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Abstract

Machine learning in production needs to balance multiple objec-
tives: This is particularly evident in ranking or recommendation
models, where conflicting objectives such as user engagement, satis-
faction, diversity, and novelty must be considered at the same time.
However, designing multi-objective rankers is inherently a dynamic
wicked problem – there is no single optimal solution, and the needs
evolve over time. Effective design requires collaboration between
cross-functional teams and careful analysis of a wide range of infor-
mation. In this work, we introduce Orbit, a conceptual framework
for Objective-centric Ranker Building and Iteration. The framework
places objectives at the center of the design process, to serve as
boundary objects for communication and guide practitioners for
design and evaluation. We implement Orbit as an interactive sys-
tem, which enables stakeholders to interact with objective space
directly and supports real-time exploration and evaluation of design
trade-offs. We evaluate Orbit through a user study involving twelve
industry practitioners, showing that it supports efficient design
space exploration, leads to more informed decision-making, and
enhances awareness of the inherent trade-offs of multiple objec-
tives. Orbit (1) opens up new opportunities of an objective-centric
design process for any multi-objective ML models, as well as (2)
sheds light on future designs that push practitioners to go beyond
a narrow metric-centric or example-centric mindset.

CCS Concepts

• Human-centered computing → Interaction design; • Infor-
mation systems→ Information retrieval.
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1 Introduction

Machine learning models are ubiquitous, yet it can be hard to do
them right in production [42]. To train a model, it is customary
to define appropriate training objectives: For a language model,
the training objective is to predict next tokens, with every token
serving as the training target for the context before. For an image
classification model, the training objective is to predict the correct
label annotated. However, in many cases, a model has more than
one objective to train for, with the most prominent example being
ranking or recommendation models [54].

Take video recommendation as an example: There are many
user behavioral signals that can be used as objectives, from clicks
and watch time to capture user engagement, to likes and rat-
ings to capture user satisfaction [74]. Beyond recommendation
accuracy, objectives like diversity, serendipity, novelty, and
coverage [30] can also be incorporated into model training, such
as to avoid filter bubbles [44], encourage user exploration [62],
and ultimately improve long-term user experience. These differ-
ent objectives can easily conflict with each other [75] and might
be prioritized differently by different stakeholders [58]. End users
might care more about likes and ratings to find enjoyable con-
tent, while content creators might care more about diversity and
novelty for better video visibility. Advertisers might prioritize
click to maximize ads visibility, while content creators would fa-
vor higher watch time for their content. With only one single
ranking order that can be produced, there is always a decision to
make on what items should go above others – and there is no strict
best order for that decision [54].

Designing multi-objective rankers is, therefore, inherently a wicked
problem [53]: There is no definitive formulation, no stopping rules,
and no single “best” solution. There are always choices on what
objectives to incorporate and how to trade off different objectives.
Furthermore, this wicked problem of ranker design is dynamic with
changing stakeholder needs. For example, Youtube’s video recom-
menders evolved from considering only watch time [13], to multiple
user behavioral signals capturing user satisfaction beyond engage-
ment [74], and more recently to incorporating diversity as part of
the objectives to mitigate echo chamber effect [64]. For a ranking
system in production, there are constantly new observations and
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feedback from stakeholders that motivate the need for continuous
(re-)design of multi-objectives rankers.

To thoroughly consider trade-offs for ranker design, practition-
ers need significant efforts both (a) analyzing and incorporating
feedback from different stakeholders and (b) looking across various
kinds of evidence.

Communication and collaboration. First, as is typical with many
other machine learning systems [42], designing multi-objective
rankers is a cross-functional efforts: We observed (cf. Section 2.1)
that, various stakeholders (e.g., product managers) frequently pro-
vide feedback on where a ranker can improve, and technical stake-
holders (e.g., ML engineers, scientists) will need to translate the
feedback into appropriate updates tomodel objectives and re-design
the model. However, it can be challenging for different stakeholders
to effectively communicate and collaborate: Less technical stake-
holders can struggle to provide actionable feedback, while technical
stakeholders have to spend significant efforts to analyze their feed-
back and incorporate it into the ranker if plausible.

Design and evaluation. Second, designing and evaluating multi-
objective rankers is an endeavor involving careful analysis of a rich
set of information: We observed (cf. Section 2.2) that stakehold-
ers need to track aggregated metrics to understand overall trends
of each objective, inspect concrete examples to understand users’
concrete experiences, and also inspect data slices [8] to analyze
important subgroups and more nuanced phenomena. Tracking all
the information at the same time is challenging, and makes practi-
tioners struggle to design appropriate rankers.

In this work, we propose a conceptual framework, Orbit, for
Objective-centric Ranker Building and Iteration. The key idea is that
objectives should take the central role in the model design

process, to guide communication, exploration, and evalua-

tion. We argue that objectives can act as the boundary object [57]
between stakeholders, to be interpreted colloquially and connected
to stakeholder feedback and concrete examples, and also to be
defined precisely in mathematical terms for model training (cf. Sec-
tion 3). For practitioners designing and evaluating multi-objective
rankers, we argue that objectives can help navigate design space and
forage information for evaluation, as they define where to explore,
inform what to evaluate, and explicate the inherent trade-offs.

We implemented Orbit as an interactive system that affords
interactive ranker design: Users can directly operate on the objec-
tive space, and observe how concrete examples and aggregated
metrics change in real time, allowing much more efficient and
well-informed exploration of the design space. Orbit also serves
as a platform for less techncial stakeholders to better understand
multi-objective rankers and potentially provide more constructive
feedback in the design process. To evaluate Orbit, we conducted
a user study with twelve experienced industry practitioners. Our
evaluation shows that with Orbit, users can explore the design
space more efficiently, make more informed decisions, and are more
likely to communicate the inherent trade-offs to other stakeholders.

To summarize, our work makes the following contribution:

• A perspective of multi-objective ranker design as a dynamic
wicked problem and its associated challenges identified in
practice, which enable new design approaches.

• An objective-centered conceptual framework for multi-obje-
ctive ranker design that provides a foundation for our and
future system design.

• Orbit, an interactive system supporting interactive ranker
design and evaluation.

• Insights from user studies that objective-centered design
supports users to explore the design space more efficiently,
make more informed decisions, and be more aware of the
trade-offs, shedding light on designing similar systems for
other multi-objective ML problems.

2 Motivation

We embedded ourselves in a team (n=50) responsible for commer-
cial product rankers over five months. The team members have a
wide range of different roles, from applied scientists, software engi-
neers, product managers, to machine learning engineers. The team
regularly updates new models on a monthly basis. We conducted
informal interviews with team members, studied their existing
workflows, as well as analyzed internal documents on past cross-
functional communication on the product rankers. Through this
process, we identified two key challenges for ranker design in their
day-to-day activities, which we summarize below.

2.1 Communication and Collaboration: Lack of

a Shared Language

We first found that designing and evaluating rankings is not a one-
side effort from technical stakeholders. Lots of less technical stake-
holders were involved in the past history and wanted to provide
feedback on the ranker to improve user experiences on different
data slices and dimensions. This can be particularly helpful, as they
often bring in domain expertise and provide feedback grounded in
concrete observations and customer experiences. However, even
though these stakeholders have the domain expertise and some
insights, we found they can struggle to provide actionable feedback
that can be incorporated in the next model iteration.

Indeed, the process of understanding and incorporating feedback
is often perceived to be frustrating and sometimes not constructive
– it typically takes weeks of communication efforts. This is because
less technical stakeholders only have a vague notion of what ob-
jectives the current model is trained for – they communicate what
they want, without understanding what can be achieved, especially
with the constraints of balancing multiple objectives. Meanwhile,
incorporating their feedback into model design requires deliberate
thinking on how one can translate and express feedback in the
objectives, which can take lots of effort for technical stakeholders.
The lack of a shared language slows down communication and
collaboration, and hinders faster iteration over model design.

This, along with our other observations in Section 2.2, motivates
our first design goal:

G1. Objective-centric. Objectives should be the first class cit-

izen. The current design process suffers from the lack of
a shared language and appropriate guidance. The system
should surface objectives as the main object for stakeholders
to navigate through the design space, communicate their
findings, and negotiate over trade-offs.
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2.2 Design and Evaluation: Plethora of

Information

To design rankers and evaluate a design, practitioners need to for-
age various information, from metrics, examples, to slices: They
need to track aggregatedmetrics to understand the overall trends of
each objective, mostly in a designated dashboard. However, as men-
tioned by one of the practitioners, “...(our metric) aggregated NDCG
is sparse and not always reliable,” echoing existing concerns on com-
mon information retrieval evaluation metrics [e.g., 18–20, 40], and
generally discussion on how aggregated metrics can hide lots of
nuances in machine learning [e.g., 52]. Therefore, practitioners also
heavily rely on inspecting concrete examples to confirm whether
the aggregated metric improvements aligned with human expec-
tations, which is supported by an internal platform to inspect and
analyze individual examples. Stakeholders also conduct more cus-
tomized analyses on important subsets (known as data slices [8]),
for which they need to switch to computational notebooks for their
expressive power.

This three-fold metric-example-slice information foraging pro-
cess is much more complicated compared to an idealized machine
learning setup, where stakeholders exclusively focus on optimiz-
ing models towards a well-defined objective and measure progress
through aggregated metrics. In one of our observation sessions, we
found the practitioner started with analyzing examples in an ex-
planability tool, but quickly jumped to notebooks for more detailed
analysis, and switched to an example analysis platform once an
example was found interesting. Because it is mentally challenging
to forage comprehensive information for model design, stakehold-
ers often choose to test design hypotheses highly selectively, and
only explore a few alternatives per design hypothesis. This leaves
a large design space mostly unexplored, and potentially many iter-
ation opportunities missing. Sometimes, they do not have time to
conduct comprehensive evaluations, leaving their decision-making
up to a few key metrics, and lots of nuances unexplored. These
observations motivate our second design goal:

G2. Comprehensive-evals. Evaluations should be comprehen-

sive and cover different types of information. Users
need evaluation results to assist their model design iteration.
The evaluations should be comprehensive, with both qualita-
tive (examples) and quantitative (metrics, slices) information,
allowing users to quickly assess a design.

As mentioned above, we also observed that practitioners heavily
rely on computational notebooks for any more customized and
detailed analysis. Computational notebooks are particularly pow-
erful for their expressiveness, supporting practitioners to experi-
ment with complicated objectives and define appropriate metrics
for evaluations. Such customizability is essential to ranker design,
motivating our final design goal:

G3. Customizability. Objectives and metrics should be easily

customizable. Practitioners often want to define refined
objectives with complex interactions and customize what
to evaluate. The system should support them to customize
their design and evaluation, such that they can experiment
with different designs and perform in-depth analysis.

communicate
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Click Watch time

RatingsDiversity
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Click-through rate
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Figure 1: Orbit’s conceptual model. Objectives take the cen-

tral role of ranker design: They can be translated from feed-

back and concrete observations, serving as the bridge be-

tween different stakeholders. They can help practitioners

explore different model designs. They can help conduct eval-

uation, by informing what metrics to design and track and

providing attribution for concrete ranking results.

3 Orbit

We proposed Orbit, a conceptual framework for multi-objective
ranker design and evaluation, surfacing objective as the core concept
(Figure 1).

What are objectives? Objectives can be formally defined as “func-
tions we want to minimize or maximize” for machine learning [22].
For example, an objective for user click can be defined as a cross-
entropy loss function:

Lclick = − 1
𝑁

𝑁∑︁
𝑖=1

[𝑟𝑢𝑖 log(𝑟𝑢𝑖 ) + (1 − 𝑟𝑢𝑖 ) log(1 − 𝑟𝑢𝑖 )]

where 𝑟𝑢𝑖 is whether user 𝑢 clicked item 𝑖 , 𝑟𝑢𝑖 is the softmax
predicted click probability for the same user and item, and 𝑁 is the
total number of user-item pairs in the dataset. Model training is
expected to optimize for this objective, i.e., minimizing the gaps
between predictions and ground truth. In reality, there are usually
multiple objectives (e.g., click, purchase, relevance, ratings) that
can be defined and optimized for, which requires practitioners to
actively explore different designs and trade-offs.

For evaluation, practitioners need to design appropriate metrics
for each objective. This is usually a one-to-many mapping, with
different metrics capturing different notions of the same objective:
For example, MAP [77] and NDCG [28] can both be used for the
user click objective here to measure the “goodness” of a produced
ranking in terms of clicks, with NDCG capturing additional position
information.

Objectives can also be interpreted colloquially and connected
to stakeholder feedback and concrete examples: For example, the
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Figure 2: Orbit’s interface and example usage. Orbit surfaces objectives as the first class citizen in ➀ objective overview

bar, and allows users to interactively ➁ inspect, edit, or create objectives. Users can ➂ specify how multiple objectives are

combined and incorporated into a model, and observe the impact in real-time. Users can look at ➃ side-by-side comparison

for example-level information, and ➄ tie rankings back to objectives for explanations when needed. Users can also look at ➅

metrics and ➇ slices for aggregated information, with the ability to interactively define ➆ new metrics and new slices, and ➅

inspect slices with larger metric differences. Below the interface, we demonstrate how in our running examples, stakeholders

can use Orbit to translate observations to actionable feedback, explore different designs, and gather evaluation information.

click objective captures user click information and can be held ac-
countable when stakeholders identify examples where clickbait
issues [63] promote attractive-looking yet low-quality items. Ef-
fectively, objectives can serve as a boundary object [57] between
stakeholders.

Objective-centered ranker design. We argue that multi-objective
ranker design should be objective-centered, because objectives can
serve as a boundary object for communication, help design space
navigation (cf. Section 3.2), and help information foraging for eval-
uation (cf. Section 3.3).

We implemented Orbit as an interactive system (Figure 2) based
on Zeno [8], a framework that supports interactive behavioral

evaluation. The system was implemented and iterated over three
months, with weekly feedback from internal stakeholders. To walk
through how Orbit implements the conceptual framework, we use
the following running example:

Cynthia is an ML engineer responsible for an E-commerce
ranking model, which takes in a query and a list of items and
returns a ranked list. Currently, the model is optimized for four
objectives: click for estimated click probability, purchase for
estimated purchase probability, exact_purchase for textual
relevance (i.e., whether an item is an exact match) weighted
by purchase, and popular_purchase for popularity (i.e., units
sold) weighted by purchase. Cynthia is working with a product
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manager, Eric, to decide whether to incorporate his feedback
into the next model iteration.

3.1 Objective as Boundary Object

First, Orbit explicitly surfaces objectives in the➀ objective overview

bar (G1) so that stakeholders can have a shared understanding of
what objectives are currently used.

Eric observes that in a query “30 quart coolers”, the current
model promotes too many items that are not exact matches in
terms of textual relevance (i.e., different sizes), even though
users are actively seeking items with a specific size. Eric no-
tices that the model is currently optimized for four objectives:
click, purchase, exact_purchase, and popular_purchase.

Furthermore, Orbit supports users to inspect the exact definition
of each objective. This helps stakeholders locate objectives relevant
to their observations.

Eric finds the objective most relevant to his observations is ex-
act_purchase, defined as esci_label == ‘E’, where esci_-
label is a feature annotating whether an item is an exact
match, substitute, complement, or irrelevant to the current
query.

Orbit is also explicit about how objectives are incorporated into
the model with ➂ model definitions (G1), helping stakeholders
provide constructive feedback grounded in existing model designs.

Eric finds the current model is trained using a linear combina-
tion of objectives: click * 3 + purchase * 2 + exact_purchase
*0.2 + popular_purchase *0.3. Eric notices that exact_pur-
chase has a weight of 0.2 – he suspects that the current weight
is too small to promote all items that are exact matches. Eric
communicates this, along with his concrete observations, to
Cynthia.

Our example here shows one way to incorporate multiple objec-
tives through pre-training linear aggregation [16]. There are many
other ways objectives can be incorporated into themodel, from post-
training aggregation [74] to heuristic reranking over existing mod-
els [11] (cf. Section 6.1 for a more detailed discussion), but the core
design of Orbit stays the same regardless of the training methods.

3.2 Objectives to Support Design Space

Navigation

Orbit not only helps stakeholders provide more constructive feed-
back on ranker design but also makes the design process itself much
easier by helping them navigate the design space. This is supported
both by ➀ objective overview bar, which provides the design
ingredients, and by ➂ model definitions, which shows how multi-
ple objectives are combined and further allows users to update the
aggregation methods with both smaller changes (weight-tuning)
and bigger changes (adding or removing objectives).

Receiving Eric’s feedback, Cynthia decides to update the
weight of exact_purchase to 1.5 to see if this could help and
what the trade-off is. She also tests out a few different designs,
including trying different weights of exact_purchase and
changing thresholds for popular_purchase.

Orbit encourages users to think about design space exploration
in terms of objectives, and helps them trackwhat they have explored
and brainstorm what to explore next. Furthermore, Orbit supports
➁ interactive objective edits and definitions, such that users
can easily manipulate the objective space (G3). This is particularly
helpful when they want to experiment with new objectives.

Motivated by the evaluation results, Cynthia decides relevance
is particularly important for queries with queries with quantity
information, where users likely target exact items only. She
defines and adds an additional objective exact_purchase_-
for_quantities that selectively applies exact_purchase to
a data slice.

3.3 Objective to Support Information Foraging

in Evaluation

Each model design users explore needs to be evaluated. Orbit
highlights a comprehensive set of evaluation information (G2) and
supports effective information foraging [46] with objectives (G1).

Most noticeably, Orbit helps users forage useful information
at example-level with a ➃ side-by-side comparison view of ex-
amples, where users can visually inspect concrete ranking results
with rank differences highlighted. Users can also find additional
information by tracking additional (objective-related) columns, or
expanding a specific item to inspect details (G2).

After updating the objectives, Cynthia checks the examples
associated with “30 quart coolers.” She finds that this change
successfully demotes two non-exact items on the top.

Orbit explicitly tie example rankings back to objectives, with
an ➄ objective attribution chart under each item (G1). The at-
tribution chart visualizes how much each objective contributes to
a specific item’s ranking and can be computed using model ex-
planability techniques [e.g., 5, 51]. Together with objective-related
features, objective attribution charts help users identify informa-
tion that is useful for model iteration. In other words, Orbit helps
enhance “scent” [46] of relevant information for more efficient
evaluation.

Cynthia looks at the example and finds the two non-exact items
are demoted specifically because the objective of exact_pur-
chase (green in the charts) takes a much bigger portion in
the combined objective. She also checks the promoted items,
noticing they have medium-level review counts.

Beyond examples, Orbit also features a ➅ metric panel, which
provides an overview over all metrics under tracking. The metrics
can usually be derived from objective, though there is not necessar-
ily a one-to-one mapping. In Orbit, users can easily glance over
the metric changes at the dataset, slice, or example level, as well as
zoom into specific slices with larger metric differences (G2).

In the current iteration, there are four metrics under track-
ing: ndcg_click_prob and ndcg_purchase_prob measure
how well highly clicked (purchased) items are placed on the
top, with a position decay [28], while exact_density and
highly_rated_density measure how many exact match or
highly rated items are present in top-8.
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Cynthia notices that, even though boosting exact_purchase
indeed promotes textually relevant items to the top (hence
higher exact_density), other key metrics like ndcg_pur-
chase_prob and highly_rated_density can drop a lot over
the entire dataset. Cynthia tests out a few different designs to
find one that balances ndcg_purchase_prob and exact_den-
sity relatively well.

More importantly, users can customize any metrics they find
useful with ➆ metric definitions, and interactively track them.
If users have specific hypotheses, they can even define data slices
and track their changes with ➇ interactive slicing (G3) .

Cynthia further investigates into data slices where the metric
ndcg_purchase_prob drops most. She notices that for some
exploratory user queries that are broad, ambiguous, or even
misleading, there is a strong conflict between textual relevance
and user purchases, In these cases, users tend to buy a lot of
supplementary items, but the new objectives can downrank
these items a lot despite frequent user purchases.
Motivated by this observation, Cynthia defines a slice on
queries with quantities, where users likely target only for
exact items – she finds the model performs well on this slice
with new objectives. She further iterates the model design and
tests out different designs until she finds a few satisfactory.
Cynthia decides to move on with the identified designs, com-
municates her exploration and analysis back to Eric, and starts
a few model training sessions.

4 Evaluation

To evaluate Orbit, we want to understand how it supports ranker
design. As discussed before, ranker design is a wicked problem that
requires thinking about and trading off multiple objectives – there
is no single success criteria or quality measure, hence, assessing
the speed of task completion would be an inadequate measure
because it is easy to create a poorly thought out solution quickly
with or without tool support. Instead, we want to evaluate how
much users explore and evaluate trade-offs, as we consider the
depth of engagement as a proxy for their efforts put into creating a
well-thought-out and balanced solution. While we do not have any
ground truth to evaluate the quality of a solution (which is hardly
ever possible for a wicked problem), we can measure how deeply
users engage with reasoning about the problem in a given time. We
expected Orbit can support users to explore design space more
broadly, conduct more comprehensive evaluations for decision-
making, and derive better justifications considering trade-offs.

More specifically, we conducted a user study to evaluate:

• RQ1 (more efficient navigation): To what degree does
Orbit help users explore the design space more easily and
efficiently?

• RQ2 (more informed decision-making): How well does
Orbit help users make more informed decision?

• RQ3 (more trade-off thinking): How well does Orbit
encourage users to think about and communicate trade-offs?

4.1 Study Design

4.1.1 Experimental conditions. Wedesign our user study as awithin-
subject controlled experiment, where participants complete two
tasks in two conditions: treatment and control. In the treatment
condition, participants use Orbit, while in the control condition,
participants use Jupyter notebooks, as commonly used in their ex-
isting workflow. To make it a fair comparison, we also provide
additional utility functions for designing objectives and computing
metrics in the control condition, such that the control group is
better supported than an average practitioner doing this task.

4.1.2 Procedure. We conducted the study one-on-one with all par-
ticipants. Each session lasted for 90 minutes and had a structure as
follows: The participants first filled out a pre-study survey for de-
mographics and expertise information. Next, the participants went
through an interactive tutorial in Jupyter Notebook, where they
were introduced to (1) the dataset used in the study, (2) provided
notebook utilities for the control condition, and (3) key function-
alities of Orbit. The tutorial serves to equip participants with
background information for the study tasks. After the tutorial, the
participants were asked to try a demo task with Orbit, to make
sure the participant understood the task and how to use Orbit. The
introductory part took up to 30 minutes.

Next, participants worked on the two tasks for 25 minutes each,
one in the treatment condition and one in the control condition.
The participants were asked to work on the tasks think-aloud [26],
such that we could better understand their thought processes and
decision points. To mitigate learning effects, we use a Latin square
design [7] with four groups, counterbalancing (1) which condition a
participant encounters first, and (2) which task a participant works
on first. In the end, participants filled out a post-study survey for
their feedback (details in Appendix A).

4.1.3 Tasks. We designed the tasks in the following structure: The
participant was first shown feedback on specific model outputs
from other (hypothetical) stakeholders. They then had 20 minutes
to explore, evaluate, and analyze different model designs think-
aloud to understand (1) whether and how the feedback can be
incorporated and (2) what are the potential trade-offs. Finally, they
had 5 minutes to draft a response to the stakeholder feedback based
on their exploration and analysis.

For our user study, we designed two task scenarios with similar
difficulty, using the public ESCI dataset [48].1

(1) A stakeholder found the query “30 quart coolers” has lots
of products with different sizes (e.g., 54 quarts) on the top.
These products are not exact matches andmight be irrelevant
to customers looking for coolers with a specific size.

(2) A stakeholder found the query “uconn hoodie” has lots of
products with bad ratings on the top. These products are
poorly sold and rated, and can negatively impact customers’
shopping experience.

4.1.4 Measurements and analysis.

1We annotated the dataset with additional synthetic features, ending up with having
text relevance, click-through probability, purchase probability, review ratings, review
counts, units sold as objective-relevant columns.
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User activity. We characterize user activities into two categories:
design and evaluation. For design, we distinguish between small-
step exploration (weight-tuning) and big-step exploration (others),
to understand howOrbit impacts users’ design exploration in more
nuances. For evaluation, we further break it down into example-
based and metric-based evaluations, and distinguish between stan-
dard evaluations (dataset-level metrics, provided anecdotes) and
additional evaluations (others), to understand how Orbit impact
users’ information-seeking behaviors. We re-construct participants’
activity sequences from the telemetry data (for treatment) and ex-
ecution history (for control) collected during their interactions,
and one author went through all screen recordings to validate the
activity sequences. The final user activity sequences produced are
visualized in Figure 4.

For RQ1 (more efficient navigation), we measure how much
design space users explore, with distinct trade-offs (M1) users
explore, which we define as the number of different objectives users
design and evaluate. We also measure howmany design dimensions
users explore, with distinct big-step trade-offs (M2), where users
change objective constituents. To understand the complexity of
objectives users explore, we additionally measure degree of feature
interaction for each new or edited objective.

For RQ2 (more informed decision-making), we measure how
comprehensive evaluations users conduct for each trade-off, with
distinct evaluations per trade-off (M3). More comprehensive
evaluations imply more informed decision-making. We consider
each evaluation result that gives new information as distinct – for
example, if users look at the same example multiple times for one
trade-off, we would consider them as one distinct evaluation.

We further measure the comprehensiveness of users’ overall eval-
uation, with distinct additional evaluations (M4), to understand
how much users go beyond standard setups of dataset metrics and
provided anecdotes. We also measure how balanced users’ evalua-
tions are, withmetric-example balance (M5), to understand how
much users rely on one-sided information. We define this metric as
KL-divergence from the uniform distribution:

𝐷KL (𝑄 ∥ 𝑃) = 𝑄 (𝑒) log
(
𝑄 (𝑒)
𝑃 (𝑒)

)
+𝑄 (𝑚) log

(
𝑄 (𝑚)
𝑃 (𝑚)

)
where 𝑃 (𝑒) = 𝑃 (𝑚) = 1

2 , and 𝑄 (𝑒) (𝑄 (𝑚)) measures the propor-
tion of example-based (metric-based) evaluations. The smaller the
metric, the more balanced users’ evaluations.

We summarize all our measurements collected from user activity
in Table 1. For all these measurements, we also analyzed with a re-
peated measures ANOVA analysis, testing how much the condition
(whether participants use Orbit) impacts the measurements, while
considering the potential impact from other independent variables:
In our analysis, we test to what degree our tool, the task, the order
(tool first or tool last), and the participant’s past experiences explain
variance in the outcome variables (cf. Table 2).

User responses. For RQ3 (more trade-off thinking), we annotated
users’ responses to stakeholders on whether they directly men-
tion trade-offs. We classified any responses mentioning tensions
between different objectives (metrics) as directly mentions (e.g.,

Design

Add objectiveWeight-tuning

Small step Big step

Remove objective

Edit objective

Create objective

Evaluation
Dataset-level

Provided anecdote

Example

Metric

Slice-level

Example-level

Other examples Created metric

User activity

Figure 3: Taxonomy of user activities: We characterize user

activities into two categories: design and evaluation. For de-

sign, we distinguish between small-step exploration (weight-

tuning) and big-step exploration (others), to understand how

Orbit impacts users’ design exploration in more nuances.

For evaluation, we further break it down into example-based

and metric-based evaluations, and distinguish between stan-

dard evaluations (dataset-level metrics, provided anecdotes)

and additional evaluations (others), to understand how Or-

bit impact users’ information-seeking behaviors.

“achieve better [metricA] without compromising [metricB]” ). We mea-
sure the proportion of responses mentioning trade-offs. In addition,
we went through user study transcripts, and identified and counted
all verbal mentions of trade-offs.

For our annotations, we have two authors independently anno-
tate a same subset of responses, achieving substantial agreement
(0.67 kappa score). One author proceeded with the rest of annota-
tions.

Survey. For all our findings, we also triangulate the findings
using users’ survey responses, where they rate different aspects of
each study condition (trade-off understanding, usability, usefulness,
etc.) and the importance of different Orbit features (e.g., side-by-
side visualization, metric tracking). We also quote their written
feedback for the relevant findings.

4.1.5 Participants. We recruited 12 participants from a large tech
company. All participants have prior ML experience and currently
work on product ranking, with 83% of them “extremely familiar” or
“very familiar” with Jupyter notebooks in self-report. Their daily
work areas span across feature extraction, model training, anomaly
detection, offline model evaluation, online A/B testing, etc. As is the
standard practice, we pilot-tested the evaluation with 4 participants
from the same company, which are not included in the final results.

4.1.6 Limitations. Our user study is designed as a controlled ex-
periment. Controlled experiments give us the power to ensure high
confidence in the reliability of the findings in the given context with
statistical techniques, but the results might not generalize easily to
other tasks, settings, or ML practitioners beyond our participant
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Metric Definition Hypothesis Result

distinct trade-offs

(M1)

The number of different objectives users
design and evaluate

Increased trade-off explo-
ration with Orbit 0 2 4 6 8 10 12

distinct big-step

trade-offs (M2)

The number of different objectives users
design and evaluate, where objectives
are added, removed, or edited

Increased big-step trade-
off exploration with Orbit 0 1 2 3 4 5

distinct evaluations

per trade-offs (M3)

The number of different evaluations
users conduct for each trade-off

Increased evaluation per
exploration with Orbit 0.0 0.5 1.0 1.5 2.0 2.5 3.0

distinct additional

evaluations (M4)

The number of different additional
metric-based or example-based evalua-
tions users conduct

Increased additional evalu-
ation with Orbit 0 5 10 15

metric-example

balance (M5)

KL-divergence from the uniform dis-
tribution between metric-based and
example-based evaluations

More balanced evaluation
(M5 ↓) with Orbit 0.0 0.1 0.2 0.3 0.4

treatment control
Table 1: User study metrics and results for RQ1 and RQ2. With Orbit, participants explored more distinct trade-offs (M1) in

bigger steps (M2). They also conducted more distinct evaluation (M3) beyond standard setups (M4) in a more balanced way (M5).

distinct trade-

offs (M1)

distinct big-step

trade-offs (M2)

distinct evaluations

per trade-offs (M3)

distinct additional

evaluations (M4)

metric-example

balance (M5)

Interv.: Used Orbit? 23.81*** 8.18* 11.03** 12.16** 6.50*
Task number 7.14* 6.42* 2.71 0.12 3.14

Tool Order 0.34 0.54 0.43 0.01 0.02
Notebook experience 4.97* 0.42 0.19 0.04 0.79

∗∗∗𝑝 < 0.001, ∗∗𝑝 < 0.01, ∗𝑝 < 0.05
Table 2: User study ANOVA results: We report the F-value and p-value, which quantify the extent to which each variable

accounts for the observed variances. Our analysis reveals that the use of Orbit significantly explains the differences for all

measurements with the biggest impact, while all other variables can not significantly explain the observed variances, except

for Task number for M1 and M2, and notebook experience for M1, with smaller F-values.

population. This is a common trade-off when designing evalua-
tions [56] – readers should be careful when generalizing findings
beyond our study setting. In addition, the controlled experiments
have a short study duration where Orbit is introduced to partici-
pants for the first time, leading to potential novelty effects [33].

Our analysis uses a series of metrics as proxies to measure how
users explore design space, conduct evaluation, and think about
trade-offs.We do not have a single metric to measure the “goodness”
of the derived solutions, as this would require a fixed view of how
to prioritize different objectives. Our analysis also relies on human
annotations for some metrics, which can be inherently subjective
and unreliable – we mitigated the problem with multiple raters to
establish annotation reliability.

4.2 Finding: Orbit Helps Users Explore Design

Space More Efficiently (RQ1)

4.2.1 Users explored 183% more distinct trade-offs with Orbit. We
found that on average, users can explore much more distinct trade-
offs (M1) with Orbit (10.8 vs. 3.8 in control, Table 1). This demon-
strates that, given the same amount of time, users can explore
the design space more efficiently, correlating with user perception
(Table 3) that Orbit is easier to use (83% vs. 41% for notebooks),
and helps them accomplish the tasks more easily (91% vs. 33% for
notebooks).

A closer inspection of screen recordings reveals that, in the
control condition, users spend much more time foraging example-
level information, while in the treatment condition, the side-by-side
visualization makes it much faster to gather the same information.
This echoes their own perception that side-by-side comparison is
the most important feature in Orbit: 100% participants rate it as
“extremely important” or “very important” (Figure 5), as side-by-
side comparison “provides a more visual way to experiment with
tradeoffs” (P4).
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Figure 4: Participant’s sequence of distinct activities. With Orbit, participants explored more distinct trade-offs , in bigger
steps , and conducted more distinct evaluation beyond standard setups ( vs. ) in a more balanced way ( vs. ).

Overall participants also explored big-step changes throughout the session with Orbit (vs. mostly only did big-step changes in

the beginning followed by small weight-tuning when using notebooks).

4.2.2 Users explored 292% more trade-offs in larger steps with Orbit.

Further breaking down the trade-offs users explored, we found that
users not only explored more distinct trade-offs but also explored
the design space in larger steps: Indeed, they explored 291.7% more
big-step changes (M2, 3.9 vs. 1.0 in control, Table 1) and created or
edited 142.9% more objectives (1.4 vs. 0.6 in control). This is well
illustrated by the activities of P11 (shown in Figure 4): In the control
condition, P11 only defined and added a new objective once, with
the remaining time exclusively focusing on weight-tuning, while in
the treatment condition, P11 defined, added and edited objectives
throughout the process.

Comparing the objectives users defined, Orbit also enabled
users to explore more complex objectives that they would not have
considered before: Treatment group users are observed to explicitly
explore feature interactions (e.g., (esci_label == ‘E’) · pur-
chase_probability · (review_rating > 4), P10), while control
group users exclusively create simple objectives (e.g., esci_label
== ‘E’). Overall, treatment groups defined or edited 19 objectives
with 1.6 interactions on average, while control groups only defined
or edited 7 objectives with 1.1 interactions on average.

Combining the results, we found that Orbit helps users explore
design space more efficiently, and in the way that they also explore
bigger changes and more complex interactions. That is, given the
same amount of time, users are able to test out more divergent
design ideas with Orbit.

4.3 Finding: Orbit Leads to More Informed

Decision Making (RQ2)

Beyond more efficient exploration of the design space, we also
observed that users on average conducted 65.7% more distinct eval-
uations per exploration with Orbit (M3, Table 1). Participants felt
that Orbit helps them “easy to process (information) and estimate
the effects of changes quickly” (P15) and mentally “makes it easier to
navigate through tradeoffs” (P12).

Breaking down the evaluations, we found that with Orbit, users
are especially encouraged to explore additional evaluations (M4,

12.4 vs. 0.6, Table 1), while they almost exclusively focused on stan-
dard setups (except for P4) in the control conditions. For example,
P12 only checked evaluation results on overall metrics and the pro-
vided task example when using notebooks, but conducted a much
more extensive evaluation including additional slice-level metrics
and additional examples with Orbit (Figure 4). This shows that
Orbit not only encourages more frequent evaluation, but also en-
courages evaluation beyond overall aggregated metrics and fosters
generalizability thinking (additional examples).

Meanwhile, we also observed that users are conducting evalu-
ations in a more balanced (M5, 75.8% closer to uniform, Table 1)
way: In the control conditions, some participants almost exclu-
sively focus on one kind of evaluation – metric-based (e.g., P9) or
example-based (e.g., P15). In contrast, with Orbit, participants are
more likely to think about both metrics and examples at the same
time, because they can easily check “if the solution works by look-
ing at the (3) metrics block and (4) side by side block, both updated
automatically” (P4), with “less mental load for human” (P14).

Additionally, we observed that users are also more likely (+200%)
to define new metrics with Orbit. For example, P4 added new met-
rics to capture different definitions of popularity with different
thresholds for review_rating to decide what counts as a popular
item, and ultimately found one that is most aligned with his ob-
servations. Overall, we found that Orbit leads to more informed
decision-making as users forage more, as well as more diverse
information when considering trade-offs.

4.4 Finding: Orbit Fosters More Thorough

Thinking over Trade-offs (RQ3)

Finally, we found that Orbit leads participants to more easily un-
derstand trade-offs (91% vs. 50%, Q2, Table 3) and think more about
them when they explore the design space. Participants in the treat-
ment condition mentioned 28 times of trade-offs in total (vs. 15
times in control) when they explored think-aloud. This is expected,
as trade-offs are particularly highlighted in Orbit through metrics,
hinting users that any design changes are not single-dimensional
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Statement Distribution

Q1 Easy to accomplish the task with Orbit 91% 8%

Easy to accomplish the task with notebooks 33% 41%

Q2 Easy to understand trade-offs with Orbit 91% 8%

Easy to understand trade-offs with notebooks 50% 33%

Q3 Easy to use Orbit 83% 0%

Easy to use notebooks 41% 33%

Q4 Enjoyable to use Orbit 91% 8%

Enjoyable to use notebooks 33% 41%

Q5 Mentally demanding to use Orbit 8% 41%

Mentally demanding to use notebooks 58% 16%

Q6 Will use Orbit in the future 83% 8%

Will use notebooks in the future 41% 25%

Strongly agree Agree Neutral Disagree Strongly disagree

Table 3: Participants found Orbit help them accomplish the task better (91% vs. 33%), understand trade-offs easier (91% vs.

50%), is easier to use (83% vs. 41%), more enjoyable to use (91% vs. 33%), and less mentally demanding (8% vs. 58%). There are 83%

participants who want to use Orbit in the future for similar tasks (vs. only 41% for notebooks).

optimization efforts, but rather require careful balance. This is well-
demonstrated in P11’s thought process: “So even for queries with
quantities. We’ve lost something on exact... given how much pur-
chase_ndcg this cost me on queries with quantities, that doesn’t sound
super appealing to me” (P11).

Such trade-off thinking persists from participants’ design ex-
ploration to communication: We found that participants are 28.6%
more likely to explicitly mention and explain the trade-offs to other
stakeholders in their responses with Orbit, as exemplified in P5’s re-
sponse to the first task: “There exists trade-off between objectives such
as popularity and exact... the weights/objectives suits for keywords
with quantities may not perform good on the overall instances” (P5).

5 Discussion

5.1 (Co-)designing Models with Objectives

In the user study, participants found objectives an important con-
struct for them to navigate through design space. Orbit supports
such objective-guided design space navigation very well, with ob-
jectives explicitly surfaced and tied to metrics and item rankings.
This, as pointed out, helps participants not only explore design
space more efficiently but also explore bigger changes and define
more complex objectives.

We found this observation particularly interesting, since users
have the same amount of, if not more, freedom to manipulate the
objective space in notebooks. This is only possible because Orbit
provides an “easy-to-use interface for customized objectives” (P9) and
more fundamentally, “help defines "playing blocks" in the problem”
(P4). We hypothesize that because Orbit surfaces objectives as a
first-class citizen, it prompts users to think and explore in terms
of objectives and effectively encourages them to engage with the
objective space beyond small changes.

We believe such an objective-centered design approach can gen-
eralize beyond ranker or recommender systems, to any ML models
considering multiple objectives. Recent research on multi-objective
fine-tuning [e.g., 47, 76] is a good example: To properly optimize
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Figure 5: Participants found side-by-side comparison and

metric tracking the most important features of Orbit, fol-

lowed by objective design and data slicing.

LLMs for multiple objectives, such as safety, coherence, and ver-
bosity, at the same time, it is also important to understand what
objectives to consider and how to trade off objectives when there
are conflicts. Regardless of the exact scenario, Orbit serves as a
foundation for stakeholders to actively engage in objective design,
and comprehensively evaluate different design decisions.

Co-designing models across stakeholders. As discussed in Sec-
tion 2.1, model design is also a collaborative effort requiring the
participation of different stakeholders. Our study focuses on a work-
flow where other stakeholders provide concrete feedback and ob-
servations (possibly using Orbit) and technical stakeholders take
most responsibility for design and evaluation, while alternative
workflows where different stakeholders collaborate in an more
iterative and interactive way are not evaluated.

We envision that Orbit can be used to support participatory de-
sign of MLmodels [6], as it can empower less technical stakeholders
to understand model design and conduct “what-if” analysis through
objectives. By shifting the focus from anecdotal problems to objec-
tives, Orbit encourages different stakeholders to talk in the same
language and grounds their communication and collaboration in
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concrete shareable analysis. To better support the participatory de-
sign settings, future work could further explore how Orbit can en-
able greater agency among less technical stakeholders. This includes
understanding what additional scaffolding or support might be
needed to enhance their contribution to the design process and how
these contributions could influence model development iteratively.

5.2 Bridging Metrics-centric and

Example-centric Mindsets

In the study, we observed that many participants have a fairly
metric-centered mindset – they agonize over metrics drop and
are delighted when metrics increase. Such mindsets are prevalent
among ML practitioners, but are pointed out to be problematic [61].
In the case of ranking or recommendation systems, it is always
important to see what users see concretely, beyond aggregated met-
rics improvement. At the other extreme, less technical stakeholders
are often too example-focused, without understanding how the
anecdotes can generalize and the greater impact of a fix.

Orbit encourages users from two extremes to take a more holis-
tic view, by supporting users to forage comprehensive information,
including both metrics and examples, in a unified framework. For
users with example-centric mindsets, Orbit always prompts them
to think about the larger picture, with metrics and slices informa-
tion readily available. For users with metric-centric mindsets, Orbit
encourages them to look at concrete observations. Furthermore,
Orbit can be particularly effective in pushing these users to ex-
plicitly rethink about metrics (cf. Section 4.3). Instead of thinking
about metrics as something existing and inherently valid, users are
encouraged to inspect metrics and design new metrics that align
better with their expectations, all grounded in concrete observations.

Problems with metrics-centric and example-centric mindsets are
repeatedly discussed in the literature: End users are often found
example-focused and make local decisions that can hurt general
performance [68] – this is also observed as a major challenge for
prompt engineering [72]. Meanwhile, ML experts are found to focus
too much on metrics that do not necessarily align with user-facing
performance [23]. The ideas in Orbit, from interactive metric de-
sign to support for comprehensive information foraging, can be
readily applied to address similar problems in other machine learn-
ing scenarios. We acknowledge that, however, not every scenario
would be as straightforward as ranking to gather and present eval-
uation information to users: Offline metrics can be hard to compute
or unreliable for some problems, and more scaffolding might be
needed to help users make sense of example results if the model
outputs are hard to parse or glance over. Future work extending Or-
bit might have to identify the best way to help users forage useful
information for their evaluation, depending on their scenarios.

6 Related Work

6.1 Multi-objective Machine Learning

Multi-objective optimization has gained significant attention in
machine learning, especially recommendation and ranking systems,
due to the need to balance competing objectives such as relevance,
diversity, fairness, and user satisfaction. Many techniques have
been proposed to address this challenge. One approach is label

aggregation, which combines multiple labels into a single supervi-
sion target for training [e.g., 9, 14]. Another widely used method
is loss aggregation, where different loss functions corresponding
to various objectives are merged [e.g., 27, 37, 38, 60]. In addition,
post-training score aggregation is commonly employed, where out-
puts from different tasks in multi-task learning frameworks are
combined to generate a final ranking that effectively balances these
competing goals [e.g., 74]. Regardless of the exact training method,
ML engineers always need to specify appropriate objective formula-
tions and their weights, in order to control the priorities of different
objectives to design the final ranking experience, and Orbit can
serve as a framework for ML engineers to explore and evaluate
different ranker designs.

Beyond recommendation and ranking systems, many machine
learning problems are also effectivelymulti-objective, as researchers
have increasingly paid attention to model qualities beyond accu-
racy [52]: from fairness [55], robustness [21], to safety [73]. How-
ever, most research here focuses on one single (additional) objec-
tive at a time, and commonly relies on additional data augmen-
tation [e.g., 15] or more comprehensive data curation (e.g., for
LLM instruction-tuning [43]). More recently, multi-objective fine-
tuning [e.g., 47, 76] has been proposed to optimize for multiple
objectives, such as safety, coherence, and verbosity, at the same
time, for LLM generation. We envision that Orbit can be used as
a foundational framework for trading off objectives for general
multi-objective machine learning problems.

6.2 Pitfalls of Recommender Systems

Recommender systems are known to exist a series of different bi-
ases [10]: There is selection bias [39], where user behavioral signals
are sparse and often missing non-randomly, leading to biased pre-
dictions. There is position bias [12], where users tend to interact
with top items in the list – this can cause a self-reinforcing feedback
loop where top items stay at the top with more user interactions.
There is also popularity bias [32], where popular items are rec-
ommended even more frequently than their popularity – this can
reduce the visibility of other items and hurt fairness. Optimizing
solely for user behavioral signals can also cause undesired outcomes
like filter bubbles [44] or encouraging radicalization [49].

While there aremany researchworks on debiasing recommenders
and counterfactual learning [e.g., 1, 2, 29, 36, 70], few have demon-
strated the benefits in production environments [e.g., 24, 78]. Nowa-
days, it is common to inject extra prior knowledge, such as rele-
vance, fairness, and diversity, into the objectives to mitigate bi-
ases [e.g., 38, 41, 65, 75]. Orbit can be used by practitioners to
identify what objectives can alleviate the biases, and also decide
the trade-off between additional objectives and main objectives.

6.3 Interactive Systems for Machine Learning

Interactive machine learning [17] aims to include humans in ML
model construction procedures, by helping humans understand
model failures and suggest improvements [e.g., 3, 34]. Researchers
have explored different forms of human feedback, from labeling [25]
to feature selection [34] for model improvement, which has been
found to cause local decision pitfall [68], where users over-generalize
from a single observation. Instead of helping non-experts create
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better models with one single objective as in interactive machine
learning, Orbit enables stakeholders to understand and explore
trade-offs among multiple objectives. Orbit also avoids local deci-
sion pitfalls by presenting users with diverse evaluation information
at both the example level and aggregation level.

Another closely related area is tooling support for machine learn-
ing. For the evaluation side, existing work has explored designing
tools and interfaces to support error analysis [66, 69], data slic-
ing [8, 59], model testing [50, 52, 71], as well as LLM-powered
evaluation [31]. For the design side, model sketching [35] enables
practitioners to author models from high-level concepts. Constitu-
tionMaker [45] supports users to convert their feedback to consti-
tutions for chatbots. There is also work on LLM chaining [4, 67]
to support users to design LLM workflows. Orbit borrows ideas
from existing work on evaluation (e.g., data slicing), but focuses
on the problem of effectively presenting comprehensive evaluation
information to users. Compared to existing work for model design,
Orbit is the first to target multi-objective problems and explicitly
surface objectives as the key design construct.

7 Conclusion

In this work, we present Orbit, a framework that places objec-
tives at the center of the model design process. Orbit allows users
to directly engage with objective space, enabling real-time explo-
ration and evaluation of design trade-offs. Our evaluation shows
that Orbit helps practitioners explore the design space more ef-
ficiently, make more informed decisions, and are more aware of
the inherent trade-offs. Orbit opens new avenues for an objective-
centric design process applicable to other multi-objective machine
learning problems, as well as sheds light on future designs that
encourage practitioners to think beyond only metrics or examples
for evaluation.
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A Post-study Survey Questions

• Please rate the following in terms of how much you agree or
disagree with each statement. (Statements listed in Table 3)

• How important were these aspects of working with Orbit?
(Aspects listed in Figure 5)

• For similar tasks in the future, which tool do you prefer
using? Why?

• What stood out to you about the experience of using Orbit?
For example, was anything good, bad, surprising, or notable?

• If you want to use Orbit in the future, what is a scenario
you want to use it for?

• If there is one thing you can change about Orbit, what
would you change? (Feel free to write more if you want)
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