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Abstract—Poly-hierarchical NPUs integrate distributed memory
modules with heterogeneous computation units, posing significant
challenges for mapping quantized operators. The difficulty arises
from the need to coordinate data transfers across memory hierar-
chies and to assign diverse operations to suitable computation
units. In this work, we systematically construct the mapping
space from quantization to dataflows by addressing three key
aspects: generation of NPU-friendly computation flows, integrated
operation–data co-mapping, and determination of transfer gran-
ularity and frequency. Building on this foundation, we further
exploit quantization dataflows to guide the selection of quantiza-
tion paradigms. Compared with the state-of-the-art quantization
compiler, our mapping achieves a 1.67–2.03× speedup. Moreover,
the selected quantization paradigms deliver an average 2.18×
efficiency improvement on NPUs without accuracy loss.

I. INTRODUCTION

Neural processing units (NPUs) [1]–[4] have become a
critical platform for accelerating neural networks, delivering
high throughput through specialized tensor computation units
and large on-chip memory resources. Modern NPUs, such as
Ascend910 [2], TPU [3], and Simba [1], integrate numerous
distributed memory modules and heterogeneous computation
units, with each computation unit tightly coupled to its local
memory block. Unlike hierarchical NPUs, which assume that
all data follow a single path where they are loaded into registers,
fully processed, and then written back to off-chip memory,
modern NPUs require data to traverse multiple on-chip memory
modules along different paths so that each data can be accessed
by appropriate computation units. We refer to NPUs with such
characteristics as poly-hierarchical NPUs. In such architectures,
computational efficiency is determined not only by arithmetic
intensity but also by how computation flows of the operators
interact with the computation units and memory modules [5].

Quantization is a key technique with applications in neural
network compression [6] and efficient deployment on hard-
ware [7]–[10]. However, the characteristic of poly-hierarchical
NPUs poses significant challenges for quantized operators [9]–
[18] mapping. Quantized operators perform computations using
low-precision data but require dequantization operations to re-
store data precision and maintain accuracy. Consequently, their
computation flows are complex, involving multiple types of
operations such as broadcasting, dequantization, and reduction.
Moreover, a variety of quantization paradigms with differences
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exists, and different paradigms lead to distinct computation
flows with varying implications for efficiency. Without effective
mapping strategies, the performance of quantized operators
on poly-hierarchical NPUs can be severely degraded, either
due to under-utilization of heterogeneous compute resources
or excessive data transfers across memory modules.

Mapping quantized operators onto NPUs requires transform-
ing computation flows into dataflows on hardware, specifically
the transfers of data across memory modules. The complexity
arises because quantized operators involve multiple opera-
tions, while NPUs incorporate numerous computation units
and memory modules. These characteristics give rise to three
fundamental challenges: (1) Transforming quantized operators
into NPU-friendly computation flows in order to fully ex-
ploit heterogeneous compute resources. (2) Determining the
assignment of operations to computation units and the place-
ment of operands in memory modules in order to maximize
computational parallelism and data locality. (3) Designing the
granularity and frequency of data transfers to make effective
use of limited on-chip memory resources and bandwidth.

Existing works [9], [10], [19], [20] have not fully addressed
these challenges. Manually optimized operator libraries, such
as Cann-ops-adv [19] and Atom [10], rely on handcrafted
designs, limiting their applicability to specific operators on
specific hardware. In contrast, general-purpose quantization
compilers [20] neither explore the space of computation flows,
nor construct systematic mappings of operations and data to
hardware units, nor consider operator-specific characteristics
when determining data transfers among memory modules. As
a result, these methods provide limited support for efficiently
mapping quantized operators onto poly-hierarchical NPUs.

In this work, we propose Dolphium, which addresses the
three challenges and constructs a mapping space for quantized
operators on poly-hierarchical NPUs, ultimately leveraging the
quantization dataflows to guide the selection of quantization
paradigms. (1) For Challenge 1, we adopt a two-stage ap-
proach to generate NPU-friendly computation flows. First, we
apply multiple hardware-agnostic transformations to generate
all feasible quantization flows. Then, we select the most ef-
ficient implementations during exploration, enabling general-
ization across different architectures. (2) For Challenge 2, we
implement an integrated operation–data co-mapping strategy,
assigning operations and data to computation units and memory
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Fig. 2. An Example of Quantization Computation Flow

modules. By considering the computation flow as a whole rather
than mapping each operation independently, we avoid under-
utilization of computation units and excessive data transfers. (3)
For Challenge 3, we determine the granularity and frequency
of data transfers among memory modules using a data transfer
pattern designed according to the computational characteristics
of quantization. We leverage a performance model of poly-
hierarchical NPUs to explore the above mapping space and
identify quantization dataflows with minimal latency.

Finally, we use the dataflows to guide quantization paradigm
selection at operator level, optimizing computational efficiency
on NPUs while preserving accuracy.

Our contributions are summarized as follows:
• We present Dolphium, a framework that co-optimizes

quantized operator mapping and quantization paradigm
selection on poly-hierarchical NPUs.

• We construct the mapping space of quantized operators
by addressing three key dimensions: NPU-friendly com-
putation flow generation, integrated operation–memory co-
mapping, and the determination of data transfer granularity
and frequency.

• We exploit quantization dataflows to guide operator-level
quantization paradigm selection, improving efficiency on
NPUs while maintaining accuracy.

Our quantization mapping achieves a 1.67× to 2.03× perfor-
mance improvement over state-of-the-art quantization compiler
[20]. Furthermore, compared to state-of-the-art quantization
paradigms [10], our paradigm selection attains a 2.18× speedup
in average without accuracy loss.

II. PRELIMINARY

A. NPUs with Poly-Hierarchical Memory
A poly-hierarchical NPU comprises distributed memory

modules and heterogeneous computation units tightly coupled
to these modules, as shown in Fig. 1(b). The red box highlights
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Fig. 3. Dolphium Overview

the distinctions from hierarchical NPUs: multiple computation
units, additional memory modules, and more data paths. For
instance, along-the-path units process data from L0C, restricted
units operate on L1 buffer with limited operation supports, and
vector units access data only from the unified buffer.

Dataflow design on hierarchical NPUs [21]–[28] is relatively
simple: each operation is mapped to the computation unit
with minimal latency, and all data traverse a single path
from off-chip memory to registers and back. In contrast,
poly-hierarchical NPUs necessitate explicit selection of both
computation units and data paths.

B. Quantization Paradigm and Computation Flow

A quantization paradigm is characterized by two parameters:
the data bit-width and the block size. All elements within a
block share a common quantization parameter, such as the
scale factors. In block-wise quantization, the non-reduction
dimension is often divided into groups of size 1. For example,
in the (W4G128, A4G128) paradigm, each weight element is
quantized to 4 bits, and every 128 elements along the reduction
dimension form a group with a shared scale factor.

The computation of a quantized operator involves multiple
operations, including block-wise tensor operations, broadcast-
ing, dequantization, and reduction. The ordered sequence of
these operations is referred to as the computation flow, as
illustrated in Fig. 2. Block-wise tensor operations are performed
at the group level, broadcasting replicates scale factors along
specific dimensions, dequantization restores data precision, and
reduction aggregates outputs across groups.

Prior work [9], [10], [19] constructs computation flows to
minimize computational cost by performing broadcasting and
dequantization first on operands with a smaller group size.
However, such flows are suboptimal for poly-hierarchical NPUs
for two reasons. First, computation units support only limited
operation types, so the default flow may underutilize hardware
resources. Second, the default flow does not optimize on-chip
data movement, potentially incurring excessive inter-memory
module transfers.

III. OVERVIEW

Fig. 3 presents an overview of Dolphium. Its inputs include
operator descriptions, parameters, and NPU specifications.
Leveraging these inputs, Dolphium maps quantized operators
onto NPUs through three stages: (i) generating NPU-friendly
computation flows, (ii) performing integrated operation–data
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co-mapping onto on-chip computation units and memory mod-
ules, and (iii) determining the granularity and frequency of
data transfers. Using a performance model tailored for poly-
hierarchical NPUs, Dolphium explores the mapping space to
identify high-efficiency quantization dataflows. These dataflows
further guide quantization paradigm selection, optimizing net-
work latency while maintaining accuracy. Finally, Dolphium
outputs both quantized operator parameters and kernel imple-
mentations, providing a comprehensive solution for efficient
deployment of neural networks on NPUs.

IV. QUANTIZATION-DATAFLOW MAPPING ON
POLY-HIERARCHICAL NPU

This section presents the mapping stages from quantized op-
erators to dataflows on NPUs, and then introduce a performance
model on poly-hierarchical NPUs to explore the mapping space.

A. NPU-Friendly Quant. Computation Flow Generation

The computation flow of a quantized operator critically
affects efficiency, as different flows can lead to large varia-
tions in compute utilization and data movement. Prior work
[9], [10], [19], [20] generally prioritizes flows with minimal
computational cost; however, cost alone does not guarantee
efficiency. Low-cost flows may still suffer from poor hardware
utilization or excessive memory transfers. To address this
limitation, we develop a systematic flow generation strategy that
explicitly targets NPU-friendly execution. Our method adopts a
two-stage design: hardware-agnostic flow generation followed
by hardware-aware flow selection. The generated candidates
include efficient flows, from which the optimal one is later
chosen. This subsection focuses on the flow generation stage.

The efficiency of quantization computation flows is de-
termined by two factors: the types of operations and their
ordering. Different types achieve different execution efficien-
cies on specific computation units and may even constrain
mapping choices. For example, broadcasting along the first
dimension can be mapped onto along-the-path CUs, whereas
broadcasting along the second dimension cannot. Meanwhile,
operation ordering shapes data dependencies within the flow
and, consequently, influences the volume of data transfer.

To generate a diverse set of computation flows, we apply two
categories of transformations. (1) Operation reordering, which
changes the execution sequence, such as adjusting the place-
ment of dequantization or swapping dequantization with reduc-
tion, as illustrated in Fig. 4(a)–(c). (2) Operation augmentation,
which alters the types of operations by introducing additional
transformations such as transpose and bit-width conversion. A
transpose converts (A × W ) into ((WT × AT )T ), as shown
in Fig. 4(d)–(f), thereby modifying the broadcasting dimen-
sion. Bit-width conversion reconciles operands with different
precisions: low-precision data may be promoted, while high-
precision data may be split into multiple low-precision values,
as illustrated in Fig. 4(g) and (h) for 4-to-8-bit promotion and
8-to-4-bit splitting, respectively.

B. Integrated Operation–Data Co-Mapping
Mapping operations to computation units and data to memory

modules is crucial, as it determines workload distribution across
heterogeneous resources and the volume of data transfers. Con-
ventional quantization compilers [20] typically assign each op-
eration to the computation unit with minimal latency. However,
this approach often underutilizes resources and overlooks data
movement, leading to suboptimal end-to-end performance. To
address this, we adopt an integrated operation–data co-mapping
strategy that jointly considers all operations and their associated
data, optimizing both computation and communication globally.

To implement integrated mapping, we first serialize memory
modules and computation units into a single linear sequence.
Since only block-wise tensor operations can execute on cube
units, the sequence contains cube units exactly once, forming
a path from vector units to cube units and back. Fig. 5(b)
is the serialization of Fig. 1(b), where yellow blocks denote
computation units and blue blocks denote memory modules.

Each computation flow is then sequentially mapped to the
unit sequence by assigning operations to supported computation
units, ensuring that each operation is mapped to a unit no
earlier than those assigned to preceding operations. Examples
are shown in Fig. 5(c)–(f). Notably, (e) and (f) correspond to
the same quantization paradigm but differ due to a transpose:
in (e), the broadcast operation cannot use the along-the-path
CU and remains on vector units, whereas in (f), the transpose
modifies the broadcast dimension, enabling mapping to the
along-the-path CU and reducing vector-unit load at the cost
of an additional final transpose. Sequential mapping does not
require assigning each operation to the nearest unit; lower-
performance units may be skipped to avoid bottlenecks.

C. Granularity and Frequency of Multi-Path Data Transfers
Mapping data to memory modules requires determining both

the tile size at each memory level (i.e., transfer granularity)
and the frequency of inter-module transfers, since a single
module cannot store an entire tensor. This task is challenging
due to heterogeneous access patterns across operations and
varying memory capacities. Existing approaches [19], [20] that
directly reuse transfer strategies for non-quantized operators
are inefficient, as they neglect the unique characteristics of
quantized operators, resulting in unnecessary data movement.
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To address this, we design a transfer pattern that adapts both
granularity and frequency to these characteristics.

Fig. 6(a) illustrates a simplified computation flow of a
quantized operator, focusing on block-wise tensor computations
and reductions, which offer high data reuse potential. For block-
wise computations, low-precision inputs but high-precision
outputs (C1, int32) make minimizing output transfers crucial.
Additionally, reduced dimensions (from thousands to hundreds)
and smaller input bit-widths allow multiple input groups to be
stored and processed per pass. Reduction operations repeatedly
reuse outputs, so keeping them in on-chip memory avoids
redundant transfers.

This motivates a hybrid input–output stationary pattern:
block-wise tensor computations are both input- and output-
stationary, while reduction operations follow an output-
stationary scheme to maximize on-chip reuse.

Fig. 6(b) illustrates a simplified hardware example and the
corresponding temporal data transfers, omitting broadcast and
dequantization for clarity. The A buffer holds a block of size
m × g × Gi and advances after processing S incoming W
blocks. W streams along its last dimension, C1 streams along
the second dimension to the reduction unit, and C2 stores a
block of size m×Sn as a resident tile. Consequently, A follows
a block-wise input–output stationary pattern, C1 transfers occur

only after each block is computed (output-stationary), and
C2 writes back after computation completes (also output-
stationary). Block-wise input-stationary is used for A rather
than full stationary because C2’s limited capacity constrains the
number of incoming blocks S. This transfer pattern generalizes
to more complex architectures, with parameters {m,n, g, S}
determined by on-chip buffer sizes.

D. Performance Model for Poly-Hierarchical Architecture

Existing dataflow models [21], [22] assume hierarchical
NPUs with a single data path, and thus cannot guide mapping
on poly-hierarchical architectures. We propose a model that
accounts for multiple computation units and memory modules
to enable accurate latency estimation.

The performance model is constructed by individually evalu-
ating the latency contributions of all memory and computation
units. For a memory module, its latency is defined as the total
amount of data transferred through it divided by its bandwidth.
For a computation unit, the latency is modeled as the number
of invocations divided by its operating frequency.

Different types of resources contribute to the overall execu-
tion time in distinct ways. We classify resources into shared and
private. Shared resources (e.g., L2 buffer) are accessible across
cores, while private resources (e.g., L1 buffer, Cube Unit) are
used within a single core. The total latency is given by:

lat = max

(
max

u∈shared
(
∑
corei

latu,corei), max
u∈private

(latu)

)
. (1)

On right-hand side of Eq. 1, the first term sums the latency
of each shared resource across all cores, and then takes the
maximum over all shared resources to obtain the total latency of
shared resources. The second term takes the maximum latency
among the private resources within each core to evaluate the
execution time inside a core.

Based on this performance model, we perform a brute-force
exploration of the mapping space defined by the three steps
above, identifying the dataflow with the lowest latency.



V. DOLPHIUM: QUANT. PARADIGM EXPLORATION

In this section, we exploit the quantization dataflows to guide
the choice of quantization paradigms, aiming to optimize com-
putational efficiency on NPUs without compromising accuracy.

A. Operator-Level Quantization Paradigm Selection
Conventional quantization methods [9]–[11] typically em-

ploy a single paradigm across the entire network. This design
has two drawbacks. First, the computational efficiency on
poly-hierarchical NPUs is highly sensitive to the paradigm;
optimizing solely for accuracy may lead to inefficient execution.
Second, it neglects substantial variation across operator-specific
data distributions, where a paradigm optimal for one operator
may be suboptimal for another. These issues motivate the need
for operator-level quantization paradigm selection.

We formulate operator-level quantization as

Accuracy ≥ s, min
∑
i

Latency(opi, Qi), (2)

where s is the target accuracy, and the objective is to min-
imize total network latency under this constraint. The candi-
date quantization paradigms include four primary modes: Q1
(W4Gx, A4Gx), Q2 (W4Gx, A8), Q3 (W4, A4Gx), and Q4
(W8, A8), which can be further instantiated with different group
sizes x to adapt to individual operators.

B. Quantization Paradigm Exploration
Directly optimizing Eq. 2 is infeasible due to the enor-

mous design space of O(N |{Q}|), necessitating per-operator
exploration of quantization paradigms. The key challenge is
evaluating the impact of a candidate paradigm on an individual
operator without executing the full network.

For each operator, we estimate quantization error using the
mean squared error (MSE):

error = ∥(A+ δA)(W + δW )−AW∥2 ,

where δ denotes quantization-induced error, and A is drawn
from a calibration set. Candidate paradigms must satisfy

error ≤ α · errorbaseline,

with α controlling the allowable error tolerance and the baseline
defined by a paradigm that ensures network accuracy, e.g.,
(W4G128, A4G128). Among all feasible paradigms, the one
minimizing latency is selected. The hyperparameter α is kept
uniform across all operators in a network, initialized with
a large value and progressively reduced until the quantized
network achieves accuracy comparable to the baseline.

VI. EVALUATION

A. Experiment Setup
We implement a cycle-accurate NPU simulator to conduct

our experiments on two platforms: NPU1 (Fig. 1(b)) and
Ascend 910B [2], denoted as NPU2. Detailed specifications
of both platforms are provided in Table I. A key architectural
distinction is that in NPU2, outputs from L0C are directly
committed to L2 after computation, bypassing L1. We adopt
Ladder [20] as our baseline. Evaluation focuses on linear

TABLE I
HARDWARE SPECIFICATION

Component Specification
Cube Unit (M ×K ×N ) Int4(Int8): 16× 32(64)× 16
Vector Unit size = 128 lanes
Along-the-Path CU size = 64 lanes,

Broadcast(first dimension),
Multiplication, ...

Restricted CU 16 lanes, Reduction, Transpose, ...
L0A / L0B / L0C Buffer 64 KB / 64KB / 128KB
Unified / L2 Buffer 512 KB / 192MB
L1 Buffer 1MB(NPU1) or 512KB(NPU2)
Number of Cores / Frequency 16(NPU1) or 20(NPU2) / 1 GHz
GM/L2 Bandwidth 1.6 TB/s / 5 TB/s

TABLE II
GEMM BENCHMARKS

M (N,K) pairs
2048, 8192 (4096, 11008) (11008, 4096) (6656, 17920) (17920, 6656)

(8192, 22016) (22016, 8192) (4096, 14336) (14336, 4096)

operators from three large language models, Llama2-7B [29],
Llama1-30B [30], and Mixtral-7x22B [31], with details sum-
marized in Table II.

B. Computational Efficiency of Quantized Operators
Fig. 7 illustrates the computational efficiency of two quan-

tization paradigms, Q1 and Q2, across two platforms. The y-
axis denotes speedup relative to the baseline, and the x-axis
corresponds to the GEMMs in Table II. The speedups range
from 1.67× to 2.03×. Performance differences arise across
both paradigms and platforms: on NPU1, Q1 and Q2 achieve
average speedups of 1.78× and 1.9×, respectively, while Q2
reaches 1.78× on NPU2. These variations are driven by two
factors. First, distinct quantization paradigms induce different
computation flows, which offer varying optimization opportu-
nities. Second, heterogeneous memory hierarchies across NPUs
affect the efficiency of the same flow. For instance, NPU1
can perform reductions within the L1 buffer with minimal L2
accesses, amplifying the benefits of the hybrid input–output
stationary pattern.

C. Quantization Dataflow Analysis
Fig. 8–10 provide a detailed analysis of each stage of the

mapping procedure under two quantization paradigms, Q2 and
Q3. Each bar reports the geometric mean of speedups (or data
transfer volume reductions) across 16 GEMM instances, with
the x-axis denoting the group size of the paradigms.

1) Computation Flow: Fig. 8 shows that optimizing com-
putation flows significantly improves efficiency, achieving
1.01×–1.99× gains on NPU1 and 1.04×–1.85× on NPU2. The
improvement varies with the quantization paradigm, group size,
and NPU architecture.

2) Operation-Data Co-Mapping: Fig. 9 illustrates the im-
pact of operation–data co-mapping on computational efficiency.
The baseline uses only cube and vector units. Our method
achieves 1.05–1.99× speedup on NPU1 and 1.04–1.27× on
NPU2. The improvements arise from (i) distributing operations
across multiple computation units to relieve vector-unit pressure
and (ii) performing reductions earlier to reduce data movement,
especially between the L2 buffer and unified buffer.
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3) Transfer Granularity and Frequency: Fig. 10 demon-
strates the effectiveness of our optimized quantization transfer
pattern in reducing data movement, focusing on the L2 buffer
where the primary access bottleneck occurs. Compared with the
output-stationary design in Ladder [20], our approach decreases
data transfers by 44%–47% on NPU1 and 4.3%–30% on NPU2.
This improvement is primarily attributed to two factors: (i)
the hybrid input–output stationary pattern significantly reduces
input data movement and (ii) retaining intermediate outputs on-
chip minimizes data exchanges during reduction operations.

D. Computational Efficiency of Quantization Paradigms

Fig. 11 presents the computational efficiency of different
quantization paradigms across NPUs, where the x-axis denotes
group size and the y-axis denotes throughput. Throughput gen-
erally increases with larger group sizes but gradually plateaus
as the workload on non-cube units decreases and data transfers
are reduced. As a result, efficiency eventually converges to
the computational capacity of cube units. Furthermore, quanti-
zation paradigms (Q1–Q4) exhibit notable differences in effi-
ciency, with the extent of variation dependent on group sizes.
The substantial differences in computational efficiency across
quantization paradigms underscore the necessity of leveraging
quantization dataflows to guide paradigm selection.

E. Effectiveness of Quantization Paradigm Exploration

We conduct quantization paradigm selection on NPU2, using
Atom [10] as the baseline. Table III reports accuracy and
speedup. Model quality is evaluated by perplexity (PPL) on
the Wikitext-2 [32] dataset and by accuracy on three zero-shot
benchmarks: PIQA [33], ARC-e [34], and ARC-c [34]. The
runtime is measured only on the quantized linear operators
as defined in [10], considering exclusively the prefill phase
with input sequence lengths ranging from 1024 to 4096. The
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results demonstrate that the proposed quantization paradigms
deliver an average 2.18× speedup over the baseline without any
accuracy degradation. These results highlight the importance
of selecting different quantization paradigms for individual
operators within a neural network. Operator-level selection not
only significantly improves computational efficiency on NPUs,
but also enables the choice of paradigms that better match the
data distribution of each operator, yielding accuracy gains.

TABLE III
ACCURACY AND SPEEDUP

Model Q PPL Accuracy SpeedupPIQA ARC-e ARC-c

Llama2-7B Atom 6.12 75.14 52.99 38.40 2.09Ours 6.02 77.20 69.15 42.08

Llama2-13B Atom 5.31 76.50 57.49 42.32 2.28Ours 5.25 79.13 74.25 48.02

VII. CONCLUSION

In this work, we construct the mapping space of quan-
tized operators on poly-hierarchical NPUs by addressing three
key aspects: NPU-friendly computation flow generation, op-
eration–data co-mapping, and determination of data transfer
granularity and frequency. Building on this foundation, we
further leverage quantization dataflows to guide the selection
of quantization paradigms on NPUs. Compared with state-
of-the-art approaches, our mapping achieves 1.67×–2.03×
speedup. Moreover, on Ascend 910B, the selected quantization
paradigms deliver an average of 2.18× higher efficiency than
state-of-the-art paradigms, without accuracy degradation.
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