM3) transmit data in multi-cycle bursts and apply PHY-
level data bus inversion (DBI): the device sees a full burst
word, decides on inversion per beat to minimize bit flips,
and signals the choice on a dedicated DBI pin. Our 3D-
DRAM instead uses a wide, single-cycle interface, with one
bit per µbump per cycle, no burst structure, and no DBI
sideband. This maximizes bandwidth and minimizes latency
but removes the lookahead and signaling that DBI relies on.
Silicon measurements show DBI-style encoding would reduce
I/O energy by 18%, motivating stream flipping, an architectural
pinless DBI mechanism tailored to this single-cycle interface.

(iii) Yield and reliability must be managed without de-
grading effective channel width. In a highly banked DRAM
die, discarding dies with a few faulty banks is uneconomical,
and naively disabling bad banks produces narrow or asym-
metric channels that cap card-level bandwidth. Our topology-
preserving redundancy scheme distributes spare banks in-line
with regular banks; a bank-chaining fabric on the logic die
remaps around faults while presenting full-width, symmet-
ric channels to the compute engines with minimal added
routing or latency. (iv) Tight vertical coupling of DRAM
and logic pushes thermal and reliability limits. The package
supports junction temperatures up to 105◦C at 422 W per
MCM TDP. We leverage the fine-grained bank organization
to increase refresh frequency with negligible bandwidth loss
and co-design ECC layout and adaptive scrubbing with the
3D topology. Together, these mechanisms enable Raptor to
realize 3D-DRAM’s bandwidth and capacity advantages with
high reliability under production operating conditions.

We then evaluate interactivity and throughput across deploy-
ment scenarios. On average, Raptor delivers 9.96× lower
TPOT (higher interactivity) and 4.71× higher tok/s/card than
HBM-based designs. It also reduces performance sensitivity
to network latency and bandwidth compared to SRAM-based
designs, thanks to a lower degree of parallelism.

II. BACKGROUND

A. Transformer Models: An Overview of Generative Inference

We focus on decoder-only Transformers, the dominant back-
bone for generative AI [84]. They generate sequences auto-
regressively, factorizing the joint probability as

p(x1:T ) =
T∏

t=1

p(xt | x<t),

where x1:T = (x1, . . . , xT ) is a sequence of T tokens from
vocabulary V and x<t denotes the prefix up to position
t − 1. Each token depends on all prior tokens, so decoding
is inherently sequential. This dependency leads to two dis-
tinct phases with different system behavior. The prefill phase

processes the input context with large, highly parallel matrix
multiplications and exhibits strong weight reuse. The decode
phase produces one token at a time and repeatedly reads
and writes the key–value (KV) cache, driving high memory
traffic with limited reuse. Prefill is compute-bound; decode is
dominated by memory bandwidth and capacity. These access
patterns set the performance envelope for generative serving.

B. Transformer Models: Performance Metrics

Time-to-First-Token (TTFT) measures latency to generate
a token in the prefill phase and reflects initial responsiveness.
Time-per-Output-Token (TPOT) captures the cost of gener-
ating each token during decode [92]. Throughput is measured
at two levels: The tokens-per-second-per-user (tok/s/usr ≈
1/TPOT), while per-card throughput is tokens-per-second-per-
card (tok/s/card ≈ U/TPOT) for U concurrent users [89].

C. Memory substrates and packaging taxonomy

Commercial accelerators primarily rely on: (i) on-die
SRAM, which offers very high bandwidth and low latency but
limited capacity (a few GB), and (ii) off-die DRAM, which
offers high density/capacity but is constrained by I/O energy
and interface bandwidth. Within DRAM, 2.5D HBM combines
a DRAM die stack with an interposer-based interface to de-
liver high bandwidth, while 3D-DRAM places memory die(s)
directly above/below logic and communicates through dense
vertical links. These choices define a bandwidth-capacity-
power frontier that is especially consequential for decode.

III. MOTIVATION: WHY 3D-DRAM FOR DECODE

A. Decode is the industry-wide bottleneck for LLM inference

Decoder-only Transformers generate tokens autoregres-
sively and therefore execute a highly-parallel prefill followed
by a sequential decode stage (formalized in §II-A). In pro-
duction LLM serving, decode commonly dictates both tail
latency and fleet throughput because each output token triggers
attention over an ever-growing history and repeatedly accesses
the key–value (KV) cache. This is not merely an academic
observation: major inference stacks now explicitly target KV-
cache bottlenecks via paging (e.g., PagedAttention), KV reuse,
and KV quantization, indicating that KV bandwidth/capacity
is the limiting resource in practice [30], [35], [58], [59].

B. KV-cache growth makes decode capacity-limited

During decode, each layer reads the KV cache for all prior
tokens and writes the KV for the newly generated token. The
KV cache footprint grows linearly with context length and
the number of concurrent sessions, quickly consuming tens to
hundreds of GB. The KV cache size for, say, the Llama-70B
model, increases from 10GB (batch = 1) to 320GB (batch =
32) and imposes a hard cap on sessions per card.

2633



101 102 103 104 105 106

Decode rate (tokens/s per card)

0

20

40

60

80

100

120

KV
 b

an
dw

id
th

 lo
w

er
 b

ou
nd

 (
TB

/s
)

DRAM Bandwidth Required by KV Traffic vs. Decode Rate
Llama 3 70B, BF16 KV  (weights & other activations excluded)

Context = 1K
Context = 4K
Context = 16K
Context = 32K
Context = 64K

HBM3 (H100, ~3.35 TB/s)
HBM4 card (~18 TB/s)
3D-DRAM (this work, ~100 TB/s)

Fig. 2: DRAM bandwidth required by KV reads versus decode rate (BF16
KV; excludes weights/other activations). KV traffic alone drives multi-TB/s
pressure at long context, motivating memory systems with substantially higher
bandwidth density than conventional off-package DRAM.

C. KV traffic yields multi-TB/s bandwidth pressure

Decode is also bandwidth-limited. A useful sanity check is
a lower bound on required DRAM bandwidth from KV reads
alone (ignoring weights and other activations). If attention
reads S prior tokens and writes one new token per step, the
KV bytes moved per output token scale as:

DKV ≳ S · (2LHKVdheadq)︸ ︷︷ ︸
read KV for history

+ (2LHKVdheadq)︸ ︷︷ ︸
write KV for new token

, (1)

where L is the layer count, HKV the number of KV heads
(GQA/MQA), dhead the head dimension, and q bytes/element.
Figure 2 converts this lower bound into bandwidth (TB/s)
required to sustain a target decode rate (tokens/s) across
context lengths. This demand reaches the multi-TB/s regime at
long context and moderate token rates, consistent with industry
efforts that directly target KV bandwidth [58], [59].

D. Why 3D-DRAM: Bandwidth and transfer energy

Modern accelerators increasingly rely on HBM because
conventional DIMM DRAM cannot supply sufficient band-
width. However, HBM scaling is already stressing I/O and
packaging: HBM3 retains a 1,024-bit data interface but dou-
bles channels to 16×64-bit to improve concurrency [80];
HBM3E pushes pin speeds beyond 9.2 Gb/s to exceed 1.2 TB/s
per placement [45]; and HBM4 doubles the interface width to
2,048 bits and increases channels to 32, enabling up to 2 TB/s
per stack but further increasing interface complexity [4], [9].
Figure 3 makes this explicit by decomposing bandwidth across
HBM and DDR generations over time.

Beyond raw bandwidth, decode is a data-movement problem
where transfer energy matters. Representative measurements
and industry disclosures indicate that HBM-class signaling can
be several-times lower energy per bit than high-speed graphics-
class interfaces, and device-access energy is a significant
component of end-to-end serving power [60], [61]. Figure 3
summarizes picojoule (pJ) per bit ranges.
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Fig. 3: Representative data-movement energy (pJ/bit) and bandwidth. The
HBM per-stack bandwidth scaling is driven by increasing pin speed and inter-
face width (HBM2E→HBM3→HBM3E→HBM4) to feed AI workloads [4],
[45], [78], [80]. The energy per bit for HBM is not scaling efficiently.
Unfortunately, the decode phase is dominated by bytes moved, so reducing
transfer energy directly improves tokens/J.

E. Example: Single-Layer KV-Cache Mapping

Consider one attention layer of Llama-3.1-70B (GQA, 8
KV heads, head dim 128, FP16). Each token produces 2×8×
128× 2B = 4KB of KV state, giving a 16 MB layer cache at
4K context. The stack partitions this into 1,024 stream-blocked
tiles of 16 KB, spread evenly across the slice’s 16 channels (64
tiles/channel). Each channel has three banks; a 16 KB tile maps
to 128 flits of 128 B, stored as a 96 B aligned portion (one
column across all three banks) plus a 32 B partial. Reading
a tile thus spans roughly two rows per bank. Successive flits
walk consecutive columns within an open row, and with 124
columns per row (124×32B = 3,968B/bank), the row buffer
is fully read before the next activation. At 64 tiles/channel, the
layer occupies ∼128 of 1364 rows per bank (<10%), leaving
ample room for weights and other layers.

At decode, a Tensor Engine (§IV) streams tiles as a sequen-
tial column walk. It opens a row, streams all 124 columns,
and activates the next row. The 16 channels are also operated
independently. Thus, a refresh or scrub on one bank does not
stall the other 15. New KV entries are appended to the tile tail
with stream-flipping metadata, extending the occupied rows
by one flit pair per step. The 16 KB tile granularity matches
paged-attention page sizes (≥4 KB), so allocation and eviction
occur at page boundaries without fragmenting the layout or
disrupting row-buffer locality.

IV. RAPTOR: DESIGN

A. Logic-Die Hierarchy and Dataflow

Raptor’s logic floorplan (Fig. 4) mirrors the parallelism and
data-movement demands of generative inference. Each accel-
erator card integrates 2-4 multi-chip modules (MCMs), each
containing four 1.2 GHz chiplets. A chiplet vertically stacks a
logic die on a 3D-DRAM die via face-to-face (F2F) bonding
and is organized into four gangs of four slices each. Every slice
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Fig. 4: Each accelerator card integrates up to four packages, each with four
Raptor chiplets that face-to-face (F2F) stack a TSMC N4P logic die directly
on a 3D-DRAM die. Dedicated 3D-DRAM channels feed per-slice tensor
engines (TE) and weight buffers (WB).

contains a 4 × 4 tensor-engine (TE) array and a SIMD core
for auxiliary operations. TEs deliver dense matrix throughput,
slices localize data movement and buffering, gangs provide
intermediate coordination, and chiplets aggregate bandwidth
and capacity for tensor-parallel execution.

a) Slice – the fundamental locality domain: The slice
is the key unit of compute-memory co-location in Raptor.
TEs perform the dominant multiply-accumulate operations,
accumulating partial sums in an output buffer. Activations
are staged in slice-level SRAM global memory and streamed
into per-TE input buffers during execution. In parallel, the
3D-stacked DRAM stores model weights and KV cache,
partitioned into dedicated channels that feed each TE’s weight
buffer independently. This preserves bank-level parallelism
across TEs and prevents unrelated refresh, scrub, or mainte-
nance events from introducing cross-TE stalls. A SIMD core
complements the TE array by handling auxiliary vector and
transcendental operations. Together, TE compute, local SRAM
staging, and independent 3D-DRAM channels make the slice
a natural scheduling and locality domain.

b) Gang – the intermediate execution domain: A gang
groups four slices into an execution island that bridges slice-
local computation and chiplet-wide aggregation. Gangs coor-
dinate slices that jointly process a wider tensor shard, share
work across nearby channels, and balance data movement
over a bounded physical region of the logic die. This level is
necessary because Raptor is not a flat compute array attached
to a monolithic memory fabric: channel layout, bank alloca-
tion, and local routing must remain regular enough for timing
closure yet flexible enough to sustain high decode throughput.
The gang abstraction captures this organization, allowing the
design to scale beyond a single slice without imposing chiplet-
wide control overhead on every local operation.

c) Chiplet – bandwidth and capacity aggregation: Each
chiplet aggregates four gangs into a weight-stationary chiplet
backed by 840 3D-DRAM banks. These banks are mapped
across the gang/slice hierarchy into balanced, independent
channels: 16 per slice, 256 per chiplet. This channel count
is central to sustaining decode bandwidth, where many small,
latency-sensitive KV and weight accesses must proceed con-

currently. Chiplets within an MCM communicate over Gen-2
die-to-die (D2D) links at 32 Gbps/lane; inter-MCM and host
connectivity use PCIe Gen7. Thus, the design scales from TE-
local weight delivery to package-level tensor parallelism while
preserving the locality advantages of stacked memory.

Raptor’s architectural contributions are implemented at the
logic–memory interface, not in an abstract memory model.
Stream-blocking depends on how banks are grouped into
channels and assigned to TE weight buffers. Stream-flipping
operates on the single-cycle, wide F2F interface between the
logic die and 3D-DRAM. Topology-preserving redundancy
maintains a regular bank/channel organization so faulty banks
can be bypassed without disrupting the logical view of the
compute engines. Thermal-aware refresh and ECC rely on
independent bank operation and fine-grained scheduling across
the hierarchy. Thus, the slice/gang/chiplet decomposition is
necessary to explain how each mechanism is realized. §VI
describes how inter-package PCIe Gen7 links support multi-
card deployment and collective communication.

B. Stacking and Packaging

Each accelerator card integrates up to four identical MCMs.
Each MCM is built on a 9-4-9 organic substrate providing
sufficient routing density for high-speed I/O at a ∼422W
power target and junction temperatures up to 105◦C. Within
each MCM, every chiplet employs face-to-face 3D stacking:
the logic die (TSMC N4P) bonds directly to a DRAM die
through a 36µm-pitch µbump array, exposing wide, low-
latency channels into PHY blocks on the logic die.

The 3D-DRAM die organizes its 840 banks into chains
that support redundancy and per-bank configurability (§IV-C
and §IV-E); these banks are mapped onto the gang/slice
hierarchy to form balanced channels. The logic-DRAM stack
connects via mixed-pitch C4 bumps (minimum 110µm) to
a 3D CoWoS interposer, which fans out signals and power to
the substrate and to eight on-package LPDDR5X-9600 devices
(561-ball, qualified to 95◦C, ∼3.3W each). These devices
provide 128 GB per MCM as a secondary memory tier for
model parameters and KV cache that do not fit in 3D-DRAM.

C. Stream Blocking

Each 3D-DRAM bank is a 1364×124 array; the row buffer
spans all 124 columns, and each column access returns 256
bits (32 B). A key design goal is to expose many independent
channels, each feeding the weight buffer (WB) of a single
tensor engine (TE). All banks in a channel are activated in a
stagged manner. Channels must operate independently so that
refresh, scrub, or other maintenance events on one bank do
not stall unrelated channels.

1) Channel Layout and Bank Budget: Each slice has 16
weight buffers (WB) and 16 DRAM channels. Each channel
delivers a 128 B flit to its WB. A single-column access from
one bank supplies 32 B, so matching a 128 B flit requires four
co-accessed banks. However, 256 channels per chiplet, across
four banks each, require 1024 banks, yet the die implements
only 840. After reserving 72 as spares (§IV-E), 768 remain,
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resulting in three per channel (Figure 5). Three co-accessed
banks return 96 B per access, so a 128 B flit requires two
accesses and causes a systematic overfetch.

2) Naive Column-Staggering: Staggering column indices
across banks so each pair of accesses yields exactly 128 B
(Figure 6(a)) eliminates overfetch but requires the controller
to buffer 192 B, shift non-aligned fragments into 128 B flits,
and track per-address column patterns, which complicates the
datapath and hinders timing closure.

3) Stream Blocking: We instead adopt stream blocking
(Fig. 6(b)). The software stack tiles weights and KV cache
into per-channel blocks with near-unit-stride 128 B streaming
access to maximize row-buffer locality. Each flit is split into a
96 B aligned portion stored across the three banks at the same
column index (32 B per bank) and a 32 B partial; partials from
neighboring flits are packed into a shared partial region.

On a read, the controller first accesses the partial region,
caching 96 B of 32 B fragments for consecutive flits. A second
access fetches the 96 B aligned region and merges it with
the buffered partial. Both accesses follow a fixed pattern with
small buffers (96 B each), reducing the datapath to fixed-index
concatenation and fully utilizing every column access.

D. Stream Flipping

The 3D-DRAM stack connects logic to DRAM through a
dense µbump array. These short vertical links reduce per-bit
I/O energy to 0.45 pJ/bit, ∼6× lower than HBM3, but the
much higher aggregate bandwidth amplifies total switching
power. At 100 TB/s a Raptor card would dissipate ∼360W in
3D-DRAM I/O alone. Reducing bit transitions on the µbump
array is therefore essential.
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Fig. 6: Naive column-staggering versus stream-blocking. (a) A naive scheme
staggers column indices across three banks so each pair of column accesses
can pack one 128B flit without overfetch, but this requires a 192B data-shifting
network and complex per-address column patterns. (b) Stream blocking
instead uses a fixed two-access pattern with a small 96B partial buffer and 96B
output buffer, fully utilizing every column access and eliminating overfetch.

Commodity DRAM interfaces address this with data bus
inversion (DBI): for each beat in a multi-cycle burst, the PHY
decides whether to invert the word to minimize transitions and
signals the choice on a dedicated DBI pin. Our 3D-DRAM
instead transfers a single-cycle 256-bit word per bank with
no burst structure and no DBI pin. Measurements show that
DBI-equivalent encoding would reduce I/O energy by 18% (to
∼0.37 pJ/bit), so we implement it at the architectural level.

Stream flipping exploits two properties of Raptor: weights
and KV cache are laid out as stream-blocked tiles producing
long, near-unit-stride 128 B flit streams per channel, and the
software stack controls tile placement. On a write, the memory
controller compares each flit to the previously written flit
on the same channel and selectively inverts it to minimize
transitions, recording a single metadata bit per flit in a compact
side region. On a read (Figure 7), the controller fetches
the metadata bit alongside the flit and inverts it if set. The
metadata follows the same stream-blocked mapping, and this
architectural DBI scheme reduces 3D-DRAM I/O energy by
18% without changes to the DRAM PHY.

E. Topology-Preserving Redundancy

Beyond performance and power, the 3D-DRAM subsystem
must tolerate manufacturing-time and runtime faults while
maintaining full, symmetric channel bandwidth and capacity
within the card-level power and thermal budgets [16].

1) Faults and Thermal Concern: A primary reliability
concern is bank failures during manufacturing [53]–[56]. Each
bank includes spare rows and columns, but if these cannot
repair all defects, the bank is marked faulty. This can force the
affected channel to run at reduced width or capacity. Because
channels feed WBs in lockstep, an under-provisioned channel
becomes the bottleneck, degrading performance per watt.

2) Redundant Banks with Topology Preservation: We in-
troduce redundant banks that transparently replace faulty ones
while preserving the logical channel topology. A naive scheme
would place all redundant banks at the edge of the 3D-DRAM
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Fig. 7: Stream-flipping (pinless DBI) encoding and metadata layout in 3D-
DRAM. For each 128B flit in a stream, the controller decides whether to
invert the data to minimize bit transitions and stores a single DBI metadata
bit alongside the 1024 data bits in DRAM; on reads, the flit is reconstructed
with one conditional inversion, providing DBI-like behavior with only 0.8%
capacity overhead and no PHY changes.
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faulty banks while keeping channel width, mapping, and routing symmetric. This prevents significant routing concerns for redundant banks.

“beachfront” and route around faulty banks with long-distance
wiring, increasing metal usage, latency, and power on an
already power-sensitive interface.

Instead, we distribute spare banks alongside regular banks
and select them so that channels remain logically contiguous.
This keeps routing local, minimizes additional logic and wiring
power, and ensures that all channels presented to the compute
fabric remain symmetric in width and capacity.

3) Our Approach: We employ three mechanisms:
A. Bank chaining: We realize topology-preserving redun-
dancy with a simple bank chaining scheme. We logically
chain N functional banks with M redundant banks and
use lightweight multiplexing on the logic die to select any
contiguous N -bank window from the N+M physical banks.
For example, as shown in Figure 8, choosing N=24 and M=2
allows the controller to form eight channels of three banks
each from any 24 non-faulty banks in a chain of 26, tolerating
up to two faulty banks at arbitrary positions. This selection
requires only M=2 levels of multiplexing and adds negligible
routing overhead, as routing remains on the logic die near the
corresponding tensor engine and weight buffer.
B. Scalable thermal-aware refresh: At runtime, the dominant
reliability stressor is temperature. The temperatures can reach
105°C at the logic and 3D-DRAM interface. At this temper-
ature, the 3D-DRAM requires a refresh interval of 4ms to
maintain retention margin, 8× more frequent than the nominal
32 ms refresh used in HBM devices. However, our 3D-DRAM
is deeply banked, and each bank contains only 1364 rows. This
is 16–32× fewer rows than in conventional DRAM banks.
Thus, even with a 4ms interval, the refresh overhead is lower
than that of commodity DRAM [50]–[52].
C. Interleaved Error-Correcting Code (ECC): To further
harden against manufacturing and runtime faults, each bank
uses a blocking ECC scheme. The last eight columns store
a pair of 8-bit symbol-based [144, 140] Reed–Solomon code-
words, interleaved to match the subarray mapping [11]. We
co-locate this ECC with the stream-flipping DBI metadata.

On a read, the controller first fetches ECC and DBI metadata
from all banks in a channel, then the corresponding data flits.

It checks ECC, corrects erroneous data (if needed), and uses
the DBI bits to decide whether each 128B flit must be inverted
before entering the compute pipeline. Writes follow the reverse
order: the controller computes ECC, chooses the DBI polarity
to minimize transitions, writes the (possibly inverted) data, and
then commits ECC and DBI metadata. Raptor also employs
periodic background scrubbing, as in conventional DRAM, to
repair transient errors before they accumulate [15], [56], [71].

V. SILICON CHARACTERIZATION

We validate Raptor’s performance, resilience, power, ther-
mal, and refresh characteristics on silicon.

1) Results of Stream Blocking: Figure 9 plots flit latency
and aggregate 3D-DRAM bandwidth per card as DRAM
frequency scales from 500MHz to 1GHz for 2- and 4-banks-
per-channel configurations. The 2-bank design retains 256
channels per chiplet and uses the remaining banks for redun-
dancy, while the 4-bank design is hypothetical and assumes
a DRAM die with 33% more banks than the 3-banks-per-
channel baseline. Because each row holds multiple 128B flits,
streaming an entire row amortizes activation and reduces per-
flit latency. At 700MHz, 3D-DRAM delivers 2.5ns average flit
latency and 105TB/s of 3D-DRAM bandwidth per card, about
12.5× that of HBM3 cards; even if HBM4 doubles HBM
bandwidth, 3D-DRAM still provides a 6.25× advantage.
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Fig. 9: Impact of bank grouping on latency and bandwidth (measured). With
the chosen 3-bank design at 700 MHz, Raptor achieves ∼2.5 ns latency and
∼105 TB/s bandwidth per card
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A. Stream-Flipping characterization

Figure 10 reports measured I/O energy (VDD1 = 2.5 V,
VDD11 = 1.1 V) as banks scale from 1 to 8 under three switch-
ing rates. At 8 banks, the worst-case energy is 0.455 pJ/bit
(100% switching); stream flipping reduces effective switching
to 40-48%, yielding 0.376 pJ/bit. This is an 18% reduction
without pin changes, and ∼6× below reported HBM3 energy.
At the same voltage, the 500 MHz energy is lower than the
400 MHz energy because a higher frequency improves the
amortization of static power. Power-rail analysis confirms
that the 1.1 V array rail accounts for 87% of active power,
centering thermal management on DRAM array activity.

B. Resilience, Refresh and Rowhammer

Figure 11 shows the resilience improvement as we vary the
group size and number of redundant banks. While we cannot
disclose absolute yield figures, we leverage redundant banks
across both pre-package (wafer-level) and post-package (stack-
level) repair flows, as is standard in high-volume DRAM
manufacturing. In practice, bank chaining recovers channels
that would otherwise be yield-limiting.

At 700 MHz, switching from 16 ms to 4 ms refresh (required
at Tj > 85 ◦C) costs only 1.37% of bandwidth (Table I)
loss. Raptor’s 840 banks × 1364 rows/bank keeps per-bank
refresh latency 16–32× below conventional DRAM. For the
RowHammer threshold of 200K (as we use an older technol-
ogy node), back-to-back activations take 8.8 ms at tRC = 44 ns
to hit this rowhammer threshold. Since the 4 ms refresh inter-
val is below the 8.8ms window, every row is refreshed before
any neighbor accumulates sufficient activations and RowHam-
mer is inherently mitigated [13], [33], [67], [72], [73], [85]–
[88]. This co-design of bank geometry with thermal-refresh
policy is unique to deeply-banked 3D-DRAM.

Table I reports the measured refresh-induced bandwidth
loss. In all cases, refresh traffic is a small fraction of total
memory bandwidth. This allows reliable operation while re-
maining within the card’s thermal budget [68].
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Fig. 11: Resilience of bank-chaining versus group size and redundancy.
Increasing the number of redundant banks substantially improves resilience
by enabling recovery of channels that would otherwise be fault-limiting.

TABLE I: Refresh overhead at 700MHz.

Refresh interval Bandwidth overhead 3D-DRAM bandwidth (TB/s)

1 ms 0.0546 99.2628
2 ms 0.0270 102.1314
4 ms 0.0137 103.5657

C. Thermal analysis and Characterization

The junction-to-ambient thermal path is analyzed as a series
resistor network through five layers: (1) the thinned die stack
(logic + DRAM, 0.62 mm), (2) TIM1 (first thermal interface
material, between die and lid; k = 5W/mK, 100µm), (3) the
copper lid (k = 390W/mK, 1.5 mm), which spreads heat
from die to package footprint, (4) TIM2 (second thermal
interface material, between lid and heatsink; k = 6W/mK,
200µm), and (5) the heatsink/airflow cooling solution. The
cooling solution contributes ∼80% of total thermal resistance
(Rθ); the entire die stack including 3D-DRAM adds only
∼1.5% (0.003 ◦C/W). DRAM stacking, therefore, does not
measurably shift junction temperature (Tj) versus power.

Figure 12(a) shows the modeled Tj distribution across the
logic die at Raptor’s operating point of ∼106 W per chiplet
(422 W per MCM ÷ 4 chiplets), under the optimized heatsink
configuration (Rθ = 0.10 ◦C/W, Ta = 35 ◦C). The 2D
temperature field is computed from a spatially resolved power
density map of the chiplet architecture. The TE arrays form
localized hotspots at ∼92 ◦C, while SRAM buffers, inter-gang
crossbar, and PHY regions are 4-6 ◦C cooler and are attenuated
by lateral heat spreading in the copper lid.

Figure 12(b) plots peak Tj versus die-stack power under
three cooling configurations. At baseline air cooling (Rθ =
0.16 ◦C/W, Ta = 55 ◦C), only 63 W per chiplet stays below
the 105 ◦C limit. The optimized heatsink yields a peak Tj of
∼93 ◦C at 106 W which is well within target, with headroom
to ∼140 W. Liquid cooling (Rθ = 0.02 ◦C/W) effectively
removes the thermal constraint (Tj < 60 ◦C at 106 W).

Figure 12(c) presents a horizontal cross-section through
the die center, comparing the logic die and 3D-DRAM layer
average temperatures. The logic-above-DRAM stacking keeps
the DRAM ∼3.5 ◦C cooler than the logic surface. This is the
opposite of conventional HBM, where DRAM sits above the
heat-generating logic and absorbs conducted heat. This thermal
inversion is a direct advantage of the F2F bonding approach.
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Fig. 12: Thermal analysis of the logic-on-3D-DRAM stack (analytical resistor-network model). (a) Modeled Tj distribution across the chiplet at 106 W with
optimized heatsink; TE arrays form localized hotspots at ∼92 ◦C while inter-gang and PHY regions remain 4-6 ◦C cooler. Gang and slice boundaries overlaid.
(b) Peak Tj vs. die-stack power under three cooling configurations; the optimized heatsink sustains 106 W with ∼12 ◦C margin below the 105 ◦C limit.
(c) Horizontal cross-section at die center showing the 3D-DRAM layer runs ∼3.5 ◦C cooler than the logic die.

VI. DEPLOYMENT AND COMMUNICATION

A. Interconnect Hierarchy

Figures 4 and 13 show the three-level interconnect hier-
archy of Raptor. Within each chiplet, four gangs commu-
nicate over a custom on-chip network-on-chip (NoC) for
low-latency partial-sum reductions and activation exchanges
(§IV-A). Four chiplets are connected by die-to-die (D2D) links
at 32 Gbps/lane. Each card integrates 2-4 MCMs, and multiple
cards form a node. For scale-up deployment, every MCM can
connect to every switch tray via PCIe Gen 7 or the Ethernet
Scale-Up Network (ESUN) links, forming a one-hop fat-tree
with all-to-all MCM connectivity within a rack. The topology
is protocol-agnostic, and additional switch tiers can extend
connectivity across racks.

The per-link throughput varies across the three hierarchies
(on-chip NoC, D2D, PCIe/ESUN), but aggregate bandwidth
at any hierarchy level scales with the addition of links; the
primary distinction across levels is therefore latency. Because
aggregate bandwidth can be matched across levels by adjusting
link count while latency stays at the same order within each
level, we model the inter-card network as a unified flat fabric
parameterized by one-way latency (swept 0.01 to 10 µs) and
aggregate bandwidth (swept 32 GB/s to 4 TB/s), allowing
us to evaluate sensitivity without committing to a specific
protocol or link count (§VIII).
IO Chiplet: The deployment in Figure 13 assumes the PHYs
reside on the N4P Raptor logic die. An orthogonal solution
is to relocate the PCIe/ESUN/D2D PHYs (and optional co-
packaged optics or CPO) to a dedicated IO chiplet bonded to
the MCM on a mature node. This is a deployment-time deci-
sion, not a compute-die redesign, and our chiplet decomposi-
tion already accommodates it. This enables three payoffs: (i) it
reclaims N4P reticle and removes a power-dense heat source
from the 3D-DRAM beachfront (§V); (ii) it decouples the
MCM from the scale-up protocol, opening memory-semantic
fabrics and CPO alternatives to PCIe/ESUN; and (iii) for
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Fig. 13: Scale-out organization of Raptor from gangs to a rack deployment.
Each node can hold several cards (here showing two MCMs per card). Every
MCM connects to every switch tray via PCIe Gen 7 or the Ethernet Scale-
Up Network (ESUN), forming a one-hop tree with all-to-all connectivity.
Within an MCM, four chiplets communicate over D2D links; within a chiplet,
four gangs communicate over a custom on-chip NoC. There is variation in
the per-link latency and throughput across all three protocols. While per-link
throughput varies across levels, aggregate bandwidth scales with the number
of links, so the primary distinction across levels is latency.

heterogeneous deployments, a coherent load/store fabric can
absorb cross-pool many-to-many traffic into page-granularity
accesses, shifting the sensitivity curves in §VIII into the low-
latency regime where collectives do not limit the tokens/s/card.

B. Collective Implementation

This interconnect hierarchy is exploited by the collective im-
plementations. All-reduce operations use a hierarchical decom-
position that combines reduce-scatter and all-gather phases:
the bulk of the data reduction occurs locally within a chiplet
over the on-chip NoC, with progressively smaller messages
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TABLE II: The minimal-card configurations for each model and accelerator.

Model Accelerator (XPU + SRAM/HBM, RP + 3D-DRAM)
SRAM HBM 3D-DRAM 3D-DRAM (2× BW) 3D-DRAM (4× BW) 3D-DRAM (2× Full) 3D-DRAM (4× Full)

Llama3.1 70B 8| 8| 1| 0| 4,U, 128 1| 1| 1| 0| 1,U, 192 1| 1| 1| 0| 1,U, 32 1| 1| 1| 0| 1,U, 32 1| 1| 1| 0| 1,U, 32 1| 1| 1| 0| 1,U, 64 1| 1| 1| 0| 1,U, 128

GPT OSS 20B 2| 1| 8| 0| 1,D, 40 1| 1| 1| 0| 1,D, 384 1| 1| 1| 0| 1,D, 64 1| 1| 1| 0| 1,D, 64 1| 1| 1| 0| 1,D, 64 1| 1| 1| 0| 1,D, 128 1| 1| 1| 0| 1,D, 256

GPT OSS 120B 8| 1|32| 0| 1,D, 160 1| 1| 1| 0| 1,D, 384 1| 1| 4| 0| 1,D, 160 1| 1| 4| 0| 1,D, 160 1| 1| 4| 0| 1,D, 160 1| 1| 2| 0| 1,D, 192 1| 1| 1| 0| 1,D, 256

DeepSeekV3 671B 8| 1|64| 4| 4,D, 1216 1| 1| 4| 1| 1,D, 1152 4| 1|32| 2| 1,D, 1216 4| 1|32| 2| 1,D, 1216 4| 1|32| 2| 1,D, 1216 2| 1|16| 2| 1,D, 1280 1| 1| 8| 1| 1,D, 1280

Kimi K2 1T 8| 1|384| 4| 4,D, 6336 1| 1| 8| 1| 1,D, 1920 4| 1|48| 2| 1,D, 1728 4| 1|48| 2| 1,D, 1728 4| 1|48| 2| 1,D, 1728 2| 1|24| 2| 1,D, 1792 1| 1|12| 1| 1,D, 1792

Canary 1B 1| 1| 1| 0| 1,U, 4 1| 1| 1| 0| 1,U, 192 1| 1| 1| 0| 1,U, 32 1| 1| 1| 0| 1,U, 32 1| 1| 1| 0| 1,U, 32 1| 1| 1| 0| 1,U, 64 1| 1| 1| 0| 1,U, 128

Whisper 1| 1| 1| 0| 1,U, 4 1| 1| 1| 0| 1,U, 192 1| 1| 1| 0| 1,U, 32 1| 1| 1| 0| 1,U, 32 1| 1| 1| 0| 1,U, 32 1| 1| 1| 0| 1,U, 64 1| 1| 1| 0| 1,U, 128

Each cell reports ⟨Attn-TP|FFN-TP|EP|SE|PP, mode, memGB⟩, where Attn-TP and FFN-TP denote tensor parallelism for the attention and FFN blocks, respectively; EP is expert
parallelism; SE is the number of shared-expert cards; PP is pipeline depth; mode is unified (U) or disaggregated (D) deployment; and memGB is aggregate memory in GB across
the deployment (i.e., total cards × per-card capacity; e.g., for Kimi K2 1T on SRAM the configuration requires 1,584 cards × 4 GB = 6336 GB, reflecting the extreme parallelism
forced by SRAM’s small per-card capacity).

exchanged at the MCM (D2D) and card (PCIe) levels. All-
gather operations are implemented as broadcasts, leveraging
Raptor’s source-side multicast capability to reduce congestion
at higher levels of the hierarchy.

C. Parallelism Mapping

Dense models use unified deployment, distributing every layer
across the same set of cards. Tensor parallelism (TP) shards
attention heads and FFN matrices across cards; we cap TP
at 8 to stay within a single node and avoid collectives-
dominated scaling. Pipeline parallelism (PP) partitions layers
across additional cards only when a single card cannot hold
the required weights and KV cache.
MoE models use disaggregated deployment [93]: a small TP
group of cards (e.g., TP= 4) handles attention, while experts
are spread across the remaining cards via expert parallelism
(EP). This separation keeps per-expert state within a single
card’s capacity and confines the heavier many-to-many traffic
to the EP pool.

Because Raptor’s 3D-DRAM offers substantially higher
per-card capacity than SRAM, and higher bandwidth than
HBM, it requires fewer cards for a given model, which
directly reduces the parallelism degree and, consequently, the
collective communication overhead. The per-model parallelism
configurations used in our evaluation are listed in Table II.

D. Per-Layer Communication

The deployment mode dictates the schedule of collectives.
Dense (unified) deployment. Each transformer layer triggers
two TP all-reduce operations: one after the attention projection
and one after the FFN, each transferring O(h·b) bytes, where h
is the hidden dimension and b the micro-batch size. At the low
TP degrees enabled by 3D-DRAM (e.g., TP= 4 for Llama-
70B vs. TP= 8 for SRAM), these all-reduces involve fewer
participants and proportionally less data, reducing per-layer
communication time.
MoE (disaggregated) deployment. Each layer involves up to
four distinct collectives: (i) an attention all-to-all among the
TP cards to exchange partial attention outputs and log-sum-
exp statistics (∼16KB/card at TP= 4); (ii) a post-attention
all-reduce to combine projection outputs (∝ h · b); (iii) a
dispatch many-to-many that routes activated tokens from the
attention group to expert cards (∼hundreds of KB/card); and
(iv) a combine many-to-many that returns expert outputs to the
attention group (∼MB/card). The dispatch and combine phases
scale with the number of active experts and the EP degree.

Reducing the card count through higher per-card capacity
directly shrinks both the participant set and the total volume of
these collectives, enabling 3D-DRAM to lower communication
overhead relative to lower-capacity alternatives.

VII. METHODOLOGY

A. Raptor Hardware and Memory Model

We evaluate the memory subsystem using two parameters:
peak bandwidth and usable capacity. All experiments use
the same accelerator logic, called XPU. Pairing XPU with
our 3D-DRAM yields the full Raptor (RP) product, while
XPU + SRAM and XPU + HBM serve as external-memory
baselines on the same logic. Since our interest is the memory-
bound regime, we focus on the decode phase of inference.

TABLE III: Accelerator + memory technology configurations. Tensor com-
pute throughput for the XPU accelerator logic is fixed at 10 PFLOPS; we
only vary the attached memory subsystem. Pairing the XPU logic with 3D-
DRAM yields the full Raptor (RP) product; SRAM and HBM variants are
external-memory baselines on the same logic.

Accelerator + Memory
Memory Tensor Compute

Bandwidth Capacity Throughput
(TB/s) (GB) (PFLOPS)

Memory technology variants

XPU + SRAM 150 4 10
HBM 18 192 10

RP + 3D-DRAM 100 32 10
Ablation study variants

RP +

3D-DRAM (2× BW) 200 32 10
3D-DRAM (4× BW) 400 32 10
3D-DRAM (2× Full) 200 64 10
3D-DRAM (4× Full) 400 128 10

Each XPU card is paired with one of three memory
technologies: on-die SRAM (very high bandwidth, minimal
capacity), HBM DRAM (high capacity, limited bandwidth),
or 3D-DRAM (high bandwidth with moderate–high capacity).
To disentangle bandwidth and capacity for 3D-DRAM, we
sweep five RP + 3D-DRAM design points derived from a
baseline prototype. Our lab is also testing chips with 2-High
and 4-High stacking, with DRAM-on-top packaging. Thus, we
include design points with 2× and 4× capacity and bandwidth.

The baseline, 3D-DRAM, provides 100 TB/s of bandwidth
(with 2 ms refresh and scrubbing) and 32 GB of capacity. For
bandwidth-only scaling, 3D-DRAM (2× BW) and 3D-DRAM
(4× BW) increase bandwidth by 2× and 4× while holding
capacity at 32 GB. For proportional scaling, 3D-DRAM (2×
Full) and 3D-DRAM (4× Full) scale both bandwidth and
capacity by 2× and 4×. Together with the XPU + SRAM
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and XPU + HBM baselines (Table III), this isolates the effect
of each memory substrate on decode throughput.

B. Models and Deployment

We evaluate three workload classes: (1) dense decoder-only
large language models (LLMs), Llama-70B [44]; (2) mixture-
of-experts (MoE) LLMs, DeepSeek-V3 [14], GPT-OSS [62],
and Kimi K2 [48], with sparse expert routing, irregular
memory access, and variable per-token activation footprints;
and (3) speech models, Whisper [69] and Canary [65],
with encoder–decoder pipelines, longer contexts, and distinct
compute-to-memory ratios. This suite spans model sizes, KV
footprints, and arithmetic intensities.

We use the deployment modes and parallelism strategies
described in §VI. Data parallelism (DP) increases the number
of concurrent sequences after TP, PP, and (when applicable)
EP are fixed. We evaluate two deployment regimes:
• Minimal-card uses the fewest accelerator cards that

can hold both weights and KV cache under a given
tensor/pipeline/data parallelism configuration (TP/PP/DP).
This exposes each baseline’s (XPU+SRAM, XPU+HBM,
RP+3D-DRAM) intrinsic capacity limits and performance
at the physical deployment boundary. The resulting config-
urations, along with 3D-DRAM scaling variants used only
in our ablation, are summarized in Table II.

• Iso-card fixes the total card count to the number required
by RP + 3D-DRAM in the minimal-card regime, enabling
capacity-independent comparisons.
We report two metrics (see §I). Interactivity is 1/TPOT (in

1/s), where TPOT (Time Per Output Token) is the average
latency to produce one token for a request [92] and higher is
better. Throughput is tok/s/card, the steady-state tokens-per-
second per accelerator card in a deployment [89].

VIII. RESULTS

A. Batch Sizes Analysis

To study the impact of batch size on latency and throughput
under a given service level agreement (SLA) for large-scale
LLM deployment, we model request arrivals as a Poisson
process [70] and use an event-driven traffic generator and
a batched compute engine. We use an arrival rate of 110
requests/s (∼9.5M requests/day, in line with publicly quoted
data [46]) as a representative production load, and also sweep
higher rates. Requests are queued in front of the compute

TABLE IV: Batch-size behavior under Poisson arrivals.

(a) Batch size versus arrival rate
(T = 1 ms)

Req/s Max batch Avg batch

110 1 1.00
200 3 1.05
500 5 1.17

1000 27 5.12

(b) Recommended batch size
versus per-batch latency

T (ms) Batch size

0.1 1
1 1
2 1

30 8
100 16

engine. Whenever the engine becomes idle, it drains the queue
by forming batches of size b from the q pending requests. With
constant per-batch latency T , the time to process q requests is
Tq/b. Each simulation runs for 1s (1000ms).

Using a 1ms per-batch processing time from Figure 14,
Table IV(a) shows that average and maximum batch sizes
remain well below 32 even at high arrival rates. Sweeping per-
batch latency (Table IV(b)) yields recommended batch sizes
that also stay under 32 while sustaining the offered load, and
steady-state queue depths remain within the same bounds. We
therefore fix the batch size to 32 as a practical operating point
that balances latency and throughput for realistic deployments.

B. Throughput per Card versus Interactivity

1) Experimental Setup and Interpretation: Figure 14 shows
the throughput–interactivity trade-off as batch size varies.
Network latency is fixed at 0.5µs and network bandwidth at
1 TB/s. Along each curve, increasing batch size generally
raises tok/s/card (moving upward) while reducing interactivity
(moving leftward). The desirable region is the upper-right,
where both interactivity (1/TPOT) and tok/s/card are high. We
use unified deployment for dense models and disaggregated
deployment for MoE models. Each point on the curves is
obtained by sweeping the batch size for a fixed parallelism
configuration and memory substrate.

2) Dense versus MoE Behavior: Dense models exhibit
two regimes. At small batch sizes, decode is memory-bound;
increasing the batch size amortizes the weight and KV-cache
transfers, improving tok/s/card. At larger batch sizes, the
arithmetic units saturate, tok/s/card plateaus, and TPOT rises.

MoE models exhibit four regimes. First, attention is
memory-bound and dominates latency; tok/s/card improves
with batch size (e.g., left of the GPT OSS-120B curve on
3D-DRAM (4× BW)). Second, expert loading dominates, cre-
ating a near-horizontal segment where tok/s/card stalls while
interactivity drops. Third, all experts are active, but their load
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cost is amortized over more tokens; tok/s/card rises at roughly
constant TPOT, visible as a vertical segment. Fourth, atten-
tion compute dominates again, producing a second horizontal
segment (e.g., GPT OSS-20B on 3D-DRAM (4× BW)).

3) Impact of Technology and 3D-DRAM Scaling: HBM-
based accelerators consistently underperform 3D-DRAM and
SRAM, matching tok/s/card only in the compute-bound regime
and with significantly worse interactivity.

For dense models, SRAM and baseline 3D-DRAM trace
similar interactivity-throughput curves. For MoE models, 3D-
DRAM outperforms SRAM. At the practical batch of 32
(§VIII-A), 3D-DRAM has better interactivity and tok/s/card.

Increasing 3D-DRAM bandwidth shifts the memory-bound
region of the 3D-DRAM, 3D-DRAM (2× BW), and 3D-
DRAM (4× BW) curves toward the upper right. Scaling both
bandwidth and capacity (3D-DRAM (2× Full), 3D-DRAM
(4× Full)) further improves performance by reducing the card
count and increasing effective per-card bandwidth, as evident
in GPT OSS and DeepSeekV3-671B; however, changes in
pipeline parallelism obscure this trend for Llama-3.1-70B.

Comparing bandwidth-only versus full scaling (3D-DRAM
(2× BW) vs. 3D-DRAM (2× Full), 3D-DRAM (4× BW)
vs.3D-DRAM (4× Full)) isolates the capacity effect: fewer
cards increase parameter movement per card, leaving tok/s/-
card similar but potentially degrading interactivity unless the
higher capacity also lowers PP. We show detailed curves only
for Llama-3.1-70B and DeepSeekV3-671B.

C. Impact of Network Latency and Bandwidth
Using the interconnect model from §VI, Fig. 15 sweeps

network latency at 1 TB/s bandwidth and batch size 32
(§VIII-A). tok/s/card is flat below 0.1µs for all models
and memory stacks. Beyond this point, tensor- and pipeline-
parallel collectives become significant. SRAM degrades fastest
because its limited capacity forces higher TP/PP degrees
and larger collective volumes; HBM, which uses smaller TP
degrees, is largely insensitive. 3D-DRAM outperforms both
across most models: at 4K context and a realistic network
setting (0.5µs, 1 TB/s), 3D-DRAM improves tok/s/card by
4.38× over HBM and 3.15× over SRAM. At higher latencies,
communication can dominate, leading to sharp tok/s/card
drops, particularly in configurations with high TP/PP.
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Fig. 15: Impact of network latency on tok/s/card across Llama-70B, and
DeepSeek-V3 with minimal-card deployment. The batch size is set to 32,
the maximum deployable batch size, and the network bandwidth is 1 TB/s.
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Fig. 16: Impact of network bandwidth on tok/s/card across Llama-70B, and
DeepSeek-V3 with minimal-card deployment. The batch size is set to 32, the
maximum deployable batch size, and the network latency is 0.5µs.

Fig. 16 sweeps network bandwidth at fixed 0.5µs latency.
Dense models saturate above 1 TB/s; MoE models stabilize
at 256 GB/s. HBM is largely insensitive because its small
TP degrees produce low collective volume. SRAM and 3D-
DRAM are more sensitive at low bandwidths due to heavier
collectives, with tok/s/card dropping sharply once communi-
cation overhead dominates.

D. Ablation Study

1) Iso-Card: In the minimal-card setup, HBM often uses
fewer cards than 3D-DRAM, resulting in lower tok/s/card. To
isolate batch-size effects, we adopt an iso-card configuration
in which all accelerators match the card count of 3D-DRAM.
SRAM is excluded as it cannot scale to the required capacities.

Figure 17 shows that HBM leverages its larger per-card
capacity to run larger batches, improving tok/s/card relative
to the minimal-card case. However, at small and medium
batch sizes, HBM’s lower bandwidth still limits tok/s/card,
and 3D-DRAM remains ahead. Iso-card deployment improves
HBM’s interactivity, but it remains below all 3D-DRAM
configurations until compute-bound saturation.

2) Long Context: Figure 18 extends the analysis to longer
contexts, following the trends in §VIII-B. Larger KV-cache
reduces the maximum batch size, pushing accelerators into
phase 1 (attention memory-bound) for DeepSeekV3-671B,
with memory capacity and bandwidth as the primary limiters.
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Fig. 17: tok/s/card vs Interactivity for Llama-70B, and DeepSeek-V3 across
multiple hardware configurations with iso-card deployment. Network latency
and bandwidth for this plot 0.5µs and 1 TB/s, respectively.
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Fig. 18: tok/s/card vs Interactivity for LLM models across multiple hardware configurations at context length of 64K with minimal-card deployment. Network
latency and bandwidth for this plot 0.5µs and 1 TB/s, respectively.
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Fig. 19: tok/s/card vs Interactivity for Whisper and Canary 1B across multiple
hardware configurations with minimal-card deployment. Network latency and
bandwidth for this plot 0.5µs and 1 TB/s, respectively.

3) Speech Models: Figure 19 shows tok/s/card versus batch
size for Whisper and Canary-1B. Both models fit on a single
card for all memory types, and their short context (448
tokens) makes bandwidth, not capacity, the key performance
driver. SRAM delivers the highest tok/s/card, followed by
3D-DRAM, then HBM. Increasing bandwidth improves both
throughput and interactivity; increasing capacity alone pro-
vides no benefit for these workloads.

IX. ALTERNATIVE DEPLOYMENT PARADIGMS

The preceding sections treat Raptor as a uniform accelerator
across the decode pipeline. Production serving stacks, how-
ever, are increasingly heterogeneous, partitioning the decode
loop across hardware pools with complementary strengths. We
highlight two such directions where Raptor’s ∼100TB/s 3D-
DRAM substrate pairs naturally with an HBM-class GPU.

1. Attention-FFN Disaggregation (AFD) splits a single MoE
layer between a GPU running attention and Raptor running
the FFN/expert blocks. Attention traffic is dominated by the
KV cache, which fits comfortably in HBM capacity; FFN
traffic is dominated by expert weight loading, which scales
with batch and top-k, and therefore benefits from the highest
available bandwidth. AFD places each block on the substrate
that matches its bottleneck, and modern MoE models such
as DeepSeek-V3 [14] make the boundary essentially free.
For instance, the activation exchange fuses with the all-to-all
collectives already used for expert parallelism, as demonstrated
by systems such as MegaScale-Infer [93] and Step-3 [79].

2. Speculative Decoding [5], [10], [38], [42], [43] uses
a small draft model to propose K candidate tokens, and
a larger target model to verify them in a single parallel
forward pass. The two halves have opposite memory-intensity
profiles. Notably, verification amortizes target weights across
K tokens. It is a compute-bound operation well matched
to GPU tensor cores. On the other hand, drafting K back-
to-back autoregressive steps is a memory-bound operation.
This asymmetry motivates the inverse pairing of AFD: the
draft model on Raptor, which achieves 100 TB/s and reduces
the sequential draft latency on speculative decoding’s critical
path, with verification performed on an HBM-class GPU.
A prior production deployment on our previous accelerator,
Corsair, reports sizable end-to-end speedups under exactly
this pairing [19]. Furthermore, NVIDIA’s Vera Rubin platform
pairs Rubin GPUs with the Groq 3 LPX accelerator in a
closely related heterogeneous configuration that explicitly lists
speculative decoding among its target use cases [57]. Together,
AFD and speculative decoding show that Raptor is not only
competitive as a unified decode accelerator but also composes
naturally with GPUs in heterogeneous deployments.

X. RELATED WORKS

Prior work uses 3D-stacked memory to increase bandwidth
or enable near-data compute, building on characterizations
of 3D-stacked DRAM [7], [12], [17], [21], [36], and ex-
poses PIM/NDP offloading abstractions for graph and sparse
workloads [6], [22], [34], [49]. More recent proposals re-
visit hybrid-bonded memory, cross-bank coordination, and
NDP scheduling [37], [39], [41], [74], [81], [82], [90], [91].
However, these target CNN/DNN workloads or general NDP
abstractions and do not re-architect the 3D-DRAM subsystem,
its channelization, mapping, and reliability/thermal behavior,
around KV-cache traffic. LLM-oriented efforts attack the
memory wall via offload-friendly kernels and formats [28],
[29], or by adding PIM, CXL-attached memory, monolithic-3D
tiers, and compute-enabled memory [20], [23], [24], [26], [40],
[63], [66], [76], [77], but assume existing DRAM/HBM orga-
nizations rather than co-designing the memory card around
decode-phase bandwidth and thermal limits. We co-design
the 3D-DRAM organization, stream-blocked mapping, and
reliability/thermal mechanisms for KV-cache serving beyond
HBM bandwidths.
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Fig. 20: tok/s/card versus interactivity for Llama-70B, GPT-OSS (20B, 120B), DeepSeek-V3, and Kimi K2 across multiple hardware configurations with
minimal-card deployment (the fewest cards that can hold weights and KV cache).

Comparison with H2-LLM and Stratum: Table V sum-
marizes architectural differences. H2-LLM [39] embeds near-
memory processing (NMP) inside hybrid-bonded DRAM for
low-batch edge inference, achieving 0.4 TB/s channel band-
width and 0.28 PFLOPS of in-memory compute. It is a single-
chip architecture with no multi-chip scaling path, and its
DRAM-process NMP prevents the use of leading-edge logic
nodes. For memory-bound decode, Raptor’s 100 TB/s card-
level bandwidth provides a ∼250× raw advantage.

Stratum [63] targets MoE serving with a tiered monolithic-
3D (Mono3D) DRAM architecture. Each chip stacks 1024
Mono3D DRAM layers with tier-dependent latencies, provid-
ing high internal NMP bandwidth. While multi-chip configura-
tions (Stratum-S/L/XL) scale aggregate internal bandwidth up
to 364 TB/s, they face a severe external bandwidth bottleneck.
The external xPU–DRAM interface delivers only ∼0.82 TB/s
per chip (∼10 TB/s for the 12-chip Stratum-XL), creating
a 36× bandwidth cliff between chip-local NMP and cross-
chip communication. Since large models, KV cache growth,
and MoE routing require cross-chip data movement, Stratum’s
effective multi-chip bandwidth degrades to ∼10–35 TB/s. Rap-
tor’s non-tiered 100 TB/s bandwidth avoids this cliff, offering a
3.3×–10× bandwidth advantage. Furthermore, Stratum faces
yield risks (1024 layers) and unverified thermal dissipation
from densely stacked in-memory logic.

Figure 20 quantifies the architectural differences of Table V
in terms of end-to-end serving performance. Across all three
models, Raptor’s 3D-DRAM configuration consistently oc-
cupies the upper-right region of the throughput–interactivity
space, achieving both higher tokens/s/card and lower per-token
latency than H2-LLM and Stratum-XL at every batch size.
H2-LLM, constrained by its 0.4 TB/s single-chip bandwidth
and DRAM-process compute, clusters in the low-throughput,
low-interactivity corner; the gap widens as batch size grows
because H2-LLM cannot amortize its fixed bandwidth ceiling.
Stratum-XL achieves higher absolute throughput than H2-
LLM thanks to its 12-chip aggregate internal bandwidth, yet

TABLE V: Comparison with recent 3D/PIM architectures.

Feature H2-LLM [39] Stratum [63] Raptor (Ours)

Target Domain Edge Inference MoE Datacenter Datacenter LLM/MoE
Compute Design In-Memory PIM Near-Memory (NMP) Ext. Accelerator
Compute Logic 0.28 PFLOPS ∼0.5–6 PFLOPS 10.0 PFLOPS
Memory Tech Hybrid-Bonded Mono3D (1024-L) 3D-DRAM TSV
Effective BW 0.4 TB/s ∼10–35 TB/s* 100 TB/s (Unified)
Multi-Chip Scale Limited (1-chip) 36× BW Cliff High-BW Seamless
Validation Simulation Simulation Silicon Test Chip
* Estimated effective system bandwidth accounting for cross-chip routing bottleneck.

remains well below Raptor. Its 36× external bandwidth cliff
forces cross-chip data movement through a ∼10 TB/s bottle-
neck, limiting effective bandwidth to a fraction of Raptor’s
unified 100 TB/s pipe. The gap is most pronounced for the
largest model (DeepSeekV3 671B), where KV-cache traffic
dominates and memory bandwidth determines decode latency.

Both works are orthogonal to Raptor. They perform
simulation-level design-space exploration, whereas Raptor
provides silicon-backed evidence. PIM products (e.g., HBM-
PIM [36], AIM [26]) add limited compute to DRAM banks but
retain the conventional HBM device organization; Raptor co-
designs the full memory subsystem, channelization, data map-
ping, ECC, and thermal management, around KV-cache traffic
at orders of magnitude higher bandwidth. Architecturally,
Raptor decouples compute from memory, with a 100 TB/s
bandwidth DRAM subsystem feeding a 10 PFLOPS acceler-
ator on a leading-edge logic process. This avoids both the
internal vs.-external bandwidth hierarchy that limits Stratum’s
multi-chip scaling and the process/scaling constraints that
bound H2-LLM’s single-chip design.

XI. CONCLUSION

Generative AI is increasingly dominated by memory-bound
autoregressive decode, where existing SRAM and HBM-based
accelerators hit hard limits in capacity, bandwidth, and I/O
power. This paper targets that bottleneck by designing an
accelerator around a logic-on-3D-DRAM primary memory
substrate. We introduce the early silicon of Raptor, the first
3D-DRAM accelerator for generative inference. Raptor uses
workload-aware channelization and mapping, a pinless DBI
scheme, and topology-preserving redundancy to enable a
practical and efficient 3D-DRAM. Across Llama-3.1 70B,
DeepSeek-V3, Kimi K2, GPT-OSS, Whisper, and Canary,
Raptor sustains ∼100TB/s per card, delivering 4.7× higher
throughput than HBM designs and 2.4× higher than SRAM
designs while also improving interactivity and reducing sen-
sitivity to network latency and bandwidth.
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