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Inverted Pyramid of HPC Developers
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Domain Experts

Library/
Framework

Experts

HPC Experts

Domain Experts need 
programming models that 
can express new parallel 
algorithms for future 
extreme scale systems 
(Focus of today’s talk)

Library/framework 
developers need to map and 
tune parallel algorithms on 
to extreme scale hardware

Many features in today’s HPC 
programming models are only 
accessible to HPC experts

Python has emerged 
as a dominant 

programming model 
and middleware 
ecosystem for 

domain experts who 
need HPC
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Quantum 
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….. …..

Neuromorphic 
computing

Heterogeneity crisis!

Compute capability 
and complexity is 
increasing at the intra-
node level, while inter-
node scaling is flat or 
declining

Significant challenge 
for Domain Experts to 
deal with this 
complexity at the 
Python level 

Extreme Scale = Extreme Heterogeneity
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Increasing Complexity with Increasing Parallelism
for Python Programmers
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Single CPU

Multicore

Single/multiple GPUs

… Extreme Heterogeneity …

MPP Clusters

Parallelism cliffs
: step function 

in programming and tuning 

efforts needed to enable 

applications to exploit th
e next 

stage of increasing parallelism

Image sources:
https://en.wikipedia.org/wiki/File:ABasicComputer.gif
https://en.wikipedia.org/wiki/Symmetric_multiprocessing
https://www.researchgate.net/figure/
Hierarchical-hardware-parallelism-in-a-GPU_fig1_262176632
https://www.osc.edu/book/export/html/2782
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Programming Systems for Data Science Applications: 
Current Approaches

1. Augment general-purpose high-productivity languages (HPLs) with high-
performance libraries
• Examples: Python/Julia/Matlab with NumPy/SciPy/CuPy/PCT
• Challenge: Library APIs may not adapt well to needs of new applications

2. Domain Specific Languages (DSLs) for target domains
• Examples: TensorFlow for machine learning, Halide for image processing
• Challenge: need an approach that includes multiple DSLs, as well as an HPL

Motivation for our work: combine the benefits of HPLs and DSLs in a single 
Discipline-Aware Language (DiAL) for Data Science 7

”Intrepydd: Performance, Productivity, and Portability for Data Science Application Kernels”.  T.Zhou, 
J.Shirako, A.Jain, S.Srikanth, T.M.Conte, R.Vuduc, V.Sarkar.  SPLASH Onward! ’20 conference.



Performance

Productivity Generality

Domain
Specific

Languages
(DSLs) Discipline

Aware
Languages
(DiALs)

Intrepydd Discipline-Aware Language
• Intrepydd programming system delivers 

performance, productivity, portability for kernels 
that span different data science domains

• Based on Python syntax for synergy with data 
science applications

• Simplifies programming for heterogeneous and 
post-Moore hardware

• Differs from Python in significant ways
1. Language for writing computational kernels, 

not complete applications
2. Designed for Ahead-Of-Time (AOT) 

compilation with high-level compiler 
optimizations and C++ code generation
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• Python is designed for interactive programming, with a heavy use of native libraries for 
performance

• Dynamic typing
• Multithreading-unfriendly

• The Global Interpreter Lock serializes computations
• Not all extension modules support multithreading

• Multiprocessing module
• Requires explicit launching of processes/jobs

• GPU programming options
• Use the CuPy library
• Write GPU native code, and link it in as a Python module

• Cluster programming options
• Message passing, e.g., MPI
• Distributed task runtimes, e.g., Ray

9

Many reasons to not attempt AOT compilation and 
parallelization for Python … 



.. which is exactly why we decided to do it!

10

Details in Section 4 of the paper



Intrepydd Language Definition (Summary)
• Data Types

• Boolean
• Numeric: int32, int64, float32, float64
• Collections: List(type), Array(type), 

SparseMat(type), Dict(type), 
Heap(type)

• Statements:
• Function definitions, with types for 

parameters and return values
• Assignment, Call/Return Statements
• Control Flow Statements
• Parallel Statements

• Type Inference
• Static type inference is 

performed using types for 
parameters and return values

• Operators
• Arithmetic: +, -, *, /, //, **
• Comparison: ==, !=, <, >, <=, >= 
• Logical: and, or, not
• Membership: in

• Library Functions
• Reductions, unary/binary 

functions, dense/sparse linear 
algebra functions

11

Details in Section 3 of the paper



Sinkhorn WMD Kernel in Python, 
Intrepydd, and Julia

1. def kernel(K,                      M,
2. X,                      R,
3. C,
4.
5. ncols,                  max_iter)
6.
7. it = 0
8. while it < max_iter:
9. U = 1.0 / X
10. V = C.multiply(1 / (K.T @ U))
11. X = ((1/R) * K) @ V.tocsc()
12. it += 1
13. U = 1.0 / X
14. V = C.multiply(1 / (K.T @ U))
15. return (U * ((K * M) @ V)).sum(0)

Python

12



1. def kernel(K,                      M,
2. X,                      R,
3. C,
4.
5. ncols,                  max_iter)
6.
7. it = 0
8. while it < max_iter:
9. U = 1.0 / X
10. V = C.multiply(1 / (K.T @ U))
11. X = ((1/R) * K) @ V.tocsc()
12. it += 1
13. U = 1.0 / X
14. V = C.multiply(1 / (K.T @ U))
15. return (U * ((K * M) @ V)).sum(0)

Python

for a much cheaper cost than the original distance dM . Figure 1 summarizes the relationships be-
tween dM , dM,! and d"M . Since the entropy of P" decreases monotonically with !, computing dM,!

can be carried out by computing d"M with increasing values of ! until h(P") reaches h(r)+h(c)!".
We do not consider this problem here and only use the dual-Sinkhorn divergence in our experiments.

Computing d"M with Matrix Scaling Algorithms Adding an entropy regularization to the opti-
mal transport problem enforces a simple structure on the optimal regularized transport P":
Lemma 2. For ! > 0, the solution P" is unique and has the form P" = diag(u)K diag(v),
where u and v are two non-negative vectors of Rd uniquely defined up to a multiplicative factor and
K := e!"M is the element-wise exponential of !!M .

Proof. The existence and unicity of P" follows from the boundedness of U(r, c) and the strict
convexity of minus the entropy. The fact that P" can be written as a rescaled version ofK is a well
known fact in transport theory (Erlander and Stewart, 1990, §3.3): let L(P,",#) be the Lagrangian
of Equation (2) with dual variables ",# " Rd for the two equality constraints in U(r, c):

L(P,",#) =
!

ij

1

!
pij log pij + pijmij + "T (P1d ! r) + #T (PT1d ! c).

For any couple (i, j), ($L/$pij = 0) # pij = e!1/2!"!ie!"mije!1/2!"#j . Since K is
strictly positive, Sinkhorn’s theorem (1967) states that there exists a unique matrix of the form
diag(u)K diag(v) that belongs to U(r, c), where u, v $ 0d. P" is thus necessarily that matrix,
and can be computed with Sinkhorn’s fixed point iteration (u, v)% (r./Kv, c./K "u). !

Given K and marginals r and c, one only needs to iterate Sinkhorn’s update a sufficient number
of times to converge to P". One can show that these successive updates carry out iteratively the
projection of K on U(r, c) in the Kullback-Leibler sense. This fixed point iteration can be written
as a single update u% r./K(c./K "u). When r > 0d, diag(1./r)K can be stored in a d& d matrix
K̃ to save one Schur vector product operation with the update u % 1./(K̃(c./K "u)). This can be
easily ensured by selecting the positive indices of r, as seen in the first line of Algorithm 1.

Algorithm 1 Computation of d = [d"M (r, c1), · · · , d"M (r, cN )], using Matlab syntax.
InputM,!, r, C := [c1, · · · , cN ].
I = (r > 0); r = r(I);M = M(I, :);K = exp(!!M)
u = ones(length(r), N)/length(r);
K̃ = bsxfun(@rdivide,K, r) % equivalent to K̃ = diag(1./r)K
while u changes or any other relevant stopping criterion do
u = 1./(K̃(C./(K "u)))

end while
v = C./(K "u)
d = sum(u. ' ((K. 'M)v)

Parallelism, Convergence and Stopping Criteria As can be seen right above, Sinkhorn’s algo-
rithm can be vectorized and generalized to N target histograms c1, · · · , cN . When N = 1 and C
is a vector in Algorithm 1, we recover the simple iteration mentioned in the proof of Lemma 2.
When N > 1, the computations for N target histograms can be simultaneously carried out by up-
dating a single matrix of scaling factors u " R

d#N
+ instead of updating a scaling vector u " Rd

+.
This important observation makes the execution of Algorithm 1 particularly suited to GPGPU plat-
forms. Despite ongoing research in that field (Bieling et al., 2010) such speed ups have not been yet
achieved on complex iterative procedures such as the network simplex. Using Hilbert’s projective
metric, Franklin and Lorenz (1989) prove that the convergence of the scaling factor u (as well as v)
is linear, with a rate bounded above by %(K)2, where

%(K) =

"

&(K)! 1
"

&(K) + 1
< 1, and &(K) = max

i,j,l,m

KilKjm

KjlKim
.

The upper bound %(K) tends to 1 as ! grows, and we do observe a slower convergence as P" gets
closer to the optimal vertex P $ (or the optimal facet of U(r, c) if it is not unique). Different stopping
criteria can be used for Algorithm 1. We consider two in this work, which we detail below.

5

(NeurIPS’13, #4927)
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Sinkhorn WMD Kernel in Python, 
Intrepydd, and Julia

1. def kernel(K,                      M,
2. X,                      R,
3. C,
4.
5. ncols,                  max_iter)
6.
7. it = 0
8. while it < max_iter:
9. U = 1.0 / X
10. V = C.multiply(1 / (K.T @ U))
11. X = ((1/R) * K) @ V.tocsc()
12. it += 1
13. U = 1.0 / X
14. V = C.multiply(1 / (K.T @ U))
15. return (U * ((K * M) @ V)).sum(0)

Intrepydd

14



Sinkhorn WMD Kernel in Python, 
Intrepydd, and Julia

1. def kernel(K: Array(float64, 2),   M: Array(float64, 2),
2. X: Array(float64, 2),   R: Array(float64, 2),
3. C,
4.
5. ncols: int32,           max_iter: int32)
6.
7. it = 0
8. while it < max_iter:
9. U = 1.0 / X
10. V = C.multiply(1 / (K.T @ U))
11. X = ((1/R) * K) @ V.tocsc()
12. it += 1
13. U = 1.0 / X
14. V = C.multiply(1 / (K.T @ U))
15. return (U * ((K * M) @ V)).sum(0)

Intrepydd
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Sinkhorn WMD Kernel in Python, 
Intrepydd, and Julia

1. def kernel(K: Array(float64, 2),   M: Array(float64, 2),
2. X: Array(float64, 2),   R: Array(float64, 2),
3. data: Array(float64, 2),
4. idx: Array(int32, 1), ptr: Array(int32, 1),
5. ncols: int32,           max_iter: int32)
6. C = csr_to_spm(data, idx, ptr, ncols)
7. it = 0
8. while it < max_iter:
9. U = 1.0 / X
10. V = C.multiply(1 / (K.T @ U))
11. X = ((1/R) * K) @ V.tocsc()
12. it += 1
13. U = 1.0 / X
14. V = C.multiply(1 / (K.T @ U))
15. return (U * ((K * M) @ V)).sum(0)

Intrepydd
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Sinkhorn WMD Kernel in Python, 
Intrepydd, and Julia

1. def kernel(K: Array(float64, 2),   M: Array(float64, 2),
2. X: Array(float64, 2),   R: Array(float64, 2),
3. data: Array(float64, 2),
4. idx: Array(int32, 1), ptr: Array(int32, 1),
5. ncols: int32,           max_iter: int32)
6. C = csr_to_spm(data, idx, ptr, ncols)
7. it = 0
8. while it < max_iter:
9. U = 1.0 / X
10. V = C.multiply(1 / (K.T @ U))
11. X = spmm_dense((1/R) * K, V)
12. it += 1
13. U = 1.0 / X
14. V = C.multiply(1 / (K.T @ U))
15. return (U * spmm_dense(K * M, V)).sum(0)

Intrepydd

17



Sinkhorn WMD Kernel in Python, 
Intrepydd, and Julia

1. def kernel(K: Array(float64, 2),   M: Array(float64, 2),
2. X: Array(float64, 2),   R: Array(float64, 2),
3. C: SparseArray(float64, 2),
4.
5. ncols: int32,           max_iter: int32)
6.
7. it = 0
8. while it < max_iter:
9. U = 1.0 / X
10. V = C * (1 / (K.T @ U))
11. X = ((1/R) * K) @ V
12. it += 1
13. U = 1.0 / X
14. V = C * (1 / (K.T @ U))
15. return (U * (K * M, V)).sum(0)

Intrepydd (future version)

18



Sinkhorn WMD Kernel in Python, 
Intrepydd, and Julia

1. function kernel(K::Array{Float64, 2}, M::Array{Float64, 2},
2. X::Array{Float64, 2}, R::Array{Float64, 2},
3. row::Array{Int32, 1}, col::Array{Int32, 1},
4. data::Array{Float64, 1},
5. m::int64, n::int64, max_iter::int64)
6. C = sparse(row, col, data, m, n)
7. it = 0
8. while it < max_iter:
9. U = 1.0 ./ X
10. V = C .* (1.0 ./ (transpose(K) * U))
11. X = ((1.0 ./ R) .* K) * V
12. it += 1
13. end
14. U = 1.0 ./ X
15. V = C .* (1.0 ./ (transpose(K) * U))
16. return sum(U .* ((K .* M) * V))

Julia

19



Using Intrepydd from
Jupter notebooks

20

Intrepydd: Performance, Productivity, and Portability for Data Science Application Kernels Onward! ’20, November 18–20, 2020, Virtual, USA

full support for these constructs is currently active work in
progress:

• The following operators are currently not supported
for arrays. The workaround that can be used right
now is to manually convert these array operators into
their corresponding library calls in the source code,
instead of relying on the Intrepydd compiler to do the
conversion.
– arithmetic operators: // (�oor-div), ** (pow)
– comparison operators: ==, !=, <, >, <=, >=
– logical operators: and, or, not
– membership operators: in

• The toolchain currently uses the compressed sparse
row (CSR) format [38, 65] for all SparseMat instances,
though the language de�nition allows for the use of
other formats as well.

• With respect to parallel constructs, the current proto-
type supports pfor in host=cpp mode , but support
for async, finish and isolated is still in progress as
is support for pfor in host=python mode.

4.2 Python Host
In this mode, the host program is written in Python and the
pydd source �le is eventually compiled to a Python Cmodule
which can directly be imported in the host program.

Intrepydd’s data structures are backed by the pybind11
framework [14], so all argument passing policies and limita-
tions are inherited. For example, when passing arguments
from Python code to Intrepydd code, Lists and Dictionaries
are passed by value and NumPy arrays are passed by refer-
ence. This implies that a copy operation is performed when
passing a List or a Dictionary from the Python code to the
Intrepydd code. The same conversion also takes place when
returning a List or Dictionary from Intrepydd to the Python
host. Primitive types are also passed by value.
Third-party Python packages other than NumPy are not

yet supported. A data structure from these packages must be
convertible to NumPy arrays to be accessible in Intrepydd
code. For example, during our benchmarking we used this
mechanism to pass a scipy.sparse matrix into Intrepydd
using its underlying NumPy array representations.

4.3 C++ Host
This mode caters to C++ host programs, and the .pydd
source �le is compiled to a static or shared library which
the host program can link with. There is no conversion be-
tween Intrepydd’s data structures and C++ data structures.
Instead, the generated C++ code for Arrays, Dictionaries
and Lists relies on pure C++11 implementations built on top
of the C++ Standard Template Library without any depen-
dence on Python headers. The lack of Python dependence
makes Intrepydd suitable for performant and portable appli-
cation implementations on experimental architectures that

0U[YLW`KK�YLPTWSLTLU[H[PVU
0U�0U[YLW`KK�]�����`V\�SS�ULLK�[V�^YP[L�H�	ZJHSHY	�]LYZPVU�VM�[OL�VYPNPUHS�HYYH`�IHZLK�JVKL��/LYL�PZ�VUL�Z\JO
PTWSLTLU[H[PVU��5V[PJL�[OH[�P[�OHZ�HU�PKLU[PJHS�ZPNUH[\YL�HZ° update_centers__0 ��TLHUPUN�^L�ZOV\SK�IL
HISL�[V�	KYVW�P[�PU	�HZ�H�KPYLJ[�Z\IZ[P[\[L�MVY�[OL�VYPNPUHS�HSNVYP[OT�

;HRL�H�TVTLU[�[V�Z[\K`�[OL�JVKL�[V�ZLL�[OH[�`V\�MVSSV^�P[�Z�Z[LWZ��[OLU�YLHK�[OL�L_WSHUH[PVU�ILSV^�MVY�^OH[�P[
KVLZ�[V�[Y`�[V�ZWLLK�\W�[OL�VYPNPUHS�JVKL�

In [14]: %%writefile opt.pydd 
# opt.pydd 
 
def update_centers(k: int64, X: Array(float64, 2), y: Array(int64)) \ 
                -> Array(float64, 2): 
    m = shape(X, 0) # type: int64 
    d = shape(X, 1) # type: int64 
    centers = zeros((k, d), float64()) 
    counts = zeros(k, int64()) 
     
    # Sum each coordinate for each cluster 
    # and count the number of points per cluster 
    for i in range(m): 
        c = y[i] # type: int64 
        counts[c] += 1 
        for j in range(d): 
            centers[c, j] += X[i, j] 
             
    # Divide the sums by the number of points 
    # to get the average 
    for c in range(k): 
        n_c = counts[c] # type: int64 
        for j in range(d): 
            centers[c, j] /= n_c 
    return centers 
 
# eof 

In [15]: !../pyddc opt.pydd # Compile using Intrepydd 

Overwriting opt.pydd 

In [16]: import opt 
update_centers = opt.update_centers
kmeans(points, k, starting_centers=points[[0, 187], :], max_steps=50, ve
rbose=True) 

7YVÄSL�Y\U�°3L[�Z�YL�Y\U�[OL�WYVÄSLY�[V�ZLL�PM�[OL�IV[[SLULJR�ZWLK�\W�H[�HSS�

In [17]: %lprun -f kmeans kmeans(points, k, starting_centers=points[[0, 187], :], 
max_steps=50) 

In [18]: update_centers, compute_d2 = update_centers__0, compute_d2__0 
t_0 = %timeit -o kmeans(points, k, starting_centers=points[[0, 187], :], 
max_steps=50) 
 
update_centers, compute_d2 = opt.update_centers, compute_d2__0 
t_opt = %timeit -o kmeans(points, k, starting_centers=points[[0, 187],
 :], max_steps=50) 
 
print("\n==> Speedup is ~{:.2f}x".format(t_0.average / t_opt.average)) 

iteration 1 WCSS =  417330.20399161614 
iteration 2 WCSS =  241221.83691647876 
iteration 3 WCSS =  227001.55370897506 
iteration 4 WCSS =  225040.6824369842 
iteration 5 WCSS =  224791.5775773802 
iteration 6 WCSS =  224751.636111681 
iteration 7 WCSS =  224744.82214507577 
iteration 8 WCSS =  224743.13807689323 
iteration 9 WCSS =  224742.7389964789 
iteration 10 WCSS =  224742.6256260888 
iteration 11 WCSS =  224742.5827842403 
iteration 12 WCSS =  224742.5683493433 
iteration 13 WCSS =  224742.56518699724 
iteration 14 WCSS =  224742.5632137702 
iteration 15 WCSS =  224742.5629567264 
iteration 16 WCSS =  224742.56250036048 
iteration 17 WCSS =  224742.56192824699 
iteration 18 WCSS =  224742.56161207613 
iteration 19 WCSS =  224742.56124801026 
iteration 20 WCSS =  224742.5608175248 
iteration 21 WCSS =  224742.56051294535 
iteration 22 WCSS =  224742.560381938 

Out[16]: array([0, 0, 1, ..., 0, 1, 1])

1.26 s ± 53 ms per loop (mean ± std. dev. of 7 runs, 1 loop each) 
635 ms ± 20.8 ms per loop (mean ± std. dev. of 7 runs, 1 loop each) 
 
==> Speedup is ~1.98x

Figure 3. Example of using Intrepydd in a Jupyter notebook.
Intrepydd interoperates with standard tools, such as pro�lers
and timers as shown here.

may lack Python support. Additionally, this mode supports
the pfor parallelization construct by generating OpenMP
parallel for code [59]. Code generation support for async
and finish is currently under development.

4.4 Interactive Mode
4.4.1 Using Intrepydd in Jupyter Notebooks. In the
host=python mode, an Intrepydd program can work with

• Example of using Intrepydd from a
Jupyter notebook

• Intrepydd interoperates with 
standard tools, such as compilers, 
profilers and timers

• Intrepydd compilation (pyddc)
involves:

1. translating Intrepydd to C++, 
which is relatively quick (under 
0.5 seconds for the examples 
that we evaluated

2. compiling the generated C++ 
code, which incurs the usual 
overhead of invoking a C++ 
compiler (6 to 12 seconds for 
the examples that we evaluated)



Experimental Methodology
Benchmark Applications
• A subset of Python based data analytics applications from a recent 

DARPA program
• Mix of non-library call and library call dominated applications
Testbed
• Dual Intel Xeon Silver 4114 CPU @ 2.2GHz with 192GB of main 

memory and hyperthreading disabled
• Each benchmark run 11 times and average of later 10 runs reported
• Standard deviation between runs [0.06-3.6] percent of average
• Baseline idiomatic Python 3.7.6

21
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Intrepydd Single Core Performance

Intrepydd offers 20.07x speedup on average (harmonic mean) over baseline Python
Details in Section 6.3 of the paper
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Multicore Scalability with user-specified pfor loops
(improvement is for host=cpp relative to host=python)

Details in Section 6.4 of the paper
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Comparison with Julia
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Details in Section 6.5 of the paper

Intrepydd offers 88.5x speedup over Julia for Sinkhorn-wmd
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Performance benefits from Intrepydd to C++ translation

def foo(xs: Array(double, 2)) -> double:
... 
for i in range(shape(xs, 0)):

for j in range(shape(xs, 1)): 
a = xs[i, j] 
... 

Intrepydd source code

Array<double>* foo(Array<double>* xs) { 
... 
for (int i = 0; i < pydd::shape(xs, 0); i += 1) { 

for (int j = 0; j < pydd::shape(xs, 1); j += 1) {
a = xs.data()[i*pydd::shape(xs, 1)+j]; 
... 

Intrepydd compiler

Resulting C++ code

25

Details in Section 4 of paper



•High-level Optimizations in AOT compilation
• Loop invariant code motion (LICM OPT)
• Dense & Sparse Array Operator Fusion (Array OPT)
• Array allocation and slicing optimization (Memory OPT)

• Impact on performance by each OPT

Code Optimization

Onward! ’20, November 18–20, 2020, Virtual, USA T. Zhou, J. Shirako, A. Jain, S. Srikanth, T. Conte, R. Vuduc, V. Sarkar

Table 5.Average single core execution times (in seconds) for the primary benchmark kernels written in Intrepydd and compiled
with increasing sets of optimizations: unoptimized, +LICM (Section 5.1), +Sparse/Dense Array optimizations (Section 5.2),
+memory optimizations (Section 5.3).

Primary Kernel execution times (seconds)

Benchmark Intrepydd +LICM OPT +Array OPT +Memory OPT

bigCLAM 2.558 2.557 1.541 1.086
changepoint 1.472 1.469 1.466 1.471

ipnsw 1.679 0.786 0.786 0.786
ISTA 79.362 18.732 18.473 18.509

PR-Nibble 0.831 0.114 0.106 0.006
sinkhorn-wmd 47.612 47.395 1.225 1.220
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Figure 5.Multi core scalability of Intrepydd for a subset of the benchmarks in host=cpp mode. The Performance Improve-
ment Factor is relative to the single-core execution time in host=python mode. Intrepydd implementations of parallelizable
applications bene�t from near linear scalability.

orders of magnitude improvement over Julia (last row of Ta-
ble 6). This improvement can be attributed to the automatic
sparsity optimizations applied by Intrepydd, which largely
removed the zero-multiplied computations as discussed in
Section 6.3. The Intrepydd implementation of sinkhorn-wmd
yielded 12.61⇥ fewer instructions according to Hardware
Performance Monitor measurements. As mentioned in Sec-
tion 1, we believe that the Intrepydd approach for computa-
tional kernels is applicable to both Python and Julia, thereby
implying that this performance gap can be reduced if Julia
were to also adopt the ahead-of-time optimizations demon-
strated by Intrepydd.

6.6 Compile Time
In this section, we summarize the overhead of compiling In-
trepydd kernels for use by host=python main programs. A
similar methodology as in Section 6.2 (i.e., similar to the sin-
gle core results) was used to collect these results. As shown
in Table 7, the compile time for an Intrepydd program is
broken into the time taken by the Intrepydd compiler (imple-
mented in Python) to generate C++ code, and the time taken

Table 6. Average single core execution times (in seconds)
for Python, Julia and Intrepydd versions of four benchmarks.

Benchmark Execution Time (seconds)

Python Julia Intrepydd

�bonacci 3.75 0.07 0.06
quicksort 1.76 0.93 0.80
pi-sum 0.57 0.01 0.01

sinkhorn-wmd 46.44 108.60 1.22

by the underlying C++ compiler to generate the CPython
module. The time taken by the Intrepydd compiler to apply
AST optimizations and generate the C++ code was found
to range between 0.2 and 0.5 seconds, a fraction of the time
required by the underlying C++ compiler (6.08s to 12.05s) to
generate a CPython module for the benchmarks evaluated
in this paper. The standard deviation for all benchmarks was
within 1% of the means reported in Table 7.

26
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Code Optimization:
LICM and Dense/Sparse Array Operator Fusion

it = 0
while it < max_iter:

u = 1.0 / x

v = c.spm_mul(1 / (K.T @ u))

x = spmm_dense((1 / r) * K, v)

it += 1

Intrepydd source code (Sinkhorn)

it = 0
# Hoisted loop-invariant expressions
tmp1 = K.T
tmp2 = (1 / r) * K
while it < max_iter:

u = 1.0 / x

v = empty_like(c)
# Fused loop iterating over non-zero elements
for row, col, val in c.nonzero_elements():

tmp3 = 0.0
for idx in range(shape(tmp1, 1)):

tmp3 += tmp1[row, idx] * u[idx, col]
tmp4 = val * (1 / tmp3)
spm_set_item(v, tmp4, row, col)

x = spmm_dense(tmp2, v)

it += 1

Transformed code



Code Optimization: Array Allocation

it = 0
while it < max_iter:

a = b + c   # all 2D arrays
d = zeros_like(a)
b = …        # b is not a loop invariant
…
it += 1

Intrepydd source code Transformed code

a = empty_like(b) 
d = empty_like(a) 
while it < max_iter: 

add(b, c, out=a) 
fill(d, 0)
b = …
…
it += 1



Summary
• Intrepydd programming system 

• General Python-based semantics for data scientists
• High performance through AOT compilation and high-level optimizations
• High portability through support of Python and C++ host programs

• Includes mapping to post-Moore accelerators and architectures 
• Significant single-core performance improvements over Python

• 11.1x - 8809.5x for non-library-dominated benchmarks
• 1.5x improvement for a library-dominated benchmark

• Demonstration of multicore scalability with user-specified parallelism
• Next steps

• Extend to Python-friendly distributed heterogenous runtime frameworks 
• Complete implementations for async, finish, isolated statements
• Complete support for post-Moore accelerators and architectures

29



1. Motivation

2. Intrepydd -- an AOT tool chain for optimization & parallelization of 
Python programs

3. AMPHC – extend Intrepydd for Automating Massively Parallel 
Heterogeneous Computing using Python

4. Conclusions and Next Steps 
30
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AMPHC: Automating Massively Parallel 
Heterogeneous Computing (part of DARPA PAPPA program)
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• Programming Model extensions
• Python: standard Python with common ("messy") coding patterns
• Intrepydd-AMPHC: partially typed ("clean") subset of Python suitable for AOT code generation

• can be written directly or auto-generated from messy Python via "distillation"

• New compiler technologies
• Distillation (input: Python code, output: distilled Python + Intrepydd-AMPHC code)

• clean up code by removing serialization bottlenecks
• identify types, match computational patterns to known libraries

• Annealing (input: Intrepydd-AMPHC code, output: distributed heterogeneous code)
• automatic two-level parallelization: 1) distributed Python wrapper code for execution on Ray-AMPHC 

runtime, and 2) intra-node heterogeneous native code for execution on HClib-AMPHC runtime

• Runtime extensions
• Ray-AMPHC: extensions to Ray runtime to support compiler-generated distributed code with futures, 

actors, and heterogeneity
• HClib-AMPHC: Extensions to Habanero-C runtime library (HClib) to support compiler-generated intra-

node parallel code that interoperates with Ray-AMPHC

Overview of our approach

Use or disclosure of data contained on this page is subject to the restriction on the title page of this document 32



1. Radar Datacube 
Process Flow: Space-Time 
Adaptive Processing 
(STAP)

2. Scalable Distributed 
Data Analytics with 
Dataframes

NOTE: Both application 
domains currently lack 
productive programming 
systems for Massively Parallel 
Heterogeneous Computing

Focus Application Domains for AMPHC project

Use or disclosure of data contained on this page is subject to the restriction on the title page of this document 33

Image source:
https://modin.readthedocs.io/en/l
atest/architecture.html#system-
architecture



Intrepydd extensions for Distributed Heterogeneous Computing 
in AMPHC project

Python code

Intrepydd
front-end

C++ compiler

High-Level Optimizations

C++ code gen

Intrepydd 
kernels

Python
Runtime

+
Python

Libraries
+

Intrepydd
Libraries

kernel-ray.py

raylet
Ray Runtime

raylet
Ray Runtime. . .

no
de

1

N
od

e k

Python code gen

output=cpp mode output=python mode

host=python
mode

Knowledge
Base

Addition of Python code 
generation pass
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Example of Python code generation for Ray-AMPHC runtime

1. def read_array(file):
2. # read ndarray “a” 
3. # from “file” 
4. return a

5. def add(a, b):
6. return np.add(a, b)

7. a = read_array(file1)
8. b = read_array(file2)
9. sum = add(a, b)

Input Function
(after distillation):

1. class Counter(object):
2. def __init__(self):
3. self.value = 0
4. def inc(self):
5. self.value += 1
6. return self.value

7. c = Counter()
8. c.inc()
9. c.inc()

Input Class
(after distillation):

35



Output code generated for Ray-AMPHC runtime

1. @ray.remote
2. def read_array(file):
3. # read ndarray “a” 
4. # from “file” 
5. return a

6. @ray.remote
7. def add(a, b):
8. return np.add(a, b)

9. id1 = read_array.remote(file1)
10.id2 = read_array.remote(file2)
11.id = add.remote(id1, id2)
12.sum = ray.get(id)

1. @ray.remote
2. class Counter(object):
3. def __init__(self):
4. self.value = 0
5. def inc(self):
6. self.value += 1
7. return self.value

8. c = Counter.remote()
9. c.inc.remote()
10. c.inc.remote()

Function à Task Object à Actor

36



1. def task1(steerVector11, dataCube, fftSize, numSamples, 
matchFilterMultiply):

2. beamforming_1D = cp.squeeze(cp.matmul(steerVector11, dataCube))
3. d_X_1D = cp.fft.fft(beamforming_1D, fftSize)
4. d_Y_1D = d_X_1D * d_matchFilterMultiply[idx,:]
5. d_y_1D = cp.fft.ifft(d_Y_1D)
6. d_yNorm_1D = d_y_1D / numSamples
7. return cp.fft.fftshift(d_yNorm_1D)
8.
9. def gen_proc_datacube(…):
10. ... # Initializations
11. d_yNorm = cp.zeros((numPulses, fftSize), …)
12. for idx in range(numPulses):
13. dataCube = obtain_data_cube_slice(…)
14. # Spawn a distributed Ray task
15. d_yNorm[idx,:] = [task1.remote(steerVector11, dataCube, fftSize,
16. numSamples, matchFilterMultiply[idx,:])]
17. # Synchronize on all spawned tasks
18. d_ZTemp = cp.fft.fft(ray.get_all(d_yNorm), 4*numPulses, axis=0)
19. d_Z = cp.fft.fftshift(d_ZTemp, axes=0)
20. return cp.asnumpy(d_Z)

Automatic Distributed + Heterogeneous Parallelization of 
Intrepydd kernels

Python program using NumPy arrays

1. def gen_proc_datacube(…):
2. ... # Initializations
3. beamforming = zeros((numPulses, numSamples), …)
4. for idx in range(numPulses):
5. dataCube = obtain_data_cube_slice(…)
6. beamforming[idx,:] = squeeze(matmul(steerVector11,
7. dataCube))
8. d_X = fft.fft(beamforming, fftSize, axis=1)
9. d_Y = d_X * d_matchFilterMultiply 
10. d_y = fft.ifft(d_Y, axis=1)
11. d_yNorm = d_y / numSamples
12. d_yNorm = fft.fftshift(d_yNorm, axes=1)

13. d_ZTemp = fft.fft(d_yNorm, 4*numPulses, axis=0)
14. d_Z = fft.fftshift(d_ZTemp, axes=0)
15. return d_Z

Output Distributed-Parallel Heterogenous 
code using CuPy and Ray

Space Time Adaptive Processing (STAP)
kernel from signal processing application
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Experimental Setup for Figure 3.4 in Milestone 4 report

38

• NERSC Cori (GPU nodes)
• Intel Xeon Skylake: 2/node, total 40 physical cores
• NVIDIA Volta V100 GPUs: 8/node

• Problem size (data cube)
• # pulses per cube = 100; # channels = 1,000; # samples per pulse = 30,000

è One data cube contains 3 × 109 elements
• Total # data cubes processed = 64

• Compare performance of two variants of STAP Datacube Processing application
1. NumPy code (original version, baseline for comparison)
2. Ray Tasks with automatically generated parallel tasks with CuPy

• Enable inter-node and intra-node parallelism via Ray tasks to use multiple GPUs
• Each task invokes CuPy functions to run on a single GPU

• Timings are for entire application



Parallelization of STAP Kernel on NERSC Cori GPU Nodes
(relative to original NumPy version)
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Using Intrepydd for Data processing at scale

40



● Tesla
● DoD
● Oak Ridge National Lab
● Splunk
● NVIDIA
● Ford
● Intel
● 12+ other small groups
● 5,300+ stars
● 22k installs/month, 230k total (since July 2018 start)
● Reached overall trending on GitHub multiple times (top starred repos of the day)
● This interest shows that Modin is solving problems for real users
● Real-world testbed, let’s leverage this community to help data scientists use 

distributed heterogeneous parallelism

Modin: Current Impact

41



Modin GPU Architecture Modification (Work in progress)

42

● While MODIN-CPU can rely on the shared-memory object store, we have to 
manage the partition placement.



• Data Analysis for Network Security (from Kaggle)
• Dataset: A CSV file with 100M rows and 5 columns
• Use network flow data to uncover anomalous security events (10 questions)

• MovieLens Dataset Preprocessing (Adapted from an example in Pandas author’s 
book)
• Dataset: 2 CSV files with 25M rows and 60K rows respectively
• Preprocessing the dataset for downstream machine learning tasks

End-to-end workflows

43

https://www.kaggle.com/hawkcurry/data-analysis-for-network-security-101-solution
https://github.com/wesm/pydata-book/blob/2nd-edition/ch14.ipynb


• There is a preprocessing stage and a query stage in this workflow.
• Finished the preprocessing stage, and are currently working on the query stage.
• Finished 22 out of the 43 APIs needed by this workflow.

• The first code block is reading a CSV file. Partitions are read as Pandas DataFrames, 
then transferred to GPU. cuDF doesn’t support directly reading large CSV files.

Data Analysis for Network Security

44

Pandas cuDF MODIN-CPU
(24 cores)

MODIN-GPU
(8 GPUs)

Code Block 1 46.90 Out of memory 8.13 17.30

Code Block 2 75.00 Out of memory 36.6 2.42

Code Block 3 44.20 Out of memory 48.7 5.33

31x

8.2x



• This notebook is shorter, but it contains two key APIs missing from the previous workflow: 
join/merge() and pivot_table().

• Here are some initial results for join/merge().

• Heuristic:
• Bypass the object store when 2 partitions are in the same device
• Send smaller partition to the larger partition.

• MODIN-GPU pays the overhead w.r.t cuDF when the data fits in one GPU.

MovieLens Dataset Preprocessing

45

11.8x
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• AMPHC is a new approach to Performant Automation of Parallel 
Program Assembly (PAPPA)
• Performant and portable programming model based on Python 
• Compiler architecture to extract inter-node and intra-node parallelism

• Distillation: clean up aspects of input code that may interfere with 
parallelization (guided by knowledge base)

• Annealing: generate distributed + heterogeneous parallel code that can 
be executed on AMPHC runtime framework

• Runtime framework that supports inter-node parallelism using Ray-
AMPHC and intra-node parallelism using HClib-AMPHC

• Two motivating application domains: signal processing, data 
analytics

Summary

47



1. Motivation

2. Intrepydd -- an AOT tool chain for optimization & parallelization of 
Python programs

3. AMPHC – extend Intrepydd for Automating Massively Parallel 
Heterogeneous Computing using Python

4. Conclusions and Next Steps
48
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Exploring an actor-based model for workloads with short 
asynchronous messages

49

• Selector: Actor model extended with  multiple 
mailboxes

• A  messages is sent to a specific mailbox in 
receiver actor

• Each mailbox can be selectively enabled or 
disabled

• Actor = Selector with one mailbox

• Symmetric Mailboxes: each selector has the same 
set of mailboxes 

• Use of Conveyors for scalable communication with 
automatic message aggregation 

• Automatic termination detection

Selectors: Actors with Multiple Guarded Mailboxes.
S M Imam, V Sarkar, Agere14

“A Scalable Actor-based Programming System for PGAS Runtimes”.  Sri Raj Paul, Kun Chen, Akihiro Hayashi, Vivek Sarkar.



Ideal version (global view):

Conveyors version:

Selector version:
for(int i=0; i<n; i++)  histo[index[i]] += 1;

Histogram example (current: C/C++, future: Python+Ray)

50

1. convey_begin(c);

2. int i=0, spot;

3. while(convey_advance(c, i==n)) {

4. for(;i<n;i++) {

5. spot = index[i] / procs;

6. PE = index[i] % PROCS;

7. if(! convey_push(c, &spot, PE) break;

8. }

9. while(convey_pull( c,&spot, &from))

10. histo[spot]++;

11. }

1. HistoActor * h_actor = new HistoActor();
2. for(int i=0; i < n; i++) {
3. spot = index[i] / PROCS;
4. PE = index[i]%PROCS;
5. h_actor.send(PE, [=]() {lcounts[spot] += 1;});
6. }



Evaluation

51

• Cray XC40™ Supercomputer @ NERSC (Cori)
• Node

• 2  Intel Xeon E5-2698 v3 @ 2.30GHz 16 cores
• 128GB of RAM

• Cray Aries interconnect with Dragonfly topology with a global peak 
bisection bandwidth is 45.0 TB/s

• Maximum 64 Nodes with 32 OpenSHMEM PEs mapped to one node i.e., 
2048 Pes

• Use of Habanero-C/C++ library (HClib)
• One HClib worker thread per PE was used for these results (multiplexes computation 

and communication tasks)



Motivation for use of Conveyors

52

3

NB Time

Histogram OpenSHMEM NBI (cray-shmem 7.7.10) Y 4.3
UPC (Berkley-UPC 2020.4.0) N 23.9
MPI3-RMA (OpenMPI 4.0.2) Y 88.9
MPI3-RMA (cray-mpich 7.7.10) Y >300
Charm++ (6.10.1, gni-crayxc w/ TRAM) Y 9.7
Conveyors (2.1 on cray-shmem 7.7.10) Y 0.5

Index-gather OpenSHMEM (cray-shmem 7.7.10) N 35.5
OpenSHMEM NBI (cray-shmem 7.7.10) Y 4.2
UPC (Berkley-UPC 2020.4.0) N 22.6
UPC NBI (Berkley-UPC 2020.4.0) Y 19.7
MPI3-RMA (OpenMPI 4.0.2) Y 25.8
MPI3-RMA (cray-mpich 7.7.10) Y 8.3
Charm++ (6.10.1, gni-crayxc w/ TRAM) Y 21.3
Conveyors (2.1 on cray-shmem 7.7.10) Y 2.3

TABLE I: (Available in artifact) Absolute performance num-
bers in seconds using best performing variants for Histogram
and Index Gather on 2048 PEs (64 nodes with 32 cores (or PE)
per node) in the Cori supercomputer which performs 223 (⇡
8 million) updates for Histogram and reads for Index Gather.
Each version is annotated with a non-blocking (NB) specifier.

and pull can fail due to a lack of an available item. Due196

to these failures, push and pull operations must always be197

placed in a loop that calls advance to ensure progress and198

to also detect termination. Calling advance too frequently199

can result in extra overheads, while failing to call advance200

when needed can result in livelock or deadlock.201

Listing 3: An example program that uses Conveyors to gather
data from a distributed array[12].

1 struct packet { long slot; long value; } pkt;202
2 int i = 0, from;203
3 bool more;204
4 convey_begin(q); convey_begin(r);205
5206
6 while (more = convey_advance(q, i == n),207
7 more | convey_advance(r, !more)) {208
8 for (; i < n; i++) {209
9 pkt.slot = i;210

10 pkt.value = index[i] / PROCS;211
11 PE = index[i] % PROCS212
12 if (! convey_push(q, &pkt, PE))213
13 break;214
14 }215
15 while (convey_pull(q, &pkt, &from)) {216
16 pkt.value = data[pkt.value];217
17 if (! convey_push(r, &pkt, from)) {218
18 convey_unpull(q);219
19 break;220
20 }221
21 }222
22 while (convey_pull(r, &pkt, &from))223
23 gather[pkt.slot] = pkt.value;224
24 }225

Listing 3 which is a conveyors equivalent of Listing 2 uses226

two conveyors, q and r where conveyor q is used for sending227

and processing queries and conveyor r is used for sending228

and processing responses. The array location that needs to229

be accessed is sent to the PE that owns that portion of the230

array at Line 12. The target PE pulls this query at Line 15231

and processes it. While processing the query, it gets the value232

from the data array and returns this value to the requester233

using convey_push in Line 17.234

Although the performance and scalability of the Conveyors235

based implementations is excellent, the programs are neither236

easy to write nor easy to understand. The application pro-237

grammer has to take care of error-handling operations as238

well as retry operations that are interleaved with advance239

operations. These complexities place a significant burden on 240

programmer productivity and assumes a high expertise level. 241

Table I demonstrates that user-directed message aggregation 242

with Conveyors can achieve much higher performance com- 243

pared to non-blocking operations in state of the art commu- 244

nication libraries/systems, some of which includes automatic 245

message aggregation [15], [16]. 246

IV. DESIGN 247

A. High-Level Design 248

Our primary goal is to support a high-level actor pro- 249

gramming model for PGAS applications that delivers com- 250

parable performance to that of explicit user-directed message 251

aggregation and termination. Since we use Conveyors as the 252

underlying communication layer in our runtime, we would like 253

to keep users from worrying about 1) the lack of available 254

buffer space (convey_push), 2) the lack of an available 255

item (convey_pull), and 3) the progress and termination 256

of communications (convey_advance). We believe that 257

the use of the Actor/Selector model is well suited for this 258

problem since its programming model productively enables the 259

specification of lightweight asynchronous message passing. 260

1) Abstracting buffers as mailboxes: Since the mailbox 261

in the actor model is analogous to the buffer in aggrega- 262

tion libraries, the use of mailbox becomes a good fit for 263

abstracting convey_push and convey_pull operations. 264

Thus, we map convey_push to Actor.send, and map 265

convey_pull to Actor.process, and leave it to the run- 266

time to handle buffer/item failures and progressing/terminating 267

communication between actors (mailboxes). More details on 268

how the runtime takes care of failure scenarios are given 269

in Section V-B. 270

Another design decision is to treat a mailbox as a scalable 271

distributed object and partition it across PEs, which is analo- 272

gous to how memory is accessed in the PGAS programming 273

model. This partitioned global actor design allows users to 274

access a target actor’s mailbox quickly (i.e., via a target PE 275

ID: Actor.send(. . ., PE);) instead of searching for the 276

corresponding actor object across multiple nodes. 277

2) Supporting Selectors: Among the two patterns discussed 278

in Section III, the gather pattern differs from the update 279

pattern by the fact that it involves communication in two 280

directions, namely request and response. Since it is challenging 281

for actors to implement such synchronization and coordination 282

patterns, this motivates us to instead use a ‘Selector’ [4], which 283

is an actor with multiple mailboxes, as a high-level abstraction. 284

For example, for the gather pattern, users are only supposed 285

to create two mailboxes (one for Request, the other for 286

Response) and implement Selector.process functions 287

for the two mailboxes. This partitioned global selector design 288

enables a uniform programming interface across the different 289

communication patterns. 290

3) Progress and Termination: In general, the Actors/S- 291

electors model provides an exit operation to terminate 292

actors/selectors. One may think that it is natural to expose 293

this operation to users. However, due to the asynchronous 294

communication aspect, one problem with this termination 295

Absolute performance in seconds using best performing variants for Histogram and Index Gather on 2048 
PEs (64 nodes with 32 cores (or PE) per node) in the Cori supercomputer which performs 223 updates for 
Histogram and reads for Index Gather. (NB indicates if non-blocking communication was used.)
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Performance results for Topological Sort and Triangle 
Counting Mini-Apps (Bale 2.1)
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Holy Grail:
• Domain expert specifies application 

and algorithm with declarative 
parallelism and semantics 
guarantees

• Compiler generates multi-version 
code for multiple target devices and 
inputs

• Runtime schedules compute and 
data movement tasks on distributed 
heterogeneous HPC platform

Exciting times for Extreme Scale 
Programming Models and Middleware:
• New applications (Deep Learning, Data 

Science, Real-time, …)
• New languages (Python, Rust, DSLs,  …)
• New parallel hardware (clusters, 

multicore, accelerators, vector units, 
matrix units, …)

Conclusion: Abstraction without Apology!
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