
CLAIMS 

What is claim: • is: 

1. A metho • comprising: 

generating : plurality of machine-learning (ML) scores by feeding an input feed to a 

mac 'ne learning engine for each video in a set of candidate videos; 

wherein the i gut feed for a particular video in the set of candidate videos includes at 

least: 

one or 	ire raw collaborative filtering features; 

a collabo 	Live filtering score that was generated based on the one or more raw 

col 	borative filtering features; 

one or more aw content-based filtering features; and 

a content-basi • filtering score that was generated based on the one or more raw 

content sased filtering features; 

when generating the M 1 score for the particular video, the machine learning engine 

determining weig is to give the collaborative filtering score and the content-based 

filtering score base 	at least in part, on the one or more raw collaborative filtering 

features and the one 1r more raw content-based filtering features; 

selecting one or more videos, 	om the set of candidate videos, to recommend to a 

particular user based, a least in part, on the ML scores; 

wherein the method is performe by one or more computing devices. 

2. The method of Claim 1 wherein: 

the input feed for the particular vid- , includes video-pair-centric metrics for a video pair 

that includes the particular vi. - o and a compared video; 

the one or more raw collaborative filte 'ng features include collaborative filtering metrics 

for the video pair; and 

the one or more raw content-based filteri 2 features include content-based filtering 

metrics for the video pair. 

3. The method of Claim 2 wherein the collabo • ive filtering metrics of the video pair are 

only updated in response to detecting a new indicati. 	of user interest with one or more of the 

videos in the video pair. 
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4. The 	- thod of Claim 2 wherein the content-based filtering metrics of the video pair are 

only updated i 	esponse to detecting a new change in video metadata for one or more of the 

videos in the yid:. pair. 

5. The method k Claim 2 wherein: 

the video-pair- entric metrics of the video pair includes a particular set of metrics; and 

the particular set .f metrics is maintained for the video pair if and only if the video pair 

satisfies a t . ticular pairing test. 

6. The method of Clai 	5 wherein the particular set of metrics includes all of the video-

pair-centric metrics. 

7. The method of Claim 5 	herein the particular set of metrics includes only one of: 

the collaborative filtering 	etrics for the video pair; and 

the content-based filtering 	'etrics for the video pair. 

8. The method of Claim 7 fiirth 	comprising using a second pairing test, that is different 

than the pair test, to determine whethe to maintain, for the video pair, the other of: 

the collaborative filtering metric 	for the video pair; and 

the content-based filtering metrics or the video pair. 

9. The method of Claim 1 wherein: 

the input feed for the particular video 	eludes a plurality of collaborative filtering scores; 

and 

each collaborative filtering score of the p 	rality of collaborative filtering scores is based 

on the same raw collaborative filte 	g features, but a different decay factor, as 

each other of the plurality of collabo 	tive filtering scores. 

10. The method of Claim 1 wherein: 

the ML score generated for the particular video 	one of a plurality of component scores 

generated by the machine learning engine .r the particular video; and 

the method further comprises combining plurality o component scores, based on goal 

information, to produce a composite ML scor for the particular video. 

11. The method of Claim 1 wherein: 

the ML score generated for the particular video is one o ' plurality of component scores 

generated by the machine learning engine for the p 	ticular video; and 
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the method 	rther comprises alternating which component scores, of the plurality of 

corn. Inent scores, are used as the basis for selecting which videos to recommend 

to the . articular user. 

12.  A method comp sing: 

generating a plura 	y of machine-learning (ML) scores by feeding a corresponding input 

feed to a m. hine learning engine for each video in a set of candidate videos; 

wherein the input fe. 	that corresponds to a particular video in the set of candidate videos 

includes a plurality of parameter values; 

selecting one or more 	"dens, from the set of candidate videos, to recommend to a 

particular user b..ed, at least in part, on the ML scores; 

wherein the one or more 	"deos selected for recommendation to the particular user 

includes the panic 	ar video; 

for the particular video, det 	mining a recommendation reason, from a plurality of 

possible recommenda on reasons, based on how the machine learning engine 

weighted the plurality 1 	parameter values when generating the ML score for the 

particular video; 

causing an indication of the reco i mendation reason to be presented to the particular user, 

in association with a reco 	endation of the particular video; 

wherein the method is performed b one or more computing devices. 

13.  A method comprising: 

generating a plurality of machine-learn i g (ML) scores by feeding a corresponding input 

feed to a machine learning engin. for each video in a set of candidate videos; 

wherein the input feed that corresponds t.. particular video in the set of candidate videos 

includes a plurality of parameter va 	es; 

wherein the plurality of parameter values in 	udes a first set of parameter values and a 

second set of parameter values; 

wherein the first set of parameter values are ge erated based on a model that employs a 

particular model tuning parameter; 

wherein the first set of parameter values includes, or each model tuning parameter value 

of a plurality of model tuning parameter va 	es for the particular model tuning 
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parame -r, at least one parameter value that is based on the model tuning 

parame 	value; 

wherein the seco . set of parameter values includes one or more parameter values that 

are indepen•ent of the model tuning parameter; 

wherein, when gene . ting the ML score for the particular video, the machine learning 

engine deter 	es how much weight to give to each parameter value in the first 

set of paramete values based, at least in part, on the parameter values in the 

second set of par meter values; and 

selecting one or more yid: • s, from the set of candidate videos, to recommend to a 

particular user base. 	at least in part, on the ML scores; 

wherein the method is perfo 	ed by one or more computing devices. 

14. The method of Claim 13 whe 	in the particular model tuning parameter is a decay factor 

used by the model. 

15. The method of Claim 13 wherei 	the particular model tuning parameter is an odds-ratio 

cut off used by the model. 

16. The method of Claim 13 wherein t 	particular model tuning parameter is a 

normalization factor used by the model. 

17. The method of Claim 13 wherein: 

the model uses a plurality of model tun 	g parameters; and 

each parameter value in the first set of p 	ameter values is based on a distinct 

combination of model tuning parai .eter values for the plurality of model tuning 

parameters. 

18. The method of Claim 1 further comprising: 

building a bloomfilter based on behavior data 	at indicates videos with which users have 

recently interacted; and 

generating training input for the machine learnin. system by using the bloomfilter to 

filter out collaborative filtering features an 	content-based filtering features that 

do not relate to the videos with which users , ave recently interacted. 

19. The method of Claim 1 further comprising perform 	an asymmetric join of the content- 

based filtering features with the collaborative filtering feature such that content-based filtering 

features are only joined with collaborative filtering features tha were generated within a 

threshold period of time. 
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20. The method of 	aim 1 further comprising performing constrained exploration by 

organizing candidate vid os into pools based, at least in part, on the ML scores, and selecting 

videos to recommend fron the pools using a multi-armed bandit technique. 

21. The method of Clai 	20 wherein the multi-armed bandit technique involves an epsilon- 

greedy strategy. 

22. One or more non-trans ory computer-readable media storing instructions which, when 

executed by one or more proce 	ors, cause performance of the method recited in any one of 

Claims 1-21. 

23. A system, comprising one 	r more computing devices, configured to cause performance 

of the method recited in any one of 	laims 1-21. 
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CLAIMS 

What is claimed is: 

1.  A method comprising: 

generating a plurality of machine-learning (ML) scores by feeding an input feed to a 

machine learning engine for each video in a set of candidate videos; 

wherein the input feed for a particular video in the set of candidate videos includes at 

least: 

one or more raw collaborative filtering features; 

a collaborative filtering score that was generated based on the one or more raw 

collaborative filtering features; 

one or more raw content-based filtering features; and 

a content-based filtering score that was generated based on the one or more raw 

content-based filtering features; 

when generating the ML score for the particular video, the machine learning engine 

determining weights to give the collaborative filtering score and the content-based 

filtering score based, at least in part, on the one or more raw collaborative filtering 

features and the one or more raw content-based filtering features; 

selecting one or more videos, from the set of candidate videos, to recommend to a 

particular user based, at least in part, on the ML scores. 

2.  The method of Claim 1 wherein: 

the input feed for the particular video includes video-pair-centric metrics for a video pair 

that includes the particular video and a compared video; 

the one or more raw collaborative filtering features include collaborative filtering metrics 

for the video pair; and 

the one or more raw content-based filtering features include content-based filtering 

metrics for the video pair. 

3.  The method of Claim 2 wherein the collaborative filtering metrics of the video pair are 

only updated in response to detecting a new indication of user interest with one or more 

of the videos in the video pair. 
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4.  The method of Claim 2 wherein the content-based filtering metrics of the video pair are 

only updated in response to detecting a new change in video metadata for one or more of 

the videos in the video pair. 

5.  The method of Claim 2 wherein: 

the video-pair-centric metrics of the video pair includes a particular set of metrics; and 

the particular set of metrics is maintained for the video pair if and only if the video pair 

satisfies a particular pairing test. 

6.  The method of Claim 5 wherein the particular set of metrics includes all of the video-

pair-centric metrics. 

7.  The method of Claim 5 wherein the particular set of metrics includes only one of: 

the collaborative filtering metrics for the video pair; and 

the content-based filtering metrics for the video pair. 

8.  The method of Claim 7 further comprising using a second pairing test, that is different 

than the pair test, to determine whether to maintain, for the video pair, the other of: 

the collaborative filtering metrics for the video pair; and 

the content-based filtering metrics for the video pair. 

9.  The method of Claim 1 wherein: 

the input feed for the particular video includes a plurality of collaborative filtering scores; 

and 

each collaborative filtering score of the plurality of collaborative filtering scores is based 

on the same raw collaborative filtering features, but a different decay factor, as 

each other of the plurality of collaborative filtering scores. 

10.  The method of Claim 1 wherein: 

the ML score generated for the particular video is one of a plurality of component scores 

generated by the machine learning engine for the particular video; and 
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the method further comprises combining plurality of component scores, based on goal 

information, to produce a composite ML score for the particular video. 

11.  The method of Claim 1 wherein: 

the ML score generated for the particular video is one of a plurality of component scores 

generated by the machine learning engine for the particular video; and 

the method further comprises alternating which component scores, of the plurality of 

component scores, are used as the basis for selecting which videos to recommend 

to the particular user. 

12.  A method comprising: 

generating a plurality of machine-learning (ML) scores by feeding a corresponding input 

feed to a machine learning engine for each video in a set of candidate videos; 

wherein the input feed that corresponds to a particular video in the set of candidate videos 

includes a plurality of parameter values; 

selecting one or more videos, from the set of candidate videos, to recommend to a 

particular user based, at least in part, on the ML scores; 

wherein the one or more videos selected for recommendation to the particular user 

includes the particular video; 

for the particular video, determining a recommendation reason, from a plurality of 

possible recommendation reasons, based on how the machine learning engine 

weighted the plurality of parameter values when generating the ML score for the 

particular video; 

causing an indication of the recommendation reason to be presented to the particular user, 

in association with a recommendation of the particular video. 

13.  A method comprising: 

generating a plurality of machine-learning (ML) scores by feeding a corresponding input 

feed to a machine learning engine for each video in a set of candidate videos; 

wherein the input feed that corresponds to a particular video in the set of candidate videos 

includes a plurality of parameter values; 
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wherein the plurality of parameter values includes a first set of parameter values and a 

second set of parameter values; 

wherein the first set of parameter values are generated based on a model that employs a 

particular model tuning parameter; 

wherein the first set of parameter values includes, for each model tuning parameter value 

of a plurality of model tuning parameter values for the particular model tuning 

parameter, at least one parameter value that is based on the model tuning 

parameter value; 

wherein the second set of parameter values includes one or more parameter values that 

are independent of the model tuning parameter; 

wherein, when generating the ML score for the particular video, the machine learning 

engine determines how much weight to give to each parameter value in the first 

set of parameter values based, at least in part, on the parameter values in the 

second set of parameter values; and 

selecting one or more videos, from the set of candidate videos, to recommend to a 

particular user based, at least in part, on the ML scores. 

14.  The method of Claim 13 wherein the particular model tuning parameter is a decay factor 

used by the model. 

15.  The method of Claim 13 wherein the particular model tuning parameter is an odds-ratio 

cut off used by the model. 

16.  The method of Claim 13 wherein the particular model tuning parameter is a 

normalization factor used by the model. 

17.  The method of Claim 13 wherein: 

the model uses a plurality of model tuning parameters; and 

each parameter value in the first set of parameter values is based on a distinct 

combination of model tuning parameter values for the plurality of model tuning 

parameters. 
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18.  The method of Claim 1 further comprising: 

building a bloomfilter based on behavior data that indicates videos with which users have 

recently interacted; and 

generating training input for the machine learning system by using the bloomfilter to 

filter out collaborative filtering features and content-based filtering features that 

do not relate to the videos with which users have recently interacted. 

19.  The method of Claim 1 further comprising performing an asymmetric join of the content-

based filtering features with the collaborative filtering features such that content-based 

filtering features are only joined with collaborative filtering features that were generated 

within a threshold period of time. 

20.  The method of Claim 1 further comprising performing constrained exploration by 

organizing candidate videos into pools based, at least in part, on the ML scores, and 

selecting videos to recommend from the pools using a multi-armed bandit technique. 

21.  The method of Claim 20 wherein the multi-armed bandit technique involves an epsilon-

greedy strategy. 

22.  One or more computer-readable media carrying instructions which, when executed by 

one or more processors, cause performance of the method recited in any one of Claims 1- 

21. 

23.  A system, comprising one or more computing devices, configured to cause performance 

of the method recited in any one of Claims 1-21. 
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