
Andrea Belano, Francesco Conti 


University of Bologna, Bologna, Italy

Andrea Belano*‡, Yvan Tortorella*, Angelo Garofalo*†, Luca Benini*†, Davide Rossi*, Francesco Conti* *University of Bologna, Bologna, Italy    †ETH Zurich, Zurich, Switzerland    ‡University of Pavia, Pavia, Italy

Bridging the Gap Between Fine-Grained Architectures and 
Large Systolic Arrays

SoftEx: a Low Power and Flexible Softmax Accelerator with 
Fast Approximate Exponentiation

MOTIVATION
The challenge in accelerating modern deep neural networks lies not only in the immense scale of state-
of-the-art models but also in the heterogeneity of their computational profiles. 



While some architectures, such as traditional Convolutional Neural Networks, generally use smaller 
kernels and relatively simple activation functions, transformer-based models heavily rely on very large 
matrix multiplications and generally complex dataflows, in part due to the multi-head attention 
mechanism.



This wide variety of architectures and their rapid evolution make evident the need for  an architecture 
which is performant with large matrices but at the same time capable of parallelizing smaller, distinct 
tasks.

MOTIVATION
TRANSFORMER-BASED MODELS
Transformers drive AI evolution in perception and generation but at a cost, relying on multi-
head self-attention (MHSA), which incorporates softmax, and additional projections.

WHAT’S THE DEAL WITH SOFTMAX?
The softmax function is a bottleneck: it's used repeatedly per layer, relies on expensive 
exponential calculations, and its non point-to-point nature complicates acceleration.

THE PROBLEM WITH EXP
Accurate implementation of exp (e.g., glibc’s) are extremely complex.

Clearly not suitable for low-power applications, let alone hardware 
accelerators.

We need an alternative.

What about less computationally-intensive approximations? 



CORDIC 

    Good accuracy and efficient. 

    Slow convergence.



LUT-based methods 

         Perform no computation at all besides interpolation.

         Costly in terms of area.

         Work best with limited ranges.



Polynomial approximations 

           We can build optimal approximations using Chebyshev’s polynomials.

           For a good result we must limit the input range.

WHY NOT JUST A BIG TENSOR ENGINE?
At the same FMA/cycle budget, a single large tensor unit is generally more efficient than multiple 
smaller ones thanks to its better data reuse and it efficient pipeline.



However, this advantage is lost when, instead of a single big workload, we have many small tasks 
that taken individually do not completely fill the array.



It is in these cases that a fleet of smaller units has the edge, allowing us to issue multiple different 
operations in parallel and achieve a much higher percentage of the peak theoretical performance. 



Can we have the flexibility of smaller units while keeping the benefits of a large engine? 

e_exp2f_data.c
#define N (1 << EXP2F_TABLE_BITS)





const struct exp2f_data __exp2f_data = {


  .tab = {


0x3ff0000000000000, 0x3fefd9b0d3158574, 0x3fefb5586cf9890f, 0x3fef9301d0125b51,


0x3fef72b83c7d517b, 0x3fef54873168b9aa, 0x3fef387a6e756238, 0x3fef1e9df51fdee1,


0x3fef06fe0a31b715, 0x3feef1a7373aa9cb, 0x3feedea64c123422, 0x3feece086061892d,


0x3feebfdad5362a27, 0x3feeb42b569d4f82, 0x3feeab07dd485429, 0x3feea47eb03a5585,


0x3feea09e667f3bcd, 0x3fee9f75e8ec5f74, 0x3feea11473eb0187, 0x3feea589994cce13,


0x3feeace5422aa0db, 0x3feeb737b0cdc5e5, 0x3feec49182a3f090, 
0x3feed503b23e255d,


0x3feee89f995ad3ad, 0x3feeff76f2fb5e47, 0x3fef199bdd85529c, 0x3fef3720dcef9069,


0x3fef5818dcfba487, 0x3fef7c97337b9b5f, 0x3fefa4afa2a490da, 0x3fefd0765b6e4540,


  },


  .shift_scaled = 0x1.8p+52 / N,


  .poly = { 0x1.c6af84b912394p-5, 0x1.ebfce50fac4f3p-3, 0x1.62e42ff0c52d6p-1 },


  .shift = 0x1.8p+52,


  .invln2_scaled = 0x1.71547652b82fep+0 * N,


  .poly_scaled = {


0x1.c6af84b912394p-5/N/N/N, 0x1.ebfce50fac4f3p-3/N/N, 0x1.62e42ff0c52d6p-1/N


  },


};

e_expf.c
float __expf (float x)


{


  uint32_t abstop;


  uint64_t ki, t;


  /* double_t for better performance on targets with FLT_EVAL_METHOD==2.  */


  double_t kd, xd, z, r, r2, y, s;





  xd = (double_t) x;


  abstop = top12 (x) & 0x7ff;


  if (__glibc_unlikely (abstop >= top12 (88.0f)))


    {


      /* |x| >= 88 or x is nan.  */


      if (asuint (x) == asuint (-INFINITY))


	return 0.0f;


      if (abstop >= top12 (INFINITY))


	return x + x;


      if (x > 0x1.62e42ep6f) /* x > log(0x1p128) ~= 88.72 */


	return __math_oflowf (0);


      if (x < -0x1.9fe368p6f) /* x < log(0x1p-150) ~= -103.97 */


	return __math_uflowf (0);


#if WANT_ERRNO_UFLOW


      if (x < -0x1.9d1d9ep6f) /* x < log(0x1p-149) ~= -103.28 */


	return __math_may_uflowf (0);


#endif


    }





  /* x*N/Ln2 = k + r with r in [-1/2, 1/2] and int k.  */


  z = InvLn2N * xd;


#if TOINT_INTRINSICS


  kd = roundtoint (z);


  ki = converttoint (z);


#else


# define SHIFT __exp2f_data.shift


  kd = math_narrow_eval ((double) (z + SHIFT)); /* Needs to be double.  */


  ki = asuint64 (kd);


  kd -= SHIFT;


#endif


  r = z - kd;





  /* exp(x) = 2^(k/N) * 2^(r/N) ~= s * (C0*r^3 + C1*r^2 + C2*r + 1) */


  t = T[ki % N];


  t += ki << (52 - EXP2F_TABLE_BITS);


  s = asdouble (t);


  z = C[0] * r + C[1];


  r2 = r * r;


  y = C[2] * r + 1;


  y = z * r2 + y;


  y = y * s;


  return (float) y;


}

For 𝑥 ∈ [0,0.5] we sum a straight-line tangent to 2 𝑥 − 1 in 0 with a 
parabola centered in 0

For 𝑥 ∈ [0.5,1] we do as before, but the functions are centered in 1

THE MESH ARCHITECTURE
The tiles are connected using a Network-on-Chip based on the 
FlooNoC architecture, featuring a wide 512-bit channel for data 
transfers and narrow 64-bit channel for inter-tile 
communications.



To optimally use the vertical and horizontal NoC channels,

the L2 memory banks are distributed along the right and top

edges of the mesh. The banks on the right store inputs, and the

banks on the top store weights. By doing this, we avoid the

network contention that would result from storing both inputs

and weights along the same dimension.

OUR EXP APPROXIMATION
We propose to replace the fractional part of x with a piecewise 
linear polynomial that approximates the function:

NAUSICAA AT A GLANCE
To accelerate the increasingly heterogeneous workloads found in 
modern DNNs, we propose NAUSICAA (Neural Acceleration Unit 
for Scalable Integration and Configurable Adaptive Architecture), 
a multi-tile architecture comprised of multiple identical compute 
tiles organized in a mesh connected through a Network-on-Chip.



Each tile features its own shared scratchpad memory, specialized 
units  for matrix multiplications  and  non-linear functions, and a 
DMA.

SCHRAUDOLPH’S METHOD THE COMPUTE TILESSOFTEX
Each compute tile features 128 KB of shared L1 
scratchpad memory and a RISC-V RV32IAMC 
control core based on the Snitch architecture. 
This core manages memory operations, 
synchronizes operations across tiles, and acts 
as the interface for inter-tile communication. 



Actual computations are carried out by four 
Compute-Core-Complexes (CCCs) operating 
in a Single-Program-Multiple-Data paradigm. 


Each CCC features a RISC-V RV32IMCF core, 
also based on the Snitch architecture and 
capable of 4-way SIMD.



The core ISA has been also extended to 
support the approximation of non-linear 
functions through piecewise polynomial 
approximations using the PACE architecture.



To accelerate linear layers, each CCC features 
a dedicated 8x8 FMA tensor processing 
engine based on the RedMulE architecture 
and supporting context pipelining.

16MAX UNIT
We introduce SoftEx, a 
parametric 
accelerator of softmax 
on BFloat16 vectors. It 
features:




N lanes containing a 
Multiplication and 
Addition Unit (MAU) 
and an Exponential Unit 
(EXPU) featuring our 
novel exponentiation 
algorithm



An Accumulator module 
containing a single 
pipelined FP32 Fused 
Multiply-Add (FMA) unit

Softmax is split into: 
Accumulation, 
Inversion, -- and 
Normalization.

>?

LANEFIFO

N×16

STREAMER

MUL

ADD

SINK

MAUMAU

MUX

16

MEMORY

DENOMINATOR 
ACCUM

FI
FOEXPU

SOURCE

EXPU

ZE
RO

 P
AD

32

N×16

FP32 FMA

FIFO

32

ADD 
TREE

CTRL TARGET

REG

FILE

FSM

32

p

THE TENSOR PROCESSING ENGINE THE CONTROL CORE

INTEGRATION IN A TRANSFORMER ACCELERATION CLUSTER

RedMulE is an input-stationary, systolic array 
accelerator supporting the FP16 and both 
FP8 formats.



In this work it has been extended with a V1.0-
compliant eXtension InterFace to allow fast 
programming and synchronization with the 
compute core through custom instructions. 



Another improvement is the support for 
context pipelining to allow the seamless 
concatenation of different operations and a 
full utilization regardless of the tile size as 
long as new operations are continuously 
pushed.  



It also features ports to the local multicast 
network to share input and weights when the 
accelerators are used in parallel (detailed 
later).

The control core is a simple RV32IAMC based on the snitch 
architecture and capable of controlling the tile DMA through 
an ISA extension.



It is the only core capable of interacting with the other tiles 
and the L2 memory thanks to the connection to the NoC’s 
narrow channel.



The core is connected to a local synchronization network, 
which allows the synchronization between the control cores 
and the compute core complexes in one cycle, as well as to an 
inter-tile synchronization network, based on FractalSync, 
which enables synchronization across the tiles with complex 
patterns.



The control core’s ISA has been further extended with two 
custom instructions: 


FSSYNC, which handles up to 6 synchronization patterns 
in parallel using 3 source registers; useful for complex 
kernels.

FSSYNCI, for a single fast synchronization using an 
immediate. 
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Partitioning the memory into two separate 
levels has a major impact on the tile’s 
interconnect.

 

Compared to a cluster with only a 256 KB 
L1 memory and the same total number of 
banks:


The interconnect area is reduced by 
50%

The number of violations at the end of 
the implementation process is 
reduced to 63 from 17552, making the 
design practically implementable


 

Up to 10.8× 
faster 

softmax and 
26.8× lower 

energy 
compared to 

8 RISC-V 
cores 

employing 
Schraudolp
h’s method.
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Integrated in a Transformer acceleration cluster featuring

8 RI5CY RISC-V cores with the Xpulp extension and private FPU


256KiB TCDM split among 32 banks

32 KiB of shared instruction cache


RedMulE Tensor Processing Engine in 24x8 computing element configuration 

SoftEx softmax accelerator in 16 lanes configurationTo enable the tensor processing engine and the core to 

operate in parallel, simply increasing the number scratchpad 
memory banks would complicate the interconnect too much.



Instead, each CCC has 32KB of private L0 scratchpad memory, 
only accessible by the core and the tensor processing engine.



This design choice stems from the observation that nonlinear 
functions are almost exclusively applied to the output of a 
linear layer. By letting the tensor processing engine place the 
intermediate results into the L0 scratchpad, the system 
achieves a pipelined execution: when the engine is computing 
the next tile, the core will apply the required nonlinearity on the 
output of the previous linear computations and store the result 
back in L1 memory.

MEMORY LAYOUT

effects of partitioning 
INTERCONNECTS

128

256

1 1 1 1 1 1 1

ue  ce

Softmax Latency &

Energy CONSUMPTION

128

256

1 1 1 1 1

128 KB L1 + 4x32 KB L0

Cluster fully placed and routed in 12 nm technology.



SoftEx area utilization: 0.033 mm²

2.75% of the 1.21 mm² cluster


14% of the Tensor Processing Engine area

COMPUTE tile layout

KEEPING BANDWIDTH AT BAY
The problem of using 4 8x8 tensor 
processing units is that they require double 
the memory bandwidth compared to a single 
16x16 instance.



To solve this, each tile features a local 
multicast network. The tensor processing 
engine normally work independently, but 
when performing a large matmul, inputs and 
weights are broadcast across CCCs, 
ensuring each tile is only fetched once.



With this optimization, the total bandwidth 
required by the array of tensor processing 
engines when performing a matrix 
multiplications is the exact same as the one 
of a larger monolithic engine.
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