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ABSTRACT
Modifying recommender systems for new kinds of user interactions

is costly and exploration is slow since machine learning models

can be trained and evaluated on live data only after a product sup-

porting these new interactions is deployed. Our data bootstrapping

approach moves the task of developing models for new interactions

into the input representation allowing a standard machine learning

model to be used to train a model capturing the new interactions.

More specifically, we use data obtained from a launched system to

generate simulated data that includes the new interactions options.

This data-centric approach helps accelerate model and algorithm

development, and reduces the time to launch new interaction ex-

periences. We also present machine learning methods designed

specifically to work well with limited and noisy data produced via

data bootstrapping.
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1 INTRODUCTION
Modern recommender systems are powered by, or heavily rely

on, machine learning techniques that learn from the logs of user-

interactions on a launched system. In this process, the recommender
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system tries to learn the “best” system response for a user ac-

tion. Since these models mainly learn from user interactions with

launched systems, they are effective when the logged data faithfully

captures all interactions (user actions and system responses) sup-

ported by the product user interface. We refer to the data obtained

from such logs as native data. Introducing new UIs (e.g. critiquing,

suggestion chips, or explicit user preferences) to an existing product

leads to the following novel problem that is the focus of our work.

How can we apply machine learning to interactive recommenders for
which there is no native data?

Building a recommender system for which there is no native

data is very costly making exploration of new UI elements time

consuming since only after a product supporting these new inter-

action options is built and deployed for a sufficient time can a ML

model can be trained and evaluated on live traffic. One approach is

to use rule-based system or some other ad-hoc approach to build

a system from which one can then obtain native data. A novel as-

pect of our work is a data-centric approach to this problem that

moves the task of developing models for new interactions into the

data representation allowing a standard machine learning model

to be used to train a model capturing the new interactions. Once

native data is obtained then more traditional, well-studied machine

learning approaches can be applied.

Our approach is based upon data bootstrapping, in which data

obtained from a launched system is used to generate simulated

data for a system with new user interactions to help accelerate

model and algorithm development, and reduce the time to launch

new interaction experiences. Data bootstrapping is different from

bootstrapping recommender systems with respect to new users

or items [7] or statistical bootstrapping methods such as boosting

or bagging. In this paper we illustrate our framework on three

examples of new user experiences: critiquing, suggestion chips, and

explicit user preference. The solutions that we describe focus on

simplicity for demonstrating the application of our framework.

Observe that for each new user interaction introduced, we need

to design a method specific to that problem to generate simulated

data that captures the new interactions using the existing data.

The key is that once this is done the same ML approach is used

for all the problems versus having to create rule-based or ad-hoc

approach to train the initial models from which native data can

then be obtained.

We also present ML modeling approaches geared towards this

setting, and evaluation methods that enable a faster development

cycle than traditional training approaches and evaluations based

on A/B testing. Our machine learning architecture consists of (1) an
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input representation that supports different entity types including

annotations (e.g., modifier, position), (2) a projection that maps the

symbolic input to an intermediate representation, and (3) a predic-

tion task that utilizes the intermediate representations to generate

useful outputs, for example, relevance scores. Our machine learning

models are designed to work well with limited and noisy data that

has been produced by our data bootstrapping methods. It uses pre-

trained embeddings for general domain understanding and utilizes

this both for content and user representation. The model is tailored

for combining these signals with a low number of free parameters,

that can be learned from small and noisy bootstrapped data. After

an initial launch, the bootstrapped components can be slowly tran-

sitioned to the traditional ML approach using real logs from the

bootstrapped system, and the machine learning model can be made

less dependent on external data like pretrained embeddings.

2 DATA BOOTSTRAPPING FRAMEWORK
In this section we formalize our data bootstrapping framework. We

assume that we have access to data/logs 𝐷 from a launched recom-

mender system S with user action space A and system response

space R to bootstrap recommendation system S′ with richer inter-

actions as captured by user action space A ′ and system response

space R ′. While this framework is broader than its use for recom-

mender systems, here we focus on this use case. Data bootstrapping

can be achieved through a combination of launched product logs,

user simulations, and rater interactions with a prototyped system

that include the new product UIs.

Let𝐷 = ⟨𝐴𝑖 , 𝑅𝑖 ⟩∗ be logged data from the launched recommender

system S where 𝐴𝑖 ∈ A is the 𝑖th user action and 𝑅𝑖 ∈ R is the

system response to 𝐴𝑖 . We illustrate our framework on a standard

query-based recommender system S in which A includes sending

a query or clicking to engage with one of the recommendations

(e.g., listen to music, play a video, open a URL), and R includes

sending a slate (ordered list) of recommendations back to the user

or responding to the user click. For demonstration of our framework,

we extend S with the following new interaction options (which

can be individually considered or combined):

Critiquing A ′ adds to A critiques of the form ⟨modifier,

term ⟩ from which the expectation is that the next slate

changes as specified (e.g. ⟨more, chicken⟩ or ⟨not, spicy⟩ for
a recipe recommender). The zero-state slate can be modeled

by an empty query. For a survey on the critiquing problem

see [4].

Suggestion Chips R ′ adds to R suggestion chips (proposed

critiques) to steer their recommendations.A ′ adds toA the

action of clicking on one of the provided suggestion chips.

See [11] for an overview of work on preference elicitation

within recommender systems.

Explicit User Preferences Allowing the system to ask for the

user’s preferences before or during the recommender expe-

rience. Let S′ include a set of terms and actions (e.g. genre,

artist for a music recommender) each with a thumbs-up but-

ton, and A ′ includes clicking on any number of thumbs up.

There is no direct system response but rather the expectation

that a user’s recommendations are influenced by their stated

preferences.

Note that our bootstrapping framework is not limited to these

three use cases above. We use them as examples to illustrate the

framework.

This paper categorizes different approaches to transform logs 𝐷

of an existing product to a bootstrapped data set 𝐷 ′ to train a ML

model𝑀 ′ for a recommender system S′ with richer interactions.

In particular, we look at offline bootstrapping in which 𝐷 ′ is
generated only using 𝐷 , and online bootstrapping in which a

user or user simulation interacts with a prototype for 𝑆 ′ in order to

generate 𝐷 ′ that captures the way in which users might naturally

interact with S′, which might differ dramatically from the way

that user interact with S. A combination of offline and online

bootstrapping can accelerate model and algorithm development

and reduce the time to launch new interaction models

3 RELATEDWORK
Machine learning approaches for recommender systems have been

extensively studied (e.g. [5, 9]), and much previous work discusses

the difficulties and time-consuming development cycle in designing

the first iterations of machine learned recommender systems and

the difficulties in debugging ML pipelines, and the lack of appro-

priate training data. There is work (e.g. [10]) that discusses the

challenges in the ML pipeline related to deployment in a launched

system including data management but don’t include any discus-

sion of data bootstrapping.

There is research focused on ML deployment that include some

form of data bootstrapping. For example, [12] focuses on bootstrap-

ping large-scale recommender systems as a way to significantly

reduce development cycles and bypasses various real-world difficul-

ties including issues related to data sparsity and data skew issues

related to user interface options. A longitudinal study of three years

of development of related pins in Pintrest, exploring the evolution

of the system and its components rom prototypes to present state

is presented in [9]. The focus on how the initial product must be

built without training data until the recommender s bootstrapped

but their solution focuses on engineering solutions to move from

purely heuristic to machine learned systems. The use of coview

data logged from the same browsing sessions is used by eBay [2].

There is also work focused on debiasing user feedback, assuming

the existence of interaction logs and an extra annotated dataset[13].

There is also work on using pretrained models to help address

data limitations. For example [6] using pretrained NLP models. A

technique based on a pointwise ranking approach to reduce the

ranking problem to a binary classification problem optimized on

past user purchase behavior is used by [2].

As far as we are aware, our work is the first that focuses on data

bootstrapping, and presents a machine learning architecture and

learning techniques that are geared toward this setting. We illus-

trate our approach using examples in which new user interaction

interfaces are added to already launched products.

4 OFFLINE BOOTSTRAPPING
One approach to bootstrapping is offline bootstrapping in which𝐷 =

⟨𝐴𝑖 , 𝑅𝑖 ⟩∗ obtained from a launched recommender system S, is used
as input to a data transformation function 𝐹 to obtain 𝐷 ′ = 𝐹 (𝐷).
A single interaction in 𝐷 could be mapped to any number (possibly



Bootstrapping Interactive Recommender Systems SIGKDD 2022, August 14–18, 2022, Washington, DC

Figure 1: Offline and Online Data Bootstrapping

0) interactions in 𝐷 ′. The left diagram of Figure 1 illustrates this

approach. The transformation 𝐹 could be performed in a variety of

ways including: transforming ⟨𝐴𝑖 , 𝑅𝑖 ⟩ to ⟨𝐴′𝑖′, 𝑅
′
𝑖′⟩
∗
, transforming or

using aspects of 𝐷 to generate 𝐷 ′, or generating 𝐷 ′ independent of
𝐷 . For example for the Critiquing problem, we could find sequence

of queries for which terms are added at each step, and apply this

as training data for training a critiquing model. See Section 6 for

details.

The key drawback of this approach is that user interactions in

the launched system might not faithfully capture the natural inter-

actions of the user when provided with the expanded interactions

available in S′.

Figure 2: Creating a prototype for 𝑆 ′ by wrapping 𝑆 along
with functions to transform 𝐴′ to 𝐴 and 𝑅 to 𝑅′.

5 ONLINE BOOTSTRAPPING
Another approach is illustrated in the right diagram of Figure 1

in which a rater directly interacts with the expanded interactions

options available in S′. This approach allows training data to be

obtained that captures natural user journeys with the UI of S′. The
drawback of online bootstrapping is that it adds a reliance on the

ability to simulate 𝑆 ′. That is, a way to map user action𝐴′
𝑖
to system

response 𝑅′
𝑖
. We refer to this as a prototype for 𝑆 ′.

Within online bootstrapping, we need to generate both the User

actions and System responses. The two broad classes of User ac-
tions modeling are

Raters selected to match end users as best possible interact

with the system potentially guided to follow some specified

user case in order to capture the way in which Users will

want to interact with the system.

User Simulations in which a user model simulates the in-

teractions with the system. This area of work is very well

studied (e.g. [16]) so we don’t further address it here. In gen-

eral, some sort of Rater-based approach is needed to develop

and validate the User Simulation model.

This data-centric approach helps accelerate model and algorithm

development and reduce the time to launch new interaction ex-

periences. These two models can be used together with raters to

generate some data for fine-tuning and to validate the user model

with the user simulations used for generating data for training

models.

Another key aspect for online bootstrapping prototypes is the

way in which the system response 𝑟 is computed for user action 𝑎.

The broad category of options for addressing this problem are: as

follows.

Human is when a person is fully responsible of generating 𝑅′.
The drawback of this approach is that it is not grounded in

any backend and can’t leverage the knowledge and corpus

breadth of a machine learned system.

Algorithmic in which heuristics or a learned model is used to

build a prototype for S′ by wrapping the trained machine

learning model𝑀 for S) through functions 𝐹−1
𝐴

that trans-

forms𝐴′
𝑖
to𝐴𝑖 and 𝐹𝑅 that transform 𝑅𝑖 to 𝑅

′
𝑖
as illustrated in

Figure 2. The drawback of this approach is that the user inter-

face of S often lacks some non-trivial functionality needed

in computing both 𝐹−1
𝐴

and 𝐹𝑅 for which creating a heuristic

or machine model is on-trivial.

Wizard-of-Oz (Human-in-the-loop) in which a human-in-

the-loop (HIL) helps ensure that the prototype performs well

so that the user experience matches that of the aspirational

system so that the data captured will represent natural user

journeys within 𝑆 ′. having a HIL that provides an intermedi-

ary between the other two approaches in which the human

can correct 𝐹−1
𝐴

and 𝐹𝑅 to help fill gaps to both gather train-

ing data to train ML model 𝑀 ′ for 𝑆 ′ and for evaluation

including headroom analysis in which the HIL can provide

the function of a system component that might be hard to

build in order to measure howmuch the system performance

and user experience are affected by having this component.
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6 BOOTSTRAPPING EXAMPLES
In this section, we describe and discuss advantages and drawbacks

of several data bootstrapping approaches for the problems described

in Section 1. For online bootstrapping, we focus on the algorithmic

approach. Having a human directly respond or introducing awizard-

of-oz can supplement the algorithmic approaches described below.

6.1 Critiquing Example
The intuition behind our offline bootstrapping is to use the portions

of 𝐷 that can be viewed as a sequence of critiques from a slate. We

first partition 𝐷 into a sequence of action and responses from a

single session that ends in an engagement with an item in the pre-

vious slate. For ease of exposition, denote one such a sub-sequence

as 𝐷𝑃 = 𝐴0, 𝐴1, . . . , 𝐴𝑘−1, 𝐴𝑘 and since all actions other than 𝐴𝑘

are queries, we write this as 𝑄1, 𝑄1, . . . , 𝑄𝑘−1, 𝐸 where 𝐸 indicates

the item the user selected. We define Critique (𝑄𝑖 , 𝑄 𝑗 ) to denote

a procedure that takes a bag of words representation of 𝑄𝑖 and

𝑄 𝑗 and uses NLU to generate a critique 𝐶 = ⟨modifier, token ⟩
if 𝑄 𝑗 can be modeled as 𝑄𝑖 followed by 𝐶 and otherwise null is

returned. For example, Critique("chicken recipe", "Thai recipe")

would return null whereas Critique("Chinese recipe", "Chinese

chicken recipe") would return the critique ⟨more, chicken⟩. One
could decide upon the desired semantics, here we view "chicken

recipe" to "Thai recipe" as abandoning the request for a chicken

recipe and instead asking for a Thai recipe.

Algorithm 1 Critique Offline Bootstrapping Example

1: procedure CritiqeBootstrap(<𝐴, 𝑅>)

2: 𝐴 = ⟨𝑄0, . . . , 𝑄𝑘−1, 𝐸⟩ ⊲ 𝑄 query, 𝐸 item click

3: 𝑅 = ⟨𝑅0, . . . , 𝑅𝑘 ⟩ ⊲ 𝑅 system response

4: 𝐴′
0
← 𝑄0, 𝑅

′
0
← 𝑅0

5: for 𝑖 ← 1 to 𝑘 − 1 do
6: 𝐶 = Critique(𝑄𝑖−1, 𝑄𝑖 ) ⊲ model as critique if possible

7: if 𝐶 is not null then
8: 𝐴′ ← 𝐴 +𝐶 , 𝑅′ ← 𝑅′ + 𝑅𝑖
9: else ⊲ can’t model 𝑄𝑖 as critique applied to 𝑄𝑖−1
10: Clear 𝐴′ and 𝑅′

11: 𝐴′
0
← 𝑄𝑖 , 𝑅

′
0
← 𝑅𝑖

12: 𝐴′ ← 𝐴′ + 𝐸, 𝑅′ ← 𝑅′ + 𝑅𝑘
13: return ⟨𝐴′, 𝑅′⟩

To make this concrete, let’s suppose we have the sequence of

queries “chicken recipe", “Thai recipe”, “Chinese recipe”, “Chinese

chicken recipe”, “Chinese chicken recipe not spicy" followed by

engagement (the user clicks on a result returned from the query

“Chinese chicken recipe not spicy"). Our goal is to convert this into

a training example for 𝑆 ′. To achieve this goal, we find a suffix of

the sequence of queries for which each query can be modeled as a

critique of the one that preceded it. For this example, we would drop

“chicken recipe" and “Chinese recipe” leaving us with an example

starting with the query “Chinese recipe” followed by the critique

⟨more, chicken⟩ and then ⟨not, spicy⟩. We apply Algorithm 1 to

all such sub-sequences in 𝐷 . While this only represents a subset of

the traffic, it provides a way to obtain data set that can be used as

an initial step in training a model for S′.

An alternative is to use an online bootstrapping approach. In

order to do this some technique is needed to generate a system

response 𝑅′ for user action 𝐴′. One simple solution is to maintain

a query 𝑞 that is initialized when the user issues a query. Then for

⟨modifier, term⟩ simply append the string “modifier token" to 𝑞 up

until the user issues a new query, at which point 𝑞 is reset.

6.2 Suggestion Chips Example
Our bootstrapping approach replaces two-turn conversationswithin

𝐷 where the user issues a query, makes a refinement, and then clicks

on an item in the returned slate by a simulated experience in which

the first part of this interaction is replaced by the selection of a sug-

gestion chip included with the initial slate. As part of our solution,

we also use of a pretrained joint embeddings between the items in

the slate (e.g. videos) and preference terms (e.g. from metadata or

other sources) for the items in the slate.

Algorithm 2 describes our bootstrapping in detail. We start with

the portions of the logs𝐷 of the form ⟨𝑅𝑖−1, 𝐴𝑖 , 𝑅𝑖 , click 𝑟𝑖 ⟩ in which
𝑅𝑖−1 is the context (slate) for query 𝐴𝑖 , 𝑅𝑖 is the slate returned, and

𝐴𝑖+1 is the user selecting slate item 𝑟𝑖 ∈ 𝑅𝑖 . We assume |𝑅𝑖 | is
𝑂 (100). We use our pretrained embeddings to cluster the items in

𝑅𝑖 and name each cluster using a representative term (e.g. a cuisine,

ingredient, genre, artist,...). Observe that a term is different than a

token which is a word, bi-gram, sequence of words within a query.

Next, we use this portion of 𝐷 to simulate an interaction for S′ in
which suggestion chips are added to 𝑅𝑖−1 and the user selects one

in lieu of issuing query 𝐴𝑖 .

We randomly select whether to use “MORE" or “NOT" modifiers

in the simulated suggestion chips. For ease of exposition, in our sim-

ulated data all suggestion chips in a response use the same modifier.

We could instead randomly selecting a modifier for each simulated

chip. Also, we select the term to place on the chips independent

of 𝐴𝑖 but could incorporate that. More complex approaches, such

as that of [15] which presents a gradient-based EVOI optimization

could be applied to the bootstrapped data.

For this problem, using an on-line bootstrapping approach is

more challenging since a heuristic would be needed to generate

suggestion chips to show to the user. One way to do directly use

metadata associated with the results in the previous slate. Having

a Wizard-of-Oz would be a good online bootstrapping approach

for this problem, since the Wizard could generate some suggestion

chips which would provide good training data.

6.3 Explicit User Preferences Example
Similar to our offline bootstrapping algorithm for the Suggestion

Chip problem, we will use a clustering-based approach for the

Explicit User Preference problem. The key difference is that here

we simulate user preferences via selecting portions of 𝐷 from some

sample users. For User 𝑖 , let 𝑅𝑖 be the set of all items in the slates

that the user saw and let 𝐶𝑖 ⊂ 𝑅𝑖 be those that the user clicked on.

We then model the user clicking thumbs up button for a terms in

clusters with items in 𝐶𝑖 .

For online bootstrapping, one good option here is to use a curated

set of preference options.
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Algorithm 2 Suggestion Chip Offline Bootstrapping Example

1: procedure SuggestionChipBootstrap(<𝑅𝑖−1, 𝐴𝑖 , 𝑅𝑖 , 𝑟𝑖 >)

2: 𝐷 ′ ← {}
3: for each tuple 𝑅𝑖−1, 𝐴𝑖 , 𝑅𝑖 , 𝑟 do ⊲ 𝑟𝑖 ∈ 𝑅𝑖 selected
4: cluster 𝑅𝑖 using a pretrained joint embedding

5: for each cluster 𝑐 do
6: 𝑡𝑐 ← term that maximizes mutual info for 𝑐

7: 𝑥 ← cluster that includes item 𝑟𝑖
8: randomly select modifier of “MORE” or “NOT”

9: if modifier is “MORE” then
10: 𝐴′

𝑖
= click “MORE 𝑡𝑥 ”

11: Chips 𝐶𝑖 ← “MORE 𝑡𝑥 ” ⊲ simulate selected chips

12: for some random 𝑥− not in cluster 𝑥 do
13: 𝐶𝑖 ← 𝐶𝑖+ “MORE 𝑡𝑥−” ⊲ add more chips

14: 𝑅′
𝑖−1 = 𝑅𝑖−1 with chips 𝐶𝑖 ⊲ show 𝐶𝑖 with 𝑅𝑖−1

15: if modifier is “NOT” then ⊲ simulate "not" chips

16: pick random 𝑦 ∈ 𝑅𝑖 not in cluster 𝑥

17: 𝐴′
𝑖
= click “NOT 𝑡𝑦”

18: Chips 𝐶𝑖 ← “NOT 𝑡𝑦”

19: for random 𝑥− in cluster 𝑥 do
20: 𝐶𝑖 ← 𝐶𝑖+ “NOT 𝑡𝑥−”

21: 𝑅′
𝑖−1 = 𝑅𝑖−1 with chips 𝐶𝑖

22: 𝑅′
𝑖
← 𝑅𝑖 , 𝐴

′
𝑖+1 ← click 𝑟𝑖 ⊲ So 𝐴′

𝑖+1 = 𝐴𝑖+1
23: add to 𝐷 ′: ⟨𝑅′

𝑖−1, 𝐴
′
𝑖
, 𝑅′

𝑖
, 𝐴′

𝑖+1⟩
24: return 𝐷 ′

Algorithm 3 Explicit Preference Offline Bootstrapping Example

1: procedure ExplicitPreferenceBootstrap(<𝐶𝑖 , 𝑅𝑖 >)
2: Input: ⟨𝐶𝑖 , 𝑅𝑖 ⟩ ⊲ 𝐶𝑖 ⊂ 𝑅𝑖 given thumbs-up

3: 𝐷 ′ ← {}
4: for all 𝑖 do
5: cluster 𝑅𝑖 using a pretrained joint embedding

6: for each cluster 𝑐 do
7: 𝑡𝑐 ← term that maximizes mutual info for 𝑐

8: Initialize Preference options 𝑅′
𝑖
← {}

9: Initialize thumbs up actions 𝐴′
𝑖
← {}

10: Clicks← clusters containing some item in 𝐶𝑖
11: for cluster 𝑥 in Clicks do
12: 𝑅′

𝑖
← 𝑅′

𝑖
+ 𝑥

13: 𝐴′
𝑖
← 𝐴′

𝑖
+ thumbs up for 𝑥

14: for random 𝑦 not in Clicks do
15: 𝑅′

𝑖
← 𝑅′

𝑖
+ 𝑦

16: add to 𝐷 ′: ⟨𝑅′
𝑖
, 𝐴′

𝑖
⟩

17: return 𝐷 ′

7 MACHINE LEARNING TECHNIQUES
Our ultimate goal is to train a machine learning model, using the

bootstrapped data, to predict the best response to a (potentially

hypothetical) user action. In principle, this can be solved as a generic

machine learning problem, orthogonal to the data bootstrapping

procedure. However, the tension between the rich interaction we

wish to support and the relative lower quality and/or quantity

of the training data we create through bootstrapping poses as a

major challenge to the modeling task. In this section we describe

a model architecture and demonstrate its effectiveness for solving

this challenge.

7.1 Supporting Rich Interaction with Limited
Data

Since we would like to support novel user interactions, they tend

to be rich, often sophisticated, for example, involving better under-

standing of the context or the preferences of different forms. On

the other hand, the bootstrapped data may not match the product

scenario well. Or it may have too low quantity or coverage, if gen-

erated with human in the loop. Hence, it would be very difficult, to

train such a model from scratch using only the bootstrapped data.

We take a two pronged approach to deal with this challenge. On

one hand, we rely on pre-trained features to capture the “innate”

semantics of the entities/user preferences. On the other hand, we

create granular models to fuse the semantics from multiple sources

and to interpret the user’s interactions in this “fused” semantic

space.

Pre-trained features. It is common to utilize pretrained features,

such as embeddings, when there is a lack of training data. For

our purpose, it is also important to utilize features from difference

sources. For example, in order to understand the user’s implicit pref-

erence, it would be useful to utilize the embeddings learned from

implicit feedback, e.g. by the collaborative filtering method on the

co-visit pattern. On the other hand, to understand the user’s explicit

preference, it would be useful to utilize the “content” embeddings,

e.g. derived from the metadata of the entities.

Granular fusing. Since we utilize pre-trained features from di-

verse sources, it requires our model to be able to “fuse” them into a

common semantic space. In addition, to support rich interaction,

our model needs to be able to model the context, for example the

sequence of interactions, at granular levels. Our model hence need

to “inter-weave” along both the feature axis and the action axis.

To summarize, our model needs to take the history of the in-

teraction, represented as features or embeddings from different

sources, and summarize it into an intermediate representation, or

embeddings, for the final prediction tasks. The model will need to

be able to model diverse entities/actions as well as features from

diverse sources. In addition, our model needs to be convenient in

handling different scenarios so to relieve the user from compli-

cated modeling tasks. In the following, we present a data-centric

modeling technique which generalizes the position embeddings in

the Transformer model to tree structured data for satisfying these

multiple needs.

7.2 Machine Learning Method
The keymotivating observation behind ourmachine learningmethod

is that the diverse entities, interactions, and features can be very

well represented by tree structured data. Hence most of our needs

would be satisfied if we could have a model architecture which can

represent any tree structured data in its general form while taking

the structure into consideration.
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In addition, the Transformer model architecture, by keeping the

attention between all the pairs of the input data, is well suited to

model granular correlations among the input. Instead of using rela-

tive position encodings to capture structure (as done in previous

work in Transformers to capture tree structure [1]), we propose

a different modeling approach that emphasizes the tree structure

by first “projecting” all the leaves in the tree to a common space,

guided by the tree structure, and then combining them using the

Transformer model. Specifically, the our machine learning approach

creates the final representation of the input data through the fol-

lowing steps.

Representation. Represent the input as a tree, where each leaf
node is associated with an input feature, and each internal

node represents the data “type” or “modifier”.

Parameterization. Parameterize each leaf node as an embed-

ding (usally a pre-trained embeddings) and each internal

node as a transformation, for example, a two-layer neural

network.

Projection. For each leaf node, apply the internal node trans-

formation on the path leading to the root to the leaf embed-

dings. Intuitively, this is to “project” all the leaf embeddings

in the same semantic space for further combination. It is espe-

cially important when the leaf embeddings are pre-trained.

Combination. Apply the Transformer model to the projected

embeddings, and output the top layer embeddings as the

representation of the data.

We have described above how we map the input data into an

internal representation, or embeddings. This representation can be

further fed into any final prediction task e.g. with regression loss

or pair-wise rank loss, for training the model. Figure 3 illustrates

how they are used for learning a ranking score of a “Target” given a

“Slate” and a “Query” using the pair-wise loss – first apply multiple

neural network layers to map the internal representation to a score,

and then create pair-wise rank loss between positive example and

negative example.

Figure 3: Reranker trained using pairwise loss.

7.3 Examples
Below we give a detailed example of the above steps for the offline

bootstrapping algorithms given for the critiquing example from

Section 6. The same basic approach also applies for the suggestion

chip and explicit preference examples.

Representation. We use the Critique training data from Algo-

rithm 1 to illustrate our input representation which is shown in

Figure 4. Recall that 𝐴′
0
is a user query for which the system re-

sponse is the slate 𝑅′
0
which we’ll say consists of𝑛 items.We capture

the sequence of critiques 𝐴′
1
, . . . , 𝐴′

𝑘
where each critique is repre-

sented by its index (position), modifier (e.g. “more"), and token (e.g.

“chicken"). For the suggestion chip and explicit preference examples,

the critique portion of the graph is replaced by suggestion chips,

and for the explicit preference problem there might not be any

context.

Figure 4: Training example graph for the Critique problem
that captures the position within the critique of each modi-
fier that itself is represent by themodifier (e.g. “more", “not")
and the token being modified.

One slight complexity of the representation is that the critique

(or query in some other applications) might be tokenized into over-

lapping terms: they can be unigrams, bigrams, and named entities.

Hence the position node in Figure 4 is best modelled as an interval

node which indicates the span of each term. One strategy is to

directly replace each position node with an interval node, indexed

by both the start and end positions. The other strategy is to split

each interval node into two nodes, as shown in Figure 5.

Figure 5: Replacing a position node by interval nodes.

Note that if we have features from different sources, we can

further split the leaf node by adding an internal node to indicate

the source of the input features.

Parameterization. Given a data item represented as a tree struc-

ture, we obtain its representation throughout parameterization,

projection, and combination steps. In parameterization, the leaf

nodes are parameterized as dense vectors, a.k.a. embeddings. They

can be numerical values, viewed as one dimensional embeddings, or
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higher dimensional embeddings from categorical values. And these

embeddings can be pre-trained, i.e. as numerical values which are

not modified during the training, or train-able during the training.

The internal nodes are parameterized as transformations (possi-

bly with parameters), e.g. a two layer neural network. For example,

the node “pos-k” in Figure 4 can be parameterized as the addition

of the input embeddings to a trainable vector dependent on k (or

position embeddings).

Projection. For each leaf node, we project the leaf embeddings

by following the path from the leaf to the root by composing the

“internal-node” transformation to the leaf node. For example, the

“pos-k” node would add the position embeddings to the input, equiv-

alent to the position embeddings in the Transformer model. For

the transformation composition to work, we need to make sure the

embedding dimensions can be “chained” through each path, i.e. the

output dimensions of a node should match the input dimensions

of the node above it. In addition, we require the output embedding

size to be equal for the nodes below the root, i.e. “Slate”, “Critique”,

“Target” nodes in Figure 4.

Combination. All the leaf nodes, after the projection, are now
mapped to the space with the same dimensions. These projected em-

beddings become the input embeddings to the Transformer model.

The output is then treated as the final representation of the data.

8 EVALUATION
We briefly explore alternatives to traditional A/B testing for eval-

uation. Figure 6 illustrates an approach in which a rater receives

the entire set of user actions and system responses and then both

rates the overall performance as well as individual response quality

and may also add annotations (e.g. marks erroneous responses).

See [8] as just one example. Observe that this can be applied with

offline bootstrapping approaches as well as with online approaches.

In the case of online approaches the rater could be a different or

the same as the person serving as the User. When using online

bootstrapping, another option is to also include evaluation steps as

the interaction is happening as illustrated in Figure 7. Along with

more standard evaluations measuring quality, when including a

human-in-the-loop to help provide human-level performance in

the prototype for S′, one can measure the headroom (improved

performance) possible in a fully functioning S’. When a User sim-

ulation model is used instead of the User, by having this model

also simulate user satisfaction, this User simulation model can also

be used for the evaluation (e.g. [16]. Another research direction

is to have a simulated model for user satisfaction and compare

the performance on simulated and human evaluations as a way to

validate the user satisfaction model (e.g. [14]).

There is work such as MultiWOZ [3] introduces a data set of

a fully-labeled collection of human-to-human dialogues. We have

also applied a novel approach in which there is a human-in-the-

loop (who we will refer to as the Wizard). In this, scenario a crowd

compute worker serving as the User will connect to a plugin that

has been instrumented to pass requests between the user and back-

end through a Wizard who can help facilitate the conversation

both making it more natural and reducing dead-ends. By doing

so, you can both capture data of an improved experience and the

Figure 6: Post session evaluation.

Figure 7: In session evaluation.

interactions of the Wizard to achieve these aspirational experiences.

Secondly, you can measure headroom for a new feature by having

and experimental set-up in which a user does not know whether or

not there is a Wizard. Half of the time, there will be a Wizard who

will follow directions in a way to meet the goal of the new feature

(e.g. deciding when to ask the User a question in a conversational

system). Then user evaluations (at the conversational turn and

overall) can be used to measure how much the new feature being

considered will improve the user experience with respect to the

particular evaluation set-up created.

9 CONCLUSION
We presented a novel data bootstrapping framework that moves the

task of developing models for new interactions into the input rep-

resentation allowing a standard machine learning model to be used

to train a model capturing the new interactions. We illustrated our

framework on three examples of new user experiences: critiquing,

suggestion chips, and explicit user preference. We also presented

ML modeling approaches geared towards this setting to enable a

faster development cycle than traditional training approaches and

evaluations based on A/B testing. Our machine learning architec-

ture consists of (1) an input representation that supports different

entity types including annotations (e.g., modifier, position), (2) a

transformer that maps the symbolic input to an intermediate repre-

sentation, and (3) a prediction task that utilizes the intermediate

representations to generate useful outputs, for example, relevance

scores, and is designed to work well with limited and noisy data

that has been produced by our data bootstrapping methods.
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