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Abstract—Spatial accelerators are widely deployed for deep
neural networks, but their architectural diversity—from hierar-
chical to dataflow designs—makes accurate architecture–operator
modeling difficult, limiting operator optimization and hardware
utilization. Existing models abstract hardware as hierarchical
chains and operators as loop trees, which cannot capture essential
features of modern dataflow accelerators, including heterogeneous
processing elements (PEs), uni-directional interconnects, and cross-
PE memory hierarchies, leading to inaccurate latency prediction.
We propose LATIAS, a unified framework that introduces (1)
an architecture graph with uni-directional edges to represent
arbitrary topologies, and (2) a dataflow-aware tile-centric notation
that augments loop trees with transfer nodes to model diverse
dataflows. Building on these, LATIAS further provides a graph-
guided tree analysis that accurately resolves tensor residency and
latency under hardware constraints. Experiments on representative
operators (GEMM, vector, fused vector) and operator shapes
extracted from DNNs (BERT, ViT, T5) on Huawei Ascend 910B3
show that LATIAS achieves over 0.99 correlation with runtime
measurements—substantially outperforming prior models—and
provides actionable insights for architectural design.

Index Terms—Fusion, Accelerator, Simulation and modeling

I. INTRODUCTION

Numerous spatial accelerators have been developed to sup-
port neural network applications [1]–[6], typically built on
multiply-accumulate (MAC) units but differing in memory
hierarchies, interconnects, and compute capabilities, leading
to diverse performance. Structurally, these accelerators fall into
two categories (Fig. 1(a)(c)). Hierarchical architectures (e.g.,
NVIDIA P100 [7]) organize memory and homogeneous PEs into
layered structures with parent–child data movement and PEs
at the leaves. In contrast, dataflow architectures (e.g., Ascend
NPUs [8], Groq [9]) feature heterogeneous PEs (e.g., SIMD,
GEMM), uni-directional interconnects for pipelining, and cross-
PE memory hierarchies where computation can occur between
memory levels (Fig. 1(c)(d)).

Efficient on-chip operator dataflows are essential for im-
proving resource utilization, data reuse, and memory efficiency
on such accelerators [10], [11]. Existing approaches fall into
two categories: hand-tuning [10], [12], which is expertise-
intensive, time-consuming, and specialized, and automated
Design Space Exploration (DSE) based on architecture-operator
models, where polyhedral-based models [13]–[16] explore tiling
with hierarchical architecture abstractions, and [17], [18] exploit
operator loop tree properties to minimize data movements.
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Fundamentally, these models assume that architectures can be
abstracted as a hierarchical bidirectional chain (Fig. 1(b)), where
only adjacent levels communicate bidirectionally and PEs are
homogeneous. While sufficient for hierarchical accelerators, this
abstraction fails on modern designs, which feature heterogeneous
PEs, uni-directional interconnects, and cross-PE memory hierar-
chies. Consequently, chain-based models misrepresent feasible
data paths, resulting in inaccurate bandwidth and latency
predictions and suboptimal operator optimization.

Extending architecture–operator modeling beyond hierarchical
abstractions requires tackling three challenges: (1) Architecture
description. The dataflow accelerators demand a richer abstrac-
tion than linear chains: heterogeneous PEs must be modeled
with distinct capabilities, uni-directional interconnects constrain
feasible communication paths, and cross-PE memory hierarchies
break the assumption that computation occurs only at leaves.
These factors turn the architecture description from a simple
hierarchy into a general graph problem. (2) Operator description.
On graph-structured architecture, operators may exhibit tree-
based, ring-based, or hybrid transfer patterns (Fig. 2), beyond
simple parent–child communication. The challenge is to design
a representation enough to capture such diverse dataflows while
remaining analyzable. (3) Operator latency analysis. Graph edges
create multiple producer–consumer paths and allow tensors to
bypass ancestors, breaking the assumptions of depth-first-search-
based (DFS-based) operator tree analysis [13], [16](Fig. 3). This
leads to ambiguity in path selection and risks of misestimating
bandwidth and latency, which makes accurate analysis difficult.

To address these challenges, we propose LATIAS—a uni-
fied framework for architecture–operator modeling across
diverse accelerators. The key insight is that a graph-based
representation can faithfully capture complex architectural
characteristics, enabling precise operator latency analysis and
overcoming the limitations of chain-based models.

We introduce an architecture graph that generalizes architec-
ture descriptions beyond hierarchical hierarchies: nodes denote
architectural levels (e.g., memory or PEs), and uni-directional
edges encode data paths, enabling the modeling of arbitrary
topologies. To complement this, we propose a dataflow-aware
tile-centric notation (DTN), which enriches the operator loop
tree with transfer nodes to faithfully capture architecture-induced
dataflows. Unlike prior abstractions restricted to parent–child
propagation, DTN can naturally represent diverse data transfer
patterns. By tightly coupling the architecture graph with
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Fig. 1: Architectures and abstractions. (a)(b) Hierarchi-
cal. (c)(d) Dataflow.
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Fig. 2: Different operator data transfer
patterns. (red line). (a) Tree. (b) Ring. (c)
Hybrid.
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Fig. 3: Operator tree rep-
resentation & analysis.

DTN, our framework delivers the first unified representation of
hardware and operators that scales across modern accelerators,
providing a solid foundation for accurate and generalizable
operator analysis.

Building on this representation, we develop a graph-guided
tree analysis framework, which extends DFS traversal on the
DTN-based operator tree by explicitly incorporating architecture-
graph connections and transmit nodes. Unlike conventional
DFS that assumes strict parent–child propagation—and thus
misrepresents data movement when shortcuts or cross-level
paths exist—our method dynamically resolves feasible pro-
ducer–consumer paths under graph constraints, ensuring
that tensor propagation faithfully matches the actual dataflows
of modern accelerators. Within this framework, we introduce
two analysis passes: (1) tensor residency, which systematically
determines the input/output tensors of each loop-tree node, and
(2) performance evaluation, which quantifies data movement
and latency across nodes and aggregates them into overall
operator latency. Together, these passes provide a robust
and accurate foundation for operator modeling across diverse
architectures. We also make LATIAS open-source in Github
(https://github.com/pku-liang/LATIAS).

In summary, our contributions are as follows:
• We propose an architecture graph abstraction for general

spatial accelerators, together with a dataflow-aware tile-
centric notation for representing operator behaviors.

• We propose a graph-guided tree analysis framework that
generalizes conventional DFS by incorporating architecture-
graph connections and transfer nodes, enabling operator
loop-tree analysis under arbitrary dataflow constraints.

• We validate the proposed model on a real-world spatial
accelerator with classic operators, and further demonstrate
its robustness under varying resource constraints.

Experiments on Huawei Ascend 910B3 show over 0.99
correlation with real execution across GEMM, vector, and fused
vector operators from the transformer, confirming strong trend
consistency. Our method further demonstrates robustness across
diverse tiling and resources configurations, while providing
valuable guidance for architectural design. In addition, the
implementation of LATIAS will be open-source in the future.

II. BACKGROUND

A. Dataflow Analysis Models

Designing efficient operator dataflows is challenging, and
a range of operator performance models have been proposed.

Early frameworks such as Timeloop [13], MAESTRO [14],
and TENET [15] focus on single operators with perfectly
nested loop structures, providing detailed modeling of tiling
and mapping. However, they are limited when facing fusion
dataflows, where one operator’s iteration space is embedded into
another, yielding non-perfect loops that cannot be represented
within their abstractions. To address this gap, HASCO [18] and
H2H [17] approximate fusion by separately evaluating operators
and pruning redundant transfers, while more recent works such
as SET [19] and TileFlow [16] extend tile-centric notations
and tree-based analyses to model fusion, capturing compute
ordering, resource binding, and multi-dimensional tiling.

Across these models, two types of tile relationships are
commonly defined. (1) Intra-tile relationships describe execution
within a tile: spatial (parallel loop execution across units) and
temporal (sequential loop execution on the same unit). (2) Inter-
tile relationships capture interactions among tiles, including
sequential execution, sharing of input tensors, parallel execution
across resources, and pipeline execution where the output of one
tile feeds into the next. These abstractions form the analytical
basis of prior work and will be extended in our model to handle
more general dataflow architectures.

B. Architecture, Operator, and Analysis in Existing Models

Hardware description. Existing models typically abstract
hierarchical accelerators as linear chains (Fig. 1(b)), since this
provides a simple and analyzable mapping between memory
and PE levels. In such chains, memory and PEs are connected
bidirectionally, and PEs are confined to the leaf nodes, which im-
plicitly assumes homogeneous PEs and symmetric interconnects.
However, dataflow architectures break these assumptions in three
key ways. First, modeling heterogeneous PEs would require
multiple arithmetic nodes, which exceeds the expressive capacity
of a single-node chain abstraction. Second, chain abstractions
constrain data movement to adjacent parent–child levels, making
it impossible to represent direct cross-level communication.
Third, dataflow accelerators often interleave PEs with memory
levels, forming cross-PE hierarchies. Such designs cannot be
captured by chain-based abstractions, which strictly enforce PEs
to appear only at the terminal node.

Operator description. Operators are generally represented as
loop trees (Fig. 3), because loop nests naturally map to recursive
parent–child structures. This representation is sufficient for tree-
structured dataflows (Fig. 2(a)), in which data moves hierar-
chically and bidirectionally. However, it fails to capture more
complex cases. In ring-based transfers (Fig. 2(b)), data circulates



across multiple nodes and propagates sequentially downstream.
In hybrid cases (Fig. 2(c)), tree-based and ring-based transfers
are coupled at certain nodes, causing different parts of the
path to follow different rules (e.g., sequential propagation or
parent–child write-back). Such diverse dataflows cannot be
expressed within the constraints of loop-tree representations.

Performance analysis. Latency is typically estimated by
traversing the operator loop tree in depth-first order, because
DFS matches the natural execution order of nested loops and
allows recursive aggregation of data movement (①–⑥ in Fig. 3).
However, this process assumes strict parent–child propagation
of tensors. Once architecture-defined shortcuts or multiple
producer–consumer paths are introduced, this assumption no
longer holds. As a result, DFS-based analyses either insert
spurious intermediate nodes into the data path or misestimate
bandwidth and latency, leading to inaccurate performance
evaluations.

III. ARCHITECTURE AND OPERATOR DESCRIPTIONS

In this section, we describe the architecture and operator
descriptions in Sec. III-A and Sec. III-B, respectively.

A. Architeture description

We represent the architecture as a directed graph G =
(Nodes,Edges) composed of two fundamental elements.
• Nodes are categorized into MemUnits (memory compo-

nents) and ArithUnits (processing elements). Each node
maintains type-specific attributes. For example, a RegFile
node records (1) basic properties such as name and degree
of parallelism, (2) memory features such as class and capac-
ity, and (3) other performance-related specifications. This
fine-grained representation enables precise characterization
of architectural components.

• Edges are uni-directional connections between nodes,
annotated with properties such as bandwidth and inter-
connection type (broadcast, unicast, full-/half-duplex).

Unlike chain-based abstractions, this graph representation
decouples read and write paths, offering greater flexibility to
capture heterogeneous PEs, uni-directional interconnections, and
cross-PE memory hierarchies (Fig. 4(b)).

B. Dataflow-aware operator description

Given an operator loop tree T (Fig. 4(a)) and an architecture
graph G (Fig. 4(b)), we define an overlay procedure that
integrates them into a unified representation ~T=(T,G) (Fig. 4(c)).
During overlay, structural constraints from the architecture graph
are imposed on the operator tree. Specifically, when a tensor
produced at node u ∈ ~T is transferred to node v ∈ ~T, the overlay
step identifies the corresponding architecture nodes in G and
augments the tree with explicit transmit tiles representing the
architecture-defined path between u and v.

We denote this augmented structure as the dataflow-aware
tile-centric notation, which provides a three-stage operator
representation:
• Specs: including tile type (TT) and dataflow type (DT).
• Tiling factors: partitioning strategies at memory or arith-

metic levels.

• Child nodes: parent-children dependency.
Formally, a node tile at tree level n is defined as:

~Tn = {DT,TT}︸ ︷︷ ︸
Specs

[l1n,l
2
n, ...]︸ ︷︷ ︸

Tiling factors

(~T1n−1,~T
2
n−1, ...)︸ ︷︷ ︸

Child nodes

.

Here,
• Memory/Arithmetic tiles: Represent tiling at memory or

arithmetic levels. Memory tiles allow flexible tiling factors,
while arithmetic tiles are fixed by the architecture.

• Scope tiles: Capture inter-tile relationships (sequential,
sharing, parallel, pipeline).

• Transmit tiles: Bridge the operator tree and architecture
graph by modeling explicit data transfers. A transmit tile
specifies that a tensor generated by a leaf node is delivered
to a target architecture level. For example, in Fig. 4, the
transmit tile in (c) corresponds to the red-arrow connection
in (b). Their presence enables arbitrary dataflows to be
expressed within a tree and allows clear differentiation
between direct parent–child propagation (DT: Write-Back)
and architecture-guided transfers (DT: DataFlow).

Through this overlay process, operators can be systematically
represented as DTNs, where each node conforms to a pre-
defined tile type. This unification of operator and architecture
descriptions lays the foundation for subsequent residency and
performance analysis.

IV. GRAPH-GUIDED TREE ANALYSIS

Since the aforementioned description breaks the default
parent–child propagation rule in DFS-based tree analysis under
the dataflow architecture, in this section, we propose a graph-
guided tree analysis framework to adapt the operator analysis
to the architecture graph and execute performance evaluation.
Our analysis framework first analyzes tensor residency across
the architecture graph and then adapt DFS traversal to follow
architecture-constrained paths for performance evaluation.

A. Tensor Residency Analysis

We define two primitives to model tensor propagation in the
overlay tree.
• Route & Meet: Given a producer node p and a consumer

node c, the function Route(p,c|~T) identifies their feasible
architecture paths under graph constraints (Red arrow in
Fig. 6), and Meet(p,c) denotes their lowest common node.
The Route function operates under three distinct patterns:
(1) Write-Back Pattern. In this case, no transmit node
exists in the tree. The tensor produced by the producer is
propagated upward along the producer’s ancestors, while
the consumer’s demand is also traced upward. Their
common node is then determined using the Meet function
(e.g., node 1 in Fig. 6(a)).
(2) Dataflow Pattern I. Here, transmit nodes are explicitly
present in the tree. The first case occurs when the producer
resides at the same hierarchical level as the next transmit
node. In this scenario, the tensor produced by the producer
is directly forwarded to the target node specified by the
transmit node (e.g., node 3 in Fig. 6(b)).
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Fig. 4: Example of the overlay process.
(a) Operator loop tree T. (b) Architecture
graph G. (c) Overlay tree (~T= (T,G)).

for i1 = 0:7 → DRAM
 for j1 = 0:7 → L1
  for k1 = 0:7 → L0AB

   for i0 = 0:15
     for j0 = 0:15
      for k0 = 0:15
      C[i0, j0] += 
       A[i1*16+i0,k1*16+k0] *
       B[k1*16+k0,j1*16+j0];

  Transmit tensor C to L0C;
  Transmit tensor C to UB;

  for iv = 0:15 → UB
   for jv = 0:15
    D[iv, jv] = exp(C[iv, jv]);

  Transmit to DRAM;

Memory tile, Forward

Arithmetic tile → PE_M

Memory tile, Write-Back

Arithmetic tile → PE_VTransmit Tile

(a)

HBM L1 L0AB PE_M

Trans 
L0C

Trans 
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(b)

Tree 
analysis

Graph-guided 
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Fig. 5: Operator description. (a) Operator loop description. (b) Operator DTN
description.
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Fig. 6: Route patterns. (a) Write-back. (b) Dataflow (Transfer
under the same levels). (c) Transfer under different levels.

(3) Dataflow Pattern II. In this case, the transmit node is
located above the producer in the hierarchy. This indicates
that data transmission is deferred until computations at
the peer nodes of the transmit node are completed. For
example, in Fig. 6(c), the tensor generated by p waits for
node 2 to finish before transmission occurs.

• Residency Annotation: Each node n maintains two sets:
ρin(n) and ρout(n), denoting its input and output tensors.
For a tensor produced at p and consumed at c, we annotate
all nodes along Route(p,c) with this tensor:

ρout(p)⊇ {t}, ρin(c)⊇ {t},
∀m ∈ Route(p→ c) : ρin(m)⊇ {t}.

(1)

• Dataflow Mode: By comparing producer and consumer
paths, we classify the transfer as either (1) Write-Back
(adjacent nodes) or (2) DataFlow (requiring transmit tiles).

Fig. 5 illustrates a fusion example of GEMM+EXP, in which
DRAM, L1, L0AB, L0C, and UB are memory units, and
PE M,PE V are matrix/vector PEs. Here, results from PE M are
directly sent to both L0C and UB for fusion with vector PE,
while previous tree analysis (red dashed line) would wrongly
assume propagation upward through L0AB and L1 before
reaching UB—paths absent in real architecture. Under our
resisdency analysis, we can correctly annotate the input and
output tensors as shown in Fig. 5(b) (red line).

B. Performance evaluation

On top of the overlay tree T̃ , performance evaluation is
formulated in terms of two fundamental primitives and a set of
composition laws.
• Data Movement Estimation (Slice Algebra). Each node of

T̃ holds input/output tensor lists which are acquired by

the residency analysis. Each tensor stored at node T̃n is
represented as a slice at time t, with bti and eti denoting
the beginning and ending addresses of dimension i.

Slice(~Tn,t) : TensortTile[b
t
0 : et0,b

t
1 : et1, ...,b

t
D−1 : etD−1]

(2)
The temporal data movement between consecutive time
steps is defined as the set difference (updating the tensor):

DM(~Tn,t) =
∥∥Slice(~Tn,t)\Slice(~Tn,t−1)

∥∥. (3)

• Node Latency Decomposition. The latency of a tile node
is decomposed into three components:

Lat(~Tn) = Lload(~Tn)+Lpro(~Tn)+Lstore(~Tn). (4)

Here, Lload and Lstore are derived from the transfer volume
and available bandwidth, while Lpro depends recursively
on the latency of sub-tiles. Here we assume full pipelining
and double buffering, which means that different latencies
from different tiles can be overlapped.

• Latency Composition Laws. Depending on intra-/inter-tile
execution modes, child latencies are combined using the
formulations in Table I. Here intra-tile analysis distin-
guishes spatial and temporal execution, and we suppose ~Tn
contains M local tiles denoted as ~Tmlc, and the children of the
local tiles are denoted as ~Tmchd. Inter-tile analysis considers
sequential, sharing, parallel, and pipeline modes, and we
suppose ~Tn contains K sub-tiles and Rn denotes the tiling
factor of ~Tn. Interconnection types are also considered,
mainly affecting input/output latency.

Overall, the performance analysis procedure is outlined in
Alg. 1. Each type of node invokes a different function to compute
its data movement and latency. For arithmetic and transmit
nodes, tensor update of current node is identified directly and
the corresponding data movements are calculated, with latency
derived from the source–destination bandwidth. For scope
nodes, the analysis iteratively visits their children nodes and
aggregates the results according to the inter-node execution
mode specified by the scope. For memory nodes, which contain
tiling information, the analysis traverses each loop dimension
and computes the overall latency while accounting for the intra-
node execution mode. The TensorList in this algorithm comes
from the previous tensor resisdency analysis.



Algorithm 1: Performance Analysis
1 Function PerformancePass(Node)
2 if IsArithOrTransNode(Node) then
3 IOLat,DM← UpdateTensor(Node.TensorList);
4 Lat= IOLat+(ComputeLat);
5 if IsScopeNode(Node) then
6 Lat.clear();
7 foreach Child ∈ children(Node) do
8 PerformancePass(Child);
9 Lat.push(Child.Lat);

10 Node.Lat← CalLat(Lat,InterMode);
11 if IsMemoryNode(Node) then
12 VisitLoop(Node);

13 Function VisitLoop(Node)
14 Lat.clear();
15 IOLat,DM← UpdateTensor(Node.TensorList);
16 for loop ∈ Node.tilingFactor do
17 InterLat.clear();
18 foreach Child ∈ Children(Node) do
19 PerformancePass(Child);
20 InterLat.push(Child.Lat);
21 Node.Lat← CalLat(InterLat,IntraMode);

TABLE I: Analysis formulations.

Intra-tile Latency Analysis
Spatial &
unicast

maxm{LTmlc ,STmlc}×M+maxm LatTmchd
Spatial &
broadcast

maxm LatTmlc
Temporal maxm{LTmlc ,STmlc ,LatTmchd}∗M

Inter-tile Latency Analysis

Perfect loop MAESTRO(Tn,Specn) [13]–[15]

Seq or shar max{LatDM,∑k LatTkn−1
}∗Rn

Paral max{LatDM,maxk LatTkn−1
}∗Rn

Pipe max{LatDM,pipe(Tn−1)}∗Rn
Auxiliary Function For Latency Analysis

Pipeline
calculation

pipe(Tn−1) = K∗max{LTn−1 ,LatTn−2 ,STn−1}
Full−duplex

latency
LatDM = Max{LTn ,STn}

Half−duplex
latency

LatDM = LTn +STn

V. EVALUATION

A. Evaluation Setup

Platforms. Our evaluation centers on the state-of-the-art
spatial dataflow accelerator Huawei Ascend 910B3 (DaVinci
architecture [20]). Platform specifications are shown in Fig. 7.
The Cube Core (left) is specialized for GEMM computations and
follows a hybrid data transfer path (dataflow architecture),
while the Vector Core (right) is designed for SIMD computations
and follows a tree-based data transfer path (hierarchical
architecture). Since the chip naturally incorporates both two
archtiectures, it provides a comprehensive platform to vali-
date the generality and accuracy of our model. Bandwidth
specifications, obtained through custom micro-benchmarks, are
summarized on the right. For this spatial accelerator platform,
we utilize the CANN Software Development Kit provided by
Huawei. Baseline performance is measured using ACLNN [21],
a cutting-edge official library optimized for accelerating neural
network applications. Performance analysis is conducted using
the official cycle-level profiling tool – msprof.

Benchmarking. Our evaluation dataset consists of three
representative operators extracted from the Transformer [22]: a
standalone GEMM operator, a standalone vector operator (VEC:
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Fig. 7: Huawei Ascend 910B3.
TABLE II: Benchmark of verification operator shape.

operator M N K Num
GEMM [128-8192] [128-8192] [128-8192] 1200

VEC [128-4096] [128-4096] - 1024
FUS [128-4096] [128-4096] - 1024

TABLE III: Benchmark of popular transformer operator shape.

Network GEMM-(M, N, K) VEC-(M,N)
Bert-S/B/L [512, (512/768/1024), (512/768/1024)] [512, (2048/3072/4096)]

ViT14-B/L/H [256, (768,1024,1280), (768,1024,1280)] [256, (3072,4096,5120)]
T5 [1024, 1024, 1024] [1024, 4096]

SUB), and a fused vector operator (FUS: SUB+EXP). On the
target accelerator, the GEMM operator exhibits a hybrid data
transfer pattern, whereas the VEC and FUS operators follow
a tree-based pattern. The detailed operator configurations are
summarized in Table II. In addition, we further evaluate our
model on full neural networks, including BERT [23], ViT [24],
and T5 [25]. Each network is tested under three architecture
utilization scenarios to validate the robustness of our model:
(1) HP: using half of the PEs without tiling at inner memory
levels; (2) AP: using all PEs without tiling at inner memory
levels; (3) AP-tile (Ours): using all PEs with tiling enabled.

Comparison. We compare our approach against the state-of-
the-art baseline TileFlow [16].

B. Model Accuracy

Fig. 8 compares the latency predicted by our model, TileFlow
and the measured latency of ACLNN on the benchmark. The
comparison is shown in Table IV. To quantify the model accu-
racy, we adopt the Pearson Correlation Coefficient r [26] and
the Mean Absolute Percentage Error MAPE [27] compared to the
real ACLNN results. We further define overall model accuracy
as Acc= r

MAPE
, which balances the strength of correlation with

the relative prediction error, thereby providing a single metric
that reflects both consistency and precision.

Our results demonstrate strong trend-following capability:
for GEMM, VEC, and FUS operators, our model achieves
correlation coefficients of 0.996, 0.998, and 0.997 against
ACLNN, respectively. By contrast, TileFlow cannot model
GEMM on this dataflow-based accelerator, and even for VEC
and FUS its correlations drop to 0.658 and 0.650. The instability
of TileFlow primarily stems from its reliance on perfectly
nested tiling (e.g., 12 = 3× 2× 2). For irregular shapes (e.g.,
11 = 11×1), TileFlow struggles to adjust tiling factors, leading
to significant prediction errors. In contrast, our model naturally
supports imperfect tiling (e.g., 11= 3×4(3) = 2∗4+3, where
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TABLE IV: Comparison with TileFlow.

Operator TileFlow Ours
Corr MAPE Acc Corr MAPE Acc

GEMM - - - 0.996 0.261 3.82
VEC 0.659 10.342 0.0638 0.998 0.614 1.63
FUS 0.65 10.176 0.064 0.997 0.445 2.24

the last iteration uses 3 instead of 4), thus maintaining high
accuracy even on non-divisible dimensions.

In addition, Fig. 8 shows that our model exhibits larger
percentage deviations from ACLNN at lower latencies (typically
corresponding to smaller input shapes), whereas the predictions
converge more closely at higher latencies (larger shapes). This
effect arises from the gap between theoretical and effective
bandwidth [28]: when the data volume is small, the effective
bandwidth is significantly lower than the theoretical peak, while
our model assumes the latter. As the data volume increases,
effective bandwidth approaches the theoretical value, leading to
better agreement with real results.

C. Robustness and Architecture Sensitivity Analysis

We evaluate both the robustness of our model and the impact
of architecture modifications on operator performance, aiming to
provide insights for architecture design. The modeling results for
the operators listed in Table III are shown in Fig. 9. Subfigures
(a) and (b) present the latency and data movement analysis for
the GEMM operator, while (c) and (d) illustrate the latency
results for the VEC and FUS operators, respectively.

For the GEMM operator (Fig. 9(a)(b)), the average latency
under the HP configuration is 1.96× that of the AP configuration,
consistent with the expected slowdown caused by halving the
number of processing elements. In contrast, the data movement
remains identical across HP and AP, since the number of cores
allocated does not influence the total data volume transferred.

When comparing AP and AP-tile, we observe that tiling
reduces latency. By increasing the amount of data transferred per
instruction, tiling improves bandwidth utilization and enhances
pipelining. In GEMM computations, tiling further enables partial
reuse of input data, which decreases overall data movement
(Fig. 9(b)) and consequently reduces total latency (Fig. 9(a)).

Beyond operator-level performance, our framework also
provides guidance for architecture design. Taking GEMM as an
example, we analyze the impact of modifying the capacity of
L0AB in Fig 7: doubling and halving its original size, denoted as
DOUBLE and HALF, respectively. The corresponding latency
and data movement predicted by our model are shown in Fig. 10.
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Fig. 10: Architecture sensitivity analysis. (a) Relative Latency.
(b) Relative data movement.

As illustrated, the DOUBLE configuration achieves an average
2.7% reduction in total data movement compared to the
baseline, while HALF results in an average increase of 6.9%.
However, this reduction in data movement does not always yield
performance gains, as observed in the BERT-L, ViT14-L, and
T5 cases in Fig. 10(a). Such discrepancies arise from multiple
factors, including pipeline bubbles and tensor shape alignment.
These results highlight that simply enlarging or shrinking
L0AB memory capacity does not guarantee performance
improvements for GEMM, providing the insight of architecture
modification in spatial accelerators.

VI. CONCLUSION

We presented LATIAS, a unified framework for modeling op-
erator dataflows on spatial accelerators with complex topologies
and memory hierarchies. By introducing an architecture graph
to capture heterogeneous processing elements, uni-directional
interconnects, and cross-PE memory hierarchies, together with
a dataflow-aware tile-centric notation to represent diverse
dataflows, LATIAS overcomes the limitations of chain-based
abstractions. Besides, our graph-guided tree analysis provides
accurate tensor residency and latency estimation. Experiments
on Huawei Ascend 910B3 with representative operators and
operator shapes extracted from full DNNs demonstrate that
LATIAS achieves over 0.99 correlation with runtime results and
offers practical insights for architecture design.
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