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Abstract

Large language model decoding is bounded by the memory wall:

weights and the KV cache must be moved every token, and the

low-arithmetic-intensity matrix—vector products of decode leave

throughput set by bandwidth rather than compute. Bank-level

processing-in-memory (PIM) attacks this directly by keeping weights
resident and computing in place, but its lockstep, all-bank execution

(every bank issuing the same command against a shared operand)

provides no way to skip the zeros that pruning produces. We present

the first end-to-end sparsity-aware inference framework for bank-
level PIM. A column-union cost model shows that lockstep cost is

set by the union of columns (or KV tokens) a bank-group must

jointly visit, not by the nonzero count, and we drive that union to

its minimum on both halves of the decode layer. Activation-aware

weight pruning [10] makes surviving columns align across rows

and across matrices for free (the hardware-optimal mask and the

accuracy-preserving mask coincide) while a group-aligned adapta-
tion of query-aware KV selection [8] collapses the attention scan

that pruning cannot touch. Against a measured NVIDIA H200 at

batch-1, this work cuts single-stream per-token latency by ~4-7x

and, beyond moderate context, undercuts even the GPU’s most

energy-efficient batched configuration (crossing over near 16K,
~6X lower at 128K), while preserving downstream accuracy and

extending on-board context.

1 Introduction

Serving LLM inference is a data-movement problem. Decoding
emits one token at a time, so each layer collapses to matrix-vector
products with almost no reuse: performance is set by how fast
weights and the KV cache stream, not by compute, while the resi-
dent weights and growing cache squeeze capacity. Bank-level SIMD
PIM—SK hynix AiM [4], Samsung FIMDRAM [5]:fits this GEMV-
shaped workload exactly: each bank streams a resident weight row
against a broadcast activation, all banks firing one operation in
lockstep.

But PIM only removes the movement of dense data, and the
feature that makes it efficient fights compression: all banks share
one command stream, so every bank must address the same column
index each cycle. A pruned matrix wastes cycles on empty columns;
a naively compressed one breaks lockstep. Unlike a GPU, where
pruning pays once irregularity is tamed, on lockstep PIM the saving
vanishes outright.

This work is, to our knowledge, the first end-to-end sparsity-
aware inference framework for bank-level PIM. We co-design spar-
sity with the lockstep model across both halves of the decode layer:

e Projections. A column-union cost model shows lockstep
cost is set by the union of columns a bank-group jointly
visits; activation-aware pruning (RIA [10]) drives that union
to its density-minimum for free.

e Attention. We adapt query-aware KV token selection (Quest [8])

to the shared-operand constraint, aligning each group’s se-
lected tokens so one broadcast serves a shared set, taming
the attention scan pruning cannot touch.

2 Sparsity in Processing-in-Memory

A group of banks advances in lockstep under a single command and
reads a shared broadcast operand: every bank addresses the same
column index within its own row each cycle. Let C; be the columns
surviving in row i of the group. The group must visit every column
in the union U = (J; C;, regardless of how many rows use it:

i Gl

The engine pays the union, not the mean occupancy; the gap is
a pure alignment tax, vanishing only when the C; coincide. The
objective is thus to minimize the per-group column union at a
quality budget, not to minimize nonzeros.

cost(group) o |U], not

2.1 Pruning the projections

We recover the alignment from the model rather than engineering
amask. Activation importance is a per-column quantity—a tiny frac-
tion of hidden dimensions carry norms 10-100x the median [9], the
same columns for every row. Unstructured magnitude pruning [7]
lets each row’s own weights decide, and survivors scatter to chance-
level overlap (Fig. 1). RIA [10] normalizes magnitude by row/column
statistics at a block granularity matched to the group (16 X 1), so
the shared column-activation term dominates: the worst row-pair
Jaccard stays > 0.963 across every model, dataset, layer, and density
(Fig. 1). The mechanism reaches across matrices: projections sharing
an input (Wp, W, Wy; Wgate, Wap) prune to nearly the same columns
(Jaccard ~0.998, Fig. 2), letting us batch them into one schedule at
no extra column cost. A per-block least-squares reconstruction [1]
repairs the masking error; the partnerless, perturbation-sensitive
projections (Wo, Wyown) stay dense, since alignment cannot help
them.

2.2 Pruning the attention

Weight pruning leaves the attention scan (QK T, SV), which grows
with context and eventually dominates—the attention wall. Query-
aware KV selection (Quest [8]) keeps only each query’s most rele-
vant tokens, but the lockstep tax reappears in KV tokens: vanilla
Quest selects per head, so a shared broadcast must serve the union
of all heads’ selections—2.6X the nominal budget, touching 89% of
DRAM rows. The fix mirrors the projections: heads sharing a com-
mand agree on one token set per group (group-aligned selection),
and the union collapses back to the budget (8%), keeping per-token
attention cost flat (Fig. 4). Composed with weight pruning, retrieval
is preserved: RULER [3] tracks full KV within half a point through
32K and 2.6 points at 64K, matching per-head selection at the same
budget.
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Figure 1: Within-matrix alignment is a property of the metric,
not an imposed mask. Jaccard overlap between two rows’
surviving column sets. RIA-16 X 1 keeps rows on the same
columns at every density (worst pair > 0.963); unstructured
Wanda tracks the no-alignment chance line. Models: Mistral-
7B-v0.1, Qwen3-8B/14B/32B.
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Figure 2: Alignment extends across matrices that share an
input. Jaccard overlap of surviving columns between Q/K/V
and between gate/up, ~0.998 across densities; whiskers span
min-max over 96 (model, dataset, layer) combinations. The
shared activation is what makes cross-matrix batching free.

3 Results and Discussion

We use cycle-accurate, trace-driven simulation [6] with the PIM
command set and a command-activity energy model from a vali-
dated PIM system [2]; GPU baselines are measured on an NVIDIA
H200.

Accuracy. Across seven zero-shot tasks and eight models (7B-
32B), RIA-16x%1 tracks the dense baseline and unstructured Wanda [7]
down to 70-80% density, stays competitive with NVIDIA 2:4, and
matches or beats INT4 quantization at equal footprint (Fig. 3)—
column-aligned pruning pays no accuracy premium.

Gains over dense PIM.. In Fig. 4 (Qwen3-14B, batch-1), dense
full-KV energy climbs steeply with context, and per-head selection
gives back much of its saving to the group union. Group-aligned
8% selection with d=0.7 pruning stays nearly flat: 1.3-1.5X below
per-head selection and 2.3-3.1X below dense full-KV at 32K-128K.

Anon.

Boards are weight-dominated, so freed capacity converts into up to
~2.5% longer resident context or fewer boards.

Gains over the GPU.. Against the measured H200 (Qwen3-14B)
we compare energy at the GPU’s most efficient configuration—fused
token selection (8%) at its capacity-optimal batch (Fig. 4). Below
~10K the heavily batched GPU wins, but its optimal batch shrinks
as KV fills HBM, so its per-token energy climbs while ours stays flat
(resident weights). Ours crosses near 10K and pulls steadily ahead—
1.7X lower at 32K, 2.3x at 64K, and 2.6X at 128K (3.6X at a 3.1%
budget)—at batch-1, whereas the GPU needs dozens of concurrent
requests to approach even that. Our regime is single-stream, long-
context serving—the on-device, low-concurrency operating point.

4 Conclusions

PIM answers the memory wall by keeping weights resident, but
only sparsity removes the work that remains—and only if it respects
lockstep. Our column-union cost model exposes the one quantity
governing both halves of the layer: the columns (weights) or tokens
(KV) a lockstep group must jointly visit. Activation-aware pruning
minimizes the weight-column union for free; group-aligned token
selection does the same for KV tokens. The lockstep execution that
appears to forbid sparsity is exactly what makes it efficient, once
format, kernel, and selection policy are co-designed around the per-
group union. The poster walks the cost model, both mechanisms,
and the sweeps behind each claim.
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Figure 3: Downstream accuracy vs. density. This work — RIA-16 X 1 — (circles) tracks dense (stars) and Wanda (squares), and
matches or beats 2:4 at equal footprint, across 7 tasks and 8 models.
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Figure 4: End-to-end energy per token and per-token latency as context length increases (Qwen3-14B). 1 H100 GPU vs. 1 AiM

board.
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