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Abstract

The rapid scaling of large language models (LLMs) has un-
locked remarkable capabilities across various domains. How-
ever, deploying LLMs on mobile devices remains challenging
because of their high computational and memory require-
ments. Low-bit quantization (e.g., 4-bit weights, 8-bit activa-
tions) can reduce model size while preserving accuracy, but
its practical efficacy on mobile GPUs has been limited so far.
In this paper, we identify that the performance gap stems
primarily from frequent data type conversions between quan-
tized and floating-point values, and dynamic and inefficient
memory access patterns caused by the growing Key-Value
(KV) cache during autoregressive decoding. We introduce
BitLLM, a mobile inference engine that addresses type con-
version overhead and suboptimal memory accesses in quan-
tized LLMs. Our approach features an adaptive layout and
packing strategy for the KV cache that ensures efficient mem-
ory access throughout LLM decoding. This is coupled with
an integer-native execution pipeline that defers and overlaps
type conversion outside the compute hot path, keeping the
critical MatMul stages in the integer domain. Implemented
on off-the-shelf mobile GPUs, BitLLM outperforms leading
engines, i.e., LLAMA.CPP, MNN-LLM, LiteRT-LM, and MLC-
LLM, achieving average speedups of 1.78x, 1.73x, 1.58x, and
1.47x, respectively, across various models and quantization
levels. Under long-context generation, BitLLM reduces aver-
age energy consumption (per token) by up to 88.9%.
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1 Introduction

Large language models (LLMs) are now central to modern
AJ, having deeply impacted areas such as natural language
processing, multimodal reasoning, and human-computer in-
teraction [26, 64, 67]. This has driven growing demand to
run LLMs on mobile devices [41, 53, 60], where on-device
inference offers privacy, lower latency, resilience to connec-
tivity issues [35, 44], and lower data-center energy costs by
shifting inference away from centralized infrastructure.
However, LLMs are inherently resource-intensive, requir-
ing billions of parameters, multi-gigaflop computations per
token, and substantial memory bandwidth for expanding
Key-Value (KV) caches [77]. These demands strain the lim-
ited computational capacity and memory budget of mobile
processors [57, 80]. Bridging this gap requires both algo-
rithmic compression and hardware-aware system design.
Quantization, converting high-precision floating-point pa-
rameters and activations into compact integer formats, has
been shown to maintain model accuracy at 4-8-bit precision
while significantly reducing memory footprint, bandwidth
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requirements, and energy consumption per token [20, 21,
27,36, 77,79, 87]. On server platforms, quantization delivers
substantial speedups by leveraging native low-bit execution
paths such as Tensor Cores [37, 62, 69, 73, 84, 88]. In contrast,
mobile GPUs often lack native support for low-bit arithmetic.

As shown in Table 1, INT8 inference on a Snapdragon 8

Gen 3 GPU is up to 2x slower than FP16, while INT8 on the

CPU (with native low-bit instructions) of the same SoC is

2x faster. Without dedicated integer execution instructions,

every low-bit operation requires type promotion and conver-
sion: unpacking eight INT4 values from a 32-bit word costs
approximately 16 shift and 16 mask operations, exceeding
the 8 multiply and 7 add operations of the dot-product itself

(more details in Section 3).

Beyond these general DNN considerations, LLMs face a
second bottleneck on mobile: the dynamically growing KV
cache. Mobile GPUs organize memory as 2D textures with
RGBA vector lanes [46, 85], and the optimal data layout de-
pends on the current decoding sequence length. Existing
frameworks [68, 75, 76] apply a fixed layout throughout de-
coding, leading to misaligned memory accesses and periodic
latency spikes as the KV cache grows.T-MAC [75] and Bit-
Net.cpp [68] target CPU table-lookup computation, which
produces uncoalesced accesses on GPUs and cannot exploit
the 2D texture memory hierarchy. T-MAN ([76] relies on
NPU-specific table-lookup units and static data layouts that
cannot adapt to the dynamically growing KV cache during
decoding. Efficient quantized execution on mobile GPUs thus
remains an open problem, particularly when the optimal lay-
out shifts at runtime with changing sequence length.

We propose BitLLM, a mobile GPU inference engine that
realizes this formulation through runtime layout adaptation,
hardware-aligned packing, and conversion-hiding integer
execution. We target 4-/8-bit group-wise quantization, which
prior work [20, 37] has shown to achieve best balance of ef-
ficiency and accuracy, rather than aggressive formats (e.g.,
2-bit) [5, 6, 68] that often compromise accuracy. Although
layout selection [28], low-bit packing [75], and kernel pipelin-
ing [14] have each been studied, prior approaches gener-
ally optimize them independently or assume fixed execution
configurations [76]. In contrast, we formulate mobile-GPU
low-bit decoding as a dynamic, quantization-aware layout-
selection problem and use a lightweight Layout Efficiency
Proxy (LEP) to guide runtime layout and packing choices as
the KV cache grows. Our contributions are as follows:

o An empirical analysis showing that layout mismatch in
the growing KV cache and data type conversion overhead
are the key bottlenecks causing low-bit quantization to
underperform on mobile GPUs.

o A novel LEP-guided framework that combines quantiza-
tion with a layout-aware runtime, enabling efficient low-
bit LLM execution on mobile GPUs.

o A set of novel mechanisms, including adaptive layouts
for KV cache, hardware-aligned value packing, and an
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Figure 1. Computational graph of an autoregressive
transformer decoder. Each new query (Q) attends to all
cached keys (K-cache) and values (V-cache), causing the KV
cache to grow and dynamically alter tensor shapes.

integer-native pipeline that defers type conversion outside
the compute hot path.

o Extensive evaluation showing BitLLM outperforms leading
frameworks across multiple models and mobile GPUs.
BitLLM is evaluated on four LLMs with grouped-query at-

tention (GQA) and traditional multi-head attention (MHA),
namely Llama-3.2 [24], Qwen3 [82], Gemma-2 [65], and Phi-
2 [29], under multiple precisions (FP16, W8AS, W4A8)!, con-
text lengths, and mobile GPU platforms. BitLLM achieves
average speedups of 1.78x over LLAMA.CPP [11], 1.73x over
MNN-LLM ([74], 1.58x over LiteRT-LM [12, 23], and 1.47x
over MLC-LLM [9, 42], while eliminating the latency spikes
observed in other frameworks during KV cache growth. Aver-
age per-token energy consumption is reduced by 56-76% rel-
ative to the state-of-the-art baselines. BitLLM enables stable
execution of long-context models on resource-constrained
devices where other frameworks exhibit severe degradation.

2 LLM and Quantization Background
2.1 Computation Flow in Transformer Decoder

An autoregressive LLM generates tokens sequentially, with
each step depending on all previously produced tokens. At
step N, the model processes the current input embedding
while appending new projections to a growing KV cache.
This cache helps avoid recomputation but its growing size
introduces challenges to relate to total memory and memory
access costs/efficiency.

Figure 1 illustrates the computation graph of a Trans-
former decoder layer during autoregressive decoding. Let b
denote the batch size and s the number of tokens processed
at the current step (typically s=1). Let ¢’ be the updated cache
length (¢’ = cprev + s). For the model, n is the number of at-
tention heads, d is the number of dimensions per head, and
h =n-d is the hidden size. The input embedding has shape
[, s, h]. After normalization and a linear projection, the rep-
resentation becomes [b, s, 3h], which is split into queries (Q),

FP16: 16-bit floating-point for weight and KV cache. W8AS8: 8-bit weights
and 8-bit KV cache. W4A8: 4-bit weights and 8-bit KV cache.



BitLLM: Efficient Low-Bit, Conversion-Hiding LLM Decoding on Mobile GPUs

L.090 12 Per-tensor ~ Per-row Per-col  Per-group

FP

h T h T h T h T

INT8 1287 127

w w w w
(a) Quantization scheme. (b) Quantization at different granularity.

\ L6-bit |
1>1<2 Ny 1.008 \ Accumulate .
Prit:(;;;to 9 10 32 bits Dequantize
+ + + 2.220
101 101
X X > 1,212
12

(c) Data type promotion in 8-bit computation.

Figure 2. Overview of quantization techniques. (a) Quan-
tization scheme. (b) Quantization at different granularities.
(c) Type conversion pipeline for INT8 computation, involv-
ing promotion to INT16/INT32 and dequantization back.

keys (K), and values (V), and reshaped into

Q’ K, V € R[b,n,s,d]. (1)
The new keys and values are appended to the caches,
Keache € R[b’n’d’(:/]> Veache € R[b,n,c',d]’ (2)

The memory layouts for these caches are discussed later;
broadly, they are chosen to avoid transpose operations in the
subsequent attention computation. The attention mechanism
then computes similarity scores between the current queries
and the cached keys:

Scores = QK" € RIEmseT (3)

After applying a softmax along the ¢’ dimension, the result
is multiplied by the value cache to obtain the context tensor

S = Softmax(Scores), SV e RIbmsd], (4)

This result is reshaped back to [b, s, h], passed through an
output projection, and combined with the residual connec-
tion to form the block output [b,s, h]. In the final decoder
layer, the output is projected into the vocabulary space to
produce logits for next-token prediction.

While s remains small and fixed in decoding, the cache
length ¢’ grows linearly with the number of generated tokens.
This growth causes the attention computations to increase
linearly and introduces different shapes of matrix multipli-
cation. Thus, although the KV cache enables efficient reuse
of past computations, its expansion also inflates memory
consumption and complicates GPU execution optimization
strategies such as static tiling and memory coalescing.

2.2 LLM Quantization

Quantization maps high-precision floating-point values into
discrete and compact integer domains, reducing model size
and lowering arithmetic cost. A real-valued tensor x can
be quantized using a uniform affine mapping with floating-
point scale s > 0 and integer zero-point z € Z:

q = clip (round(x/s) + z, Gmin> Gmax) s X ~s-(q-z), (5
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Figure 3. Illustration of 2D texture memory layout.
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Figure 4. Decoding latency and computational work-
load per token as functions of decode sequence index.

where q is an integer within the target bit-width. As shown
in Figure 2(a), this affine mapping projects floating-point
values into a bounded integer range (i.e., -128 to 127).

To balance accuracy and efficiency, various quantization
schemes have been proposed. They also differ in the gran-
ularity at which the scale and zero-point are chosen. Fig-
ure 2(b) illustrates some of these different approaches. Per-
tensor quantization applies a single scale across the entire
tensor, offering low overhead but suffering from sensitivity
to outliers [20]. Per-row/column quantization assigns inde-
pendent scales per row or column, improving accuracy for
tensors with heterogeneous distributions. Per-group quan-
tization generalizes this idea by partitioning tensors into
groups of fixed size, balancing error reduction and imple-
mentation cost. Typical group sizes are 32 to 128 [36].

2.3 Constraints of Mobile GPUs

As shown in Figure 3, the memory subsystem of mobile GPUs
can be viewed as a 2-dimensional texture space [46]: a 2D
grid with dimensions width W and height H, where each
point stores a fixed-width vector — typically four elements,
like an RGBA pixel. This structure, optimized for workloads
with inherent 2D spatial locality, allows the dedicated cache
to efficiently fetch and cache data in 2D blocks - a funda-
mental divergence from the linear memory space in CPUs.
However, the ability to benefit from this feature depends on
data layouts that align with the 2D memory space, as mis-
alignment leads to mandatory padding, uncoalesced accesses,
and bandwidth under-utilization. The optimal layout is gen-
erally dictated by the specific computation being performed.
As an illustration of possibilities, Figure 3 also illustrates
two distinct data layouts for a tensor of length 16, where
Layout-1 uses row-major ordering, and Layout-2 leverages
column-major ordering.

On server-class platforms, quantization is effectively sup-
ported through optimized low-bit instructions such as those
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Table 1. Comparison of LLM decoding latency on mo-
bile platforms with FP16 versus low-bit representation.

Data | Latency per Token GPU
Model Type CPU ‘ GPU | Speedup
FP16 61.9ms 56ms 1.11x

TinyLLama-1B [86]

INT8 31.2ms 67.8ms 0.46 %

FP16 78.8ms
INT8 45.4ms

73.6ms 1.07x

-1. 2
Qwen3-1.7B [82] 130.2ms 0.35x

FP16 140.5ms
INTS8 80.1ms

137.4ms 1.02x

Llama-3.2-3B [24] 156.2ms 0.50x

seen in AVX-512, VNNI, and CUDA-INT4/INT8 extensions.
However, mobile GPUs are primarily designed for FP16/FP32
pipelines. Figure 2(c) shows the sequence of data type conver-
sion required for INT8 operands in the absence of specialized
instructions: (i) unpacking, (ii) promotion to INT16 for mul-
tiplication, (iii) accumulation into INT32, and (iv) dequanti-
zation back to FP32 for subsequent operations. These steps
add significant computational cost and register pressure.

3 Empirical Study on LLM Inference

To understand the performance impact of the steps outlined
above, we profile the decoding latency of various LLMs on a
commercial mobile device (OnePlus 12) with MNN-LLM [74],
comparing FP16 and INT8 on both CPU and GPU. The results,
summarized in Table 1, first confirm the expected pattern for
FP16 execution: GPUs consistently outperform CPUs, lever-
aging their superior floating-point throughput. However,
INT8 quantization reverses this trend. INT8 reliably accel-
erates inference on the CPU (i.e., as compared to FP16), by
leveraging reduced memory bandwidth and efficient integer
arithmetic. However, on the mobile GPU, INT8 consistently
results in degraded performance, with execution that is even
slower than the CPU’s INT8 path. This inversion stems from
the overhead of type promotion and bit-level manipulation
that low-bit computation requires on mobile GPUs - opera-
tions that existing frameworks do not handle efficiently.
The dynamically growing KV cache introduces a second
bottleneck in the memory subsystem. Figure 4 highlights the
impact of KV cache size on latency. The blue curve shows
that the arithmetic workload (measured in GMACs per token)
increases in a consistent linear fashion with sequence length.
In contrast, the red curve reveals that decoding latency per
token grows much faster and exhibits frequent stair-step
spikes. These spikes occur when changes in KV tensor size
and shape cause the existing layout to become suboptimal.

4 System Design

The key idea of BitLLM is to make low-bit LLM execution
layout-adaptive on mobile GPUs. The motivation for this ap-
proach comes from the fact that layout and unpacking costs

Hangyu Zheng et al.

interact on the critical path, optimizing one in isolation yields
limited gains. More specifically, we first formalize the no-
tion of the Layout Efficiency Proxy (LEP) (Section 4.1), which
models the memory and data unpacking costs that dominate
the runtime. Grounded in this formalization, we introduce
three complementary mechanisms: i) adaptive layouts that
evolve dynamically with sequence length (Section 4.2), ii)
quantization-aware packing designed to minimize unpacking
overhead (Section 4.3), and iii) a type conversion-hiding com-
putation pipeline that preserves these gains through low-bit
integer execution (Section 4.4). We use H (attention heads),
D (hidden dimension per head), and T (current sequence
length) for the transformer dimensions from Section 2.1.

4.1 Optimization Overview

Two cost factors jointly determine runtime performance and
guide our optimizations. The first is data access cost. Differ-
ent attention operators favor different stride-1 axes: QK
benefits from D-contiguous layouts for stride-1 query access,
while SV benefits from T-contiguous layouts for efficient to-
ken traversal. A misaligned layout forces strided fetches and
under-utilizes the GPU’s RGBA vector lanes. The data access
cost, in summary, depends on the layout configuration and
further changes with sequence length. The second factor is
unpacking overhead. As shown in Figure 5, an FP32 8-element
dot product uses 8 FMA instructions, but low-bit values must
be unpacked into byte- or word-aligned operands before the
mobile GPU can perform arithmetic on them. INT8 values
are already byte-aligned, requiring only 8 mul and 7 add
for accumulation. INT4 values, however, are sub-byte: eight
4-bit values share a single 32-bit word, and extracting them
requires roughly 16 shift and 16 mask operations on top of
the 8 mul and 7 add, which can rival or exceed the arithmetic
cost itself. Because this overhead depends on the packing
scheme, it must be modeled explicitly rather than folded into

a generic compute cost.

To guide our optimization decisions, we define the Layout
Efficiency Proxy (LEP) for a layout L of tensor t. Here, a
layout configuration £ = (r, p, §) specifies three choices:

e 71 (contiguous-axis order) determines which logical ten-
sor axis is stride-1 in memory, such as head H, hidden
dimension D, or token T.

e p (2D texture placement) determines how the ordered
tensor axes are mapped to texture rows and columns on
the mobile GPU.

o ¢ (low-bit value packing) determines how 4-/8-bit values
are arranged within a machine word or RGBA lanes.

The LEP is formulated as a weighted sum of two dominant
cost factors:

Bytes(r, p, $,t)

LEP(L,t) = o
( ) BWtex

+ ay - UnpackOps(¢) (6)

The key is that both LEP components can be efficiently com-
puted by combining analytical modeling with static analysis.
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Figure 5. Execution pipelines for a length-8 dot product
with INT4, INT8, and FP32 formats. FP32 uses direct
fused multiply-add (fma); INT8 performs integer mul with
32-bit accumulation; INT4 additionally unpacks sub-byte
weights with shift and mask instructions.

e Data access cost (Bytes(-)/BWey): this term is derived
analytically by modeling the tensor (t) access patterns
against the memory mapping defined by 7 and p. For an
operator and ¢, we simulate the memory traversal pattern
to count the bytes moved between DRAM and on-chip
cache, considering cache line sizes and bank conflicts.

e Unpacking cost (UnpackOps(¢)): this term is quantified
through static code analysis. For each quantization packing
scheme ¢, we generate the corresponding kernel code
and count the number of integer arithmetic and bitwise
operations (shifts, masks, AND/OR) required to unpack a
single packed word. This operation count is normalized to
represent the overhead per arithmetic operation.

e Weight calibration (a1, a2): @; and a are device-specific
normalization weights calibrated once per GPU through of-
fline microbenchmarks (<10 minutes) that separately stress
the memory subsystem and integer ALU. The weights are
model-independent and remain fixed across all models and
sequence lengths. On our evaluated GPUs, a; = 0.5 and
az = 0.7 yield the best layout selection accuracy.

To make LEP evaluation efficient at runtime, we first
pre-compute Bytes(, p, @, t) and UnpackOps(¢) for all sup-
ported layout configurations during an offline profiling phase.
During runtime selection, BitLLM queries these existing val-
ues and performs the weighted sum in Equation 6. This hy-
brid analytical-static approach allows BitLLM to efficiently
evaluate thousands of (£,t) combinations with minimal
overhead. The LEP serves as a comparative metric to iden-
tify the most efficient layout configuration for the dominant
operators in transformers (i.e., MatMul).
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Figure 6. Layout optimization pipeline.

Figure 6 shows an example of the layout optimization
pipeline for tensor K with shape [H, D, T] under configura-
tion L. First, the dimension D is chosen as the stride-1 axis
since computation is performed along D, ensuring consecu-
tive cache access. The tensor is then mapped into 2D texture
space along the H dimension, and finally, the low-bit quan-
tized values are rearranged and packed according to ¢ for
efficient dequantization. The subsequent sections describe
our detailed mechanisms for minimizing the LEP.

4.2 Adaptive Layouts for Decoding

Having established the LEP as our efficiency metric, we now
present the adaptive layout mechanism that minimizes this
proxy. The challenge translates to dynamically selecting,
for each KV cache operation, the layout configuration £ =
(7, p, ) that yields the lowest LEP given the current tensor
t and KV cache.
Layout adaptation with sequence length. This section
addresses the Bytes/BW., term through runtime adapta-
tion. Specifically, in layout adaptation with sequence length,
the optimal stride-1 axis for the KV cache is a function of
sequence length. Short contexts (e.g., < 256) are dominated
by the QK operation, favoring a D-contiguous layout. Long
contexts (e.g., > 512) are dominated by SV, favoring a T-
contiguous layout. Choosing a static layout leads to ineffi-
cient memory access and severe latency spikes (Figure 4).
We adopt a greedy layout evolution strategy. Algorithm 1
formalizes this procedure, which periodically evaluates can-
didate layouts and selects the one minimizing LEP for the
current and near-future sequence lengths. The algorithm gen-
erates a set of candidate layouts C = {(x, p, #) } by enumerat-
ing permissible stride-1 axis permutations (e.g., D-major vs.
T-major) along with corresponding texture packing schemes
p that comply with the mobile GPU’s memory constraints.
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Algorithm 1: Greedy Layout Evolution

Input: : Current layout Leyrrens, sSequence length ¢, cache
dimensions (H, D, T)
Output: : New layout Lye
1 C < GenerateCandidates(H, D, T)
foreach candidate L. € C do

3 L LEP; < o - Bytes(Leyt) az - UnpackOps(L¢)

)

BWiex

4 Lpesy < argming _¢c LEP,
if LEPyes; < LEPcurrent then
6 L Lnew < Lpest

7 else
8 L Lnew < Leurrent

@«

It evaluates each candidate by computing its LEP score at
the current sequence length t, estimating the efficiency of
the predominant operator (e.g., QK" or SV) under that lay-
out. Because LEP uses precomputed values and one weighted
sum per candidate, selection completes in microseconds with
negligible decoding overhead. The lowest-LEP candidate is
adopted only if it measurably improves upon the current
configuration; otherwise, the current layout is retained.
Folding along non-reduction axes. Mobile GPUs impose
strict limits on the width and height of texture memory (e.g.,
< 16K pixels on each dimension). As the KV cache grows in
long context, tensor dimensions often exceed these limits,
making direct mapping into 2D textures infeasible. A naive
folding strategy partitions oversized dimensions arbitrar-
ily. However, if folding occurs along a reduction axis - e.g.,
folding the hidden dimension D in QK" or folding the token
dimension T in SV - the reduction spans across multiple tiles.
This introduces strided, cross-cache-tile fetches, increasing
memory traffic and degrading cache locality.

We adopt an operator-aware folding policy. The key in-
sight is that folding should preserve contiguous access along the
dimension that is reduced during a computation-intensive op-
eration (e.g., MatMul), as it is critical for achieving a stride-1
memory access pattern and high memory bandwidth uti-
lization. Consequently, whenever folding is necessary, it is
applied exclusively along non-reduction axes. This ensures
the reduction dimension remains contiguous, preserving
stride-1 access. As shown in Figure 7, for QK" (reduction
over D), we fold along T; and for SV (reduction over T), we
fold along D. This principle extends to other operators like
Softmax, where reduction occurs along the last dimension,
so we fold along preceding dimensions. This policy leverages
operator semantics to make a locally optimal choice with
zero search overhead.

Append-only segments and phase-aware transitions. As
the sequence length increases, the initially optimal KV cache
layout can become suboptimal. Conventional systems typi-
cally resort to one of two costly approaches: 1) performing a
re-layout of the entire cache — a process that copies hundreds
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Figure 7. Two folding examples.

of megabytes of data and imposes significant overhead, or
2) leaving the layout unchanged and accepting suboptimal
performance. Both result in sharp latency spikes. A naive
alternative is to switch layouts greedily at every small im-
provement in the Layout Efficiency Proxy (LEP). While this
avoids re-layout, it produces many small fragments of the
cache, significantly increasing iterator overhead and compli-
cating memory management.

We propose an append-only segmentation strategy cou-
pled with phase-aware transitions. The key idea is Append-
only Segments, where KV cache is divided into immutable
segments. Each segment records its layout (7, p, ¢) and ker-
nel schedule parameters (e.g., unroll factor, block size). When
LEP indicates that a more efficient configuration is available,
new tokens are appended into a new segment configured
with that new layout. Previous segments remain intact, elim-
inating the need for copying or re-layout. To prevent ex-
cessive fragmentation, we design phase-aware transitions.
Specifically, we apply a heuristic to LEP evaluation and trig-
ger layout switches only when improvements persist over
a sufficient sequence length. This compresses short-term
fluctuations into a few stable computational phases, often
aligned with operator-level shifts, such as transitions from
QK"-heavy to SV-heavy workloads. This design avoids
copying or relayout during transitions; switching only ini-
tializes metadata for a new segment. Across our 10K-token
runs, it creates 2.25 segments on average and at most five.
Because each segment is contiguous, the runtime traverses
only a small number of segments, and total segmentation
overhead remains below 1% of end-to-end decoding latency.

4.3 Quantization-Aware Packing

Low-bit quantization reduces memory footprint but intro-
duces significant unpacking overhead when data formats are
misaligned with hardware execution units. Modern mobile
GPUs expose native integer dot-product instructions (e.g.,
dp4a and udot8), which multiply multiple INT8 pairs and
accumulate the result into an INT32 register in a single cy-
cle. To exploit these primitives effectively, operands must be
packed into specific 32-bit vector layouts.

Naively packing low-bit values (e.g., INT4) contiguously
into a 32-bit word misaligns them with byte-addressable



BitLLM: Efficient Low-Bit, Conversion-Hiding LLM Decoding on Mobile GPUs

‘ Byte [ | uint32x4 (16 bytes) | | ‘ ‘ Unpacking

0 1 23 ..23031 |i[o 1 23 .. 2331w ‘
32 33 34 35 .. 61 62 63 {} Sequential byte extraction

64 65 66 67 .. 93 94 95 ‘0‘1‘2‘3 ‘ ‘28‘2_9‘30‘31‘ ...............

96 97 98 99 ... 125126127 SWx > 028 :('\VVAW>>4)&0X000000F0

(a) Contiguous-in-byte packing 37 shifi + 31 mask

0 4 15 302731 [0 4 1 5 ..302731]w
3236 33 37 .. 62 59 63 ||
64 68 65 69 .. 94 91 95| | i[0]1]2][3 [.....[14]15] = (W&OXFOFOFOF0) >>4
96 100 97 101 ... 126123127 16[17]18[19]...]...]30[31] = W&0xFOFOFOFO 1
(b) Lane-interleaved paciéiﬁ-;-; ------------ i shzft+2mask ----------------------
16 e ‘

46 43 47)w

0 4 .. 1516 20 .. 31 \0 41 5 ..
32 36 .. 47]48 52 .. 63| | !

64 68 ... 79]80 84 .. 95
96 100 ... 111112116 ... 127

[0]1]2]3 [..]..]14]15] = (W&OXFOFOFOF0)>>4 |
| B2[33[34[35]...|... [46147] = W&OXFOFOFOF0 ‘

1 shift + 2 mask

(¢) Block-swizzled packing

Figure 8. Different quantization packing schemes.

hardware. Eight linearly packed INT4 values cross byte bound-
aries, forcing the GPU to extract each value and expand it to
INTS before integer arithmetic. As quantified in Section 4.1,
this expansion can cost more than the computation itself.

To mitigate this inefficiency, we treat quantization packing
as a schedulable dimension and redesign it to minimize the
Unpacking term in LEP. Specifically, we introduce a set of
structured packing families. Figure 8 illustrates the three
schemes. The contiguous-in-byte scheme maximizes storage
density but requires about 31 shift and 31 mask operations to
extract values from a four-word vector, the highest unpack
cost. Lane-interleaved packing rearranges nibbles so that each
byte holds two aligned INT4 values, matching the four RGBA
lanes of texture memory. This reduces unpacking to a fixed
sequence of one shift and two masks per word, independent
of tensor shape. Block-swizzled packing further organizes
values into 2 x 2 texel tiles aligned with texture cache blocks,
combining the constant-time unpacking of lane interleaving
with improved memory coalescing.

Formally, if packed operands are expressed as

3 3
A:Za,—-28', BZZbi‘zgl, ai,bi€Zg,
i=0 i=0

the dp4a instruction computes

3
dp4a(A, B, racc) = Face + Y (@i X bi),  Tacc € Zsp.
i=0

Our packing strategies guarantee that unpacked INT4 values
expand directly into the aligned INT8 operands required by
such primitives, with only constant-time bit operations.

Compared to naive packing, where each word requires
up to 20 unpacking operations, our reordered packing re-
duces the requirement to approximately three instructions.
Microbenchmarks show that this reduces unpacking over-
head by about 80% and increases integer pipeline utilization
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Table 2. 8-bit dot-product primitives on different platforms.

Platform Instruction

Adreno/MALI GPU udot8_acc / dot8_acc

AMD GPU (GCN/RDNA) v_dot4_u32_u8/v_dot4_i32_i8
Intel GPU (Xe) dpas.s32.s8.s8

NVIDIA GPU dp4a.s32.s8.s8

accordingly. Without this, the instruction cost of unpacking
can negate the memory savings from quantization.
Discussion: applicability to other GPUs. Our implemen-
tation targets Adreno and Mali GPUs (Section 5.4), but the
packing design requires only 8-bit integer dot-product accu-
mulate instructions. Table 2 shows that similar primitives
exist on AMD, Intel, and NVIDIA GPUs, making the approach
portable beyond mobile. Extension to CPUs and NPUs is less
straightforward: low-bit systems on CPU/NPU [68, 75, 76]
use table-lookup over SIMD lanes co-designed with linear
memory hierarchies, whereas our packing and layout co-
design targets warp-parallel execution. Comparison across
these platforms is a direction for future work.

4.4 Type Conversion-Hiding Computation

Conventional low-bit computation on mobile GPUs incurs
repeated data type conversions. INT8 multiplication requires
upcasting to INT16 to avoid overflow, and many frameworks
further convert quantized tensors to FP16 for MatMul. These
conversions account for over 30% of arithmetic instructions
in INT4 execution and leave the integer dot-product units
underutilized, because conversion overhead sits directly on
the critical path.

We introduce an integer-native, tile-based pipeline that
eliminates conversions from the core computation path. We
reorganize the computation around tiles, which are small
and contiguous blocks of the weight or activation matrix that
serve as the fundamental unit of data transfer and parallel
computation. Our design is built on three key principles: 1)
maintaining all hot-path computations in the integer domain,
2) deferring dequantization and floating-point conversion
to an epilogue stage, and 3) overlapping this epilogue asyn-
chronously with the computation of subsequent tiles. This
represents a paradigm shift from converting-then-computing
to computing-then-converting.

As shown in Figure 9, the pipeline is organized at the tile
granularity and comprises three tightly overlapped stages.
First (Load & Unpack), tiles are loaded in their compactly-
packed form from texture memory. Leveraging the reordered
packing scheme from the previous section, we unpack INT4
data into byte-aligned INT8 values using only ~3 bitwise
operations (1 shift and 2 mask) per 32-bit word — a 5x im-
provement over the 16 operations needed for naive contigu-
ous packing. This unpacking occurs uniformly in registers,
eliminating thread divergence and minimizing UnpackOps.
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Figure 9. Tile-based pipelining for type conversion-
hiding computation. The pipeline consists of three stages:
(1) Load & Unpack, (2) Integer Compute, and (3) Deferred
Conversion. Operations overlap across tiles, ensuring the hot
path remains fully in the integer domain.

In the second stage (Dot-product), the unpacked, byte-
aligned tiles are immediately fed into integer dot-product
primitives (e.g., dp4a, udot8), which accumulate results di-
rectly into INT32 registers. This stage is entirely free of type
conversions, allowing the integer units to operate at peak
utilization. Tile sizes are co-designed with the adaptive lay-
outs (Section 4.2) to balance register pressure and memory
coalescing, keeping traffic near the LEP lower bound.

In the third stage (Dequantization), the integer accumu-
lations are converted to FP16/FP32 and fused with dequan-
tization. This epilogue runs only at tile boundaries, asyn-
chronously via warp specialization. As shown in Figure 9,
warp group A computes on tile k while group B loads tile
k+1 and group C converts the results of tile k—1. Synchro-
nization is needed only at tile boundaries, which effectively
removes conversion latency from the critical path. Except
when parallelism or compute slack is limited, as in very short
contexts (sequence lengths below 12 in our kernels) or small
matrices, the pipeline effectively overlaps conversion with
computation. Such cases are uncommon in our evaluated
workloads. Even under these conditions, conversion remains
outside the inner dot-product loop, and only a portion of the
epilogue latency is exposed on the critical path.

The conventional pipeline requires two conversions per
tile (unpacking before computation and dequantization after),
which creates register traffic and leaves the integer ALUs
idle. Our pipeline eliminates conversions from the hot path;
the single deferred dequantization per tile is hidden behind
the next tile’s computation. In practice, this reduces conver-
sion instructions by over an order of magnitude and unpack
overhead by ~#80% (Section 5.3).

5 Evaluation

This section evaluates BitLLM’s effectiveness in terms of
latency, energy consumption, memory/cache efficiency, opti-
mization contributions, and portability across mobile GPUs.
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Table 3. Model perplexity on the WikiText2 [40] dataset
(lower is better) for different precisions.

‘ Perplexity |
Model #Params [ FPI6 | W8AS | WAAS
Llama-3.2-1B [24] 1.24B 13.75 14.31 15.34
Qwen3-1.7B [82] 1.72B 9.84 9.97 10.28
Gemma-2-2B [65] 2.61B 18.09 20.33 21.40
Phi-2-2B [29] 2.78B 17.41 18.15 19.94

5.1 Experiment Setup

Workloads. We select four representative LLMs that are suit-
able for mobile GPU deployment: Llama-3.2-1B [24], Qwen3-
1.7B [82], Gemma-2-2B [65], and Phi-2-2B [29]. They cover
three attention mechanisms: grouped-query attention (GQA)
as in Llama-3.2 and Qwen3, multi-head attention (MHA) as
in Phi-2, and alternating local-global attention in Gemma-
2. These models are widely used in on-device studies and
fit within the 8-16GB unified memory (shared with the OS
and other apps) of current mobile GPUs; larger models (e.g.,
7-8B) remain impractical at full precision. For each model,
we evaluate two low-bit precision settings: W8AS8, with 8-
bit weights, activations, and KV cache under group-wise
scaling; and W4A8, with 4-bit weights and 8-bit activations
and KV cache — a balance between compression and ac-
curacy validated by prior work [37, 77]. The group size is
32, following [21, 36]. Although our main focus is low-bit
quantization, we include FP16 to show our adaptive layouts
benefit higher-precision computation as well.

Before focusing on latency, energy, and memory behavior
in the rest of this section, we demonstrate that the quantiza-
tion levels chosen here result in high accuracy. Table 3 re-
ports model-level accuracy on standard benchmarks. Across
all four models, W8AS incurs only a modest perplexity in-
crease over FP16 (0.1-2.2 points), while W4A8 remains within
0.4-3.3 points of FP16, confirming that group-wise quantiza-
tion at these precisions preserves model quality.

BitLLM is independent of the quantization algorithm and
focuses on execution efficiency. Therefore, for a given quanti-
zation scheme, BitLLM provides the same model accuracy as
other frameworks. The remainder of our evaluation therefore
focuses on system-level performance.

Baselines. We compare BitLLM with 4 widely used LLM in-
ference engines on mobile GPUs: LLAMA.CPP [11] (31914624),
MNN-LLM [74] (7f1197¢0), LiteRT-LM [23] (26f2178, pow-
ered by TensorFlow-Lite [12]), and MLC-LLM [42] (8f49ea6b,
powered by TVM [9]). Several related frameworks, such
as bitnet.cpp [68] and other works including Transformer-
Lite [34], Ladder [69], PowerInfer-2 [81], and ExecuTorch [51],
do not support the tested models on mobile GPUs. This is
because they lack operator implementations or otherwise
have hardware dependencies. In the reported results, we en-
able the auto-tuning capabilities available in all baselines to
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Figure 10. Average latency per token comparison across
models, precisions, and Prompt-Output (P-O) window.

achieve the best possible performance. The batch size is set to
1 in mobile environments. Energy consumption is collected
through Android system interface. We run each experiment
50 times and report the average, as the variance is negligible.
Testbed. Our primary platform is a OnePlus 12 with a Snap-
dragon 8 Gen 3 SoC, an Adreno 750 GPU, and 16 GB of
unified memory. To assess portability (Section 5.4), we also
evaluate a OnePlus 11 with a Snapdragon 8 Gen 2 SoC, an
Adreno 740 GPU, and 16 GB of memory to test same-vendor
generalization, and a Google Pixel 8 with a Tensor G3 SoC,
a Mali-G715 GPU, and 8 GB of memory to validate cross-
vendor portability under tighter resource constraints.

5.2 End-to-End Performance Comparison

This section compares the end-to-end performance of BitLLM
with the state-of-the-art baselines on mobile GPUs across
various context lengths and model precisions.
Average latency with fixed context length. We report av-
erage per-token decoding latency across four models and
four baselines under three Prompt-Output (P-0O) windows:
768-512, 512-512, and 256-512, where, e.g., 768-512 denotes
a 768-token prompt followed by 512 autoregressively de-
coded tokens. As shown in Figure 10, BitLLM achieves lower
per-token latency than all baselines across all configura-
tions. Against LLAMA.CPP, the average speedups are 1.29x
(FP16), 2.47x (W8AS), and 1.59x (W4A8); against MNN-LLM,
1.55x%, 2.06%, and 1.60x; against LiteRT-LM, 1.37x, 1.84x, and
1.63x; against MLC-LLM, 1.38x (FP16) and 1.56x (W4AS)
(this framework does not support W8A8). FP16 also benefits
from our adaptive layouts, though the gains are more modest
because conversion overhead is not a major factor here.
Notably, BitLLMachieves 1.66x (W8AS) and 2.36x (W4AS8)
speedups over FP16, recovering 83% and 59% of the theo-
retical 2x/4x bounds. The gap stems from non-quantized
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Figure 11. Per-token decoding latency as sequence
length grows (up to 10K tokens). MLC-LLM does not
support W8A8 or long contexts at W4A8. Our method (red)
achieves the lowest latency and reduces the stair-step spikes
observed in baselines.

components (e.g., Softmax and Normalization) and fixed
runtime overheads that are not reduced with bit-width. In
contrast, baselines capture far less: LLAMA.CPP achieves
only 0.75x at W8AS8 (even slower than FP16) and 1.56x at
W4A8; MNN-LLM reaches 1.25x%/1.86x; LiteRT-LM reaches
1.14x/1.79x; MLC-LLM attains 1.76x at W4AS8. This demon-
strates that BitLLM translates quantization potential into
end-to-end speedups more effectively than prior systems.
Moreover, BitLLM’'s advantage widens in longer prompts:
against LLAMA.CPP, the average speedup grows from 1.62x
(256-512) to 1.98x (768-512); similar trends hold for MNN-
LLM (1.61x—1.85x%), LiteRT-LM (1.50x—1.68x), and MLC-
LLM (1.34x—1.62x). Longer prompts intensify prefill com-
putations and expand the KV cache, increasing sensitivity
to memory layout. Baselines apply a fixed layout regardless
of shape, incurring growing penalties, whereas our cache-
aware runtime adapts layouts as tensor shapes evolve and
our conversion-hiding execution mitigates the overhead.
Working with a fixed latency budget. Under a fixed la-
tency budget, BitLLM can use its efficiency gains to run
higher-precision configurations and improve model qual-
ity. Across the four models and three P-O windows in Fig-
ure 10, BitLLM at FP16 achieves geometric-mean speedups
of 1.75%, 1.46x, and 1.24x over LLAMA.CPP, MNN-LLM,
and LiteRT-LM at W8AS, respectively. MLC-LLM is omit-
ted because it does not support W8AS. Similarly, BitLLM
at W8AS outperforms LLAMA.CPP, MNN-LLM, LiteRT-LM,
and MLC-LLM at W4A8 by 1.08x, 1.07x, 1.04x, and 1.02x,
respectively. Table 3 confirms the corresponding quality ben-
efit: FP16 reduces perplexity by 0.13-2.24 points over W8AS,
while W8AS reduces it by 0.31-1.79 points over W4AS8. Thus,
BitLLM can either reduce latency at fixed precision or im-
prove model quality under a fixed latency budget.
Latency scaling with increasing context length. Next, we
analyze how speedups evolve with decoding length. We fix
P and vary O from 1 to 10K. Due to space constraints, we



ASPLOS 27, April 11-15, 2027, Heraklion, Greece.

— LLAMA.CPP MNN-LLM — MLC-LLM LiteRT-LM — Ours |

=

g15 B6f

= 2

5 10 o 4

o L

8 5 :cfz»

Q b

& 1t n n n N 1 él

2048 4096 6144 8192 10240 W8AS8

(a) LLaMa-3.2-1B with W8AS (normalized by ours)

=1
S 15] @6'
[_0 )
o 10| 54t
2 °
=)
Q |-
5 1g : : : ; i z!
2048 4096 6144 8192 10240 WA4AS

(b) LLaMa-3.2-1B with W4A8 (normalized by ours)

Figure 12. Normalized (by ours) per-token and average
energy consumption for low-bit precisions.

report results for a representative model (Llama-3.2-1B), as
other models exhibit similar trends. We present results for
the low-bit precisions W8A8 and W4AS.

Figure 11 shows that BitLLM consistently outperforms
all baselines as O increases. Our per-token latency remains
flat, whereas all baselines exhibit periodic spikes from in-
creasingly inefficient layouts as the KV cache grows. BitLLM
achieves average speedups of 3.25x%, 1.68x, and 1.50x%, re-
spectively, over LLAMA.CPP, MNN-LLM, and LiteRT-LM
at W4A8. MLC-LLM degrades catastrophically at longer
contexts (speedup over 43.81x) due to its static layout de-
sign; we therefore exclude it from the primary long-context
comparison. At W8AS, the speedups are 3.96x, 2.14x, and
1.81x against LLAMA.CPP, MNN-LLM, and LiteRT-LM. No-
tably, for these baselines the CPU backend often outper-
forms their own GPU backend at low-bit precisions, owing
to richer native support for low-precision integer arithmetic
on CPUs. Even against their best results across platforms,
which happen to be the CPU backends, BitLLM on GPU
still achieves substantial speedups: 2.11x, 1.65x%, and 1.56x
over LLAMA.CPP, MNN-LLM, and LiteRT-LM at W8AS, and
1.74x, 1.42x, and 1.38x at W4AS.

Speedups grow monotonically with O as KV cache expan-
sion amplifies layout sensitivity. From O=1 to O=10K, the
gain over LLAMA.CPP rises from 2.0x to 8.35x (W8A8) and
1.1x to 6.93x (W4A8); over MNN-LLM, from 1.49x to 2.66x
(W8AS8) and 1.38x to 2.48x (W4AS8); over LiteRT-LM, from
1.24x to 2.03x (W8AS8) and 1.21x to 1.98x (W4A8). The trend
is pronounced against MLC-LLM at W4A8, where speedup
escalates from 1.36x to 527x, as its static layout incurs in-
creasingly severe penalties with KV cache growth. These
results confirm that our adaptive layout and integer-native
execution mitigate the overhead of growing context length.
Energy consumption per token and average profile. Fig-
ure 12 reports normalized per-token energy (left) and average
energy (right) for Llama-3.2-1B under W8A8 and W4A8, with
O from 1 to 10K and a fixed prompt of 512. BitLLM reduces
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Figure 13. Optimization breakdown on mobile GPU. (a)
Cumulative speedup over OurB (baseline = 1) as each opti-
mization is enabled. LT, PK, and TCH denote adaptive layout,
quantization-aware packing, and type-conversion hiding, re-
spectively. (b) Fine-grained breakdown of the incremental
speedup gains from PK and TCH over OurB. The PK gain is
separated into hardware-aligned packing (PK-HAP) and re-
duced INT4 unpacking (PK-Unpack).

average per-token energy by 75.7%/66.0% (W8A8/W4AS8)
over LLAMA.CPP, 66.7%/56.1% over MNN-LLM, 54.4%/44.2%
over LiteRT-LM, and 88.9% over MLC-LLM at W4AS8. Con-
sistent with the latency, our energy consumption remains
stable as O grows, whereas baselines show rising energy
overhead with longer sequences.

5.3 Performance Breakdown and Analysis

Optimization breakdown. Figure 13(a) reports the cumu-
lative speedup of each optimization for two representative
models (Llama-3.2-1B and Qwen3-1.7B) under a fixed P-O
window of 512-512 at W8AS8 and W4A8 precisions. Other
models exhibit similar trends and are omitted for brevity. All
bars are normalized to OurB, a variant of BitLLM with all
key optimizations disabled; each subsequent bar adds one
optimization cumulatively. Accordingly, the differences be-
tween adjacent bars quantify the incremental contribution
of each component at each precision: OurB—LT for adaptive
layout, LT—LT + PK for quantization-aware packing, and
LT + PK—LT + PK + TCH for the type-conversion-hiding
pipeline. At W8AS, LT (adaptive layout) delivers 1.71x and
2.23x speedups on Llama-3.2-1B and Qwen3-1.7B, respec-
tively. Adding PK (quantization-aware packing) yields an
additional 1.22x and 1.26x; TCH (type-conversion hiding)
contributes a further 1.23x and 1.34x. At W4AS8, the corre-
sponding incremental gains are 1.37x and 1.34x (LT), 1.1x
and 1.2x (PK), 1.2x and 1.29x (TCH). Among all components,
LT contributes the largest improvement by preserving data
locality through layout adaptation, enabling memory band-
width to be utilized more effectively (further quantified in
the following analysis).

Quantization-aware packing breakdown. Figure 13(b)
further shows the incremental gains over OurB that are the
cumulative speedups reported in Figure 13(a). It decomposes
PK gain into hardware-aligned packing (PK-HAP) and reduced
sub-byte unpacking (PK-Unpack), and reports TCH separately
as the contribution of the subsequent conversion-hiding ker-
nel pipeline. PK-HAP captures the benefit of matching the
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Figure 14. Memory, cache, and ALU utilization analysis.

stored operand order to the RGBA texture lanes and dot-
product instructions, whereas PK-Unpack isolates the reduc-
tion in shift-and-mask operations for packed INT4 values.
At W8AS, PK-HAP contributes 21.9% and 25.7% on Llama-3.2-
1B and Qwen3-1.7B, respectively, while PK-Unpack has no
contribution because INT8 values require no sub-byte ex-
traction. At W4AS8, PK-HAP contributes 4.63% and 6.71%, and
PK-Unpack contributes 8.95% and 13.2%, respectively. The
subsequent TCH optimization contributes 22.6% and 33.7% at
WB8AS8 and 22.6% and 28.7% at W4AS.

The W8AS packing gain therefore comes entirely from
PK-HAP. Although the default W8AS8 representation is byte-
aligned, its element order does not match the fixed lane order
in which a 32-bit dot-product instruction consumes the four
values returned by an RGBA texture fetch. This mismatch
requires lane rearrangement. PK-HAP instead stores each
group in consumption order, allowing the fetched values
to feed the instruction directly. For the profiled Llama-3.2-
1B workload(P-O=512-512, Adreno 750), Figure 14 shows
that W8AS exhibits 25.4%-60.2% higher measured bandwidth
than W4AS8 across baselines supporting both precisions, with
mean L1/L2 cache-hit-rate decreases of 3.9%/6.3%. Given this
higher memory pressure, BitLLM achieves a larger band-
width gain at W8AS, reaching up to 1.84x the measured
baseline bandwidth, compared with 1.65x at W4A8. This
contrast explains the larger PK-HAP benefit in Figure 13(b),
while W4A8 gains more from reduced INT4 unpacking.
Memory, cache, and ALU analysis. The preceding break-
down quantifies each optimization’s contribution; we now
profile the hardware-level metrics that explain these gains.
Figure 14 reports memory bandwidth, cache behavior, and
ALU utilization measured via Snapdragon Profiler [52]. Fig-
ure 14 (a) shows GPU memory bandwidth at W8AS8 and
W4A8 (MLC-LLM is excluded at W8AS as it does not sup-
port this precision). BitLLM achieves the highest bandwidth
across both precisions, reflecting the aligned access patterns
produced by adaptive layouts and operator-aware folding
(Section 4.2). Figure 14 (b) shows cache hit rates: BitLLM
achieves 13.6%-18.6% higher L1 and 10.4%-37.3% higher L2
hit rates than all baselines.

W4A8 yields higher hit rates than W8AS8 due to the re-
duced memory footprint. This also explains why W4A8
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Figure 15. LEP calibration and selection analysis. (a)
Impact of different LEP weights (a1, az). (b) LEP search over-
head and performance gap to oracle across mobile GPUs.

baselines can outperform W8A8 on mobile GPUs. In the pro-
filed configuration, relative to W8A8, W4A8 reduces memory
traffic by 39.8%, increases the L1 and L2 cache hit rates by
21.14% and 12.3%, respectively, and increases unpacking over-
head by 9.04%. For memory- and cache-sensitive decoding,
reduced data movement and improved cache locality can
outweigh the additional INT4 unpacking cost. Conversely,
the higher memory pressure of W8AS8 increases the bene-
fit of hardware-aligned packing, consistent with the larger
PK-HAP contribution in Figure 13(b). The improved cache
locality follows from stride-1 access preservation through
non-reduction-axis folding and length-aware layout selec-
tion. Figure 14 (c) reports shader ALU utilization. BitLLM
achieves the highest utilization at both precisions, with im-
provements of up to 18.6% at W8A8 and 7.9% at W4AS8. This
gain results from quantization-aware packing (reducing un-
packing instructions by ~80%) and conversion-hiding ex-
ecution, which reduce unpacking work and remove type
conversion from the compute critical path, respectively.
Analysis of LEP weights. Figure 15(a) presents the sensi-
tivity of LEP to different ; and «; settings on our primary
testbed. The specific values are obtained from the offline
calibration (in Section 4.1), which completes in less than
10 minutes. The parameters are model-independent, and
the best-performing setting (a; = 0.5, az = 0.7) is selected
and used across all models. Even drastically different pa-
rameter values result in only about a 10%-15% performance
degradation. Incorporating automated tuning strategies (e.g.,
Bayesian optimization) to further streamline the calibration
process is left as future work. Figure 15(b) compares LEP with
exhaustive oracle search across representative mobile GPUs.
Oracle search benchmarks every candidate layout, requiring
1413.6-2747.3 s across the three GPUs. LEP completes layout
selection in only 45.5-95.2 ms, reducing search time by more
than four orders of magnitude. The selected layouts remain
close to the oracle, with mean slowdowns of 1.86-3.89% and
P95 slowdowns of 5.83-10.40%. These results demonstrate
stable selection quality across mobile-GPU architectures.

5.4 Portability Evaluation

We assess portability on two additional platforms: the One-
Plus 11 (same vendor, earlier generation) and the Google
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Figure 16. Portability evaluation. Empty bars indicate
that the framework does not support the configuration due
to missing operator support or insufficient device memory.

Pixel 8 (cross-vendor, more constrained resources). Figure 16
reports per-token latency for Llama-3.2-1B and Qwen3-1.7B
at FP16, W8AS, and W4AS8 under P-O=512-512. BitLLM
runs all model-precision combinations on both devices. At
low-bit precisions, BitLLM achieves 1.3x-2.9x speedups on
OnePlus 11 and 1.4x-3.6x on Pixel 8 (average 1.7x vs. 1.9x%,
as tighter resources amplify the benefit of our optimizations).
At FP16, speedups of 1.1x-2.1x and 1.1x-3.6x confirm that
adaptive layouts alone provide significant benefits.

6 Related Work

Quantization for LLMs. Classical quantization methods for
deep learning have evolved into LLM-specific schemes that
preserve model accuracy at aggressively low-bit widths [58].
LLM.int8 [18] halves memory relative to FP16 with an outlier-
aware 8-bit scheme. SmoothQuant [77] migrates activation
scaling into weights for W8A8 quantization. GPTQ [21]
performs one-shot weight quantization for accurate 3-4
bit deployment. MobileQuant [63] develops mobile-friendly
quantization algorithms for on-device applications, which is
complementary to our setting. Quantization has also been
applied to reduce KV cache costs: KVQuant [27] provides
calibration-based 4-bit KV quantization, and Q-Hitter [87]
incorporates token-oracle signals for better compression.
SNIP [49] explores sub-byte mixed-precision for LLM train-
ing, while AWQ [36] rescales salient channels for 4-bit quan-
tization. These works primarily target server-class platforms
and their specialized low-bit instruction sets, such as CUDA
INT4/INT8 and AVX-512 VNNI. Mainstream mobile GPUs
(e.g., Adreno, Mali) lack such dedicated instruction support;
our work is designed for these architectures.

Low-bit computation optimizations. A line of work on
precision-scalable hardware [2, 17, 31, 54, 55] scales execu-
tion width to operand precision, but largely targets custom
accelerators. T-MAC [75] and BitNet.cpp [68] explore table-
lookup-based low-bit computation on edge-device CPUs, but
their access patterns map poorly to GPUs due to uncoalesced
memory accesses and misalignment with GPU memory hi-
erarchies. PMPD [7] focuses on mixed-precision schedul-
ing, adapting precision across inference phases and over
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the generated sequence to improve efficiency on resource-
constrained hardware. On the server side, Atom [88] and
QServer [38] integrate mixed-precision quantization with
CUDA tensor-core kernels unavailable on mobile GPUs. At
format and language level, M2XFP [28] proposes a metadata-
augmented microscaling format for low-bit quantization,
and Tilus [19] provides a tile-level GPU programming lan-
guage for low-precision computation. Other closely related
work generates quantized kernels whose lane-interleaving
or bit-packing layouts are dictated by specific SIMD instruc-
tions (e.g., ARM NEON [14], x86 VNNI [56], and Tensor Core
MMA [22]), and are resolved statically at compile time or
during offline preprocessing.

LLM serving and compiler frameworks. Several frame-
works target LLM inference on server GPUs [10, 13, 50, 78].
DeepSpeed-Inference [4] combines kernel fusion, tensor
parallelism, and quantization-aware execution. FlashAtten-
tion [15, 16] improves attention kernel utilization through
optimized work partitioning. SGLang [90] and Vidur [1]
explore scheduling and serving strategies. oFFN [61] acceler-
ates inference with an outlier-aware structured FFN design.
For KV cache management, vLLM [32] reduces fragmen-
tation via paged attention. Paged KV-cache management
and speculative decoding have been developed primarily
for server-class LLM serving, where memory management
in high-throughput request processing are central. In con-
trast, BitLLM targets efficient low-bit decoding on resource-
constrained mobile GPUs, but these techniques remain com-
plementary. A paged KV cache could be integrated by treat-
ing pages or page groups as layout-managed segments. Spec-
ulative decoding would require additional KV-state man-
agement; we leave their implementation and evaluation to
future work. Data layout also matters for efficient DNN exe-
cution [46]. TVM [9] optimizes graph-level fusion and layout
selection; Ansor [89] and TMModel [25] search over loop
transformations and tiling with learned cost models. LAD-
DER [69] transforms computations into statically optimized
low-precision pipelines with memory-layer-specific tensor
transformations. Triton [66] enables tile-centric code gener-
ation with near-vendor-library performance.

These compiler systems primarily optimize code genera-
tion and static schedules for predetermined layouts. BitLLM
instead uses LEP to select quantization-aware layouts dy-
namically across decoding phases and couples the selected
layouts with a type-conversion-hiding execution pipeline.
On-device LLM inference. While earlier mobile inference
systems focused on convolution-heavy workloads [30, 33,
45, 83, 85], the shift to LLMs has driven a new generation
of on-device runtimes [3, 39, 47, 70]. LLAMA.CPP [11] and
LiteRT-LM [23] provide cross-platform runtimes leverag-
ing vector instructions and low-bit formats. MLC-LLM [42],
built on TVM, enables low-bit LLM execution on mobile
GPUs. However, as our evaluation reveals, these frameworks
inherit static layout assumptions that do not adapt to the
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dynamic memory access patterns of autoregressive decod-
ing, leaving a performance gap on mobile GPUs. SoD? [43]
and Transformer-Lite [34] target dynamic-shape inference
and memory planning for mobile deployment, achieving
significant speedups through static shape propagation and
operator-level optimizations. FlashMem [59] optimizes the
mobile GPU memory hierarchy for LLM workloads, though
it targets floating-point operations and does not handle the
growing KV cache during decoding. Neuralink [72] reduces
on-device LLM compute through neuron co-activation link-
ing, which is orthogonal to the layout and type conver-
sion overhead we focus on. Production frameworks includ-
ing ExecuTorch [51] and ONNXRuntime [48] primarily tar-
get mobile CPUs, with limited low-bit GPU backend sup-
port. Other on-device efforts target NPUs and heterogeneous
SoC execution, including PowerInfer [62, 81], Ripple [71],
LLM.NPU [80], HeteroLLM [8], and T-MAN [76], but do
not address the GPU-oriented, low-bit decoding challenges
we focus on; extending our optimizations to such hetero-
geneous scenarios is a promising future direction. Overall,
BitLLM’s distinction lies not in any individual layout, pack-
ing, or pipelining technique, but in their sequence-aware co-
ordination for mobile-GPU decoding. The underlying frame-
work, LEP, dynamically makes layout and packing decisions
as the KV cache grows, while the conversion-hiding pipeline
preserves these gains during execution.

7 Discussion and Future Work

Generality across execution environments. At the LEP
level, supporting a new mobile GPU requires updating the
supported layout candidates and recalibrating the device-
specific weights once offline, as detailed in Section 4.1 and
evaluated across GPUs in Section 5.3. For a heterogeneous
SoC (i.e., with CPU, GPU, and NPU), LEP can be extended
by scoring backend-layout pairs and incorporating an inter-
backend transition term:
Bytes, (7, p, ¢, 1)
b BW,
+ ayp UnpackOps, (¢) + Tirans(b' = b, L, 1).

Here, b, b € {CPU,GPU,NPU} denote the source and tar-
get backends. The current GPU implementation assumes
2D texture and RGBA access, GPU-oriented packing, and
low-bit dot-product instructions. Extending LEP to CPUs
and NPUs would preserve the cost-model structure but re-
quire backend-specific layouts, memory models, and exe-
cution primitives (i.e., instruction sets). The transition term
Tirans captures synchronization, data movement, and other re-
quired layout conversion between backends; it is zero when
b’ = b. The heterogeneous extension would retain LEP’s light-
weight selection procedure. For a fixed source backend b’,
LEP evaluates Y ;, |Cp| backend-layout candidates. Because
the backend-specific LEP parameters are precomputed, each
candidate is evaluated with lightweight computation.

LEPb/%b(ﬁ, t) =0y,
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Concurrent workloads can change the effective backend

and bandwidths, causing parameters obtained through of-
fline calibration to become suboptimal. A contention-aware
extension could update these parameters at decoding-phase
boundaries based on resource-availability information pro-
vided by the runtime scheduler and then rescore the affected
candidates. Extending to contention-aware heterogeneous
execution is a promising direction.
Extending to new quantization schemes. BitLLM cur-
rently evaluates W8A8 and W4AS8 using a group size of
32; however, its layout-selection and packing formulation
is not specific to these configurations. Supporting an addi-
tional quantization format requires incorporating compat-
ible packing candidates and extending the LEP cost com-
ponents to capture format-specific overheads. Specifically,
the Bytes term could account for quantized data, whereas
the UnpackOps term accounts for bit extraction, operand re-
arrangement, and type conversion. These costs may depend
on both group size and bit width: group size determines de-
quantization granularity, while bit width determines packing
density, unpacking cost, and the availability of compatible
integer primitives. For each target device, a packing candi-
date is associated with a supported execution path; when
the packed representation cannot be consumed directly by a
native primitive, LEP can further incorporate the required un-
packing and conversion costs. LEP then ranks the extended
set of candidates using the resulting cost model. We leave
additional quantization formats to future work.

8 Conclusion

We presented BitLLM, which addresses the unrealized poten-
tial of low-bit LLM inference on mobile GPUs through adap-
tive KV cache layouts, hardware-aligned packing, and an
integer-native pipeline that defers type conversion outside
the compute hot path. Extensive evaluation demonstrates
that BitLLM delivers significant speedups (e.g., 1.78x over
LLAMA.CPP on average with fixed context length) and sub-
stantial per-token energy reductions (up to 88.9%), while ef-
fectively eliminating latency spikes during KV cache growth
to ensure predictable long-context decoding. Future work
includes combining other low-bit quantization schemes with
pruning co-optimization and support for concurrent work-
loads on heterogeneous mobile hardware (NPUs, TPUs).
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