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C yero Bce Ha4YMHanocb

NaHo:
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UTepupyemcsa TOUKa

To iterate over the rows of a DataFrame, you can use the following methods:

e iterrows() : Iterate over the rows of a DataFrame as (index, Series) pairs. This converts the
rows to Series objects, which can change the dtypes and has some performance implications.

e itertuples() : Iterate over the rows of a DataFrame as namedtuples of the values. This is a lot
faster than iterrows() , and is in most cases preferable to use to iterate over the values of a
DataFrame.
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To iterate over the rows of a DataFrame, you can use the following methods:

e iterrows() : Iterate over the rows of a DataFrame as (index, Series) pairs. This converts the
rows to Series objects, which can change the dtypes and has some performance implications.

e itertuples() : Iterate over the rows of a DataFrame as namedtuples of the values. This is a lot

aster than iterrows() ,)and is in most cases preferable to use to iterate over the values of a
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NTepupyemcsa

To iterate over the rows of a DataFrame, you can use the following methods:

seconds took

e iterrows() : Iterate over the rows of a DataFrame as (index, Series) pairs. This converts the
rows to Series objects, which can change the dtypes and has some performance implications.

e itertuples() : Iterate over the rows of a DataFrame as namedtuples of the values. This is a lot

aSter than iterrows() )and is in most cases preferable to use to iterate over the values of a

Iteration speed on the number of rows in a dataframe

—eo— iterrows()

~—e— itertuples()
2000

1500
1000

500

1 2 3 4 5 6 i 8

10"n rows in dataframe

TOYKa
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UTepupyemcsa TOUKa

To iterate over the rows of a DataFrame, you can use the following methods:

e iterrows() : Iterate over the rows of a DataFrame as (index, Series) pairs. This converts the
rows to Series objects, which can change the dtypes and has some performance implications.

e itertuples() : Iterate over the rows of a DataFrame as namedtuples of the values. This is a lot

aSter than iterrows() )and is in most cases preferable to use to iterate over the values of a

11



seconds took

NTepupyemcsa

Iteration speed on the number o@n a dataframe

2000

1500

1000

aster than iterrows() |

4 5

TOUKa
To iterate over the rows of a DataFrame, you can use the following methods:
e iterrows() : Iterate over the rows of a DataFrame as (index, Series) pairs. This converts the
rows to Series objects, which can change the dtypes and has some performance implications.
e itertuples() : Iterate over the rows of a DataFrame as namedtuples of the values. This is a lot
and is in most cases preferable to use to iterate over the values of a
Iteration speed on the number oin a dataframe
—e— iterrows() —e— iterrows()
—e— itertuples() —e— _itertuples()
80
60
ng 40
20
e 0
8 1 2 3 4 5 6

10"n rows in dataframe

10”n columns in dataframe
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NTepupyemcsa

TOYKa

To iterate over the rows of a DataFrame, you can use the following methods:

e iterrows() : Iterate over the rows of a DataFrame as (index, Series) pairs. This converts the

rows to Series objects, which can change the dtypes and has some performance implications.

e itertuples() : Iterate over the rows of a DataFrame as namedtuples of the values. This is a lot

aSter than iterrows() ,

and is in most cases preferable to use to iterate over the values of a

Iteration speed on the number of rows in a dataframe with 1000 columns

100

80

60

40

20

~—o— jterrows()
~e— jtertuples()

npw 1000+ KOMOHOK - CTOUT
MCMoNb30BaTb iterrows

2 3 4 5 6

10"n rows in dataframe
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NTepupyemcs

$memit pd.DataFrame (np.random.rand(10%6,

1000))

peak memory: 139.55 MiB, increment: 0.86 MiB

$memit pd.DataFrame (np.random.rand(10%*6,

1000))

peak memory: 143.27 MiB, increment: 4.67 MiB

iterrows ()

TOYKa
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NTepupyemcs

$memit pd.DataFrame (np.random.rand(10*6, 1000)).iterrows()

peak memory: 139.55 MiB, increment: 0.86 MiB

$memit pd.DataFrame (np.random.rand(10*6, 1000)).itertuples()

peak memory: 143.27 MiB, increment:(4.67 MiB

TOYKa
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NTepupyemcsa
$memit pd.DataFrame (np.random.rand(10*6, 1000)) .iterrows()
peak memory: 139.55 MiB, incrementzi?zgg:gggj\
$memit pd.DataFrame (np.random.rand(10*6, 1000)) .itertuples()

peak memory: 143.27 MiB, increment:<§255:§;£:>\
B !E; Pa3

MeHblle NaMaT notpebngaeT
iterrows no cpaBHeHUIO C itertuples
npwv 60nbLUMX AaTadpenmax

TOYKa
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NTepupyemcsa

TOYKa

1. Stop using iterrows() :

» Data manipulation often requires iterating over dataframe rows.

* iterrows() is often the go-to option for such use cases. However, it is
notoriously slow and can be easily swapped by itertuples() .

Hanpumep, ureparius 1o CTpokaM ¢ IOMOLIbIO MeTo/a .iterrows(). DTo
HauboJslee Me/IJIEHHBIN CIIOCO0, K TOMY Ke He COXpaHseT TUIIBI JaHHBIX.
Jpyrue BapuaHTBl — UCI0JIb30BaTh .itertuples(), rae Ha KaXXA0HU UTepaluu
CTpOKa paccMaTpHUBaeTcs KaK UMeHOBaHHBIN tupple. DTo Bo MHOro pas

opicTpee, yeM .iterrows(). Emje ogun anamor — .iteritems().

17



NTepupyemcsa

Find in Files 21 matchesin 9files File mask: *.py Y| #
.iterrows()|

InProject Module Directory Scope /home/digitaljay/sales_ml/best-prel ~ .. Tz
Find in Files File mask: *.py Y| #
Q- .itertuples()

InProject Module Directory Scope [home/digitaljay/sales_ml/best-prel ~ ... %=

Search with Regex Alt
Open results in new tab Ctri+Enter  Openin Find Window

TOYKa

18



0O OoTnycKa - 25 gHenn =~ 7 ° TOUKa

2X speed up

iterrows -> itertuples
Ypa! Tenepb 00 KOHLA NpocYeTa AaHHbIX - Bcero 183 aH4!




UTepupyemcsa TOUKa

To iterate over the rows of a DataFrame, you can use the following methods:

e iterrows() : Iterate over the rows of a DataFrame as (index, Series) pairs. This converts the
rows to Series objects, which can change the dtypes and has some performance implications.

e itertuples() : Iterate over the rows of a DataFrame as namedtuples of the values. This is a lot
faster than iterrows() , and is in most cases preferable to use to iterate over the values of a
DataFrame.

20



NTepupyemcs

TOYKa

To iterate over the rows of a DataFrame, you can use the following methods:

e iterrows() : Iterate over the rows of a DataFrame as (index, Series) pairs. This converts the
rows to Series objects, which can change the dtypes and has some performance implications.

e itertuples() : Iterate over the rows of a DataFrame as namedtuples of the values. This is a lot
faster than iterrows() , and is in most cases preferable to use to iterate over the values of a
DataFrame.

/A Warning

Iterating through pandas objec

 is generally slowNIn many cases, iterating manually over

the rows is not needed and can be-ewvordedwithh one of the following approaches:

« Look for a vectorized solution: many operations can be performed using built-in
methods or NumPy functions, (boolean) indexing, ...

« When you have a function that cannot work on the full DataFrame/Series at once, it is
better to use apply() instead of iterating over the values. See the docs on function
application.

« If you need to do iterative manipulations on the values but performance is important,
consider writing the inner loop with cython or numba. See the enhancing performance
section for some examples of this approach.

21
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apply?

Apply

The ‘apply' function effectively does the same thing as the loop. It will create a new column titled

TOYKa

reward and apply the calculatiqg
a faster way to run a loop to yo

3. apply() is just a glorified for loop:
» A more traditional way of applying a function to dataframe rows

involves using apply() method.

* Under the hood, apply() uses aloop with an added overhead. It can

often be avoided by leveraging vectorized operations.

23



seconds took

apply?

Function application speed on the number of rows in a dataframe with 10 columns

100

80

60

40

20

—e— for

—e— apply

~e— apply, raw=True
~=e— numpy

4 5 6 7
10"n rows in dataframe
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apply? TOUKa

Function application speed on the number of columns in a dataframe with 10 rows

seconds took

250 ~—e— for
—e— apply
~e— apply, raw=True
200 === numpy
150
100
50
0 = 3 —
1 3 4 6

10"n columns in dataframe

25



apply? TOYKa

# for
$memit [sum_with_changing _sign(i) for i in df.to_numpy ()]

peak memory: 219.48 MiB, increment: 2.40 MiB

# apply

smemit df.apply(sum_with_changing_sign)

peak memory: 218.34 MiB, increment: 3.28 MiB

# apply, raw=True

$memit df.apply(sum_with_changing_sign, raw=True)
peak memory: 217.59 MiB, increment: 0.72 MiB

# numpy
$memit np.sum(df.to_numpy() * ((np.indices(df.shape).sum(axis=0) % 2) + ((np.indices(df.shape).sum(axis=0) % 2)-1))*(-1),

« I
peak memory: 520.99 MiB, increment: 303.49 MiB

axi

»

26



apply?

Function application

To apply your own or another library’s functions to pandas objects, you should be aware of the three
methods below. The appropriate method to use depends on whether your function expects to operate
on an entire DataFrame Or Series , row- or column-wise, or elementwise.

1. Tablewise Function Application: pipe()
2. Row or Column-wise Function Application: apply()
3. Aggregation API: agg() and transform()

4. Applying Elementwise Functions: map()

TOYKa

27



apply? TOUKa

Find in Files 58 matchesin 28 files File mask: *.p Y| #»
“- .apply(

In Project Module Directory Scope [home/digitaljay/sales_ml/best-prel ~ .. %=
Find in Files File mask: *.py Y | ®
L raw=True

InProject Module Directory Scope [home/digitaljay/sales_ml/best-prel ~ .. T

Open results in new tab Ctrl+Enter  Openin Find Window




0o oTnycka - 20 gHenn ~  © ¢ TOUKa

1.8X speed up

apply -> apply(raw=True)
Ypa! Tenepb 00 KOHLLA NpocYeTa OaHHbIX - Bcero 100 oHewn!




apply? TOUKa

df = no_phone_key[["id", "ad_login"]].merge(df, on=["id", "ad_login"], how="left")



merge



merge: Hy)XHO Bbl6paTb NoaBbl6OpPKY TOUKa

Database-style DataFrame or named Series
joining/merging

pandas has full-featured_high performancejJin-memory join operations idiomatically very similar to
relational databases like SQL. These methods perform significantly better (in some cases well over

an order of magnitude better) than other open source implementations (like

base::merge.data.frame in R). The reason for this is careful algorithmic design and the internal
layout of the data in DataFrame .

See the cookbook for some advanced strategies.

Users who are familiar with SQL but new to pandas might be interested in a comparison with SQL.

/pm a single function, merge() , as the entry point for all standard database join
(_ operations between DataFrame or named Series objects:

32



178

merge: Hy>XHO Bbl6paTb NoaBblI6OPKY

df
179 | + df

no_phone_key[["id", "ad_login"]].merge(df, on=["id", "ad_login"], how="left")
df.set_index(["id", "ad_login"]).loc[no_phone_key[["id", "ad_login"]], :].reset_index()

TOYKa
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merge: Hy)XHO Bbl6paTb NoaBbl6OpPKY TOUKa

179

seconds took

df
df

no_phone_key[["id", "ad_login"]].merge(df, on=["id", "ad_login"], how="left")
df.set_index(["id", "ad_login"]).loc[no_phone_key[["id", "ad_login"]], :].reset_index()

Merge speed on the number of columns in a dataframe with 10 columns

~—e— merge
4 ~—e— |oC

35

25

15

0.5

2 25 3 35 4 45
10"n rows in dataframe

o
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merge: Hy)XHO Bbl6paTb NoaBbl6OpPKY TOUKa

# merge
$memit no_phone_key[['id', 'ad_login']].merge(df, on=['id', 'ad_login'], how='left')

peak memory: 2494.50 MiB, increment: 1046.69 MiB

# loc
gmemit df.set_index(['id', 'ad_login']).loc[no_phone_key[['id', 'ad login']].values.tolist (), :].reset_index()

peak memory: 2269.16 MiB, increment: 818.97 MiB



178

merge: Hy>XHO Bbl6paTb NoaBblI6OPKY

df
179 | + df

no_phone_key[["id", "ad_login"]].merge(df, on=["id", "ad_login"], how="left")
df.set_index(["id", "ad_login"]).loc[no_phone_key[["id", "ad_login"]], :].reset_index()

TOYKa
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merge: HY>XHO Bbli6paTb NoABbIGOPKY

df
179 | + df

df.set_index(["id", "ad_login"]).loc[no_phone_key[["id", "ad_login"]],

INNER JOIN

no_phone_key[["id", "ad_login"]].merge(df, on=["id", "ad_login"], how="left")

:].reset_index()

TOYKa
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merge: HY>KHO Bbl6paTb NoABbIGOPKY

LEFT JOIN

TOYKa

38



merge: HY>XHO Bbli6paTb NoABbIGOPKY

?

LEFT JOIN

TOYKa
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181
182

merge: Korga rnpocTo loc He KaHaeT

180
181
182
183
184
185

df

df

no_phone_key[["id", "ad_login"]].merge(df, on=["id",

loc_with_fill(

fields_to_loc=["id", "ad_login"],
frame_to_take_as_index=no_phone_key,
frame_to_loc_from=df,
drop_duplicates=False,

"ad_login"], how="left")

TOYKa
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merge: Korga npocTo loc He KaHaeT

134
135
136
137
138
139
140
141
142
143
144
145
146
147

- def loc_with_fill(

fields_to_loc: List[str],
frame_to_take_as_index: DataFrame,
frame_to_loc_from: DataFrame,
drop_duplicates=False,

+ ) -> DataFrame:

ind_frame = frame_to_take_as_index[fields_to_loc]
if drop_duplicates:
ind_frame = ind_frame.drop_duplicates()
if len(fields_to_loc) > 1:
reindex = MultiIndex.from_frame(ind_frame)
else:
reindex = Index(ind_frame[fields_to_loc[0]].values)
return frame_to_loc_from.set_index(fields_to_loc).reindex(reindex).reset_index(names=fields_to_loc)

TOYKa
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merge: Korga npocTo loc He KaHaeT

def loc _with_ fill(
fields_to_loc: List[str],
frame_to_take_as_index: DataFrame,
frame_to_loc_from: DataFrame,
drop_duplicates= 7
) -> DataFrame:
ind_frame = frame_to_take_as_index[fields_to_loc]
if drop_duplicates:
ind_frame = ind_frame.drop_duplicates()
if len(fields_to_loc) >
reindex = MultiIndex.from_frame(ind_ frame)
else:

reindex = Index(ind_frame[fields_to_loc[0]].values)

147 | + return frame_to_loc_from.set_index(fields_to_loc).reindex(reindex).reset_index(names=fields_to_loc)

TOYKa
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merge: Koraa npocTo loc He KaHaeT

pandas.DataFrame.reindex

DataFrame.reindex( labels=None, *, index=None, columns=None, axis=None,

method=None, copy=None, level=None, fill_value=nan,

limit=None,

tolerance=None) "
>>> 1ndex

Conform DataFrame to new index with optional filling| = >>> 7 =

; : : : df
Places NA/NaN in locations having no value inthe pr| =~~~
Firefox

unless the new index is equivalent to the current one Al

Safari
IE10
Konqueror

= ['Firefox', 'Chrome', 'Sa

pd.DataFrame({'http_status':
'response_time':

index=index)

http_status response_time

200 0.04
200 0.02
404 0.07
404 0.08
301 1.00

fari', 'IE10', 'Konqueror']
[200, 200, 404, 404, 301],
[06.04, 0.02, 0.07, 0.08, 1.0]},

Create a new index and reindex the dataframe. By default values in the new index that do not
have corresponding records in the dataframe are assigned naN .

>>> new_index = ['Safari', 'Iceweasel', 'Comodo Dragon', 'IE10'
o 'Chrome']
>>> df.reindex(new_index)
http_status response_time
Safari 404.0 0.07
Iceweasel NaN NaN
Comodo Dragon NaN NaN
IE10 404.0 0.08
Chrome 200.0 0.02

TOYKa
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merge: Korga npocTo loc He KaHaeT

181
182

seconds took

180
181
182
183
184
185

df

df

no_phone_key[["id", "ad_login"]].merge(df, on=["id",

= loc_with_fill(
fields_to_loc=["id", "ad_login"],
frame_to_take_as_index=no_phone_key,
frame_to_loc_from=df,
drop_duplicates=False,

Merge speed on the number of columns in a dataframe

"ad_login"], how="left")

3 4 5

10"n rows in dataframe

TOYKa

—e— merge
~o— |oc_with_fill
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merge: Korga npocto loc He kaHaeT TOYKa

[5]: # merge
$memit no_phone_key[['id', 'ad login']].merge(df, on=['id', 'ad_login'], how='left')

peak memory: 7195.32 MiB, increment: 96.28 MiB

[5]: | # loc with fill

$memit loc_with_fill (fields_to_loc=['id', 'ad_login'], frame_to_take_as_index=no_phone_key, frame_to_loc_from=df, drop_duplicat

« I ————————

peak memory: 7206.66 MiB, increment: 106.60 MiB

»
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193

merge: a npaBAa M merge - 310 join? TOUKa

194

df
df

no_phone_key[["id", "ad_login"]].merge(df, how="left", on=["id"])
no_phone_key[["id", "ad_login"]].set_index("id").join(df.set_index("id"), how="1left").reset_index()
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193

merge: a npaBAa M merge - 310 join? TOUKa

df
194 | + df

no_phone_key[["id", "ad_login"]].merge(df, how="left", on=["id"])
no_phone_key[["id", "ad_login"]].set_index("id").join(df.set_index("id"), how="1left").reset_index()

Merge speed on the number of columns in a dataframe

~—e— merge
— join

4

= 4

o

e

[%2]

o

&

5] 2

@

2]

0 L *

2 3 4 5 6

-~

10"n rows in dataframe
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merge: a npaBAa M merge - 310 join? TOUKa

193 - df
194  + df

no_phone_key[["id", "ad_login"]].merge(df, how="left", on=["id"])
no_phone_key[["id", "ad_login"]].set_index("id").join(df.set_index("id"), how="1left").reset_index()

Merge speed on the number of columns in a dataframe

- merge
~—e— join
x 4 2696 CTPOK CcypcoB O14
o
@ onTMMM3aLNU
| =
S 2
3 /
0 [ > -
2 3 4 -+ 6 7

10"n rows in dataframe
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merge: a npaBAa M merge - 310 join?

# merge

$memit dfl.merge (df2, left_on=['dfl_joinl'], right_on=['df2_joinl'], how='inner')

peak memory: 5105.04 MiB, increment: 3129.31 MiB

# join
$memit dfl.set_index('dfl_joinl').join(df2.set_index('df2_joinl'),

peak memory: 8457.75 MiB, increment: 6480.49 MiB

how='inner') .reset_index()

TOYKa
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merge: indicator u ero onTumMmnsaumsa TOUKa

37
38
39
40
41
42
43

44
45
46

38
39
40
41
42
43
44
45
46
47
48
49
51¢)
51

52
53

cached_features = validate_prelead_features(cached_features, feature_category)
cache_presence_indicator = key.merge(
cached_features[index_cols].drop_duplicates(),
indicator=True,
how="1eft",
on=index_cols,
)

cached_features = validate_prelead_features(cached_features, feature_category).set_index(index_cols)

key = key.set_index(index_cols)
if len(cached_features) > 0:
keys_in_cache = (
key.copy().loc[key.index.intersection(cached_features.index), :].reset_index(names=index_cols)
)
keys_not_in_cache = (
key.copy().loc[key.index.difference(cached_features.index), :].reset_index(names=index_cols)
)
else:
keys_in_cache = pd_DataFrame(columns=key.columns)
keys_not_in_cache = key.copy().reset_index(names=index_cols)

keys_in_cache = key[(cache_presence_indicator["_merge"] == "both").values]
keys_not_in_cache = key[(cache_presence_indicator["_merge"] == "left_only").values]
key.reset_index(names=index_cols, inplace=True)
cached_features.reset_index(names=index_cols, inplace=True)

50



merge: indicator u ero onTumMmnsaumsa TOUKa

42
43
44
45
46
47

cached_features = validate_prelead_features(cached_features, feature_category)
cache_presence_indicator = key.merge(
cached_features[index_cols].drop_duplicates(),
indicator= :
how="1left",
on=index_cols,
)

cached_features = validate_prelead_features(cached_features, feature_category).set_index(index_cols)

key = key.set_index(index_cols)
if len(cached_features) >
keys_in_cache = (
key.copy().loc[key.index.intersection(cached_features.index), :].reset_index(names=index_cols)
)
keys_not_in_cache = (
key.copy().loc[key.index.difference(cached_features.index), :].reset_index(names=index_cols)
)
else:
keys_in_cache = pd_DataFrame(columns=key.columns)
keys_not_in_cache = key.copy().reset_index(names=index_cols)

keys_in_cache = key[(cache_presence_indicator["_merge"] == "both").values]
keys_not_in_cache = key[(cache_presence_indicator["_merge"] == "left_only").values]
key.reset_index(names=index_cols, inplace= )
cached_features.reset_index(names=index_cols, inplace= )
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seconds took

merge: indicator n ero ontuMmnsaum9a

Merge speed on the number of columns in a dataframe

40

30

20

10

10”n rows in dataframe

TOYKa

--e— merge

~-eo— |ogic
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merge: indicator u ero ontTumMmnsaumsa

# merge
$memit merge_logic(key, cached_features, index_cols)

peak memory: 7243.54 MiB, increment: 83.61 MiB

# logic with intersection
$memit intersect_logic (key, cached_features, index_cols)

peak memory: 7234.76 MiB, increment: 79.11 MiB

TOYKa
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merge TOUKa

Find in Files 56 matchesin 24 files | File mask: *.py @~ Y »
- .merge(
In Project Module Directory Scope /home/digitaljay/sales_ml/best-prel ~ .. Tz
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po otnycka -10 gHen ~ ¢ ¢ TOUKa

2X speed up

merge -> loc/reindex
Ypa! Tenepb 00 KOHLLA NPOCYeTa OaHHbIX - Bcero 50 aHewn!
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TUMNbI OaHHDbIX



TUMNbl AaHHbIX

Kind of
Data

tz-aware

datetime
Categorical

period
(time
spans)

sparse

intervals

nullable
integer

nullable
float

Strings

Boolean
(with NA)

Data Type

DatetimeTZDtype

CategoricalDtype

PeriodDtype

SparseDtype

IntervalDtype

Int64Dtype , ...

Float64Dtype , ...

StringDtype

BooleanDtype

Scalar

Timestamp

(none)

Period

(none)

Interval

(none)

(none)

str

bool

Array

arrays.DatetimeArray

Categorical

arrays.PeriodArray

'Period[<freqg>]"'

arrays.SparseArray

arrays.IntervalArray

arrays.IntegerArray

arrays.FloatingArray

arrays.StringArray

arrays.BooleanArray

String Aliases

'datetime64[ns, <tz>

‘category’

'period[<freg>]'

'Sparse', 'Sparse[in

‘Sparse[float]'

'interval' , 'Interva
'Interval[<numpy_dty
'Interval[datetime64
<tz>]]'

'Interval[timedeltaé:

‘Int8', 'Int16', | 'In
'Int64' ,|'UInt8', 'U
'UInt32', 'UInt64’

'Float32' , 'Floaté4'

'string'

'boolean’

TOYKa
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seconds took

TUMNbI gaHHbIX: int TOUYKa

Calculation speed on the number of rows in a dataframe

—eo— int64
~—e— [nt32
15 ~eo— int1l6
o int8
1 ~~e- uint64
e uint32
0.5 o uint16
uint8
0 1 1

1 2 3 4 5 6

10”n rows in dataframe
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seconds took

TUNbl AaHHbIX: int

Calculation speed on the number of rows in a dataframe

15

0.5

3 4

10”n rows in dataframe

TOYKa

—o— nt64

——_ |
o int8
~—e- uint64
e uint32

e Uint1l6
uint8

59



TUMNbI gaHHbIX: int TOUYKa

o

0

-

Addressing a specific part of your quote:

For example, when reading a 16-bit value on a 64-bit machine, a full 64 bits worth of data
must still be read from memory. The desired 16-bit field then has to be masked off and
possibly shifted into place within the destination register.

This is true for some architectures, but not all of them. Particularly, the x86-64 architecture has
instructions fi rking directly with 16-bit values, so doing so on that architecture will not require
mask and shift operations. Futhermore, while 64 bits[1] will still be fetched from memory;, if
subsequent instructions need to use the data in the other 48 bits they will be able to do so without
needing to access main memory again due to the processor's cache. For this architecture
specifically, therefore, this advice is wrong.

[1]: or, more likely, 128 bits, as this is the width of the cache on most modern processors

Share Improve this answer Follow answered Jun 15, 2020 at 23:00

occipita
209 @2 o5
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TUNbl AaHHbIX: int

# inté4
$memit (pd.DataFrame (np.random.randint (100, size=(10%*7,

peak memory: 997.96 MiB, increment: 852.95 MiB

# uinté4
$memit (pd.DataFrame (np.random.randint (100, size=(10%**7,

peak memory: 1755.40 MiB, increment: 1611.11 MiB

# int32
$memit (pd.DataFrame (np.random.randint (100, size=(10%**7,

peak memory: 1378.75 MiB, increment: 1234.32 MiB

# uint32
$memit (pd.DataFrame (np.random.randint (100, size=(10%*7,

peak memory: 1377.25 MiB, increment: 1234.32 MiB

# intlé
$memit (pd.DataFrame (np.random.randint (100, size=(10%**7,

peak memory: 1181.45 MiB, increment: 1038.37 MiB

# uintlé
$memit (pd.DataFrame (np.random.randint (100, size=(10%**7,

peak memory: 1173.63 MiB, increment: 1030.44 MiB

# int8
$memit (pd.DataFrame (np.random.randint (100, size=(10%*7,

peak memory: 1092.50 MiB, increment: 950.10 MiB

# uint8
$memit (pd.DataFrame (np.random.randint (100, size=(10%**7,

peak memory: 1095.40 MiB, increment: 951.97 MiB

10)),

10)),

10)),

10)),

10)),

10)),

10)),

10)),

dtype='int64')>50) .sum(axis=1)

dtype='uint64')>50) .sum(axis=1)

dtype='int32"')>50) .sum(axis=1)

dtype='uint32')>50) . sum(axis=1)

dtype='int16')>50) .sum(axis=1)

dtype='uint16')>50) .sum(axis=1)

dtype='int8')>50) .sum(axis=1)

dtype='uint8')>50) .sum(axis=1)

TOYKa
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TUNbl AaHHbIX: int

# inté4

$memit (pd.DataFrame (np.random.randint ize=(10%**7,

peak memory: 997.96 MiB, increp@nt: 852.95 MiB

# uinté4
$memit (pd.DataFrame (np.random.randint (100, size=(10%**7,

peak memory: 1755.40 MiB, increment: 1611.11 MiB

# int32
$memit (pd.DataFrame (np.random.randint (100, size=(10%**7,

peak memory: 1378.75 MiB, increment: 1234.32 MiB

# uint32
$memit (pd.DataFrame (np.random.randint (100, size=(10%*7,

peak memory: 1377.25 MiB, increment: 1234.32 MiB

# intlé
$memit (pd.DataFrame (np.random.randint (100, size=(10%**7,

peak memory: 1181.45 MiB, increment: 1038.37 MiB

# uintlé
$memit (pd.DataFrame (np.random.randint (100, size=(10%*7,

peak memory: 1173.63 MiB, increment: 1030.44 MiB

# int8
$memit (pd.DataFrame (np.random.randint (100, size=(10%*7,

peak memory: 1092.50 MiB, increment: 950.10 MiB

# uint8
$memit (pd.DataFrame (np.random.randint (100, size=(10%**7,

peak memory: 1095.40 MiB, increment: 951.97 MiB

10)),

10)),

10)),

10)),

10)),

10)),

10)),

10)),

dtype='int64')>50) .sum(axis=1)

dtype='uint64')>50) .sum(axis=1)

dtype='int32"')>50) .sum(axis=1)

dtype='uint32')>50) .sum(axis=1)

dtype='int16')>50) .sum(axis=1)

dtype='uint16')>50) .sum(axis=1)

dtype='int8')>50) .sum(axis=1)

dtype='uint8')>50) .sum(axis=1)

TOYKa
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TUNbl AaHHbIX: int

df = pd.DataFrame (np.random.randint (100, size=(10%%7,

# int64
Smemit df

peak memory: 7774.91 MiB, increment: 0.31 MiB

df = pd.DataFrame(np.random.randint (100, size=(10%*7,

# uinté4
Smemit df

peak memory: 904.18 MiB, increment: 0.06 MiB

df = pd.DataFrame(np.random.randint (100, size=(10%*7,

# int32

tmemit df

peak memory: 537.11 MiB, increment: 0.04 MiB

df = pd.DataFrame (np.random.randint (100, size=(10%*7,

t32
fmemit df

peak memory: 521.03 MiB, increment: 0.04 MiB

df = pd.DataFrame(np.random.randint (100, size=(10%*7,

# intl6

Smemit df

peak memory: 332.25 MiB, increment: 0.04 MiB

df = pd.DataFrame (np.random.randint (100, size=(10%+7,

#
Smemit df

t16

peak memory: 334.51 MiB, increment: 0.03 MiB

df = pd.DataFrame (np.random.randint (100, size=m(10%*7,

# int8
Smemit df

peak memory: 234.75 MiB, increment: 0.04 MiB

df = pd.DataFrame (np.random.randint (100, size=(10%*7,

# uint8
Smemit df

peak memory: 240.97 MiB, increment: 0.04 MiB

100)), dtype='int64')

10)),

10)),

10)),

10)),

10)),

10)),

10)),

dtypes'uint64')

dtype='int32')

dtype='uint32')

dtype='int16")

dtype='uintl6")

dtype='int8")

dtype='uint8')

TOYKa
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seconds took

TUNbl gaHHbIX: float

Calculation speed on the number of rows in a dataframe

15

0.5

10”n rows in dataframe

TOYKa

~o— float64
~—o— float32
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TUNbl gaHHbIX: float

# float64

$memit pd.DataFrame (np.random.rand (10**7, 10), dtype='floaté4')

peak memory:

# float32

880.34 MiB,

increment:

739.81 MiB

$memit pd.DataFrame (np.random.rand(10**7, 10), dtype='float32')

peak memory:

1284.04 MiB,

increment:

1139.30 MiB

TOYKa
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38
39
40

TUNbl OAaHHbIX TOUKaA

# 6e3 3Tol 3BPUCTUKU HAYUHAET KOHBEPTUPOBAThL BCAKUE id'WHUKU, @ 3TO XPET OnNepaTtusky U BpeMs
# TODO: oumi® nonpasb, KPUTUYHO, HuUKo2da He 6biBaeT 6onbwe 1
categorical_can_be_used = (len(col.unique()) / (len(col) + 1) >= 3) and colname in categ_cols
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seconds took

TUNbI AaHHbIX: categorical

group&count speed depending on the number of unique values on dataframe with shape (10**8, 10)

10

3 4

unique values in df (and in every col)

TOYKa

~e— string
~e— category
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seconds took

TUMNbl AaHHbBIX! Sparse

sum speed depending on the percent of zeros in dataframe with shape (10**8, 10)

3000

2000

1000

TOYKa

—e— string

. ~e— sparse

10

20

30

50

percent of zeros

60

70

90
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TUNbl AaHHbIX: sparse VS string VS categorical

# string

$memit pd.DataFrame (np.random.randint (0, 10**6, (10**6,

peak memory: 903.05 MiB,

# category

$memit pd.DataFrame (np.random.randint (0, 10**6, (10%**g,

peak memory: 517.06 MiB,

# string

increment:

increment:

764.17 MiB

376.34 MiB

$memit pd.DataFrame (np.random.randint (0, 10, (10*%*g,

peak memory: 900.20 MiB,

# sparse

increment:

757.54 MiB

$memit pd.DataFrame (np.random.randint (0, 10, (10**g,

peak memory: 344.79 MiB,

increment:

203.62 MiB

10)),

10)),

TOYKa

10)), dtype='str')

10)), dtype='category')

dtype='str')

dtype='Sparse[string]')
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po otnycka -10 gHen ~ ¢ ¢ TOUKa

205X speed up

inte4, floate4 -> int8, float32
Ypa! Tenepb 00 KOHLLA NPOCYeTa OaHHbIX - Bcero 20 aHen!
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parallel

i
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Time (s)

107!

1072

mmm Pandarallel apply 61.29
s Multiprocessing
=== Pandas apply 28.8855 77
6.09
2.64 2.65
0.59 0.6
4
LBt 0.34 05
0.25
0.066
0023I
102 10* 10° 10° 107

N rows
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parallel

seconds took

Parallelisation

L 4

{ 1 ]

10"n rows in dataframe

TOYKa

—e— pandas apply
~e— pandaparallel
~-e— multiprocessing
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parallel

def apply func(i):
return i**2

df = pd.DataFrame (np.random.rand(10**7, 1), columns=["sample_column"])
# pandas apply

$memit df['sample_column'].apply (apply_func)

peak memory: 1195.19 MiB, increment: 978.40 MiB

# pandaparallel
$memit df['sample_column'].parallel_ apply (apply_func)

peak memory: 352.48 MiB, increment: 137.52 MiB

# multiprocessing
$memit mp.Pool () .map(apply_func, df['sample_column'])

peak memory: 599.39 MiB, increment: 382.56 MiB

TOYKa
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parallel

Without parallelization
df.apply(func)
df.applymap(func)
df.groupby(args).apply(func)
df.groupby(argsi).col_name.rolling(args2).apply(func)
series.map(func)
series.apply(func)

series.rolling(args).apply(func)

TOYKa

With parallelization
df.parallel_apply(func)
df.parallel _applymap(func)
df.groupby(args).parallel_apply(func)
df.groupby(args1).col_name.rolling(args2).parallel
series.parallel_map(func)
series.parallel_apply(func)

series.rolling(args).parallel_apply(func)
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0O OTnycKa - 7 oHen WL A TOUKQA

3X speed up

pandaparallel
Ypa! Tenepb 00 KOHLLA NPOCYeTa OaHHbIX - BCEro 6 aHeun!
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Yero caenaTb YTO6bl yCKOPUTbLCA?

1. iterrows ---------------- > jtertuples (ecnun Kon-Bo KOMoHOK <1000)

TOYKa
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Yero caenaTb YTO6bl yCKOPUTbLCA?

2. apply - > apply(raw=True)

TOYKa

81



Yero caenaTtb YTo6bl yCKOpUTbCA?

1. iterrows ---------------- > jtertuples (ecnm kon-Bo KoNoHoOK <1000)
2. apply --------------——--- > apply(raw=True)
3. Mmerge ------------------ > loc/reindex

TOYKa
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Yero caenaTtb YTo6bl yCKOpUTbCA?

1. iterrows ---------------- > itertuples (ecnn kon-Bo KooHoOK <1000)
2. apply --------------——--- > apply(raw=True)

3. merge ------------------ > loc/reindex

4. iNt64, floate4 --------- > int8, float32

TOYKa
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Yero caenatb 4To6bl yCKOPUTbLCA?

1. iterrows ---------------- > jtertuples (ecnm kon-Bo KoNoHoOK <1000)
2. apply -----------mm - > apply(raw=True)

3. Merge ----------===----- > loc/reindex

4. INt64, floate4 --------- > Nt8, float32

5. string --------------—---- > sparse/categorical

TOYKa
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Yero caenatb 4To6bl yCKOPUTbLCA?

1. iterrows ---------------- - itertup|es (ecnm KOJ1-BO KO/TOHOK <'|OOO)
- APPIlY - > apply(raw=True)
- MErge ------===--===---- > loc/reindex

--------- > int8, float32

a N wWN
=
3
o
N
—h
O
Q
O
o
N

. string --------------————- > sparse/categorical

B, —m oo > pandaparallel

TOYKa
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Yero caenaTb YTO6bl yCKOPUTbLCA?

1. iterrows ---------------- > jtertuples (ecnu kon-sBo KonoHok <1000)
2. apply ------------------- > apply(raw=True)

3. merge ------------------ > loc/reindex

4. iNnt64, floate4 --------- > int8, float32

5. string --------------——--- > sparse/categorical

B, - > pandaparallel

TOYKa
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Yero caenaTb YTO6bl yCKOPUTbLCA?

1. iterrows ---------------- > jtertuples (ecnu kon-sBo KonoHok <1000)
2. apply ----------------- > apply(raw=True)

3. merge ------------------ > loc/reindex

4. iNnt64, floate4 ----- - > Int8, float32

5. string --------------——--- > sparse/categorical

6. ---mmmmme -y > pandaparallel

ObiCTpee Bcero 0o6aBuTb

TOYKa
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Yero caenaTb YTO6bl yCKOPUTbLCA?

@ 1. iterrows ---------------- > jtertuples (ecnun Kon-Bo KOMoHOK <1000)
@ 2. apply --------=-mmmm- - > apply(raw=True)
@ 3. Merge ----------mmmmm-- > |loc/reindex
(@) 4. int64, float64 -----=> int8, float32
@ 5. string --------------——--- > sparse/categorical
6. ---mmmmme -y > pandaparallel

ObiCTpee Bcero 0o6aBuTb

@ COKpaLLI,aI-OT/He MEHAIOT |‘|0Tpe6neHV|e MaMATM

TOYKa
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BbiBOAbI

1. lokyMeHTayma != nocnegHaa NMHCTaHLUMA
2. He Bepb cTaTbaM 6e3 6eHYMapKOoB

3. 3HaHWe CBOMX OaHHbIX MO3BOMAET NMCaTb Bonee onTUMManbHbIM KOA,

TOYKa
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TOYKa

Enusasera
NMywkapesBa

Data Scientist B Touke

tg: @digitaljay

6eHUYMapKu
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MoueMy He Polars? TOUKa

When should you stick with pandas?

All of this sounds so amazing that you’re probably wondering why you would even bother with
pandas anymore. Not so fast! While Polars is superb for doing extremely efficient data
transformations, it is currently not the optimal choice for data exploration or for use as part of

ine learning pipelines.\These are areas where pandas continues to shine.
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