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Abstract—In on-premise LLM inference, speculative decoding breaks
the memory wall induced by the low batch size, by combining fast
generation from a lightweight draft model with parallel verification by
the target model. However, speculative decoding, by design, poses a
dilemma in the draft model’s size, where scaling up the draft model
increases the per-token accept rate while simultaneously increasing
draft latency, ultimately degrading end-to-end throughput. Processing-
in-memory (PIM) architectures were designed to accelerate memory
access through high internal bandwidth, yet their compute resources
are severely limited by DRAM process area/power constraints. Pruning
methods such as 2:4 semi-structured pruning alone cannot mitigate the
compute bottleneck. Based on the observation that LLM activations are
inherently near-sparse, we propose a dual pruning scheme that prunes
both weights and activations in a 2:4 manner to significantly reduce
the total required computation while preserving accuracy, along with
a dedicated accelerator module, LATTIX, that efficiently executes this
within PIM. To this end, we propose three runtime activation pruning
methods suited to PIM’s limited compute capability, a lightweight
multiply-accumulate (MAC)-based compute engine consisting of a lookup-
based selector logic, and pipelining and reordering techniques that
maintain high utilization. Evaluated on two LLM families, LATTIX
achieves 2.59x and 1.90x end-to-end speedup over dense and weight-only
pruned draft models, respectively, without loss of accuracy.

I. INTRODUCTION

As the service cost and data privacy concerns of large language
models grow, on-premise deployments, where users deploy LLMs
locally, are rapidly increasing in applications such as healthcare [1]—
[3], finance [4]-[6], and personal assistants [7]-[9], eliminating
external data transmission. Due to the extremely low batch sizes [10],
[11], the compute time of on-premise deployments is dominated by
general matrix-vector multiplication (GEMV), resulting in extremely
low arithmetic intensity [12]-[14]. Consequently, the majority of the
accelerator’s compute units remain idle waiting for memory transfers,
causing an order-of-magnitude gap between peak FLOPS and achiev-
able FLOPS [10], [15], [16]. To address this inefficiency, speculative
decoding [17], [18], in which a lightweight draft model rapidly
generates multiple tokens in succession and an expensive target model
verifies them in a single pass, has become the standard technique for
local LLMs [19], [20]. This allows multiple tokens to be finalized
per target invocation, amortizing the cost analogous to increasing
the batch size. In speculative decoding, the speculation length, or the
expected number of accepted tokens per target invocation, is a critical
factor determining end-to-end throughput [17], [19].

Therefore, prior work has focused on accelerating the draft model’s
inference itself while preserving the speculation length, thereby
achieving higher end-to-end throughput at the same target invocation
frequency. Accordingly, prior approaches divide into two main direc-
tions. On the hardware side, processing-in-memory (PIM) accelerators
place compute units within the DRAM banks to exploit high internal
bandwidth, physically resolving the data movement bottleneck that
dominates inference [21], [22], [22], [23]. On the software side,
model pruning techniques retain only a subset of important weights,
masking the rest and computing only on the retained elements,
thereby reducing both memory and compute demands [24]-[26].

A representative example is 2:4 semi-structured pruning [27], [28],
which removes the two smallest-magnitude elements from each group
of four consecutive elements (hereafter tile) and stores and reads
only the remaining two. However, both directions focus on memory
bandwidth utilization and overlook the compute-side problem that
arises in a PIM environment. PIM accelerates memory access through
high internal bandwidth, yet its compute resources are severely
limited by DRAM process area/power constraints [21], [29]. While
pruning reduces both weight read volume and computation, the com-
pute reduction from weight-only pruning alone remains insufficient
to overcome PIM’s severe compute scarcity. Ultimately, the draft
model’s inference becomes compute-bound, preventing PIM from
utilizing its massive internal bandwidth.

Based on the observation that activations in LLM computation
are inherently near-sparse, we propose dual-side pruning, where we
apply 2:4 semi-structured pruning to both weights and activations.
We then propose a dedicated accelerator module, LATTIX, that
efficiently executes such a pruning scheme within PIM. Dual-side
2:4 pruning significantly reduces the actual required computation at
the intersection of weight and activation tiles, providing additional
compute reduction that weight-only pruning cannot achieve. This
can therefore fundamentally resolve PIM’s compute bottleneck and
enable full utilization of the DRAM’s internal bandwidth. LATTIX
is designed as a lightweight compute engine to operate within
the DRAM’s area and power constraints, along with pipeline and
tile reordering techniques that maintain high utilization despite the
computation requirement varying over time. Evaluated on two real-
world frontier model LLM families, LATTIX achieves an average of
2.59x and 1.90x end-to-end speedup over dense and weight-only
pruned draft models, respectively.

The contributions of this work are as follows.

Dual-side 2:4 pruning. We analyze the compute-bound problem
arising in speculative decoding on PIM-based architectures, and
resolve it by applying 2:4 pruning to both weights and activations,
which we refer to as dual-side 2:4 pruning, to fundamentally reduce
computation. We propose 3 methods for pruning the activations at
runtime via magnitude, while varying their hardware cost.
Lightweight accelerator. We first exploit the property that all types
of intersection patterns require at most two multiply-accumulate
(MAC) operations per tile, to design a compute engine consisting of
only two MAC units that can consume a single whole tile per cycle.
However, the two MAC units require routing logic that can direct the
corresponding non-zero data to the compute engine. We exploit the
property that the number of possible pattern types is highly limited,
adopting a memoization-based logic to minimize resource usage.
Tile pipelining. In dual-side sparsity, each tile pair (weight x
activation) requires a variable number of MAC operations from
zero to two. We propose two techniques to maximize the hardware
utilization. First, we skip tile pairs that require no computation at
all. Second, we propose a pipeline structure that issues two tile pairs
simultaneously at every cycle, processing both tiles in a single cycle
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when their combined workload fits within the 2-MAC capacity.
Runtime tile reordering. Since the computation order among tiles in
an inner product does not affect the result due to commutativity, each
PIM module computes the tile pair’s overlap count at runtime and
rearranges the order so that tile pairs with low and high computation
demands are placed adjacent to one another.

II. BACKGROUND

Transformer architecture. Figure 1 illustrates the structure of a
transformer decoder. A transformer consists of an embedding layer,
multiple decoder layers, and an LM head [30], where each decoder
layer comprises a self-attention sub-layer and a feed-forward network
(FFN) sub-layer. The key factor determining the computational char-
acteristics of LLM inference is the batch size, which is the number of
requests processed simultaneously. In low-batch scenarios, the FFN
sub-layer dominates the computation time [10], [13], and its core
operation is the multiplication of a weight matrix and an activation.
2:4 semi-structured pruning. 2:4 semi-structured sparsity groups
every four consecutive elements into a file and retains exactly
two non-zero elements per tile (Figure 2). Existing 2:4 pruning
techniques [24], [25], [27] inject this pattern into model weights,
improving inference performance while maintaining high accuracy.
Each pruned tensor is stored as a value tensor containing only
the non-zero values and a bitmap recording the non-zero positions
within each tile (4 bits per tile). The compressed format reduces
both memory traffic and storage by nearly half. The Sparse Tensor
Core (SpTC), introduced in the NVIDIA Ampere [31] architecture,
leverages this compressed format to accelerate matrix multiplication
between a (2:4) sparse operand and a dense operand at the hardware
level. The internal structure of SpTC augments a conventional MAC-
based processing element (PE) with a selector unit at the front end
(Figure 2). The non-zero values from the sparse operand are fed to the
PE, together with the bitmap. The selector then consults the bitmap to
read the corresponding element from the dense operand and forwards
it to the MAC unit. As a result, only two MACs are performed per
tile instead of four, enabling SpTC to process twice as many tiles in
the same number of cycles, achieving a theoretical 2x throughput
improvement.

Speculative decoding. Speculative decoding is a technique that
leverages a lightweight draft model to increase the token throughput
of LLM inference [17], [18]. In speculative decoding, the draft model
autoregressively generates k tokens, after which the target model
verifies them in a single forward pass (Figure 3). Specifically, by
appending the k tokens pre-generated by the draft model to the
prompt and feeding them to the target model, the target model
can simultaneously generate outputs for all k positions. The target
model’s outputs are sequentially compared with the draft token at
each position and only correct drafts are considered verified and
accepted. Note that, due to the autoregressive constraint, all draft
tokens after the first mismatch are rejected.
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Fig. 4: Speculative decoding.

The average number of tokens accepted per target model invocation
is called the speculation length, which represents the effective infer-
ence bandwidth of the target model. Prior work has proposed tree-
based [32], [33] or graph-based [34], [35] speculation structures. In
such structures, the draft model generates multiple token candidates
at each position rather than a single token. This can increase the
speculation length by widening the verification scope, but at the cost
of increased draft model computation.

III. MOTIVATION

End-to-end breakdown. Throughout this section, we analyze specu-
lative decoding on a system where the draft model runs on an HBM-
PIM device and the target model on two A100 GPUs; the detailed
hardware and software configurations are summarized in Table I.
Figure 4a shows the fraction of the total decoding latency spent on
the target and draft model computations. With a large speculation
tree ([4,2,2,1,1]), the draft model computation consumes 82.1% of
the total decoding latency.

Draft model dilemma. The end-to-end throughput of speculative
decoding is governed by two conflicting factors that both depend
on the draft model size: a larger draft model approximates the target
model’s output distribution more closely, raising the per-token accept
rate and thus the expected speculation length, but its slower inference
lengthens every speculation iteration. Figure 4b quantifies this trade-
off. We performed tree-based speculative decoding while sweeping
the draft model size of the Qwen2.5 family [36] from 0.5B to 14B
against a 72B target. As the draft model size grows, the accept rate
rises monotonically from 47% to 94%, while the draft throughput
collapses from 4.3k to 0.2k tokens/s. A small draft (0.5B) offers
high throughput, but its low accept rate fails to amortize the cost of
target verification. On the other hand, a large draft (14B) achieves
a high accept rate, but the draft itself becomes the bottleneck and
the end-to-end throughput degrades. No point on the model-size axis
therefore satisfies both the accept rate and the latency at once.
Compute wall in PIM. PIM architectures [21]-[23] have been pro-
posed to accelerate the memory-intensive autoregressive inference of
the large language model by accessing memory at the massive internal
bandwidth of the DRAM banks. However, due to the area and power
constraints of the DRAM process, their compute resources are ex-
tremely scarce, leaving the internal bandwidth largely underutilized.
Figure 4c reports the memory bandwidth utilization of an HBM-
PIM device under different pruning schemes. Without pruning, the
dense baseline utilizes only 27-31% of the internal bandwidth across
all of Qwen, Llama, and DeepSeek, meaning that the bottleneck is
compute rather than memory bandwidth. Conventional weight-only
2:4 pruning cannot break this compute wall, as it reduces memory
traffic and computation at a similar rate; the utilization stays nearly
unchanged at 30-33%.

Dual-side 2:4 pruning. The preceding analysis shows that resolving
PIM’s compute bottleneck requires an additional compute reduction
beyond weight pruning. We enable this with a dual-side sparse
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scheme, based on the observation that LLM activations are inherently
near-sparse. Figure 5 shows the probability density of the activation
magnitudes in the FFN layers. The elements are heavily concen-
trated in the near-zero region (shaded), where they contribute only
marginally to the final output. This distribution arises because the
gated activation functions (SwiGLU, GeGLU) standard in modern
LLM:s suppress all but a few channels. Consequently, 2:4 pruning that
removes the two smallest-magnitude elements within each activation
tile can greatly reduce the required computation while barely compro-
mising inference accuracy. Exploiting this near-sparsity, the proposed
dual 2:4 pruning applies 2:4 pruning to both the weights and the
activations, so that only the elements surviving on both sides of each
tile-pair inner product need to be computed. Even with the compute
capability of the baseline HBM-PIM left unchanged, an idealized
dual 2:4 execution that eliminates all the skipped MACs doubles the
bandwidth utilization to 57-62% (Figure 4c), substantially relieving
the compute wall. Figure 6a shows the theoretically achievable draft
throughput under each pruning scheme. Conventional weight-only
2:4 pruning halves both the computation and the memory traffic,
improving the draft throughput by 2.0x; additionally pruning the
activations delivers a further 1.62x. Figure 6b translates these draft-
side gains into the end-to-end throughput perceived by the user:
weight-only 2:4 achieves a 1.49x gain over the dense baseline, and
ideally, pruning the activations as well provides an additional 1.39x.
Moreover, since target verification filters the draft’s output and only
the tokens the target model agrees with ever reach the user, the end-
user accuracy remains identical regardless of the pruning scheme, as
shown in Figure 6b.

IV. DESIGN

System architecture. Figure 7a shows the overall system architec-
ture. The system consists of a host processor (e.g., GPU) connected to
a memory stack via an HBM interface. Each memory stack is a PIM
device, with a lightweight compute logic in each bank, inspired by
the Samsung HBM-PIM [21] architecture. Consequently, the overall
system executes a heterogeneous dataflow in which the target model
runs on the host processor and the draft model runs on the HBM-
PIM. The draft model’s weights are distributed across the banks in a
row-wise fashion to exploit the high aggregated internal bandwidth.
Each shard of an activation matrix is generated within the bank, as
a result of a computation between the distributed weight matrix and
input. The draft model’s output tokens generated through repeated
iterations are forwarded to the host processor for use in target model
computation.

Activation pruning. Weight pruning can determine a fixed 2:4
mask in advance through offline calibration. However, activations
are runtime tensors newly generated as the output of the previous
layer at every token, making it impossible to determine the mask
in advance. PIM’s compute logic supports only simple comparisons
and integer-level operations due to the area/power constraints of
the DRAM process. Complex operations such as exponentials and
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Fig. 7: Overview of proposed system.

division cannot be performed, so pruning methods must be designed
within these constraints. We designed three methods that differ in
the precision of comparison operations. Figure 7b illustrates each
method. The first method is the most naive approach, selecting the
actual magnitude-based top-2 elements. Although this can compute
the exact largest values, it requires a selection network of up to 5
comparisons, resulting in a large comparator area.

We therefore designed two additional approximate methods that
reduce the comparator cost in two distinct ways. The first method is
pairwise tournament, which partitions the four elements within a tile
into two fixed pairs (posO and posl, pos2 and pos3) and selects the
element with the larger magnitude from each pair. Unlike the previous
method, this determines the 2:4 mask with only two comparisons,
minimizing HW cost. However, if the two largest elements fall in
the same pair, the second-largest element is pruned and a lower-
ranked element is selected instead. The final method is exponent-
only comparison. Like the top-2 method, it selects the top-2 from
all four values, requiring 5 comparators. However, it minimizes the
area and latency overhead of each comparator by extracting only the
5-bit exponent field and comparing them as unsigned integers. A
comparative evaluation is presented in Section V.

Activation pruning can only be performed at runtime after compu-

tation completes. When the previous GEMV operation finishes, the
activation resides in a distributed state across the local memory of
each bank. We route this activation back into the compute logic, and
perform tile-level pruning according to the methods described above.
This epilog pruning can be performed in-place without a separate
memory read, since the activation values already reside within the
bank. Upon completion of pruning, a 4-bit bitmap encoding the non-
zero positions and two non-zero values are generated in compressed
format within each bank. This pruned activation is broadcast to all
banks in tile units, serving as the input to the LATTIX module together
with the weights for the next layer’s GEMV operation.
LATTIX module. Figure 8 shows the detailed structure of each LAT-
TIX compute module. Each compute module takes a weight tile and
an activation tile as input, computes their products, and accumulates
the results. Since both the weight tile and the activation tile are
pruned in a 2:4 structure, performing a bitwise AND of the non-zero
positions of the two tiles yields O to 2 overlapping positions. We term
these overlapping positions the intersection pattern; multiplication of
actual values is needed only at these positions, since at the remaining
positions at least one operand is necessarily zero and the product is
therefore zero. Once the intersection is determined, the corresponding
values must be located in the compressed vectors of the weight and
activation and routed to the MAC unit as inputs.

To determine which data to read and how to compute based on
the shape of the two bitmaps, each compute module’s selector takes
the two bitmaps as input and determines three control values. First,
the operand selector is a multiplexer (MUX)-based control signal that
determines which of the two non-zero values from the activation and
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Fig. 8: LATTIX compute module.

weight, respectively, to route to which MAC. Second, the overlap
count is used for pipeline scheduling, as described shortly, serving
as the basis for tile co-issue and zero-skip decisions. Third, the
accumulation mask is a control signal that selects the correct output
position to which partial products should be accumulated, taking
scheduling into account.

A naive selector logic would require complex computation between
the two bitmaps. However, since the 2:4 patterns of the weight and
activation each have only six possibilities (C(4,2) = 6), the total
number of possible pair types is limited to thirty-six. Furthermore,
six of these cases require no computation, so only thirty patterns are
effectively valid. Moreover, because each pattern deterministically
determines the operand routing, overlap count, and accumulation
mask, there is no need for any data-dependent decisions at runtime.
We therefore adopt a fixed lookup-table-based approach for the
selector. The area of the resulting selector, a 30-entry combinational
logic, requires fewer resources than that of a single FP16 multiplier.
Execution pipeline. As described above, each intersection pattern
has at most two overlapping positions, and thus the LATTIX compute
module consists of only two MAC units. Consequently, each compute
module performs 0, 1, or 2 MAC operations per tile pair. However,
since most (more than 80% on average) of the tile pairs require
only 0 or 1 MACs, idle slots frequently occur relative to the 2-
MAC capacity when processing a single tile pair at a time. To
address this underutilization, we introduce three ideas (Figure 9a).
The first is zero-skipping: tile pairs with an overlap count of 0
are immediately skipped through metadata inspection alone, without
occupying a MAC unit. The second is tile co-issuing: tile pairs are
read two at a time, and if the sum of their required MACs is two,
both complete in a single cycle; if the sum exceeds two, the tile
pair with the smaller MAC count is deferred to the next cycle. Such
overflow-induced stalls depend on the MAC count combination of
adjacent tile pairs; in particular, when 1-MAC and 2-MAC tile pairs
are consecutive, stalls become frequent, worsening underutilization.
The third is therefore tile reordering, which places 1-MAC tile pairs
and 2-MAC tile pairs adjacent to each other rather than leaving them
interleaved.

To realize these ideas, we adopted two-phase broadcasting and N-
tile buffering in LATTIX (Figure 9b). Two-phase broadcasting splits
the process of broadcasting the activation results into a bitmap phase
(Phase 1) and the non-zero value phase (Phase 2). In Phase 1, all
bitmaps are broadcast to all the banks, and each bank intersects the
received bitmaps with its own weight tile bitmaps to pre-compute the
overlap count for every tile pair. Since each tile pair’s overlap count
was pre-computed in Phase 1, each bank can immediately skip tile
pairs with an overlap count of 0 without using MAC units. In Phase 2,
the activation’s non-zero values are broadcast, starting from bank 0, in
units of NN tiles, and each bank buffers the received tiles in its private,
dedicated tile buffer. This buffering allows each bank to perform
random access within the N tiles, enabling tile-level reordering. Once
processing of the NN tiles is complete, a reduce operation confirms
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Fig. 9: Execution pipeline and two-phase broadcasting.

that all banks have finished, and the broadcast proceeds with the next
N tiles.

Tile reordering exploits the fact that in the inner product, the order
of tile pair computations does not affect the final sum, since the results
are accumulated. The challenge is that activation tiles are broadcast
sequentially from a central source so all banks receive them in the
same order, yet each bank stores a different weight row, so the overlap
count per tile pair differs across banks. Therefore, by leveraging the
N-tile buffering described above, we enable each bank to locally
and greedily rearrange the processing order of tile pairs within its
buffer (Figure 9b), with inter-bank coordination occurring only at
the granularity of N tiles. Note that the buffer size, NV, is a design
parameter that determines the trade-off between reordering quality
and buffer die area.

V. EVALUATION
A. Evaluation Setup

Methodology. We evaluated LATTIX on a real system equipped
with two NVIDIA A100 GPUs; the detailed hardware and software
configurations are summarized in Table I. The target model is sharded
across the two GPUs, while the draft model runs on a PIM device
of three HBM stacks; all pruned configurations use the same device.
We used two real-world model pairs, Qwen2.5-72B with a Qwen2.5-
7B draft [36] and DeepSeek-67B with a DeepSeek-7B draft [44],
on three datasets: GSMS8K [45], BBH [46], and HotpotQA [47]. All
draft models were fine-tuned after pruning: weights are pruned one-
shot with Wanda [25], and the dual-side drafts are further fine-tuned
via knowledge distillation to recover the token accept rate. Every
configuration runs the same tree-based speculation protocol [32], a
token tree with per-depth branching factors [4,2,2,1,1] (60 candidate
tokens per iteration). We measured the target-side verification latency
and the token accept rate (and the resulting speculation length)
of every draft variant directly on this system. Since bank-level
PIM silicon is not commercially available, we supplemented these
measurements with an in-house cycle-level simulator that models
the draft-side PIM device, following the published Aquabolt-XL
specification [21]; the measured target-side latencies and accept rates
are combined with the simulated draft-side latencies to obtain end-
to-end throughput. To estimate the hardware cost of LATTIX, we
implemented all of its components in Verilog RTL and synthesized
them under the setup summarized in Table I, obtaining the area of
each module. As PIM logic is fabricated in a DRAM process whose

TABLE I: Evaluated system.

HW Configurations SW Configurations

GPU2x A100 80GB [31]  Ubuntu v22.04| CUDA [37] v12.4
CPU AMD EPYC 7763 PyTorch [38] v2.9.1 |Transformers [39] v5.9.0

Mem. DDR4 1 TB vLLM [40] v0.6.3| Accelerate [41] v1.14.9
Area Estimation

Synthesis  Yosys [42] v0.68 | Cell library  NanGate FreePDK45 [43]

PIM clock 300 MHz Area budget iso-area w/ PCU [21]
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cells are larger than those of a logic process, we use the synthesized
areas as relative costs between modules; based on this accounting,
all compared configurations are provisioned at equal area, with the
LATTIX modules of each bank pair fitting within the footprint of the
baseline’s compute unit.

Compared configurations. We compared six configurations, all run-
ning the same draft models and speculation protocol on an equal-area
PIM device. HBM-PIM is the baseline PIM modeled after Samsung
Aquabolt-XL [21], which executes the dense draft on its per-bank-
pair SIMD compute units. 2:4 Pruning augments each compute unit of
Aquabolt-XL with an SpTC-style selector unit [27], [31], executing
the weight-only 2:4-pruned draft; the pruned weights are skipped,
but the activations remain dense. The remaining four configurations
credit each LATTIX component separately: LATTIX-Naive replaces
the compute units with the per-bank LATTIX modules (Section IV)
and runs the dual-side 2:4 draft, but issues a single tile pair per cycle;
LATTIX-ZeroSkip adds zero-skip; LATTIX-Overlssue adds tile co-
issue; and LATTIX further adds runtime tile reordering, completing
the full design. All LATTIX configurations generate the activation
masks with the Exp-only pruning logic.

B. Evaluation Result

Overall Performance. Figure 10 reports the end-to-end speedup of
the six configurations over the HBM-PIM baseline, across the two
model pairs and three datasets. 2:4 Pruning doubles the drafting
throughput by halving both the weight traffic and the MAC oper-
ations, yet delivers only 1.36x end-to-end, on average; since the
compute reduction merely tracks the memory reduction, the draft
remains compute-bound on PIM, and the accept-rate loss of weight
pruning shortens the speculation length. LATTIX-Naive achieves
2.13x over the dense baseline and 1.57x over 2:4 Pruning, on
average, by executing the dual-side 2:4 draft on the per-bank LATTIX
modules: dual-side pruning halves the required MACs once more,
while the bank-level placement provides twice the multipliers within
the same area budget and exposes the full internal bandwidth of every
bank. LATTIX-ZeroSkip discards the tile pairs whose bitmaps share
no overlapping position without occupying MAC slots, adding 6%
on average. LATTIX-Overlssue issues two tile pairs per cycle so that
low-demand tile pairs no longer leave a MAC slot idle, adding another
11% on average. LATTIX further reorders the tile pairs within each
bank’s buffer, placing low- and high-demand tiles adjacent to each
other to minimize co-issue stalls, and contributes a further 4% on
average. As a result, LATTIX achieves an average end-to-end speedup
of 2.59x and up to 2.91x (Qwen, GSM8K) over the dense baseline,
consistently exceeding 2.3 x across every model pair and dataset.

End-to-End Breakdown. Figure 1la decomposes the end-to-end
inference time of the six configurations into target verification and
draft computation. Under HBM-PIM, drafting consumes 82.1% of
the total time, confirming that the draft model is the dominant
bottleneck of tree-based speculation on PIM (Section III); 2:4 Pruning
still spends 69.7% of its time on drafting. The LATTIX variants
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(b) Memory utilization. (c) Pruning.

progressively shrink the draft share to 53.5%, 50.0%, 43.5%, and
finally 41.1%, at which point drafting and verification are nearly
balanced.

Memory utilization. Figure 11b shows the internal memory band-
width utilization of the draft device for the six configurations. HBM-
PIM sustains only 28.2% of the internal bandwidth, and 2:4 Pruning
barely improves it to 31.8%, as both are throttled by the compute wall
analyzed in Section III. LATTIX-Naive raises the utilization to 63.5%
with its doubled multipliers and halved per-tile computation, and
LATTIX-ZeroSkip pushes it to 75.9% by eliminating wasted cycles
on zero-overlap tiles. LATTIX-Overlssue and the full LATTIX saturate
the internal bandwidth at 94.1%, converting the draft execution from
compute-bound to memory-bound. Note that tile reordering does not
further increase the bandwidth utilization, which is already saturated;
its benefit instead comes from higher MAC utilization at the larger
batch sizes of the deeper tree levels, as reflected in the 4% end-to-end
gain reported above.

Activation Pruning. Figure 11lc compares the three activation-
pruning logic designs (Section 1V) that generate the 2:4 masks of
runtime activations in LATTIX. We report the final token acceptance
rate of the resulting draft model, normalized to that of the exact Top-2
selection. Pairwise Tournament is the cheapest yet retains only 62.9%
of the acceptance rate. In contrast, the proposed Exp-only comparison
achieves 94.5% of the Top-2 acceptance rate at less than half of its
area, showing that exponent-level precision is sufficient to identify
the dominant elements of gated activations.

VI. CONCLUSION

In this work, we resolve the compute-bound inference wall of on-
premise speculative decoding in processing-in-memory (PIM) archi-
tectures. We propose dual-side 2:4 pruning, which applies 2:4 semi-
structured pruning to both weights and activations of the draft model,
and LATTIX, a dedicated PIM accelerator module that efficiently
executes this pruning scheme. We propose a 2-MAC compute engine,
utilizing the fact that only at most two MAC operations are needed
per tile pair, together with a lightweight, lookup-based selector
logic exploiting the limited number of valid intersection patterns.
To maintain high compute utilization, we introduce a two-phase
broadcasting scheme with zero-skipping, tile co-issuing, and local
reordering techniques. Evaluated on two real-world LLM families,
LATTIX achieves an average of 2.59x and 1.90x end-to-end speedup
over dense and weight-only pruned draft models, respectively.
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