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Problem

Have been looking for a common story for teaching

▶ Introduction to C++ (1st semester BSc)

▶ Introduction to AD (3rd/5th semester BSc)

▶ Advanced AD (5th semester BSc / MSc)

for a while.

Aiming for shortest path to playing chain rule on directed acyclic graphs.
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Solution

“Careful Man. There’s A Beverage Here!”
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Recipes

1 void recipe cost(
2 const std::vector<mixable> &x,
3 std::vector<mixable> &y
4 ) {
5 y[0]=0.6∗x[0]+0.4∗x[1];
6 y[1]=0.8∗y[0]+0.2∗x[2];
7 }

x =

Vodka

Kahlua

Cream


y =

(
Black Russian

White Russian

)
for given mixing ratios, e.g.,
Black Russian contains 60%
Vodka and 40% Kahlua.

0 (Vodka)

3 (Black Russian)

0.6

1 (Kahlua)

0.4

2 (Cream)

4 (White Russian)

0.20.8

x =

30
20
5

 ⇒ y =

(
26
21.8

)
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Disclaimer

Alcoholic beverages are not a crucial prerequisite for the conceptual soundness
of the upcoming story!
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BTW ...

0 (Vodka)

2 (Black Russian)

0.6

3 (White Naumann)

0.5

1 (Kahlua)

0.4

0.5
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Pricing (a Recipe)

E.g., for unit cost of Vodka = 30, Kahlua = 20, and Cream = 5 :

Note: Recipe cost is linear and, hence, self-tangent. (Not a problem ...)

0 (30)

3 (26)

0.6

1 (20)

0.4

2 (5)

4 (21.8)

0.20.8

Tangent:

v̇j =
∑
i∈Pj

∂vj
∂vi

· v̇i
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Stocking (for a Recipe)

E.g., 100 Black and 10 White Russians:

0 (64.8)

3 (108)

0.6

1 (43.2)

0.4

2 (2)

4 (10)

0.20.8

Adjoint:

v̄i = v̄i +
∑
j∈Si

v̄j ·
∂vj
∂vi
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Consequences, e.g., ...

▶ Vector modes for recipe cost and recipe stock
... vector tangent and adjoint AD [1]

▶ Compression of sparse recipe summaries
... Jacobian compression [2]

▶ NP-hardness of Recipe Summary
... Jacobian Accumulation [3]

▶ NP-hardness of Recipe Stock
... DAG Reversal [4]

▶ Checkpointing recipe stock code
... checkpointing adjoint code [5]

▶ (Generalized) Elimination techniques for Recipe Summary
... AD Mission Planning [6]
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And Yes, ...

... solutions for Recipe Summary may require face elimination [7]!

0: 1, 22.56

4: 1.4, 25.6

0.6

7: 1.14, 8

0.9

1: 2, 10.24

0.4

2: 3, 31.84

5: 3.4, 39.8

0.8

3: 5, 11.36

0.2

10: 2.66, 34

0.1

6: 2.4, 46

0.5

8: 2.2, 13

0.2

0.5

9: 3.2, 21

0.8

0.1 0.8 0.2 0.9
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Outlook

Next week ...
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AD wishes Merry Xmas

y =
n−1∑
i=0

x2i · x2i+1

x0 x1

·

0 0

·

0 0

·

x2i x2i+1

·

∑

. . .. . .

x1 x0 x2i+1 x2i0 0 0 0

Live ...
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AD wishes Merry Xmas

AD is used to implement type-generic tangent and adjoint versions of

y =
n−1∑
i=0

x2i · x2i+1

in C++. Instantiations with the data type of x equal to char and output of the
gradient at (101 77 114 114 32 121 109 88 115 97)T to std::cout yields

Merry Xmas.

Zeros can be added to the input vector to explore the significantly varying run
times of the different derivative codes while not modfiying its output.
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AD wishes Happy 2026

y =
1

6
·
n−1∑
i=0

x3i

d2y

dx2
=


x0 0 · · · 0
0 x1 · · · 0
...

...
. . .

...
0 0 · · · xn−1



Live ...
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AD wishes Happy 2026

Type-generic sparsity-aware second-order tangent and second-order adjoint
versions of

y =
1

6
·
n−1∑
i=0

x3i

yield

Happy 2026

at (72 97 112 112 121 32 50 48 50 54)T .

Zeros can be added to the input vector to explore the significantly varying run
times of the different derivative codes while not modfiying its output.
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Conclusion

Refer to

U.N.: Seasons’s Greetings by AD. arXiv:2402.09409v2 [cs.CE], 2025.

and

https://github.com/un110076/SeasonsGreetings.

for the full story.

Merry Xmas and Happy 2026!
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