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Purpose and focus

Generative Al (GenAl) is rapidly transforming industries by reshaping how content is
created, personalized, and delivered. From ecommerce and healthcare to entertainment
and education, GenAl is automating processes that were once manual and enabling a level
of creativity and personalization that was previously impossible. Whether it’s generating
marketing content, producing high-quality images, or assisting in complex tasks like code
generation, GenAl's capacity to respond to user inputs and craft customized outputs is
expanding the possibilities of what technology can achieve.

This shift is revolutionizing how businesses operate and how users interact with digital
systems. Just as a chef prepares various dishes based on ingredients and customer
preferences, GenAl takes user inputs and processes them to deliver a range of outputs—
whether that be text, images, or other forms of content. The versatility and adaptability of
GenAl enable it to meet a wide spectrum of needs. As GenAl's applications grow, so too
does the need for thoughtful design principles that ensure the technology is both powerful
and responsible.

In this paper, key design principles are outlined to promote the responsible development
of GenAl applications, with a focus on ethical considerations and user-centered practices.
By adhering to these principles, businesses can leverage GenAl’s capabilities while
maintaining trust and transparency with users.

Overview of design principles

Designing GenAl systems comes with unique challenges. One of the most critical concerns
is addressing bias in Al-generated content. Since these models are trained on large
datasets that may contain biased information, there is always a risk that the outputs will
reflect those biases. A chef must be mindful of the quality and freshness of ingredients
and designers of GenAl systems must carefully monitor the data used to train these
models, ensuring that outputs are fair and accurate—particularly in sensitive areas like
healthcare and finance, where biases can have significant consequences.
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Another challenge lies in mitigating misinformation. GenAl systems, while highly
sophisticated, can sometimes produce outputs that are factually incorrect or misleading.
This issue, known as “hallucination,” underscores the need for designing Al systems that
can verify and filter their outputs before presenting them to users. In critical applications
like customer support or educational tools, the accuracy of Al-generated content is as
essential as a dish that is properly prepared and safe for consumption.

Building trust is equally vital. Users must feel confident that the outputs generated by Al
are reliable and that the system is transparent about how it operates. Users need to trust
that GenAl is producing high-quality, safe, and appropriate outputs. Designers must make
the process clear and give users control, creating a relationship where users can
understand and guide the system’s outputs.

Empowering users through customization and co-creation is another important design
principle. GenAl systems should allow users to refine and influence the results they
receive. GenAl should give users the ability to tweak outputs through adjustable settings or
iterative feedback. This interaction between user and Al enhances creativity and adapts
the results to meet the user’s unique needs.

The design of GenAl systems is about more than just technical optimization. Effective
design requires a balanced approach that considers ethical challenges such as bias and
misinformation alongside user empowerment and trust. Drawing on Algolia’s perspectives
on evaluating GenAl content for the optimum search experience, additional factors like
readability, quality of information, and accessibility are essential for Al-generated content
to meet users’ expectations for clarity, relevance, and inclusivity. This paper explores these
comprehensive design principles in depth, offering a roadmap for creating GenAl systems
that enhance both technology and user experience across various industries.

Understanding generative Al

Core mechanism of generative Al

At its core, generative Al (GenAl) operates by transforming user inputs into customized
outputs, using vast amounts of data and complex algorithms. GenAl systems are designed
to interpret prompts—these could be text, images, or even sounds—and generate outputs
that correspond to the user’s request. The strength of GenAl lies in its ability to generate
novel content based on learned patterns from the data it has been trained on. The process
involves sophisticated machine learning models, such as transformers or generative
adversarial networks (GANs), which are capable of understanding context, identifying
patterns, and producing outputs that range from natural language text to highly detailed
images.

From a developer’s perspective, this core mechanism unlocks a range of possibilities,
especially in industries like retail and ecommerce.
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For example, a developer could leverage a generative Al API to automatically produce
shopping guides for users, dynamically adjusting the content based on the product catalog
or user preferences. This highlights how GenAl shifts the content generation workload
from manual, static creation to flexible, real-time adaptation.

Imagine GenAl functioning as a chef in a kitchen, selecting from a wide variety of
ingredients to prepare a dish based on a customer's request. The ingredients represent the
data, and the chef’s expertise lies in combining them creatively to produce something
valuable. In much the same way, GenAl selects the relevant data points from its training set
and applies algorithms to create new content that fits the user's prompt. The user doesn’t
need to know the exact recipe; they simply provide an idea, and GenAl uses its internal
“recipe” to deliver the output. This dynamic process allows for an immense variety of
outcomes, all derived from the same underlying system.

This analogy highlights the flexibility of GenAl, allowing teams to plug its capabilities into
existing systems and automate tasks like generating customer-facing content. Imagine
creating a product description for an ecommerce store where each description adapts
based on the user’s browsing behavior and preferences. Developers gain the flexibility to
craft unique, personalized content at scale, a powerful asset in modern retail.

Historical context of Al design

To understand how GenAl evolved into its current form, it is essential to look back at the
broader history of artificial intelligence. Early Al systems were primarily rule-based. These
systems followed rigid, pre-programmed sets of instructions to complete specific tasks.
They were deterministic in nature, meaning that given a particular input, the system would
always produce the same output. This type of Al was highly useful in structured
environments, like chess-playing programs or logic-based problem solvers, but it lacked
flexibility and adaptability.

As computing power increased and the availability of large datasets expanded, Al design
shifted toward machine learning (ML). Instead of relying on hand-coded rules, machine
learning algorithms allowed systems to learn patterns from data. With the development of
neural networks, Al systems became more capable of handling unstructured data like
images and text.
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These systems could now learn from examples rather than being explicitly programmed for
every scenario. This marked the beginning of Al’s transition from being a rules-based tool
to a more dynamic system capable of adapting to new inputs and environments.

The rise of deep learning in the 2010s further revolutionized Al design. By using multi-
layered neural networks, deep learning models could process vast amounts of data and
learn increasingly complex patterns. This led to breakthroughs in areas like image
recognition, natural language processing, and speech recognition. Deep learning models
could now understand context at a much deeper level, making them more accurate and
effective at generating meaningful outputs.
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Rule-based Machine learning Deep learning
systems emerges revolution

Followed fixed Learned patterns Multi-layered Al creates new
rules, producing from data, moving neural networks, content using
the same output beyond fixed rules. pattern transformers
for each input. Ex: Image recognition. Ex: Content
Ex: Chess classification, early Ex: Image and generation,
programs, logic spam detection... speech personalized
solvers... recognition, NLP... recommendations

Generative Al represents the next step in this evolution. By leveraging architectures like
transformers and generative adversarial networks (GANs), GenAl can create entirely new
data based on what it has learned. This isn't just about recognizing patterns—it’s about
using those patterns to generate novel outputs. The leap from traditional Al to GenAl is
significant because it enables machines to participate in creative processes, from writing
to painting to music composition.

For developers in sectors like retail or content creation, this evolution has profound
implications. GenAl enables applications that weren’t possible with earlier deterministic
systems. For example, developers can now build platforms that generate personalized
email marketing content based on customer behaviors or generate product
recommendations based on a dynamic understanding of user needs, which wasn't feasible
with previous rule-based systems.
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Enhancing GUIs through generative Al

The development of generative Al has brought about a paradigm shift in how users interact
with digital systems. In traditional graphical user interfaces (GUIs), users would typically
interact with software by selecting options from menus or buttons, performing specific
actions defined by the interface. This method worked well in the era of predefined tasks,
where software was designed to perform limited, structured operations. For example, in a
word processor, users can select from fixed options like ‘Save, ‘Bold’, or ‘Print,’ each action
producing a predictable, consistent result. The user’s role was largely passive—choosing
from fixed choices—and the system would execute the selected action.

Generative Al changes this interaction model by introducing intent-based outcome
specification, augmenting traditional GUIs’ capabilities. Rather than selecting from
predefined options, users now have the ability to guide the system toward a desired
outcome by simply stating their intent. This shift represents a significant leap in usability
and flexibility. Users are no longer restricted to choosing from a set list of functions or
templates. Instead, they can describe what they want, and GenAl will generate the result
accordingly. This gives users much greater control and allows for more creative and
complex outcomes.

As Algolia’s insights into mobile search UX best practices illustrate, users expect
frictionless, intuitive navigation across devices. Integrating GenAl into these mobile
experiences requires developers to design for seamless, intent-driven interactions,
empowering users to articulate their needs and receive personalized responses in real-
time.

However, this flexibility introduces new challenges in ensuring that the system accurately
interprets user intent. Consider a user searching for “comfort while running.” A well-
designed GenAl system would interpret this as a search for running shoes that prioritize
comfort. However, a less sophisticated system might misinterpret the query and show
results for unrelated products, such as a “comfort chair.” These misinterpretations can lead
to frustration and a poor user experience, underscoring the importance of designing
systems that accurately grasp context.

The shift to intent-based systems requires creating applications capable of understanding
user intent and dynamically generating content in response. Consider an ecommerce
platform where users don’t just browse through fixed categories but can instead request a
personalized shopping guide by providing a brief description of their preferences. The
GenAl system then generates a guide, pulling from the product catalog in real-time to
match the user’s needs. For instance, the code snippet below shows how a GenAl API
processes a user’s specific request—in this case, for a laptop with desired features like
battery life and processing speed—and generates a relevant, customized response. This
demonstrates how GenAl APIs can dynamically interpret and respond to user intent,
enhancing flexibility and personalization in digital interactions.
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# Example: Handling user intent to generate personalized shopping content
user_input = "Looking for a laptop with great battery life and a fast processor."
genai_response = genai_api generate_guide (user_input)

print (genai_response)

Generating a personalized response based on user input intent

This intent-based interaction allows developers to build systems that are far more
adaptive than the traditional approach. However, this shift toward intent-based generative
systems also presents new challenges. The flexibility of GenAl means that users must now
navigate the potential variability of outcomes, as the system can generate many different
results based on the same input. This variability, while a strength, requires users to actively
engage with the Al and refine their prompts to achieve the desired result. In this new
paradigm, users and Al work more collaboratively, with the system responding to iterative
feedback to improve its outputs.

Overall, the integration of generative systems into GUI-based interactions represents a
major evolution in user experience design, one that promises to unlock new levels of
efficiency, creativity, and personalization. It also marks a transition from rigid, task-based
systems to more fluid, dynamic interactions, where the focus is on achieving outcomes
rather than selecting predefined options. Developers can now build API-driven systems
that use GenAl to transform static workflows into dynamic, user-guided experiences.

Design responsibly: the ethical chef
The responsibility of creation

Generative Al systems must be designed with care, as their outputs have real-world
implications. Al developers are responsible for the outputs their models generate. A prime
example of responsible Al design is OpenAl's ChatGPT, which includes explicit content
moderation and safeguards against generating harmful or inappropriate content. OpenAl
continuously fine-tunes and filters the model to prevent it from producing harmful
language, demonstrating the importance of creating safe and ethical outputs.

For developers, this translates to embedding content moderation systems directly into
their GenAl implementations. When designing GenAl applications, developers can
integrate real-time feedback loops to monitor and adjust outputs on the fly. For example,
developers can programmatically check Al outputs for offensive or harmful language and
flag content for review.

This feedback mechanism allows developers to ensure their GenAl systems are
continuously responsible in real-world environments, preventing harmful outputs before
they reach users.
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By being proactive, developers can prevent incidents like Microsoft’s Tay chatbot failure,
where insufficient safeguards led to offensive outputs, tarnishing both trust and user
experience. In retail, proactive monitoring could prevent embarrassing or controversial
incidents, such as recommending offensive products, which could damage the brand’s
reputation and consumer trust.

Human-centered approach

A human-centered approach places the needs and experiences of users at the heart of
GenAl design. Developers should prioritize creating systems that empower users rather
than enforcing pre-determined outputs. For example, Grammarly uses a human-centered
design approach by helping users improve their content creation through suggestions
rather than dictating the final content. This level of flexibility—allowing users to accept,
reject, or modify suggestions—gives them control over Al-generated outputs.

From a retail perspective, Al-generated product descriptions can offer various styles (e.g.,
casual, formal, or technical) to match the customer’s browsing habits or preferences,
allowing customers to interact with content that resonates with their personal shopping
style. This flexibility could be built through clear APIs that allow merchants or even
customers to adjust the tone or format of Al-generated content. For example, when
generating personalized clothing descriptions, users could choose between different tones
to match the store's branding, giving them more control over how products are presented.

# Example: Providing users control over the tone of product descriptions
user_preference = "professional”

response = genai_api.generate_text (prompt="Describe this product",
tone=user_preference)

print (response)

Customizing product descriptions based on user tone preference

This example demonstrates how a GenAl system can adjust the tone of product
descriptions based on user preferences. By specifying parameters like “professional” or
“casual,” users gain control over the content style, which supports a human-centered
approach by aligning outputs with individual tastes and branding needs.

By enabling customers and businesses to specify parameters like tone, style, or formality,
developers create a customizable experience that enhances user satisfaction and
engagement. This flexibility ensures customers are not merely passive consumers of Al-
generated content but are active participants in shaping their shopping experience.
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A contrasting example of non-human-centered design is seen in earlier predictive text
systems, where the Al would automatically complete sentences without much user control,
often leading to irrelevant or incorrect completions. This lack of flexibility and guidance
frustrated users.

Addressing value tensions

Balancing the needs of multiple stakeholders—customers, business leaders, and product
teams—can present value tensions. For instance, Al systems that recommend products
must balance personalization with ethical considerations, such as preventing price
discrimination or bias in product recommendations. Developers must ensure that Al models
serve the interests of customers by providing relevant and fair suggestions, while also
aligning with business objectives, like promoting seasonal items or higher-margin products.

An example of managing value tensions can be seen in personalized pricing strategies.
Retailers may offer discounts based on a customer’s shopping behavior, but transparency
about how those prices are generated is crucial for maintaining customer trust. A human-
centered approach can help mitigate these tensions by clearly communicating to
customers how Al-driven pricing decisions are made.

# Example: Adding transparency about personalized pricing in retail
def generate_output_with_explanation (input_data, model="pricing_model")
output = model generate (input_data)
explanation = f"Price generated using {model}, based on your
shopping history."
return output, explanation
output, explanation = generate_output_with_explanation ("Product data")

print (explanation)
Providing transparency in personalized pricing outputs

This example shows how a GenAl system can enhance transparency by including
explanations alongside personalized pricing outputs. By transparently communicating how
Al systems arrive at pricing or product recommendations, developers can build trust and
help users understand the basis for Al-generated outputs. This transparency is particularly
important in retail, where customers expect fairness in product recommendations or
pricing decisions, and in sensitive (and often, regulated) industries such as healthcare and
finance, where the impact of Al-generated content must be clearly justified. By offering
clarity on model choices and data sources, developers enable customers to make informed
decisions, enhancing trust and overall satisfaction with Al-driven systems.
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Testing for harm

Thorough testing is essential for ensuring that GenAl systems do not produce harmful
outputs. A chef taste-tests dishes before serving them. Rigorous evaluation is necessary
to identify and mitigate harmful content, bias, or inaccuracies in generative Al models.

Automated testing protocols can be built to continuously assess the potential for bias or
harm in Al outputs. Incorporating both pre-release testing and post-release monitoring
allows issues to be caught before they escalate, reducing the risk of harmful outputs
reaching users.

# Example: Testing for bias in generative outputs
def check_bias_in_output (output):
bias_flags - ["gender", "race", "age"]
for flag in bias_flags:
if flag in output:
return "Bias detected, review needed"

return "Bias-free"

Automated check for bias in Al outputs

As can be seen from the code snippet above, it demonstrates a simple bias-checking
mechanism in GenAl, scanning outputs for sensitive terms related to gender, race, or age.

Such mechanisms actively monitor for biased outputs and ensure continuous
improvements to training data or algorithmic design, promoting ethical results. A real-
world, albeit highly publicized, case where insufficient testing led to significant harm was
Amazon’s Al recruiting tool, which downgraded applications from women due to biased
training data. This failure highlights the need for thorough, pre-deployment evaluation of
GenAl systems as well as the resultant fall-out and reputational risk that may occur.

Design for mental models

Understanding user expectations

When users interact with GenAl systems, they bring with them expectations based on prior
experiences with traditional software. However, generative Al introduces new challenges
that deviate from conventional interactions, making it essential for designers to help users
build accurate mental models of how GenAl works. A mental model is essentially the user’s
internal understanding of how a system operates, and it guides their interactions and
decision-making.
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In traditional systems, users expect consistency—if they input the same data multiple
times, they typically receive the same output. However, with GenAl, the relationship
between input and output is more fluid and dynamic. Users might input a similar prompt
and receive varied results depending on the system’s interpretation and the inherent
variability within generative processes. This can cause confusion, leading users to
misunderstand how the system works or to mistrust it if their expectations are not
managed properly.

Thus, one of the core responsibilities of GenAl designers is to shape and align user
expectations. Through clear communication and well-designed user interfaces, they can
help users form realistic mental models about how generative systems function. If users
understand that GenAl systems are designed to offer creative variability rather than
deterministic outputs, they are more likely to engage with the system productively and
with confidence.

Improved Personalized

User input — GenAl output ——— User feedback —
output results

Good mental model process

This diagram represents a positive flow of user interaction with a GenAl system, where
feedback loops reinforce the user’s understanding and GenAl adapts to preferences,
creating personalized results.

Building useful mental models

For users to effectively work with GenAl, they must develop mental models that are not
only accurate but also useful in guiding their interactions. Building these models often
requires the system to teach users how it works through tutorials, examples, and
contextual explanations.
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Moreover, explanations that appear as tooltips or in small guides can also be effective in
shaping mental models. For instance, Adobe Photoshop’s Generative Fill feature offers brief
pop-up explanations that teach users how to leverage the generative aspect of the tool
while remaining in control of the creative process. These small nudges help users
internalize how the Al works, providing them with confidence and clarity as they engage
with the system.

In retail or ecommerce settings, similar mental models can empower users to understand
how GenAl tailors product descriptions or recommendations based on their browsing
behavior, enhancing their shopping experience.

The goal is to help users not only understand what the system does but also why and how
it produces certain outputs. By promoting a deeper understanding, users can form mental
models that align with the system's capabilities and limitations, allowing for more seamless
and productive interactions.

Helping Al learn the user’s preferences

Just as a chef becomes more attuned to their regular customers’ tastes and preferences
over time, generative Al systems can learn from user interactions to deliver more
personalized outputs. This ability to adapt to individual users enhances the value of the
system and helps foster trust.

For example, platforms like ChatGPT and MidJourney allow users to input additional
preferences or feedback over time, enabling the system to better understand their style,
tone, or creative needs. This form of adaptive learning can be seen when systems prompt
users with questions like “Would you prefer a more casual tone?” or “Would you like this
image to be more abstract?” By incorporating these preferences into future interactions,
GenAl systems can produce results that are more aligned with the user’s expectations.

This capability is especially important in creative or content-driven environments where
personalization plays a key role in user satisfaction. When GenAl can adjust its outputs
based on user preferences—much like a chef remembers a customer’s favorite meal—it
makes the system feel more responsive and capable of delivering customized experiences.
Over time, as users see the system adapting to their needs, their mental models of how it
operates will become more refined and accurate, contributing to a more effective and
enjoyable user experience.
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Design for trust and reliance

Calibrating trust

Building trust in generative Al systems is critical for helping users feel comfortable relying
on the outputs the system generates. Trust, in this context, is built on a combination of
transparency, reliability, and the system’s track record of delivering results that meet user
expectations. Just as a restaurant menu provides detailed information on ingredients,
vegetarian options, and potential allergens to help customers make informed decisions, a
GenAl system must consistently provide accurate, reliable, and fair outputs to maintain
user trust.

(*) Oops, something went wrong! X We strive for perfection! X
We value your feedback! Please take a moment to let

It seems our Al is unable to provide an Qur Al has an estimated 80% probability us know about your experience
answer to your query. Don’t worry, though! of generating accurate results. We feel
Our customer service represantatives are it's imporant for you to be informed
readly to assist you. about the reliability of the information @

you receive.
Please reach out to our dedicated customer
service team for live support. Click here to Want to know more? Additiona!l comments:
connect with a representative who will help Click here to learn how our Al predicts
resolve your issue. resuilts. Inpat-Ipxt
Thank you for understanding. We apologize Your understanding is important to us as
for any inconvenience. we continuously work to enhance our Al

capabilities

For instance, implementing defensive UX strategies plays a significant role in building trust.
Defensive UX tools, such as alerts, overlays, and forms, are designed to set realistic
expectations and help users navigate potential errors or inaccuracies. Alerts can provide
warnings or explanations throughout the interaction, ensuring users are aware of any
limitations or missteps. Overlays can educate users about the Al and manage expectations,
while forms offer an escalation path when the Al produces unusable or inaccurate results.
These elements work together to build a transparent, user-friendly system that
encourages trust through openness and accountability.

Providing rationales for outputs

One of the most effective ways to build trust in GenAl systems is by providing rationales or
explanations for the outputs they generate. Users are more likely to trust and rely on Al-
generated content if they can understand why a particular result was produced and see
the reasoning behind it.

Providing rationales is particularly important in fields like law, healthcare, or finance, where
decisions made using GenAl systems can have significant consequences. A good example
is Explainable Al (XAl), which focuses on ensuring that Al systems can provide transparent
explanations for their decisions. For example, in financial services, Al systems used for
credit scoring can explain the factors that led to a particular credit decision.
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Users are then able to assess the fairness and accuracy of the Al's decisions, which can
either reinforce trust or prompt corrective actions.
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IBM watsonx — An Al and data platform built for business

Another good example that successfully builds trust is IBM Watson for Oncology, which
assists doctors by providing recommendations based on medical research and patient
data. Watson'’s credibility stems from the fact that it draws from a vast database of medical
literature and can explain how it arrived at each recommendation. This transparency builds
trust because users can see the evidence behind the Al's suggestions.

By making the reasoning process visible, GenAl systems can transform from “black boxes”
into tools that users can scrutinize, refine, and confidently rely on.

User query — GenAl output — Source __, Informed user

explanation judgement

Providing rationales diagram
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Introducing friction to avoid overreliance

While trust is essential, overreliance on Al systems can lead users to accept outputs
uncritically, which introduces its own set of risks. To mitigate this, designers can introduce
friction into the GenAl system to encourage users to pause, evaluate, and make active
decisions about whether to accept or reject Al outputs.

For example, Google Bard introduces friction by offering multiple drafts of the same
response, encouraging users to compare and select the one that best meets their needs.
This process slows down the decision-making process and encourages users to critically
engage with the content rather than passively accepting the first response.

X @ ;< ©

[e]

Retailer Retailer

Customer Al system (review/edit) website
Visits e- Produce product Approve Yes  Approved

commerce site description description content

?

T

Introducing friction in genAl for user reflection

In retail, friction can be introduced when Al-generated product recommendations or
descriptions are provided. For instance, an ecommerce platform might generate several
personalized product descriptions based on a customer’s behavior and preferences, but
also allow the retailer to review or tweak the content before it goes live. This extra step
helps align the output with the brand voice or product-specific details, encouraging deeper
reflection and preventing mistakes from reaching the customer.

For instance, Algolia’s Merchandising Studio provides merchandisers with a no-code
interface to create and personalize product displays. This tool allows retailers to use Al-
driven recommendations while also reviewing and adjusting these recommendations in real
time. By adding a step for human oversight before the content goes live, Algolia’s
Merchandising Studio helps retailers match the Al's output with their brand'’s voice and
product-specific details. This approach maintains brand integrity and invites more
thoughtful interaction with the content, helping to prevent potential mistakes from reaching
end customers.
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Similarly, Algolia’s Al Recommendations incorporate friction by introducing the possibility of
refining recommendations through rules or filters, each of which can be adjusted to align
with customer behavior insights. Retailers can experiment with these recommendation
models, testing which resonates best with their audience. This introduces a layer of human
input where retailers can strategically choose or refine recommendations, enriching the
shopping experience and making the Al-driven suggestions relevant and contextually
appropriate.
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Another example is ChatGPT, which allows users to regenerate responses to the same
prompt. This feature helps users compare different versions of an answer, adding friction
that encourages deeper reflection on the quality of the output. In design, this is known as a
cognitive forcing function, where the system encourages users to engage more critically
with the content.

In more regulated or sensitive environments, such as finance or law, introducing friction
might involve requiring human oversight before GenAl outputs are implemented in critical
decisions. For instance, in Al-assisted legal research tools, users may be prompted to
verify citations or cross-check sources before submitting a legal document.
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Defining the role of genAl

In designing GenAl systems, it’s crucial to define the role Al plays within the user’s
workflow. GenAl can serve as a tool, a partner, or even an assistant, but clarity about its
role helps users set expectations for how to use the system and what to expect from it.

For instance, GitHub Copilot positions itself as a “pair programmer,” a role that suggests
collaboration between the user and the Al. It does not claim to replace the developer but
instead assists by making suggestions and offering code snippets. This collaborative role
helps users view the system as a supportive tool rather than a replacement,

By defining the role of GenAl clearly, designers can help users form accurate mental
models, ensuring that the system is used as intended—whether as a creative assistant, a
tool for automating tasks, or a partner in complex decision-making processes.

In summary, designing for trust and reliance in GenAl systems involves calibrating user
expectations, providing transparent rationales, introducing friction to prevent overreliance,
and clearly defining the role that Al will play in users’ workflows. Each of these elements
contributes to a balanced, user-centered approach that positions Al as a reliable yet
critically engaged tool.

Design for generative variability

Embracing multiple outputs

One of the strengths of GenAl systems is their ability to generate multiple outputs from a
single input. This variability provides users with a range of choices, much like how a chef
might prepare several variations of a dish using the same core ingredients. The user can
then select the version that best suits their needs or preferences, empowering them to
take an active role in the creative process.
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For example, tools like MidJourney and DreamStudio allow users to generate multiple
image variations from a single text prompt. The system offers several different images
based on the same input, giving the user flexibility to choose the one that most closely
aligns with their vision.

In retail or ecommerce, this approach can be applied to personalized product
recommendations or dynamic content creation. For instance, an Al system may generate
several variations of a product description or promotional offer based on a user’s browsing
behavior. Retailers can then review the options and select the version that best fits their
marketing strategy or resonates with their target audience. This flexibility allows retailers to
quickly adapt content to different customer segments, enhancing personalization while
maintaining brand consistency.

Curating and annotating outputs

In a GenAl environment that produces multiple variations of content, curation becomes an
essential part of the process. Users must be able to organize, filter, and annotate the
outputs to manage and select the ones that best suit their needs. Curation tools are vital to
ensuring that users can handle the large volumes of data or content that GenAl systems
can generate.
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For example, DALL-E allows users to save their favorite outputs into collections, providing a
simple way to organize generated content. This is crucial when working with creative
outputs, where users may want to compare multiple variations of images or text before
making a final decision.
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Highlighting differences across outputs

Generative Al systems have the unique ability to produce multiple outputs from a single
input, introducing a layer of variability that can enhance user engagement and decision-
making. Embracing this generative variability means recognizing the value of offering
diverse options while providing users with the tools to navigate these choices effectively.
When users are presented with several outputs, it's essential to make the differences clear.
This clarity enables users to compare options and select the one that best fits their needs.

In fields like design, content creation, or coding, subtle distinctions between outputs can
hold significant meaning. For example, Weisz et al. developed a code translation interface
that highlights the differences between multiple translations of a code snippet, using color-
coded annotations to show users where the variations lie. This helps users understand not
just that there are different outputs, but why they are different and how they can make a
more informed choice.

Similarly, in creative fields, an Al system might generate several design mock-ups based on
a single concept. Presenting these variations side by side with unique elements highlighted
allows designers to assess which version aligns most closely with their vision. By
encouraging this type of exploration, GenAl systems can facilitate more innovative
outcomes.

Returning briefly to the chef analogy, a chef might explain the differences in flavor or
texture between two variations of a dish, helping the diner decide which one to choose
based on their personal preferences. Similarly, GenAl systems should provide users with
tools to understand the differences between outputs, allowing them to make more
informed and thoughtful decisions.

Embracing generative variability transforms the user experience from passive consumption
to active participation. Through tools for curation and annotation, Al systems enable users
to engage more meaningfully with content across various industries. By highlighting
differences across outputs and embracing generative variability, GenAl systems become
more versatile and user-centered, ultimately supporting users in making choices that best
meet their needs.

Design for co-creation

Helping users guide Al

One of the most powerful aspects of generative Al is its ability to work in collaboration with
users to create personalized outputs. Co-creation, where the user and Al collaborate to
shape the final result, is a key design principle that leads to more meaningful and
customized outputs.
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For example, Adobe Photoshop’s Generative Fill allows users to guide the Al by selecting
specific areas of an image for enhancement. Users provide feedback, instructing the Al to
generate new elements within the selected area, and the system offers multiple iterations
based on that guidance. This collaborative process ensures that the user maintains control
while the Al plays a supportive role in enhancing creativity.

In retail, co-creation can also enhance the customer experience. For instance, Al-driven
design tools may allow users to create personalized product designs—such as custom
apparel, accessories, or home decor—by collaborating with the Al. Customers can guide
the system by inputting their preferences, and the Al can generate multiple design options.
The user can then select, modify, or refine the final product, allowing for a more interactive
and engaging shopping experience. This partnership between the user and Al not only
elevates creativity but also adds a layer of personalization to the product offering.

Providing relevant controls

Providing users with meaningful control over the generative process is essential for
successful co-creation. By allowing users to adjust parameters—such as the number of
variations, the level of detail, or the tone of the output—designers can ensure that the Al is
responding directly to the user’s needs and preferences.

For instance, MidJourney lets users adjust the number of image outputs, the level of
creativity, and other parameters, giving them the flexibility to tailor the generation process
according to their requirements.

curl 'https://api.jasper.ai/vi/tem;
-H 'X-API-KEY: {api_key}' \

{
"inputs": {
"type": "news_article",
"location": "{your_location}",

"toneld": "{your_brand_tone}",

Jasper | Al copilot for enterprise marketing teams

Similarly, Jasper Al provides content creators with controls to adjust the tone, length, and
style of the generated text, empowering them to produce content that fits their specific
needs.
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By offering users the ability to fine-tune these elements, designers can create a more
dynamic and interactive experience. When users can control the output parameters, they
feel more engaged in the process, as they are directly influencing the results based on
their needs.

Co-editing as a collaborative process

Co-editing is another key aspect of co-creation, where both the user and the Al can
iteratively refine the output. This goes beyond simply guiding the Al; it involves an ongoing
back-and-forth interaction, where the user actively edits the Al's output, and the system
responds by refining its suggestions.

User . Al Suggests User Modifies Al Refines
Creates/edits —— . EE— EE—
Refinements Further Output
Content

Collaborative refinement between user and Al

For example, in ecommerce shopping guides, Al can assist users by suggesting
personalized product recommendations based on their browsing behavior or preferences.
The user can then modify these recommendations—perhaps adjusting the price range,
preferred brands, or styles—and the Al responds by refining its suggestions to better
match the user’s updated preferences.

Similarly, in design tools like Figma that are starting to integrate Al, users can sketch or
place elements, and the Al can suggest refinements or alternative designs. Users can
accept, reject, or modify these suggestions, allowing for a collaborative creative process
where both human and Al inputs are valued.

This process mimics co-creation in a creative studio where two artists or designers refine

each other’s work to produce the final result, with the Al acting as a capable assistant that
makes adjustments based on human feedback.

Design for imperfection

Handling imperfect outputs

Generative Al, by its nature, is bound to produce outputs that are not always perfect.
These imperfections can range from minor inaccuracies to outputs that are completely
unusable for the intended task.
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Just as a chef might experiment with new dishes that don’t always hit the mark, Al models
sometimes generate content that falls short of user expectations. It's crucial for users to
recognize that imperfection is an inherent part of the generative process, and systems
should be designed to help them deal with these imperfections productively.

For example, MidJourney sometimes generates images that don't quite match the user’s
expectations. In such cases, users have the option to regenerate the output or adjust their
input prompts to achieve more satisfactory results.

By acknowledging that not every Al-generated output will be perfect on the first attempt,
designers can equip users with tools to manage and refine those outputs. Imperfection is
not necessarily a failure; rather, it can be an opportunity for users to engage with the
system more interactively, refining and improving outputs through iterative adjustments.
For example, tools like DALL-E and MidJourney allow users to adjust prompts, regenerate
images, or fine-tune specific aspects of the output, enabling them to progressively shape
the result to better match their expectations. This iterative process encourages users to
take an active role, turning the generative experience into a collaborative one where each
adjustment brings the output closer to the user’s vision.

Making uncertainty visible

In many cases, Al-generated outputs may contain elements of uncertainty, and it’s
important for the system to make these uncertainties visible to users. By surfacing
potential areas of inaccuracy or ambiguity, GenAl systems can help users make informed
decisions about whether to trust or modify the output. This transparency helps set realistic
expectations for users, allowing them to approach the output with an appropriate level of
skepticism. For example, Adobe Photoshop’s Generative Fill feature highlights potential
areas of uncertainty by marking parts of the image that may not align perfectly with the
surrounding context, prompting users to review and refine the results.

Making uncertainty visible can involve flagging specific sections of text or images that are
less reliable or offering confidence scores that indicate how certain the model is about its
output. These features give users the tools to critically evaluate the output and take
appropriate action if needed.

Offering ways to improve outputs

Once users identify imperfections or uncertainties in Al-generated content, it’'s essential
that the system provides easy and intuitive ways to improve those outputs. Refining Al
outputs should be a collaborative process, where the user can intervene, make
adjustments, and guide the Al towards more accurate or creative results.
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Interactive tools for refining genAl outputs

For example, DreamStudio offer users the ability to regenerate parts of an image or expand
on it by generating new sections (known as “inpainting” and “outpainting”). This allows
users to improve the generated output without starting from scratch. It transforms GenAl
from a static tool that simply produces content into an interactive system that collaborates
with the user to reach the best possible outcome.

Feedback mechanisms

To maintain the ongoing improvement of generative Al systems, it's important to implement
feedback mechanisms that allow users to report issues or provide suggestions for
enhancing outputs. Feedback loops help the system learn from user interactions, ultimately
making future outputs more accurate and aligned with user expectations.

For example, some LLM models allow  users to rate responses with a thumbs up or
thumbs down, providing instant feedback that helps developers fine-tune the model.
Additionally, users can leave detailed feedback, explaining why the output was good or
problematic, which provides deeper insights into how the model can be improved.
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In more advanced systems, feedback mechanisms could include collaborative feedback,
where users not only rate the output but also suggest specific changes that the system
can incorporate in future iterations.

By handling imperfect outputs, making uncertainties visible, offering ways to improve
outputs, and implementing feedback mechanisms, GenAl systems can become more
transparent, interactive, and user-centered. These features ensure that even when outputs
are not perfect, users have the tools and controls needed to refine, understand, and
enhance them over time.
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Applying genAl to ecommerce:
the shopping guide use case

Generative Al is revolutionizing the eCommerce industry by introducing innovative ways to
engage shoppers and simplify their purchasing decisions. One significant application of
this technology is the creation of Al-generated shopping guides. These guides act as
intelligent assistants, providing shoppers with valuable information and recommendations
based on their interests and needs. By leveraging generative Al, retailers can offer
personalized content that enhances the shopping experience and drives conversions.

Transforming the shopping journey with Al-generated guides

Traditional ecommerce platforms often rely on static product listings and generic
descriptions that may not address the unique preferences of each shopper. Al-generated
shopping guides change this dynamic by automatically creating informative articles that
resonate with individual users. These guides help shoppers understand product
categories, compare options, and make well-informed decisions.

Imagine a customer exploring home theater systems. Instead of sifting through countless
product pages, they are presented with an Al-generated guide that explains essential
features, compares top models, and offers insights into important considerations. This
personalized approach simplifies the shopping journey and builds confidence in the buying
process.

Understanding user intent to generate relevant content

A key aspect of effective Al-generated shopping guides is the ability to understand and
interpret user intent. Search queries are more than just words; they reflect the shopper’s
desires, preferences, and needs. By analyzing these queries using advanced machine
learning algorithms, generative Al can produce content that aligns closely with what the
shopper is seeking.

For example, if a user searches for “best soundbars for small spaces,” the Al can generate
a guide focusing on compact soundbars with features suitable for limited areas. This deep
understanding of user intent allows the Al to provide actionable content that addresses the
specific interests of each shopper.
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Types of Al-generated shopping guides

Retailers may consider creating three types of shopping guides with generative Al:

1. Shopping guides: These guides educate shoppers on specific topics or product
attributes. They provide comprehensive information on subjects like home theaters,
helping customers understand various components and considerations involved.

2. Category guides: Focusing on a specific category of products, these guides help
shoppers explore different options within that category. For example, a guide on
soundbars might discuss features to consider, such as audio quality, connectivity
options, and compatibility with existing devices.

3. Comparison guides: These guides simplify the buying process by comparing multiple
products side by side. They present the pros and cons of each option, helping
shoppers weigh their choices effectively. For instance, comparing soundbars from
different brands like Sony, Sonos, and Samsung.

By offering these varied guides, retailers can cater to different stages of the shopping
journey, whether the customer is just starting their research or ready to compare specific
products.

Enhancing decision-making and building confidence

Personalized shopping guides empower customers by providing detailed information
relevant to their needs. This not only aids in decision-making but also strengthens the
connection between the shopper and the retailer. When customers feel understood and
supported, they are more likely to make a purchase and return in the future.

The Al-generated content offers valuable insights, such as expert opinions, user reviews,
and detailed product specifications. Presenting this information in an accessible and
engaging manner improves customer satisfaction and encourages loyalty.

Seamless integration and ease of implementation

Integrating Al-generated shopping guides into an eCommerce platform is streamlined
through developer-friendly APls and intuitive user interfaces. Retailers can implement
these guides without significant technical hurdles, allowing them to focus on delivering
exceptional user experiences.

The flexible infrastructure supports seamless integration, enabling shopping guides to fit
naturally within existing storefronts. This means retailers can enhance their platforms
without disrupting current operations or compromising performance.
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Privacy-first design and data protection

With increasing concerns about data privacy, it's crucial that Al solutions handle
customer information responsibly. Al-generated shopping guides operate with a privacy-
first design, meaning they do not store personal data about the end user. This approach
protects consumer information and builds trust between shoppers and retailers.

By prioritizing data protection, retailers can comply with regulations and reassure
customers that their privacy is respected.

Advantages of Al-generated shopping guides

Implementing Al-generated shopping guides offers numerous benefits:

e Personalization and relevance: By harnessing the power of generative Al, retailers
deliver personalized content that resonates with shoppers, boosting engagement and
conversion rates

o Improved decision-making: Shoppers gain access to comprehensive guides that
address their specific needs, whether exploring a general category, comparing
multiple products, or focusing on particular features

e Ease of implementation: With developer-friendly tools and comprehensive
documentation, integrating shopping guides into an ecommerce platform is
straightforward, allowing retailers to focus on enhancing user experiences

e Enhanced customer satisfaction: Personalized and informative content improves the
shopping experience, leading to increased customer satisfaction and loyalty

Practical implementation: developer-friendly tools

Al-generated shopping guides provide easy-to-use APIs for generating curated articles
based on product catalogs. The intuitive user experiences and flexible implementation
options mean that developers can integrate these guides into their applications with
ease.

By offering comprehensive resources and support, retailers enable technical teams to
focus on creating value for both the business and the customer.
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Shaping the future of shopping experiences

Generative Al is transforming how shoppers interact with online storefronts by providing
personalized, informative content that aligns with their needs. Al-generated shopping
guides exemplify this transformation, acting as intelligent assistants that enhance
engagement and drive conversions.

By focusing on understanding user intent and delivering actionable content, retailers can
offer exceptional experiences that resonate with shoppers, supporting business growth.
In a digital era where personalization is key, adopting generative Al technologies like
shopping guides is essential for retailers aiming to stay competitive and meet the
demands of modern consumers.
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Conclusion

Generative Al is rapidly transforming industries by redefining how technology interacts
with human needs and desires. This white paper has explored the essential design
principles for creating responsible and adaptive GenAl systems, emphasizing the
importance of understanding user intent, building trust, and building collaboration
between humans and Al. By addressing challenges such as bias, misinformation, and
user empowerment, we can develop Al applications that are not only powerful but also
ethical and user-centric.

The application of generative Al in ecommerce, particularly through Al-generated
shopping guides, exemplifies how this technology can revolutionize the shopping
experience. These guides serve as intelligent assistants, offering personalized content
that simplifies decision-making and enhances customer satisfaction. By leveraging
advanced algorithms to interpret user intent, retailers can provide shoppers with relevant
information that aligns with their preferences and needs.

As we look to the future, the launch of new Al-powered tools like Algolia’s upcoming Al
Shopper’s Guide promises to further elevate the eCommerce landscape. This innovative
solution is set to empower retailers to automatically generate informative and
personalized shopping content, bridging the gap between user intent and informed
purchasing decisions. By integrating such tools, businesses can enhance engagement,
drive conversions, and build stronger relationships with their customers.

The industry is heading towards a more personalized and interactive digital environment
where Al plays a crucial role in shaping user experiences. Upcoming developments are
expected to include more sophisticated personalization techniques, seamless integration
of Al across platforms, and enhanced data privacy measures. The focus will be on
creating Al systems that are not only intelligent but also transparent and aligned with
human values.

In conclusion, the responsible design and implementation of generative Al systems hold
immense potential for transforming various sectors, including eCommerce, healthcare,
education, and more. By adhering to the principles outlined in this white paper and
embracing the advancements on the horizon, businesses and technology leaders can
harness the power of Al to create meaningful, ethical, and adaptive solutions that meet
the evolving needs of users.
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Request a demo of Algolia’s Al Search solution at
or read more at
algolia.com/blog/ai/
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