
Is High-Bandwidth Flash All You Need?
Vinicius Petrucci, Felippe Zacarias, Vishal Tanna

Micron Technology
San Jose, CA, USA

Abstract
Large language model (LLM) inference accelerators are
converging on multi-tier memory to hold multi-terabyte
mixture-of-experts (MoE) weights and long-context
key-value (KV) state. We use a roofline-based an-
alytical model to compare three augmentations to
high-bandwidth memory (HBM): on-package high-
bandwidth flash (HBF), on-package LPDDR, and
LPDDR over a chip-to-chip (C2C) link to a host CPU.
We find that on-package LPDDR matches or beats
every alternative at every operating point we evaluate,
by up to 5.6× over HBM-only, via three properties. (1)
Capacity: on-package augmentation admits compact
layouts that HBM-only cannot fit; at peak throughput
under the latency SLO, HBF and LPDDR both shrink
the model-instance footprint 4× (16 to 4 GPUs). (2)
Writability: LPDDR absorbs KV spill that HBF cannot
serve, given NAND’s write-rate and endurance limits,
yielding up to 2.1× over HBF on KV-heavy 1 M-context
workloads. (3) On-package bandwidth: where C2C
carries critical-path traffic, LPDDR’s higher effective
decode bandwidth yields 1.3×–2.0× over C2C. The
larger LPDDR-over-C2C gaps are replica-shrink (prop-
erty (1)): on-package LPDDR can host the cold-expert
pool whereas off-package C2C cannot, positioning
C2C-attached LPDDR as a KV-overflow rather than
expert-offload tier.

Disclaimer. The views expressed in this paper are those
of the authors and do not necessarily reflect the official
position of Micron Technology, Inc. This work represents
ongoing research and early findings based on an analytical
model and publicly available information.

1 Introduction
Mixture-of-experts (MoE) weights now reach multiple
terabytes, and reasoning-era inference holds long-context
key-value (KV) state that grows with batch and sequence
length, outrunning the capacity of an on-package high-
bandwidth memory (HBM) stack. Prior work argues
that HBM alone is insufficient for future large language
model (LLM) inference accelerators and calls for high-
bandwidth flash (HBF) capacity expansion [5, 8, 11].
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We refer to the LPDDR, HBF, and chip-to-chip (C2C)
augmentations collectively as tier-2 memory (capacity
tiers beneath HBM). The recently proposed H3 archi-
tecture [5] pairs HBM with on-package HBF on a daisy-
chained substrate. We adopt the same packaging but
swap HBF for on-package LPDDR. The operational pay-
off of such tier-2 augmentation is replica-shrink: packing
an instance into fewer GPUs frees the scarce accelerators
that frontier-GPU supply constrains [2]. The figure of
merit is tok/s/kW under a per-user time-per-output-
token (TPOT) service-level objective (SLO), capturing
the two binding constraints in production serving that
operators cannot let degrade at tail latency [2]: rack
power and interactive latency.

Two limits make the choice non-obvious. HBF buys
capacity, but NAND is write-limited on the on-package
decode timescale: its program rate and write endurance
are orders of magnitude below DRAM, so it cannot
absorb KV that spills during decode as batch and context
grow, nor reshuffle the expert pool that serving churn
demands (LoRA swaps, model versioning, batch-driven
expert-set drift [1]). LPDDR does both at nanosecond
rewrite latency. The off-package alternative, LPDDR
over a C2C link, is equally writable but lacks the on-
package bandwidth to overlap cold-expert fetches with
decode.

We adopt a MoE expert-offload [4, 7, 16] allocator
for on-package tier-2 (LPDDR, HBF): the frequently-
routed (“hot”) experts are pinned in HBM and the rarely-
routed (“cold”) complement offloaded to tier-2, with KV
kept in HBM and spilled to a writable tier (LPDDR)
only under capacity pressure. This is feasible for on-
package tier-2 because the H3 daisy-chain [5] provides a
dedicated die-to-die (D2D) interconnect between HBM
and the on-package tier-2 that runs in parallel with HBM
compute, so cold-expert fetches overlap decode rather
than stalling it. Off-package C2C lacks this parallel path,
so it instead uses the weights-first allocator that ships as
the default in major open-source inference stacks: weights
stay in HBM and C2C absorbs only KV spill (Section 4
quantifies why expert-offload is worse for C2C). We spill
cold KV to a writable tier rather than evict it: spilling
reads tokens back at full precision, so every attention
term is bit-identical to the HBM-resident computation
and reasoning accuracy is intact [17], making placement
purely a performance and power question.
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Table 1. Per-GPU tier specs on a 72-GPU rack. BW is
nominal peak read-rate; effective BW under scattered
access in Section 2. LPDDR design grid swept in Sec-
tion 4.

Tier Cap. BW Latency Energy
(GiB) (TB/s, rd) (ns) (pJ/bit)

HBM 512 32.0 100 3.0
On-pkg LPDDR 2,048 2.0 100 2.4
HBF 4,096 8.0 20,000 8.5
Off-pkg C2C 3,072 1.8 500 5.0

Results and contributions. We contribute (i) the first
comparison of HBF, on-package LPDDR, and C2C-
attached LPDDR on a single figure of merit, tok/s/kW
under a TPOT SLO, across four production-scale infer-
ence workloads at 1 M-token context; and (ii) a decom-
position of the on-package LPDDR advantage into three
separable properties, capacity (replica-shrink), writabil-
ity (KV-spill absorption that write-limited HBF lacks
at decode rate), and on-package bandwidth (which C2C
lacks), each mapped to the workload regime it governs
(Section 3).

2 Analytical Model
Platform. The analytically modeled platform (no silicon
measurement) is a 72-GPU rack with 1.8 kW per-GPU
TDP and 1.8 TB/s per-GPU unidirectional fabric band-
width. Per-GPU tier specs include eight HBM stacks
(512 GiB), bounding the largest MoE models at mod-
erate tensor-parallel (TP) degree and motivating tier-2
augmentation.

Workloads. We evaluate four MoE models span-
ning three attention families. The DeepSeek-V4 pair
(DSV4-Pro, DSV4-Flash) combines compressed-sparse
and heavily-compressed attention (CSA/HCA) with
shared-KV multi-query attention (MQA) for a light
∼3–5 KB/tok KV footprint (BF16/FP8). Kimi-K2.6
uses KV-heavy multi-head latent attention (MLA)
at ∼39 KB/tok. Nemotron-3-Ultra (549 B total, 55 B
active) is a Mamba-2 + grouped-query attention
(GQA) hybrid with LatentMoE on ∼44% of layers; its
∼12 KB/tok BF16 KV lives only on the 12 GQA layers
of 108. All are sparse MoE (6–22 of 256–512 experts
routed, plus 1 shared), with MoE in every block except
Nemotron-3-Ultra’s interleaved layout. At 512 GiB FP8,
Nemotron-3-Ultra’s weights nearly fill a single GPU’s
HBM, so it cannot co-locate weights and long-context
KV on one GPU without tier-2.

Memory tiers. Per-bit read energy is media at-pin [6,
10] plus 0.5 pJ/bit/hop in the H3 daisy-chain [5]; HBF

latency matches H3’s SLC-NAND assumption. The on-
package LPDDR tier reuses the H3 daisy-chained sub-
strate (same D2D link and hop as HBF). The default
LPDDR design point is 2 TiB at 2 TB/s (Table 1).

Metric. Throughput is the per-step decode rate
(batch/TPOT) at fixed input context, evaluated at
a single decode step (fixed KV state) rather than
accumulated over the full output sequence, so output
length does not affect the metric. Rack throughput
is the request-rate proxy (requests/s = rack-tok/s ÷
mean output length). We omit the time-to-first-token
(TTFT) prefill term: prefill is commonly disaggregated
onto separate hardware, making the decode tier a
self-contained choice. We do not claim it for prefill,
whose sustained-read profile may favor a NAND tier
(Section 4).

Solver and SLOs. At its core a roofline computes per-
op time as the maximum of its compute-bound and
memory-bound limits from published hardware peaks
(Williams et al. [14]); the step model extends this by
running the HBM, on-package D2D, and C2C paths in
parallel (step time = slowest path sequential collectives),
with D2D contention clipped to its base-die share. The
solver enumerates parallelism strategies per operating
point and selects the one with maximum tok/s/kW meet-
ing the TPOT SLO. We evaluate at 10 ms and 25 ms
TPOT (tighter than typical production [13]) to reflect
agentic workloads where per-step TPOT compounds
across multi-turn tool-use chains. We write an operating
point as batch @ SLO (e.g., 𝑏=128 @ 25 ms is batch 128
under the 25 ms TPOT SLO).

KV partition and placement. The KV hot-access pat-
tern follows H2O’s heavy-hitter calibration [18]: a small
fraction of tokens absorbs the majority of attention reads,
defining which KV bytes stay in HBM and which spill to
tier-2. Because HBF is write-limited (programmed once
with the static cold-expert pool at load, read many times
during inference), the solver hard-rejects any placement
that routes KV to it, confining KV spill to the writable
DRAM tiers (on-package LPDDR or off-package C2C);
no NAND program/erase traffic enters the decode model.
The 2 TiB LPDDR design point is the smallest capacity
admitting a 1-GPU layout on the only LPDDR-binding
configuration (𝑏=128 @ 25 ms on DSV4-Pro; Section 3);
BW above ∼1 TB/s is unused on the other three work-
loads (Section 4).

Effective tier-2 BW. Effective BW = nominal peak
× 𝜂, with 𝜂 derived from each medium’s access model
under two patterns: scattered cold-expert reads (random-
position KB–MB fetches) and paged KV reads. LPDDR
delivers 𝜂 ≈ 0.80 scattered (1.6 TB/s, from DRAM row-
buffer hit rates) and 𝜂 ≈ 0.85 paged (1.7 TB/s). HBF is
heavily clipped on scattered access by NAND’s ∼20 µs
read latency on small fetches (𝜂 ≈ 0.36, 2.9 TB/s). C2C
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Figure 1. Pareto envelopes per workload at 1 M-token context on a 72-GPU rack, LPDDR at the 2 TiB / 2 TB/s design
point. Each curve is the upper-right (interactivity, energy efficiency) frontier across every feasible layout (TP/EP/DP
degrees; attention-mode; batch ∈ {4, 8, 16, 32, 64, 128, 256}) under the per-tier allocators of Section 1 (expert-offload
on-package, weights-first for C2C). Dotted guides mark the 25 ms and 10 ms TPOT SLOs (markers to their right
meet that SLO). Each curve’s rightmost extent is its interactivity ceiling; its y-plateau, its energy-efficiency ceiling.

paged-KV streaming pays a protocol penalty calibrated
to Strata [15] (𝜂 ≈ 0.55, 1.0 TB/s). KV-bound compar-
isons (e.g., Kimi-K2.6) use the paged figures (LPDDR
1.7 vs. C2C 1.0 TB/s); expert-bound comparisons use
the scattered figures.

The scattered 𝜂 ≈ 0.36 is a worst case for HBF,
but the comparison is insensitive to it: a modern HBF
stack overlaps reads, and because an expert is large
(∼66 MB) bandwidth, not the ∼20 µs latency, sets the
cost [3, 6, 9, 12]. Raising HBF scattered 𝜂 from 0.36 to
0.50 leaves every LPDDR-over-HBF ratio byte-identical
(the winning expert reads overlap HBM compute, so
HBF 𝜂 never reaches the critical path), and even pairing
an optimistic HBF (0.50) with a pessimistic LPDDR
(0.65) flips no cell.

3 Findings
Two ceilings organize Figure 1. The interactivity ceiling
(rightmost extent of each curve) is set by the smallest
TP the placement admits: HBM-only is forced to TP≥4

on both Kimi-K2.6 and DSV4-Pro, for different reasons.
DSV4-Pro is weight-bound (1.43 TiB FP8 weights need 4
GPUs = 2 TiB HBM; TP=2 at 1 TiB does not fit); Kimi-
K2.6 is KV-bound (0.93 TiB weights fit at TP=2, but the
KV-heavy MLA state at 1 M context does not). Either
way, the per-layer AllReduce floors TPOT regardless
of batch. The energy-efficiency ceiling (highest y per
curve) is set by how much batch packs into a replica
before some tier overflows. Tier-2 augmentations relieve
both ceilings via replica-shrink: holding the cold-expert
pool on tier-2 admits compact layouts (peak 5.6× on
DSV4-Pro 𝑏=256 @ 10 ms, where HBF and LPDDR each
shrink the replica from 16 to 4 GPUs; the gain drops to
3.8× at 25 ms as HBM-only packs denser).

Writable tier (vs. HBF). The LPDDR-over-HBF gap
is widest on Kimi-K2.6 (orange-vs-red separation in the
second panel of Figure 1), where KV-heavy MLA grows
linearly with batch×context. Write-limited NAND can-
not absorb the KV tail, so HBF keeps KV in HBM and
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TP stays pinned at 8 across batches, capping its en-
ergy efficiency at ∼660 tok/s/kW. LPDDR’s writable on-
package tier absorbs ∼5.5 TiB of KV spill at nanosecond
rewrite latency, freeing HBM to grow per-replica batch
from 64 to 256 and lifting efficiency to ∼1,400 tok/s/kW
(2.1× over HBF, the abstract figure, at 𝑏=128 @ 25 ms).
The gap narrows or closes on the other three models,
where HBF’s compact layout keeps KV in HBM and the
write limit is never exercised. On Nemotron-3-Ultra the
tier-2 win is capacity-driven, not writability-driven: both
tiers hold the cold-expert pool that lets the 512 GiB-
weight model fit on one GPU (8 → 1 replica), so they tie
until LPDDR’s higher BW pulls ahead at ≥ 2 TB/s.

Effective BW (vs. C2C). The 1.3×–5.6× LPDDR-
over-C2C gap has two regimes. At the peak (the same
5.6× DSV4-Pro point) the gap is set by allocator seman-
tics: weights-first cannot shrink the C2C layout while
expert-offload puts the cold pool on LPDDR and ad-
mits a 4-GPU replica. The narrow end (1.3×–2.0×) is
the BW-limited regime, set by either the hybrid layer
mix bounding MoE traffic (Nemotron-3-Ultra) or C2C’s
1.7×-lower effective paged-KV bandwidth on KV-bound
Kimi-K2.6 (Section 2).

Per-step LPDDR traffic. Only DSV4-Pro 𝑏=128 @ 25 ms
is LPDDR-binding (1-GPU layout, ∼7 ms SLO slack);
elsewhere LPDDR traffic runs in parallel with the
binding HBM path, and at the 5.6× point cold-expert
reads fully overlap HBM-MoE compute via the H3

daisy-chain [5].

4 Discussion
Regimes favoring HBF. HBF’s differentiator is sustained
on-package read BW at multi-TiB capacity, which
RDMA-attached NAND (∼100 GB/s) cannot match;
capacity-only workloads with loose BW budgets, by
contrast, are well served by that RDMA path. Two
regimes that we do not evaluate rely on HBF’s band-
width advantage: prefix-cache reuse under tight TTFT
constraints [5], and decode-phase expert streaming when
weights exceed LPDDR’s on-package capacity.

HBF under weights-first. Under the production-
default weights-first allocator, HBM+HBF reduces to
HBM-only within 0.4% on every operating point: KV is
the spillover target, write-limited HBF cannot accept it,
and the TP sweep picks a layout where per-GPU experts
already fit in HBM. Only expert-offload activates HBF.

LPDDR design points. Sweeping LPDDR BW 0.5–
4 TB/s at the 2 TiB design point, LPDDR matches or
beats HBF at 5.8× lower tier peak power (95 W at 2 TB/s
vs HBF’s 549 W per GPU). Throughput is BW-flat on
the two models whose tier-2 traffic stays below the BW
knee (Kimi-K2.6, DSV4-Flash); only the weight-heavy
two scale with LPDDR BW (DSV4-Pro 𝑏=128 @ 25 ms

459 → 542 K tok/s; Nemotron-3-Ultra 565 → 618 as BW
rises 1 → 4 TB/s), the only ones placing enough weight
on LPDDR to reach the critical path. The BW floor is
set by hotness, not capacity: the hot-expert pin (bias-
8 [16], ∼73% of reads in HBM) and the H2O 20/30/50
split [18] fire tier-2 traffic only once HBM is exhausted,
across a 0.10–0.40 hot-ratio sweep. Predictor drift adds a
further consideration: re-pinning a drifting predictor is a
write HBF’s program rate cannot serve at decode rate, so
HBF must keep the whole pool resident. Even with a flat
predictor, the LPDDR-over-HBF gap holds at ≥1.24×
across the expert-bound points. Capacity is the binding
knob: 2 TiB is the smallest pool admitting the compact
layouts (DSV4-Pro’s 1-GPU layout at 𝑏=128 @ 25 ms,
4.2× over HBM-only; Nemotron-3-Ultra’s 8→1 replica),
while 512 GiB is too tight on DSV4-Pro and Kimi-K2.6.

Why not C2C for experts? Each tier’s allocator is
its own throughput-maximizing choice, so the LPDDR-
over-C2C comparison is unconfounded: HBM+C2C un-
der expert-offload (EF) underperforms its weights-first
(WF) mode by 6.9× geomean (4.7–9.7×), whereas the
on-package tiers are the mirror image (EF beats WF
by 1.8–1.9× on LPDDR and HBF). The asymmetry is
physical: dropping C2C latency to 100 ns has no effect,
while raising effective BW to 4 TB/s recovers ∼2.2×, and
the off-package paged read pays an NVLink-C2C proto-
col and CPU-DMA penalty (𝜂=0.55) the on-package H3

path avoids. C2C-attached LPDDR thus serves best as
a higher-capacity KV-overflow tier.

Smaller fault domain. Replica-shrink also shrinks the
unit that a single GPU fault disables, a first-order reli-
ability concern for operators [2]: because every decode
step synchronizes across the model instance, one failed
GPU stalls all of it, so shrinking from 16 GPUs to 4 (a
single compute tray) cuts that blast radius to one quar-
ter. We report only this direction, leaving recovery-cost
quantification to future work.

5 Conclusion
High-bandwidth flash augmenting HBM is not the whole
answer: it adds capacity but its write-limited NAND
cannot absorb the KV that the decode phase spills, so
on-package LPDDR is the more general tier-2 choice.
Across all workloads and operating points evaluated,
HBM+LPDDR matches or outperforms every alternative
(up to 5.6× over HBM-only): capacity drives most of
the gain (HBF and LPDDR tie when KV fits in HBM),
writability separates LPDDR from HBF on KV-heavy
workloads, and on-package BW separates it from C2C on
critical-path traffic. On-package LPDDR (expert-offload)
and C2C-attached LPDDR (KV-overflow) cover both
tier-2 roles.
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