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Abstract
Large-scale Transformers have achieved remarkable success

across NLP, computer vision, and robotics, but their grow-

ing computational and memory demands challenge efficient

inference. Spatial accelerators offer advantages in on-chip

bandwidth and energy efficiency, yet designing them for

large models remains costly and time-consuming. Existing

accelerator generators typically focus on single-operation

support, overlooking the benefits of multi-operation pipelin-

ing, which limits throughput and energy efficiency.

We propose TranSAGE, a compiler-based framework that

jointly optimizes scheduling for large-scale transformers un-

der multi-operation pipelining and generates corresponding

accelerator implementations. Our approach integrates a DSE

engine with multi-operation dataflow optimization and a dy-

namic programming-based graph partitioning algorithm to

efficiently identify pipeline-friendly operation clusters and

their optimal dataflow parameters. We further design spatial

architecture primitives and lowering passes to automatically

generate efficient RTL implementations.

Evaluations on four representative LLMs demonstrate

that TranSAGE achieves up to 2.41× higher throughput and

13.04× higher energy efficiency over commercial GPU/NPU

baselines. Compared with state-of-the-art accelerator gener-

ators, TranSAGE achieves up to 11.33× higher throughput
and 6.07× higher energy efficiency. Our code is available at

https://github.com/sjtu-zhao-lab/TranSAGE.git.

Keywords: Transformer Accelerators, Spatial Architectures,

Accelerator Generation, Compiler Optimization, Dataflow

Optimization

1 Introduction
Large-scale transformers, including large language models

(LLMs), Diffusion Transformers (DiTs), vision-language mod-

els (VLMs), and vision-language-action (VLA) models, have

∗
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demonstrated remarkable capabilities across a broad spec-

trum of applications, such as conversational agents [10, 24,

41, 49], multimedia content generation [17, 18, 38, 42], multi-

modal understanding [27, 40], and robotics [6, 12]. However,

the continued growth in model scale increases the computa-

tional and memory demands of these models, making low-

latency and energy-efficient inference increasingly challeng-

ing. These challenges are further amplified by inference-time

scaling techniques, such as Chain-of-Thought (CoT) reason-

ing [52] and agent-based methods [45, 56].

The challenges have driven the need for architectural in-

novations. Although GPUs remain the most widely adopted

platform for deploying such models, they suffer from lim-

ited energy efficiency and suboptimal throughput. Recent

research has increasingly focused on spatial accelerators

to improve the efficiency of large-scale transformer infer-

ence [2, 9, 13, 23, 28, 50]. Unlike conventional architectures

that heavily rely on deep memory hierarchies and tempo-

ral locality—often leading to bandwidth bottlenecks—spatial

accelerators emphasize distributed memory and localized

point-to-point communication. This design significantly en-

hances on-chip bandwidth and aligns well with the compu-

tational characteristics of transformer models. In particular,

tensor operations in transformers exhibit high spatial data

reuse with minimal need for global synchronization, making

them especially well-suited for spatial execution paradigms.

However, maximizing the performance of large-scale trans-

former models on spatial accelerators requires substantial

expertise in both hardware and software and is highly time-

consuming, thereby hindering their broader adoption. Nu-

merous mapping and compiler frameworks have been pro-

posed to identify optimal mappings of large-scale neural

networks onto spatial accelerators [5, 7, 15, 19, 25, 26, 30,

32, 37, 53, 57, 59, 60]. Although these frameworks report

promising results, they primarily target predefined architec-

tures with fixed or limited configurability, and thus lack the

ability to jointly explore optimizations across both mapping

strategies and architectural designs.
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Table 1. Comparison with representative spatial accelerator automation frameworks.

Work

Productivity Dataflow Support Architecture Support

Input

Auto-Tuning

Support

Adaptive

Dataflow

Inter-Op

Dataflow

PU

Intra-PU

Topology

Inter-PU

Topology

AutoSA [51] C Code ✓ ✗ Sequential SA
2
Only Fixed /

TensorLib [22] STT
1 ✗ ✗ Sequential SA

2
Only Fixed /

Gemmini [14] C Code ✗ ✗ Limited Fusion SA
2
+ PPU

3
Fixed Fixed

LEGO [29] Relation Matrix ✗ ✓ Limited Fusion SA
2
+ PPU

3
Reconfigurable Fixed

TranSAGE (Ours) PyTorch Code ✓ ✓ Tile-based Pipeline Reconf. PU Reconfigurable Flexible

1
Spatial-Temporal Transformation

2
Systolic Array

3
Post Processing Unit

In contrast, a growing body of automated frameworks

has emerged to generate optimized architectures and sched-

uling strategies for target workloads. We summarize these

approaches in Table 1. AutoSA [51] proposes a polyhedral-

based framework that automatically transforms C code into

optimized HLS implementations for constructing systolic

arrays. TensorLib [22] introduces a novel mathematical rep-

resentation of spatial-temporal transformations (STT), and

generates input, output, and interconnect components based

on analysis of the STT matrix using Chisel [4] templates.

However, they are primarily designed for systolic arrays,

which can limit their efficiency on diverse operations in

large-scale transformer models.

Gemmini [14] proposes a system-integrated, template-

based generator that employs a systolic array as the core

matrix processing unit, augmented with post-processing

units to support a broader range of operations. LEGO [29]

further extends this architecture by introducing adaptive

dataflows on systolic arrays to mitigate the low utilization

caused by rigid dataflow mappings. Although they target

compound workloads, the generated accelerators may still

incur high memory access overhead and achieve limited

throughput. This limitation primarily arises from their sup-

port for only fixed-pattern fusion (e.g., GEMM combined

with simple element-wise operations), which restricts their

ability to fully exploit cross-operator optimization opportu-

nities—such as operation fusion and pipelining—that have

been widely demonstrated to be effective [3, 7, 8, 46, 60, 61].

Main idea. The root cause of the inefficiency in the afore-

mentioned generators is that they treat individual opera-

tions as the basic execution unit and generate architecture

for supporting them. In contrast, our key idea is to elevate

clusters to first-class citizens rather than individual opera-

tions. Specifically, we fuse operations that are well-suited for

parallel execution into clusters, which are then generated

as hardware pipelines. The execution of the entire model is

thus decomposed into the sequential execution of multiple

clusters. Meanwhile, all clusters share and reuse the same

on-chip compute and memory resources.

Challenge. However, such a design is challenging due to

two aspects. (1) Difficulty in identifying optimal dataflow: For

large-scale transformer models, which typically consist of

dozens of operations, determining which operations should

be fused into a pipeline cluster is non-trivial. Furthermore,

even after fusion, it remains challenging to assign dataflow

parameters (e.g., tiling sizes, unrolling factors, and execu-

tion ordering) for each operation within a complex pipeline,

making it difficult to identify the optimal dataflow. We elab-

orate on how these factors expand the design space and

introduce potential pitfalls in Section 2.3. (2) Difficulty in
generating flexible architectures: Even after determining the

optimal dataflow for compound operations, generating cor-

responding hardware architectures remains challenging. It

is impractical to implement architectures for every pipeline

configuration, whether manually or using template-based

methods. Moreover, all clusters must be mapped onto con-

strained hardware resources while minimizing overhead,

further complicating the design.

Our solution. To address these challenges, we propose

TranSAGE, an MLIR-based compiler framework that auto-

matically extracts optimal operation clusters with corre-

sponding dataflow parameters for large-scale transformer

models, and generates the associated RTL implementations.

We introduce a design space exploration (DSE) engine

that formulates multi-operation pipeline scheduling as two

subproblems: graph partitioning and dataflow optimization.

For graph partitioning, TranSAGE employs a dynamic pro-

gramming–basedmethod to determine the optimal operation

fusion under a given topological order (Sec. 4.1). For each

cluster, TranSAGE searches for the optimal dataflow param-

eters of its operators to form a pipelined cluster, using a

decomposition-based approach (Sec. 4.2).

Furthermore, we propose a set of spatial architecture prim-

itives (SAPs) that abstract arithmetic, data storage, and rout-

ing components commonly found in spatial accelerators.

These primitives serve as a bridge between high-level rep-

resentations (e.g., MLIR linalg) and RTL implementations.

Based on dependency and data-sharing analysis, high-level

linalg operations are lowered to SAPs and subsequently

mapped to corresponding RTL implementations (Sec. 5).

Our main contributions are summarized as follows:
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Figure 1. Spatial accelerator architecture.

• We propose TranSAGE, an end-to-end framework that

automatically generates RTL implementations of spa-

tial accelerators from PyTorch programs.

• We integrate a DSE engine that automatically extracts

optimal operation fusion and dataflow parameters,

enabling efficient mapping to hardware pipelines for

maximum performance.

• We propose a set of abstractions for spatial accelera-

tor hardware components, along with corresponding

lowering passes, which serve as a bridge between

high-level IR and RTL implementations.

Evaluation shows that TranSAGE delivers up to 2.42×
higher throughput and 13.04× greater energy efficiency than

commercial GPU/NPU baselines. Against state-of-the-art

accelerator generators, TranSAGE further improves through-

put by up to 11.33× and energy efficiency by up to 6.07×.

2 Background and Motivation
2.1 Spatial Accelerators
Spatial accelerators represent a broad class of architectures
characterized by two key features: (1) distributed compute
and memory resources and (2) asynchronous communication
patterns. These characteristics manifest across multiple lev-

els of the system hierarchy. At the processing element (PE)

level, designs such as Eyeriss [9] and TPU [23] organize PEs

with local register files and localized interconnects (e.g., sys-

tolic arrays), enabling data reuse across neighboring PEs

while reducing the overhead associated with global synchro-

nization. At higher levels, such as the core or package level,

systems like Simba [44] and Cerebras [1] preserve these prin-

ciples while scaling out through network-on-chip (NoC) or

network-on-package (NoP) interconnects.

TranSAGE Scope. The architectural scope considered in

TranSAGE is illustrated in Fig. 1 (a). Within this scope, we fo-

cus on a single compute core equipped with on-chip compute

resources and a hierarchical memory system. As discussed

earlier, this design can be further scaled through inter-core

or inter-package interconnects. The design space of spatial

for (size_t i0 = 0; i0 < M; i0 += tM) {

    for (size_t j0 = 0; j0 < N; j0 += tN) {

      for (size_t k0 = 0; k0 < K; k0 += tK) {

for (size_t k1 = 0; k1 < tK; k1 += uK) {

          for (size_t j1 = 0; j1 < tN; j1 += uN) {

            for (size_t i1 = 0; i1 < tM; i1 += uM) {

              O[i0 + i1][j0 + j1] = 

       A[i0 + i1][k0 + k1] * W[k0 + k1][j0 + j1];

            }

          }

        }

      }

    }

  }

OP1

OP2

OP3

Compute

(a) (b)

Transformer Layer

A W(stationary) O
Size

Operand
(uM,uK) (uK,uN) (uM,uN)
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Register
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Size

Operand
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Seq. L2
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Figure 2. Representation for (a) intra-operation dataflows

and (b) inter-operation dataflows. Seq. and Pipe. denote se-

quential and pipelined execution, and L1 and L2 denote data

transfers through SRAM and DRAM, respectively.

accelerators within this scope consists of two primary di-

mensions. (1) Organization of PEs. For each type of compute

resources (e.g., multipliers, adders, and nonlinear arithmetic

units), we must determine the size of the PE array and how

PEs are connected to local registers and to each other. (2)
Interconnect of PUs. Furthermore, we need to define the topol-

ogy of processing units (PUs). One option is a centralized

topology, as shown in Fig. 1(b), where all PUs are connected

to a global SRAM, enabling flexible data exchange. Alter-

natively, specialized PU topologies can be employed, as il-

lustrated in Fig. 1(c), where connectivity between PUs is

restricted to reduce communication overhead.

2.2 Dataflow and Representation
Dataflow refers to the scheduling strategy that describes how

tensor operations are temporally and spatially mapped onto

a spatial accelerator. It typically specifies the size and order

of data movement between components, both within the

same hierarchy level and across different hierarchy levels.

In addition, it characterizes how computations are executed,

whether in parallel or sequentially.

Intra-operation dataflow and representation. In the

early research stage, tensor operations such as matrix mul-

tiplication and convolution are executed sequentially on

spatial accelerators. In this setting, it is sufficient to repre-

sent the dataflow of each operation independently, which

we refer to as intra-operation dataflow. The most commonly

used method for representing intra-operation dataflow is a

nested loop with annotations. Fig. 2(a) shows an example

of the dataflow for a matrix multiplication operation on a

spatial accelerator with a two-level memory hierarchy.

As illustrated, the six-level nested loop is derived from

the original three-level nested loops over the 𝑀 , 𝑁 , and 𝐾

dimensions. Specifically, for data movement across memory

hierarchy, the representation explicitly captures the data

size through tiling along each dimension. For example, the

tiling at the first three levels represents data transfer between

3
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DRAM and SRAM with a size of (𝑡𝑀, 𝑡𝑁 , 𝑡𝐾), while the rest
levels represent data transfer between SRAM and registers

with a size of (𝑢𝑀,𝑢𝑁,𝑢𝐾). We refer to these as the tiling
vector and unroll vector, respectively.

Furthermore, within each hierarchy, the ordering of the

three dimensions is a permutation of the original (𝑀, 𝑁,𝐾)
order, which determines the access pattern of each tensor. For

instance, an order of (𝑀, 𝑁,𝐾) at the first three levels implies

that 𝐴(𝑚,𝑘) and𝑊 (𝑘, 𝑛) are accessed in a strided manner,

while 𝑂 (𝑚,𝑛) is accessed contiguously, indicating that 𝑂

is stationary in SRAM. Similarly, at the rest levels,𝑊 (𝑘, 𝑛)
exhibits a stationary pattern in the register file. We encode

these permutations as index vectors relative to the original

order, referred to as the outer-order vector and inner-
order vector for the first three and rest levels, respectively.

Inter-operation dataflow and representation. As tech-
niques such as layer fusion and pipeline execution have

demonstrated advantages in reducing external memory ac-

cess and improving PE utilization [11, 33, 34, 54, 58], increas-

ing attention has been devoted to representing dataflows that

span multiple operations, i.e., inter-operation dataflow. For

example, methods in [7, 60] adopt tree-based representations

with annotations to describe how resources are temporally

and spatially allocated across operations. In contrast, the

table-based method in [15] provides a more formal mathe-

matical abstraction. Despite differences in representation,

the key objective of inter-operation dataflow modeling is

to capture how data is transferred between operations (e.g.,

through DRAM, SRAM, or registers) and how operations

are scheduled (e.g., sequentially, in parallel, or in a pipeline).

Therefore, a directed acyclic graph (DAG) with annotated

edges is often a natural and effective choice for representing

inter-operation dataflow. As illustrated in Fig. 2, the DAG

shows that OP1 and OP2 are pipelined through SRAM, while

both execute sequentially with OP3 via DRAM.

2.3 Issues and Motivation
As discussed in Sec. 1, the common limitation of existing spa-

tial accelerator generators is the lack of support for efficient

multi-operation dataflows. Specifically, they either target a

single operation on a single systolic array or support fixed

fusion patterns such as GEMM followed by activation. Such

designs are insufficient for large-scale transformer models,

which consist of complex compositions of diverse operations

with varying topologies. As a result, these generators often

execute operations sequentially, leading to underutilization

of PEs and incurring significant memory access overhead.

To address this limitation, our key idea is to groupmultiple

operations and execute them in a pipelined manner, thereby

maximizing throughput while minimizing external memory

accesses. Instead of generating hardware for individual op-

erations, we propose synthesizing architectures tailored to

such operation clusters. However, this approach introduces

several issues in designing efficient spatial accelerators.

OP1

OP2

OP4

OP3

OP5

OP6

OP1

OP2

OP4

OP3

OP5

OP6

OP1

OP2

OP4

OP3

OP5

OP6

(a) Insufficient Fusion (b) Excessive Fusion (c) Best Fusion

Resouce
Contention

Figure 3. Example of different fusion results.

Pitfall 1: Suboptimal operation fusion. Given the large

computation graph of transformers, determining how to fuse

operations for optimal performance is highly challenging.

Both insufficient fusion and excessive fusion can lead to sub-

optimal results. Fig. 3 illustrates three fusion configurations

explored by our DSE engine (to be detailed in Sec. 4) for the

FFN layer in the prefill stage of LLaMA3-8B. Configuration

(a) represents insufficient fusion: although OP2, OP3, and

OP4 utilize different compute resources, they are divided

into separate clusters. In contrast, (b) illustrates excessive

fusion, where OP1–OP5 are fused into a single cluster. Un-

der pipelined execution, operations within the same cluster

compete for compute and storage resources (e.g., SRAM),

leading to what we term resource contention. This results

in PE underutilization for two reasons: (1) imperfect PE allo-

cation cannot fully utilize available resources. For example,

assuming a total of 64 PEs, no valid allocation can fully uti-

lize all PEs for two pipelined operations with a FLOP ratio

of 2:1; and (2) reduced data reuse, because the limited per-

operation SRAM capacity prevents each operation from stor-

ing sufficient inputs and partial sums, potentially pushing

the computation into a memory-bound regime.

Interestingly, the optimal fusion strategy is workload-

dependent. When the workload shifts from the prefill stage

to the decoding stage, the same computation graph may fa-

vor configuration (b), because fusing two memory-bound

operations improves overall resource utilization.

Pitfall 2: Large and complex dataflow design space.
Even with an ideal operator fusion, identifying the opti-

mal dataflow parameters for each cluster remains challeng-

ing due to the enormous design space. Consider a clus-

ter containing 𝑁 operations, denoted as 𝑂𝑃𝑖 , where each

operation is represented by an 𝑀𝑖-level nested loop with

bounds (𝑏𝑖0, 𝑏𝑖1, . . . , 𝑏𝑖𝑀𝑖−1). As introduced in Section 2.2, the
dataflow design for each𝑂𝑃𝑖 requires determining: (1) a tiling

vector (𝑡𝑖0, 𝑡𝑖1, . . . , 𝑡𝑖𝑀𝑖−1), with a search space of

∏𝑀𝑖−1
𝑗=0

𝑏𝑖 𝑗 ;

(2) an unrolling vector (𝑢𝑖0, 𝑢𝑖1, . . . , 𝑢𝑖𝑀𝑖−1), which, for each
tiling configuration, has a search space of

∏𝑀𝑖−1
𝑗=0

𝑡𝑖 𝑗 ; (3) an

4
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outer loop ordering, with a space of 𝑀𝑖 !; and (4) an inner

loop ordering, also with a space of𝑀𝑖 !.

When combined across all operations in the cluster, the to-

tal design space grows exponentially. In practice, for a cluster

of six operations (our default maximum cluster size in experi-

ments) in a sequence-length-1024 attention layer, the overall

design space can reach up to 10
21
possible configurations.

Pitfall 3: Difficulty in generating hardware for di-
verse operation clusters. After scheduling, another major

challenge lies in generating RTL code for the extracted clus-

ters. As discussed earlier, the resulting clusters may exhibit

diverse topologies, along with varying SRAM and PE re-

source allocations. Such diversity significantly complicates

RTL development. Moreover, conventional approaches such

as hardware templating are difficult to apply due to the lack

of flexibility required to accommodate these heterogeneous

designs. Furthermore, all clusters must ultimately be mapped

onto a unified architecture with shared resources, introduc-

ing additional constraints and design complexity.

3 Framework Overview
To address all the challenges, we propose TranSAGE, an

automated framework that takes PyTorch code as input, au-

tomatically performs multi-kernel pipeline scheduling to

extract clusters with optimized dataflow, and generates RTL

code for hardware implementation. The overview is shown

in Fig. 4. The framework follows a two-stage workflow.

Generation stage. TranSAGE first takes the PyTorch [39]

code of the input model and uses Torch-MLIR to generate the

corresponding MLIR representations. The frontend begins

with Linalg canonicalization and optimization, transform-

ing the input IR into a representation composed solely of

linalg.generic operations and auxiliary tensor operations.
Based on it, TranSAGE fuses memory-oriented generic oper-

ations to eliminate redundant memory accesses. TranSAGE

then performs multi-operation pipeline scheduling with a

DSE engine to identify optimal operation fusion and corre-

sponding dataflow parameters (Challenge 1).
Afterwards, TranSAGE performs backend lowering to gen-

erate binary and RTL code from the Linalg IR of these fused

clusters (Challenge 2). We introduce a set of spatial architec-

ture primitives as a bridge between Linalg and RTL imple-

mentation. Based on these primitives, we construct a primi-

tive graph that maps all supported clusters onto shared hard-

ware and lowers it to binary and RTL code. Notably, different

shapes may favor different schedules. Therefore, TranSAGE

independently runs the frontend for representative shapes,

incorporating all distinct clusters into the mapping stage.

Details are described in Sec. 5.

Inference stage. To serve models on the generated accel-

erator, TranSAGE uses a host runtime with a dispatch table

that maps input shapes to binary code. For each request,

the runtime selects the binary for the corresponding shape

Torch-MLIR

Linalg canonicalization &
optimization (Sec. 3)

Multi-operation pipeline
scheduling (Sec. 4)

Construct primitive graph
(Sec. 5.2)

RTL generation
(Sec. 5.3)

System Verilog Code

Dimension relation network
(Sec. 4.2.1)

Linalg Dialect

SAP Dialect
(Sec. 5.1)

Ordering cache
(Sec. 4.2.1)

LP based parameter searching
(Sec. 4.2.2)

DP based operation fusion
(Sec. 4.1)

DSE Engine

TranSAGE Generation Stage

Challenge 1 : Identifying optimal
dataflow (Frontend)

Challenge 2 : Generating flexible
architectures (Backend)

Challenges

Frontend

Backend

Operation Fusion

Dataflow Optimization

Dispatch Table
S : 128-256

LLaMA3-Prefill
-B1S128.mlir

LLaMA3-Prefill
-B8S4096.mlir

Hardware-
Resource.json

Primitive
Templates

Target MLIR Primitive Library

TranSAGE
Inference

Stage

Binary Code

Binary generation
(Sec. 5.3)

Accelerator

S : 256-512

Host Runtime

Config

Prefill, batch = 7,
sequence = 493

Binary Code 0
Binary Code 1

...... ......

Code 1 Bound Address
Binary Field Config. Field

Figure 4. Framework overview.

range. It then fills in the runtime loop bounds and memory

addresses, supporting any shape within the range without

architectural modification. For example, as shown in Figure

4, a request with a sequence length of 493 uses Binary Code1,
which corresponds to the sequence length range from 256 to

512. The runtime then configures the accelerator accordingly.

4 Multi-Operation Pipeline Scheduling
Problem Formulation. The canonicalized Linalg IR con-

sists of linalg.generic operations connected by tensor

operations. During multi-operation pipeline scheduling, we

partition these generic operations into clusters, each repre-

senting a candidate pipelined grouping. For each cluster, we

characterize the pipelined dataflow using parameters includ-

ing the tiling vector, unrolling vector, and outer/inner loop

ordering (Sec. 2.2), which define the execution behavior of

each cluster. Therefore, the scheduling problem becomes a

joint optimization over fusion schemes and dataflow parame-

ters, aiming to find a configuration that optimizes the target

metric, namely, energy delay product (EDP).

4.1 Operation Fusion
We formulate operation fusion as a graph partitioning prob-

lem, where the objective is to partition the computation

graph into several clusters. This problem has a natural re-

cursive structure: given a topologically ordered sequence of

operations, once the optimal final cluster is determined, it

can be removed, reducing the original problem to a smaller

subproblem over the remaining operations.

5
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Algorithm 1 DP-based Operation Fusion

Require: Operation list [0 . . . 𝑁 − 1], max cluster size 𝐾

Ensure: Cutting index for optimal fusion and metrics

1: Initialize 𝑑𝑝𝑆𝑡𝑎𝑡𝑢𝑠 [0] ← ∞
2: 𝑐𝑢𝑡𝐼𝑛𝑑𝑒𝑥 [0] ← 0

3: for 𝑖 = 1 to 𝑁 do
4: 𝑏𝑒𝑠𝑡𝐸𝐷𝑃 ←∞, 𝑏𝑒𝑠𝑡𝐼𝑛𝑑𝑒𝑥 ← 1

5: for 𝑗 = 1 to 𝑖 do
6: 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 ← operations [ 𝑗, 𝑖]
7: if connectivity(𝑐𝑙𝑢𝑠𝑡𝑒𝑟 ) ∧ 𝑖 − 𝑗 + 1 <= 𝐾 then
8: 𝐸𝐷𝑃 ← Solve(𝑐𝑙𝑢𝑠𝑡𝑒𝑟 )

9: 𝑛𝑒𝑤𝐸𝐷𝑃 ← Merge(𝑑𝑝𝑆𝑡𝑎𝑡𝑢𝑠 [ 𝑗 − 1], 𝐸𝐷𝑃)
10: if 𝑛𝑒𝑤𝐸𝐷𝑃 < 𝑏𝑒𝑠𝑡𝐸𝐷𝑃 then
11: 𝑏𝑒𝑠𝑡𝐸𝐷𝑃 ← 𝑛𝑒𝑤𝐸𝐷𝑃

12: 𝑏𝑒𝑠𝑡𝐼𝑛𝑑𝑒𝑥 ← 𝑗

13: end if
14: end if
15: end for
16: 𝑑𝑝𝑆𝑡𝑎𝑡𝑢𝑠 [𝑖] ← 𝑏𝑒𝑠𝑡𝐸𝐷𝑃

17: 𝑐𝑢𝑡𝐼𝑛𝑑𝑒𝑥 [𝑖] ← 𝑏𝑒𝑠𝑡𝐼𝑛𝑑𝑒𝑥

18: end for

Therefore, we adopt a dynamic programming (DP)-based

method for graph partitioning. First, all operations are sorted

in topological order. For a total of 𝑁 operations, we define

an array dpStatus[0 . . . 𝑁 ], where dpStatus[𝑖] records the
optimal EDP for partitioning the subgraph consisting of op-

erations 0 to 𝑖 . We also maintain an array cutIndex[0 . . . 𝑁 ],
where cutIndex[𝑖] records the corresponding partition point.

Our graph partitioning algorithm is presented in Algo-

rithm 1. Starting from the first node, for each node 𝑖 , the

algorithm enumerates all possible cut points 𝑗 ≤ 𝑖 to identify
a partition whose operations form a fully connected cluster.

This is because fusing operations without data dependencies

provides no theoretical benefit. Among valid partitions, the

algorithm selects the one that minimizes the overall EDP.

The corresponding optimal EDP is stored in dpStatus[𝑖],
while the selected cut point is recorded in cutIndex[𝑖]. After
processing all nodes, we reconstruct the final partitioning by

backtracking. Starting from 𝑖 = 𝑁 , where 𝑖 denotes the cur-

rent cut index, we iteratively set 𝑖 = cutIndex[𝑖] to obtain

the preceding cut index until reaching the beginning of the

graph. During backtracking, the optimal dataflow parameters

for each cluster are determined (Sec. 4.2) and attached to the

corresponding operations as attributes, enabling subsequent

stages to leverage them for RTL generation.

4.2 Intra-Cluster Dataflow Optimization
The objective at this stage is to determine the tiling vector,

the unroll vector, the outer-order vector and the inner-order

vector for each operation (Sec. 2.2) within a cluster to maxi-

mize the performance. As discussed in Sec. 2.3, the design

space is extremely large, making brute-force search infeasi-

ble. However, we observe that unroll vectors and inner-order

vectors of different operators are relatively independent (cor-

responding to the higher memory hierarchy L1 between

SRAM and registers), whereas tiling vectors and outer-order

vectors are tightly coupled (corresponding to the lower mem-

ory hierarchy L2 between DRAM and SRAM). Therefore,

we propose a decomposed optimization approach. We first

enumerate all possible combinations of tiling vectors and

outer-order vectors, which we refer to as L2 parameters. For
each L2 configuration, we determine the optimal unroll fac-

tors and inner orders—denoted as L1 parameters—using a

well-formulated and efficient solving method.

4.2.1 Search Space Pruning for L2 Parameters. Despite
the decomposition, the search space of L2 parameters remains

prohibitively large. To this end, we prune the search space

through: a dimension-relation network representation and an

equivalence-based ordering cache.
Dimension-Relation Network Representation. Within

each cluster, due to the pipelined data transfer between op-

erations through SRAM, there exist inherent constraints on

the tiling sizes of producer and consumer operations. For

example, in Fig. 5(a), if the producer MM1 generates data

in 64 × 128 tiles, it is desirable for the consumer MM2 to

process data at the same granularity. This implies strong de-

pendencies among tiling sizes at corresponding dimensions

across different operators. Therefore, instead of exhaustively

enumerating all possible tiling sizes for each dimension, we

can enumerate only a small set of representative dimensions

and infer the rest, thereby reducing the search space greatly.

Based on this observation, we propose a dimension-relation
network representation, as shown in Fig. 5. It models the de-

pendencies among operator dimensions as a directed graph,

where nodes correspond to operation dimensions or rela-

tion nodes, and edges capture the dependency relationships.

Each relation node is associated with a forward function that

infers the tiling size of output dimensions based on the input

dimensions. We define three fundamental types of relations

which are typical in real-world LLMs.

(1) Equal Relation. As shown in Fig. 5(a), this common re-

lation in pipelined execution arises from producer-consumer

dependencies. It enforces that the tiling size of one dimension

must equal that of the corresponding dependent dimension.

The forward function directly propagates the tiling size from

the input dimension to the output dimension.

(2) Collapse Relation. It originates from tensor.collapse

_shape and tensor.expand_shape. These operations rein-
terpret tensors without modifying the underlying data. As

illustrated in Fig. 5(b), an expand operation decomposes a di-

mension 𝑁1 into two dimensions 𝐻2 and 𝐷2. Under this rela-

tion, the tiling sizes of the decomposed dimensions must sat-

isfy a consistency constraint such that their product equals
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Figure 5. An illustrative example of a dimension-relation network. MM denotes a matrix multiplication operation, Trans

denotes a transpose operation, and TVec denotes the tiling vector. Orange: base dimensions; blue: inferred dimensions.

the original tiling size. Moreover, to ensure contiguous mem-

ory access, we adopt a low-to-high dimension allocation

strategy, i.e., higher dimensions can only be tiled once lower

dimensions reach their bounds. As shown in Fig. 5(b), for

𝑁1, 𝐻2, and 𝐷2, a tiling configuration (128, 2, 64) is valid be-

cause 𝐷2 reaches its bound, leading to contiguous access. In

contrast, (128, 4, 32) is a invalid configuration.

(3) Constant Relation.As shown in Fig. 5(c), it is introduced
by operations such as concat and extract_slice, which
either merge tensors along a dimension or extract slices.

To ensure correctness and on-chip execution, the involved

dimension and all lower dimensions must be fully tiled (i.e.,

equal to their bounds).

The relation network is constructed by traversing oper-

ations in a cluster in topological order. For each operation,

TranSAGE examines its inputs and establish the correspond-

ing dimension relations. If an input is the direct output of

a preceding operation, TranSAGE adds equal relations be-

tween the corresponding dimensions. If it is produced by c
ollapse_shape and expand_shape operations, TranSAGE
adds collapse relations for the affected dimensions and equal-

ity relations for the others. If the input is generated by

concat and extract_slice operations, TranSAGE assigns

constant relations to the involved dimensions by fixing them

to their bounds, while preserving equality relations for the

remaining dimensions. After the traversal, the dimension-

relation network is obtained, as shown in Fig. 5(a)–(c).

After constructing the relation network, we identify the

base dimensions that cannot be inferred from others. We

then enumerate tiling configurations only for these base di-

mensions and propagate each candidate through the network

to infer the remaining tiling sizes, yielding a complete tiling

vector for performance evaluation.

Equivalence-Based Ordering Cache. The outer-order

vector is another critical L2 parameter, as it determines mem-

ory access patterns and thus DRAM efficiency. As with tiling

sizes, operation ordering within a cluster is constrained. To

enable direct tensor forwarding between producer and con-

sumer, without buffering or reordering, the access order for

a tensor must satisfy two conditions. First, the reuse distance

of each tile must be 1. Figure 6(a) illustrates an example of

the access order for each operand. With reuse distances of

2 and 1 for the activation and output tensors, respectively,

the output tensor can be directly pipelined to the next op-

eration, whereas the activation tensor cannot be forwarded

directly from the previous operation. Second, the producer

and consumer must access the tensor in the same order. For

example, an operation that directly consumes the output in

Figure 6(a) must access the output tiles in the same order in

which they are produced, i.e., Tile0, Tile0, Tile1, Tile1, . . ..

The tiling size further complicates this constraint, as it

can alter the access consecutivity of tensors. Taking Fig-

ures 6(b) and (c) as examples, both cases follow the outer

order [𝑀,𝐾, 𝑁 ]. However, different tiling sizes lead to differ-
ent output access patterns: Figure 6(b) is non-consecutive,

whereas Figure 6(c) is consecutive. Thus, we must generate

all valid outer-order vectors for each candidate tiling size.

Although this can be achieved by performing a depth-first
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for (size_t i0 = 0; i0 < 4; i0 += 2) {

  for (size_t j0 = 0; j0 < 4; j0 += 2) {

    for (size_t k0 = 0; k0 < 8; k0 += 4) {

      for (size_t k1 = 0; k1 < 4; k1 += uK) {

        for (size_t j1 = 0; j1 < 2; j1 += uN) {

          for (size_t i1 = 0; i1 < 2; i1 += uM) {

            O[i0 + i1][j0 + j1] = 

     A[i0 + i1][k0 + k1] * W[k0 + k1][j0 + j1];

     }}}

}}}

for (size_t i0 = 0; i0 < 4; i0 += 2) {

  for (size_t k0 = 0; k0 < 8; k0 += 4) {

    for (size_t j0 = 0; j0 < 4; j0 += 2) {

      for (size_t k1 = 0; k1 < 4; k1 += uK) {

        for (size_t j1 = 0; j1 < 2; j1 += uN) {

          for (size_t i1 = 0; i1 < 2; i1 += uM) {

            O[i0 + i1][j0 + j1] = 

     A[i0 + i1][k0 + k1] * W[k0 + k1][j0 + j1];

     }}}

}}}

for (size_t i0 = 0; i0 < 4; i0 += 2) {

  for (size_t k0 = 0; k0 < 8; k0 += 4) {

    for (size_t j0 = 0; j0 < 4; j0 += 4) {

      for (size_t k1 = 0; k1 < 4; k1 += uK) {

        for (size_t j1 = 0; j1 < 4; j1 += uN) {

          for (size_t i1 = 0; i1 < 2; i1 += uM) {

            O[i0 + i1][j0 + j1] = 

     A[i0 + i1][k0 + k1] * W[k0 + k1][j0 + j1];

     }}}

}}}
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Figure 6. Examples of different tensor access orders. RD denotes reuse distance.

search (DFS), the search space grows exponentially with both

the cluster size and the number of candidate tiling vectors,

making exhaustive enumeration impractical.

Our key observation is that different tiling configurations

can fall into the same equivalence class when searching for

valid outer-loop orders, thereby significantly reducing the

search cost. Consider the tiling size (2, 2, 4) in Figure 6(a)

and (b). The only outer-loop orders that preserve consecu-

tive output accesses are (𝑀, 𝑁,𝐾) and (𝑁,𝑀,𝐾). If the tiling
size is changed to (2, 2, 2), the set of valid outer-loop orders

remains unchanged. More generally, any tiling configura-

tion that does not fully tile any dimension has the same set

of valid outer-loop orders. We therefore group such tiling

configurations into the same equivalence class.
Based on this observation, we define a dimension mask

to indicate whether each dimension is fully tiled. All tiling

configurations sharing the same dimension mask belong to

the same equivalence class and thus share identical candi-

date order sets. Leveraging this property, we propose an

equivalence-based ordering cache implemented as a hash

map. During L2 parameter enumeration, for each tiling con-

figuration, we compute its dimension mask (encoded as a

64-bit integer) and check whether the corresponding equiv-

alence class has already been explored. If so, we directly

reuse the cached candidate order set; otherwise, we perform

DFS-based enumeration and store the results in the cache.

4.2.2 Solver-based Search for L1 Parameters. The L1
parameters of each operation are independent and can thus

be optimized separately under shared system constraints. We

model the execution of a cluster as a fully pipelined dataflow

system, where each operation produces one output tile per

iteration. The steady-state pipeline latency is determined

by the slowest stage. Accordingly, we first optimize the per-

operation parallelism 𝑝𝑖 to minimize the overall pipeline la-

tency. Let 𝑓𝑖 denote the computational cost (in floating-point

operations) required to produce one output tile of operation

𝑖 . The per-tile latency of operation 𝑖 is 𝑓𝑖/𝑝𝑖 , yielding the

minimax optimization objective: min{𝑝𝑖 } max𝑖

(
𝑓𝑖
𝑝𝑖

)
, subject

to global resource constraints :

∑
𝑖 𝑛𝑖 𝑗 ≤ 𝑁 𝑗 .

Here, 𝑛𝑖 𝑗 denotes the amount of resource type 𝑗 required

by operation 𝑖 , and𝑁 𝑗 is the corresponding available resource

budget. By introducing an auxiliary variable 𝑡 , the problem

can be equivalently reformulated as:

min

𝑡,{𝑝𝑖 }
𝑡 s.t.

𝑓𝑖

𝑝𝑖
≤ 𝑡, ∀𝑖,

∑︁
𝑖

𝑛𝑖 𝑗 ≤ 𝑁 𝑗 , ∀𝑗,

which yields a standard form amenable to linear program-

ming. This formulation can be efficiently solved using off-

the-shelf linear programming solvers such as GLPK [31].

After obtaining the optimal parallelism configuration {𝑝★𝑖 },
TranSAGE maps it to loop unrolling factors over dimensions.

We restrict unrolling to at most two dimensions to match the

2D PE array. We prioritize dimensions that preserve contigu-

ous memory accesses for each operand tensor, improving

spatial locality and memory bandwidth utilization. The se-

lected unroll dimensions are then placed at the outer loop

levels of the L1 memory hierarchy to maximize data reuse

across iterations.

5 Hardware Generation
In this section, we introduce the abstraction termed spatial ar-

chitecture primitives (SAPs) and describe how high-level rep-

resentations are progressively lowered to SAPs, ultimately

generating binary and RTL code.
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func.func @Cluster_0(...) -> ... {
  %0 = linalg.generic {...} ins(...) outs(...) attrs = {
    inner_order = [2 : ui32, 3 : ui32, 0 : ui32, 1 : ui32], 
    unroll_factor = [1 : ui32, 1 : ui32, 2 : ui32, 2 : ui32]
  } {
  ^bb0(%in: bf16, %in_1: bf16, %out: bf16):
    %1 = arith.mulf %in, %in_1 : bf16
    %2 = arith.addf %out, %1 : bf16
    linalg.yield %2 : bf16
  } -> ...
  return %0
}

func.func @Cluster_1(...) -> ... {
  %0 = linalg.generic {...} ins(...) attrs = {
    inner_order = [0 : ui32, 1 : ui32, 2 : ui32, 3 : ui32],
    unroll_factor = [1 : ui32, 1 : ui32, 1 : ui32, 4 : ui32], ...
  } {
  ^bb0(%in: bf16, %in_0: bf16, %out: bf16):
    %2 = arith.mulf %in, %in_0 : bf16
    linalg.yield %2 : bf16
  } -> ...

  %1 = linalg.generic {...} ins(%0, ...) attrs =  {
    inner_order = [0 : ui32, 1 : ui32, 2 : ui32, 3 : ui32],
    unroll_factor = [1 : ui32, 1 : ui32, 1 : ui32, 4 : ui32], ...
  } {
  ^bb0(%in: bf16, %in_0: bf16, %out: bf16):
    %3 = arith.addf %in, %in_0 : bf16
    linalg.yield %3 : bf16
  } -> ...
  return %1
}
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Figure 7. Example of generated primitive graph. 𝐷𝑛 denotes DataNode 𝑛,𝑀𝑛 denotes Multiplier 𝑛, and 𝐴𝑛 denotes Adder 𝑛.

5.1 Spatial Architecture Primitives
Spatial architecture primitives (SAPs) are proposed to ad-

dress the difficulty of generating hardware formulti-operation

pipelined clusterswith heterogeneous PEs and flexible topolo-

gies. The key idea is to model accelerators as directed cyclic

graphs, where nodes represent storage, computation, or rout-

ing components, and edges represent dataflow dependencies.

To enable automated graph construction, we define four

classes of primitives. For edges, DataPath represents connec-
tions between source and destination ports. For nodes, we

define three categories: data, routing, and arithmetic primi-

tives. Data primitives include FIFO- and SRAM-based stor-

age components. Routing primitives handle data movement,

such as Decompose, Compose, Mux, and Demux, by transform-

ing data stream formats or directing data paths. Arithmetic

primitives represent computation operations. All SAPs are

summarized in Appendix A.

5.2 SAP Graph Construction
Taking scheduled clusters as input, the TranSAGE backend

constructs a SAP graph to represent a reconfigurable archi-

tecture that supports all required dataflows of clusters. The

construction process consists of three stages.

Primitive allocation. First, based on the hardware re-

source configurations specified in the primitive library, we

pre-instantiate storage and arithmetic primitives and orga-

nize them into a resource pool. For each cluster, we allo-

cate arithmetic and DataNode resources to each linalg op-

eration based on its unrolling factors, and SRAM to each

producer–consumer relation based on its tiling size to en-

able data pipelining. This design maps resources required

by different dataflows onto a fixed set of physical primitives.

As illustrated in Figures 7(c) and (d), two different dataflows

physically share the same set of DataNodes (𝐷0–𝐷11) and

arithmetic primitives (𝑀0–𝑀3 and 𝐴0–𝐴4).

Datapath construction. After allocation, each linalg
operation is equipped with a set of DataNodes, arithmetic

primitives, and SRAM primitives. We organize the DataN-

odes and arithmetic primitives as a 2D array according to

the unroll factors, while organizing the SRAM primitives as

1D vectors. The datapath construction stage connects these

primitives by establishing the required data paths.

This process consists of three sub-steps. (1) Routing data
from SRAM to DataNodes. Since SRAM and DataNode array

shapes are typically incompatible, we reshape and distribute

SRAM data to the DataNodes using routing and datapath

primitives. In Figures 7(a) and (c), a Decompose primitive

partitions the activation input into 1× 2 blocks. With shared

input dependencies, datapath primitives connecting adja-

cent PEs broadcast each element along the row to form the

2 × 2 input required by the DataNode array. For weights, a

9
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Decompose primitive similarly partitions the SRAM output,

while a Demux primitive preloads each 2 × 2 weight block
into different rows, as the iterations have no shared input

dependencies. Finally, partial sums are initialized by reading

a 1 × 2 block; thus, only a Decompose primitive is needed to

directly feed the first row of output DataNodes.

(2) Synthesizing the arithmetic datapath. For the arith-

metic datapath, we analyze the data dependencies within

the linalg body and connect the corresponding DataNodes

and arithmetic primitives accordingly.

(3) Routing data back to SRAM. Similar to the input path,

the DataNode array and output SRAM may have incompati-

ble shapes. We therefore insert routing primitives based on

output dependencies. In Figures 7(a) and (c), the 1× 2 output
blocks and 2×2 DataNode array imply a row-wise reduction,

so datapath primitives forward partial sums along the row.

A Compose primitive then packs the outputs onto the wide

SRAM bus for writing.

Datapath reorganization. Since each linalg operation

independently connects its storage and arithmetic primitives,

the resulting datapaths may contain redundant primitives

and lack support for reconfiguration. We therefore further

reorganize the datapath to eliminate redundancy and enable

reconfigurability. First, we eliminate redundancy. When mul-

tiple instances of the same primitive connect to a single port,

we reorganize the datapath to share one instance. A typi-

cal example is eliminating redundant Decompose primitives

connected to the same SRAM port. For linalg operations

with the same unroll factor and inner order, we similarly

eliminate intermediate SRAM and directly forward results.

For example, in Cluster 1 of Figures 7(b) and (d), the match-

ing configurations allow the Adder output to be directly

forwarded to the Multiplier. Second, we introduce recon-

figurability by inserting a Mux whenever a primitive has

multiple possible input sources, allowing the source to be

selected at runtime through configuration. As illustrated in

Figure 7(e), configuring theseMux primitives with configura-

tion registers enables the accelerator to execute either of the

dataflows shown in Figure 7(c) and (d). This reconfigurability

incurs only minor overhead (Sec. 6.4).

5.3 Binary and RTL Code Generation
After constructing the SAP graph, TranSAGE generates the

binary and RTL code. We map each cluster to a binary which

encodes parameters including tiling, unrolling, loop orders,

andmultiplexer control bits, while runtime fields specify loop

bounds and memory addresses. These binaries are stored

in the dispatch table for runtime execution. Meanwhile, the

RTL code is generated by replacing each primitive in the

SAP graph with its RTL template or hardware macro.

6 Evaluation
6.1 Experimental Setup
Workloads.We select Llama3-8B [16], Qwen3-8B [55], Gemma-

7B [47], Llama3-70B [16], and Qwen3-235B-A22B (balanced

routing, abbreviated as Qwen3-MoE) [48] as representative

LLM workloads. Due to space constraints, we report the

Llama3-8B results in Appendix C.

GPU and NPU Baselines.We use the NVIDIA Orin NX

[36] and NVIDIA A100 GPU [35] as baselines. We also com-

pare against the Ascend 910B3 NPU [28], with BF16 peak

throughput and memory bandwidth comparable to the A100.

We use implementations from Transformers library [21],

with native PyTorch [39] and Torch-NPU [20] backends for

NVIDIA and Ascend devices, respectively, leveraging opti-

mized device-specific kernels. To obtain accurate latency

measurements, we explicitly synchronize device execution

using torch.cuda.synchronize() and torch.npu.synchro-
nize() before recording execution time. We measure power

consumption using tegrastats, nvidia-smi, and npu-smi
for the Orin NX, A100, and Ascend 910B3, respectively.

AcceleratorGenerator Baselines. We compare TranSAGE

with two accelerator generators: Gemmini [14] and LEGO

[29]. For Gemmini, we consider an architecture consisting

of a systolic array and a vector processing unit operating

under output-stationary and weight-stationary dataflows,

denoted as GEMMINI-OS and GEMMINI-WS, respectively.

For LEGO, due to its flexibility, we instantiate an accelerator

composed of a systolic array and a vector processing unit

with a configurable dataflow that can dynamically switch

among input-, weight-, and output-stationary modes.

We model the baselines using Timeloop and Accelergy

[37], which support accelerator architectures and SRAM/-

DRAMmodeling. For each architecture, we performmapping

exploration using Timeloop and select the mapping that min-

imizes EDP under the same optimization criteria and search

cost, reporting corresponding performance results. Since

Timeloop does not support modeling multiple pipelined op-

erations, we extract latency from our performance model for

generated accelerators and combine it with energy estimates

from Accelergy to obtain the final metrics.

All experiments are conducted on a system equipped with

an Intel Xeon Gold 5218 CPU. We use edge/server configura-

tions for accelerator-generator comparisons and the largest

valid PE configuration with BF16 peak throughput no greater

than the target device for commercial-devices comparisons.

All TranSAGE configurations run at 1 GHz using a 45 nm

technology model, with parameters summarized in Appen-

dix B. We use DeepScaleTool [43] to scale energy estimates

to 8 nm for Orin NX and 7 nm for A100 and Ascend 910B3.

6.2 Comparison with GPU and NPU
Throughput. As shown in Figure 8, for prefill, TranSAGE

achieves average throughput improvements of 2.05×, 1.65×,
10
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Figure 8. Throughput and energy-efficiency comparison across GPUs and commercial accelerators. Bars show throughput

(left y-axis), and lines show energy efficiency (right y-axis).

and 1.42× over the Orin NX, A100, and Ascend 910B3 NPU,

respectively. For densemodels, including LLaMA3-70B, Qwen3-

8B, and Gemma-7B, the improvement mainly comes from

pipelining auxiliary operations, which further increases over-

all throughput even when the matrix multiplications (MM)

already achieve relatively high utilization. For Qwen3-MoE,

its MoE structure results in low compute density in the FFN

operations, allowing TranSAGE to further benefit from fus-

ing short-sequence MM operations. For the memory-bound

decode workload, TranSAGE achieves average throughput

improvements of 2.41×, 1.62×, and 2.12× over the Orin NX,

A100, and Ascend 910B3, respectively, demonstrating the

benefits of operation fusion for memory-bound workloads.

Energy efficiency. TranSAGE achieves average energy-

efficiency improvements of 1.78×, 3.46×, and 3.69× over Orin
NX, A100, and 910B3, respectively, on prefill, demonstrating

the energy-efficiency advantage of our specialized archi-

tecture. For the decode workload, where memory accesses

dominate energy consumption, TranSAGE achieves average

energy-efficiency improvements of 3.65× over the Orin NX

and 8.57× and 13.04× over the A100 and 910B3, respectively.

These gains stem primarily from the reduction in memory

traffic enabled by operation fusion.

6.3 Comparison with SOTA Accelerator Generators
Throughput.We next compare TranSAGE with SOTA accel-

erator generators. As shown in Figure 9, for the prefill work-

load, TranSAGE achieves average throughput improvements

of 1.58×, 2.22×, and 1.82× over GEMMINI-OS, GEMMINI-

WS, and LEGO, respectively, under the edge configuration.

Under the server configuration, TranSAGE achieves 4.14×,
3.28×, and 5.50× improvements over the same baselines. Sim-

ilar to the GPU comparison, these gains mainly come from

pipelining auxiliary operations and reducing memory ac-

cesses for memory-bound operations. Moreover, TranSAGE

maintains consistent throughput improvements across dif-

ferent sequence lengths, demonstrating the effectiveness of

its adaptive dataflow. For the decode workload, TranSAGE

further achieves average throughput improvements of 3.13×,
1.46×, and 1.46× over GEMMINI-OS, GEMMINI-WS, and

LEGO, respectively, under the edge configuration. Under the

server configuration, the improvements increase to 11.33×,
3.37×, and 3.37×, respectively.
Utilization. Using the throughput reported in Figure 9,

we analyze effective BF16 arithmetic utilization. TranSAGE

achieves up to 96.15% and 90.20% utilization on the prefill

workload under the edge and server configurations, respec-

tively. This high utilization is enabled by the high compute

density and the sharing of the same set of hardware re-

sources across all clusters. In contrast, on the decode work-

load, TranSAGE achieves 3.16% and 3.05% utilization under

the edge and server configurations, respectively, primarily

due to the limited memory bandwidth.

Energy efficiency. Operation fusion also improves en-

ergy efficiency. For the prefill workload, TranSAGE achieves

average energy efficiency improvements of 1.46×, 1.56×, and
2.53× over GEMMINI-OS, GEMMINI-WS, and LEGO, respec-

tively, under the edge configuration. It increases to 2.13×,
2.15×, and 3.13× under the server configuration. For the de-

code workload, TranSAGE achieves up to 1.73× and 6.07×
11



Chi Zhang, Yi Sun, Weichuang Zhang, Quan Chen, and Jieru Zhao

0
8 0 0

1 6 0 0
2 4 0 0
3 2 0 0
4 0 0 0

Th
rou

gh
pu

t (G
Flo

ps
)

 G E M M I N I - O S   G E M M I N I - W S   L E G O   O u r s  G E M M I N I - O S   G E M M I N I - W S   L E G O   O u r s

1 0 0
2 0 0
3 0 0
4 0 0

En
erg

y E
ffic

ien
cy 

(G
Flo

ps
/J)

1 2 8 2 5 6 5 1 2 1 0 2 4 4 0 9 60
8 0 0

1 6 0 0
2 4 0 0
3 2 0 0
4 0 0 0

S e q u e n c e  L e n g t h

L L a M a 3 - 7 0 B
Q w e n 3 - 8 B

G e m m a - 7 B Q w e n 3 - M o E

1 2 8 2 5 6 5 1 2 1 0 2 4 4 0 9 6
1 0 0
2 0 0
3 0 0
4 0 0

(a) Edge configuration + Prefill (Batch=1).

0
5 0 0 0 0

1 0 0 0 0 0
1 5 0 0 0 0
2 0 0 0 0 0
2 5 0 0 0 0

Th
rou

gh
pu

t (G
Flo

ps
)

 G E M M I N I - O S   G E M M I N I - W S   L E G O   O u r s
L L a M a 3 - 7 0 B Q w e n 3 - 8 B

G e m m a - 7 B Q w e n 3 - M o E

 G E M M I N I - O S   G E M M I N I - W S   L E G O   O u r s

2 0 0
3 0 0
4 0 0
5 0 0
6 0 0
7 0 0

En
erg

y E
ffic

ien
cy 

(G
Flo

ps
/J)

1 2 8 2 5 6 5 1 2 1 0 2 4 4 0 9 60
5 0 0 0 0

1 0 0 0 0 0
1 5 0 0 0 0
2 0 0 0 0 0
2 5 0 0 0 0

S e q u e n c e  L e n g t h
1 2 8 2 5 6 5 1 2 1 0 2 4 4 0 9 6

2 0 0
3 0 0
4 0 0
5 0 0
6 0 0
7 0 0

(b) Server configuration + Prefill (Batch=8).

0
4 0
8 0

1 2 0

Th
rou

gh
pu

t (G
Flo

ps
)

 G E M M I N I - O S   G E M M I N I - W S   L E G O   O u r s  G E M M I N I - O S   G E M M I N I - W S   L E G O   O u r s

4
5
6
7

En
erg

y E
ffic

ien
cy 

(G
Flo

ps
/J)L L a M a 3 - 7 0 B Q w e n 3 - 8 B

G e m m a - 7 B Q w e n 3 - M o E

1 2 8 2 5 6 5 1 2 1 0 2 4 4 0 9 60
4 0
8 0

1 2 0

S e q u e n c e  L e n g t h
1 2 8 2 5 6 5 1 2 1 0 2 4 4 0 9 6

4
5
6
7
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Figure 9. Throughput and energy-efficiency comparison with state-of-the-art accelerator generators. Bars show throughput

(left y-axis), and lines show energy efficiency (right y-axis).
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Figure 10. Ablation study of the maximum cluster size and reconfiguration area overhead.

energy efficiency improvement over the baselines under the

edge and server configurations, respectively.

6.4 Ablation Study
To further demonstrate the feasibility and performance of

TranSAGE, we provide a breakdown analysis of the impact

of the maximum cluster size, which limits the number of

operations that can be grouped into a cluster, as well as the

overhead introduced by reconfiguration.

Execution Time. First, we evaluate how the maximum

cluster size affects the execution time of TranSAGE in solv-

ing the scheduling problem for multi-operation clusters. As

shown in Fig. 10 (a), we compare the DSE time of TranSAGE

with that of a full-search method which exhaustively enu-

merates all parameters in the prefill stage. We observe that

the execution time of full search grows exponentially with

the maximum cluster size, becoming impractical once the

cluster size exceeds 4. In contrast, TranSAGE, which relies

on search-space pruning and decomposition, exhibits an al-

most linear increase in search time. Even with a maximum

cluster size of 6, the search completes within tens of minutes,

demonstrating the efficiency of our framework.

EDP.We further evaluate how the maximum cluster size

affects the EDP. Fig. 10 (b) presents the EDP breakdown un-

der varyingmaximum cluster sizes in the prefill stagewith se-

quence length 4096. When the maximum cluster size is 1, i.e.,

without pipelining, all models exhibit relatively high EDP. As

the maximum cluster size increases, EDP drops rapidly, fur-

ther confirming the effectiveness of multi-operation pipelin-

ing. However, the improvement gradually saturates. This

is because beyond a certain cluster size, pipelining can no

longer effectively improve PE utilization; instead, operations

begin to compete for shared PE and SRAM resources, leading

to contention, lower utilization, and reduced data reuse.
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Figure 11. Illustration of the resulting clusters from DSE across eight representative workloads. Each 𝐶𝑛 , shown in a unique

color, indicates that the corresponding operation is fused into cluster 𝑛 for the given workload.

Reconfiguration overhead. As discussed in Section 5.2,

multiplexers are introduced to support dataflow reconfigu-

ration. We therefore analyze the resulting area overhead. As

shown in Figure 10 (c), the area overhead due to reconfigura-

tion is negligible across all evaluated models and configura-

tions, reaching at most 0.11%. This is because, for the same bit

width, multiplexers occupy substantially less area than arith-

metic PEs such as MAC units. Moreover, each model requires

only a limited number of distinct dataflow configurations,

further limiting the overall reconfiguration overhead.

7 Discussion
7.1 Analysis of Fused Clusters
Fusion patterns largely determine topology flexibility and

thus the resulting architectures. To characterize which opera-

tions are suitable for fusion, Figure 11 presents the resulting

clusters for LLaMA-8B across representative edge/server,

prefill/decode, and short/long-sequence workloads.

Observations. Figure 11 reveals two notable features of
the fused clusters. First, fusion patterns are workload- and
resource-dependent: under different configurations, the same

model exhibits different fusion patterns. In general, edge con-

figurations tend to produce more clusters than server con-

figurations, while long-sequence workloads tend to result

in more clusters than short-sequence workloads. This differ-

ence stems from variations in internal memory requirements

and the available hardware resources. Second, effective fusion
crosses conventional operator boundaries. Operations that are
typically treated as indivisible units in conventional designs,

such as Softmax, RoPE and Gate projection, are often split

across multiple clusters or fused with operations from other

stages. These observations make it challenging to manually

design an accelerator for each workload, highlighting the

capability of TranSAGE to enable rapid design exploration

across diverse workload and hardware configurations.

Design insights. Nevertheless, the generated partitions

also reveal recurring principles that can guide future spatial-

accelerator designs. First, fusing data-dependent operations
that leverage complementary compute resources is generally
beneficial. Such fusion can reduce memory accesses while im-

proving resource utilization, making these operations ideal

candidates for fusion. As shown in Figure 11, consecutive

elementwise operations, such as Sub, Exp, Sum, Div, and

Trunc in Softmax, as well as Mul and Add in RoPE, utilize

different compute resources and can therefore be naturally

fused to form an efficient pipeline.

Second, fusing data-dependent operations that compete for
compute resources is beneficial only when they can form a
balanced pipeline.More fusion is not necessarily better, es-

pecially when the fused operations compete for the same

resources. A typical example is Q/K/V projection. Q and K/V

projections share the same input and thus have potential

for fusion, but they are split into separate clusters under all

prefill configurations, as shown in Figure 11. This is because

both operations consume substantial arithmetic resources

during prefill, while group-query attention (GQA) results in

different output dimensions for Q and K/V projections, lead-

ing to imbalanced workloads and resource underutilization,

as discussed in Section 2.3, Pitfall 1. In contrast, as shown

in Figure 11, the gate and up projections in the FFN can be
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efficiently fused under server-prefill configurations. The rea-

son is that these operations have identical output shapes and

balanced computational demands, enabling even resource

allocation and a balanced pipeline.

7.2 Limitations and Future Directions
TranSAGE has two limitations. First, its physical compute,

storage, and interconnect resources are fixed after generation.

Despite runtime reconfiguration, evolving model structures

may require hardware regeneration. Second, TranSAGE opti-

mizes single-chip architectures. While it can be extended to

multi-chip systems through data parallelism, it does not ex-

plore other parallelism strategies that account for inter-chip

communication. Future work will aim at providing greater

flexibility in generated architectures, aswell as communication-

aware multi-chip DSE.

8 Conclusion
We present TranSAGE, an MLIR-based framework for au-

tomatically generating spatial accelerators for large-scale

transformers. By treating operation clusters as execution

units, TranSAGE enables efficient pipelining and improves

throughput and energy efficiency over GPUs, NPUs, and

prior accelerator generators for both prefill and decoding.
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A Spatial Architecture Primitives
Primitive Op Operand Results Description

Link DataPath src, dest / A point-to-point connection that transfers data

between two ports.

Data

DataNode / din, dout A FIFO-based storage node that buffers stream-

ing data.

SramBank / write, waddr, din, read, raddr, dout An SRAM-based storage node supporting in-

dexed reads and writes.

Routing

Mux / dins[...], dout Selects one input and forwards it to the output.

DeMux / din, douts[...] Routes one input to one of multiple destinations.

Broadcast / din, douts[...] Replicates input data to multiple output ports.

Reduction / dins[...], dout Aggregates multiple inputs using an operation

such as sum or max.

Compose / dins[...], dout Combines multiple elements into a structured

output.

Decompose / din, douts[...] Splits structured input data into multiple ele-

ments.

Arithmetic

Mulf / lhs, rhs, result Floating-point multiplication.

Addf / lhs, rhs, result Floating-point addition.

Subf / lhs, rhs, result Floating-point subtraction.

Divf / lhs, rhs, result Floating-point division.

Maxf / lhs, rhs, result Floating-point maximum.

Negf / src, result Floating-point negation.

Truncf / src, result Floating-point truncation.

Extf / src, result Floating-point extension.

B System Configurations

Resource Edge Orin NX matched Server A100/Ascend 910B3
matched

DRAM bandwidth 128 GB/s 128 GB/s 1024 GB/s 1024 GB/s

SRAM width 512 bit 512 bit 512 bit 512 bit

SRAM depth 256 256 256 256

SRAM banks 256 256 1024 1024

BF16 multipliers 2112 8320 131584 131584

BF16 adders 2112 8320 131584 131584

Miscellaneous PEs 64 128 512 512

Peak BF16 throughput
1

4.224 TFLOP/s 16.640 TFLOP/s 263.168 TFLOP/s 263.168 TFLOP/s

All configurations operate at 1 GHz. Device-matched configurations use the largest valid PE organization whose peak throughput does not exceed that of the

target device.
1
One multiplication and one addition count as two floating-point operations. Each PE issues one operation per cycle.

C LLaMA3-8B Results
Sequence
length

Edge (batch 1) Server (batch 8)

Prefill-TP Prefill-EE Decode-TP Decode-EE Prefill-TP Prefill-EE Decode-TP Decode-EE

128 4,002.75 317.05 126.27 7.44 238,287.84 669.32 7,560.52 53.41

256 3,980.38 374.15 125.59 7.38 235,341.01 659.07 7,060.47 49.73

512 3,952.80 394.61 124.29 7.28 226,956.91 638.69 6,243.70 43.78

1024 3,908.76 384.40 121.84 7.09 200,261.22 606.23 5,097.66 35.52

4096 3,667.25 306.37 108.75 6.16 130,890.76 459.65 2,586.75 17.78

TP denotes throughput in GFLOP/s; EE denotes energy efficiency in GFLOP/J.
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D Artifact Appendix
D.1 Abstract
The artifact provides Accelgen, the compiler framework for

TranSAGE. Starting from PyTorch model code, the workflow

generates Linalg-based MLIR, optimizes Linalg operations,

schedules kernels, and lowers the scheduled computation

to a Spatial Architecture Primitive (SAP) graph for perfor-

mance modeling. The outputs include intermediate MLIR

and performance metrics such as latency, energy, FLOPs,

throughput, and energy efficiency. These outputs can be in-

spected independently of the figures and tables in the paper.

D.2 Artifact Checklist
The artifact produces the following outputs to support re-

producibility and inspection of each compilation stage.

• Generated Linalg MLIR. The Linalg representation
generated from the input model.

• Optimized Linalg MLIR. The Linalg representation
after Linalg-level optimizations.

• Scheduled Clusters. Computation clusters with their

schedules and associated dataflow parameters.

• SAP Graph. The generated SAP graph representing

the accelerator architecture.

• Performance Report. Modeled performance metrics

for the generated accelerator.

D.3 Availability and Installation
The artifact is permanently archived on Zenodo and is avail-

able at https://doi.org/10.5281/zenodo.23085661. The artifact
can be downloaded directly from Zenodo. A corresponding

GitHub release is also provided and matches the archived

version:

$ git clone --branch ae \
https://github.com/XiaoyeAsZ/accelgen.git

We provide two Docker-based methods for installing and

running TranSAGE.

Using the Prebuilt Docker Image (Recommended).
Pull the prebuilt image and launch a container with the

repository mounted as the working directory.

$ cd accelgen
$ docker pull xiaoyeasz/accelgen:latest
$ docker run --gpus all -it --rm \

-v $(pwd):/home/accelgen \
-w /home/accelgen \
xiaoyeasz/accelgen:latest

Building from the Dockerfile. Alternatively, build the

image locally and launch a container using the same reposi-

tory mount.

$ cd accelgen
$ docker build -f accelgen.dockerfile -t accelgen:latest .
$ docker run --gpus all -it --rm \

-v $(pwd):/workspace/accelgen \
-w /workspace/accelgen \
accelgen:latest

D.4 Experimental Workflow
The workflow consists of five stages that can be run sepa-

rately to inspect and reuse intermediate outputs. Each stage

requires the output of the preceding stage. Two evaluation

modes are available: rapid for a quick evaluation of the

block 0 FFN workload in Llama3-8B, and full for the com-

plete evaluation suite. The full mode can take substantially

longer, particularly during kernel scheduling.

Inside the container (accelgen folder), build the compiler

and enter the artifact evaluation directory:

$ cmake -S . -B build -G Ninja
$ cmake --build build
$ cd ae

In the commands below, replace MODE with rapid or full.
All output directories are relative to ae/results/MODE/ in
the repository.

1. Generate MLIR.

$ bash MODE/01_generate_mlir.sh

The script invokes benchmark/dump_mlir.py for each
selected combination of model, action, block, layer,

batch size, and sequence length. The generated MLIR

files are written to mlir/.

2. Optimize Linalg.

$ bash MODE/02_linalg_opt.sh

The optimizer performs mixed-precision resolution,

named-operation generalization, genericmarking, dead-

operation elimination, generic fusion, and tensor-operation

folding. The optimizedMLIR files arewritten to generic/.

3. Schedule Kernels.

$ bash MODE/03_kernel_schedule.sh

The func.func(kernel-schedule{...}) pass searches
over tiling, loop, unrolling, and cluster choices using

the selected edge or server resource configuration. The

scheduled MLIR files are written to scheduled/. By
default, each cluster contains at most six operations

(MAX_OPERATION=6).

4. Construct SAP graph.

$ bash MODE/04_lower_to_dap.sh

The convert-to-dap{config-path=...} pass low-

ers each scheduled workload to the hardware-facing

DAP dialect. The resulting MLIR files are written to
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dap/ and contain operations such as dap.sram, dap.data_path,
arithmetic operations, and routing operations.

5. Model Performance.
$ bash MODE/05_model_performance.sh

The model-performance{config-path=...} pass es-
timates latency, energy, and FLOPs and emits anno-

tated MLIR files in performance/. The accompanying

logs/performance.log contains workload headers

and metric records suitable for processing with the

repository’s analysis scripts.
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