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Generative artificial intelligence (AI) has the potential to transform creative industries 
through supporting human creative ideation—the generation of new ideas1–5. However, 
limitations in model capabilities raise key challenges in integrating these technologies 
more fully into creative practices. Iterative tweaking and divergent thinking remain key 
to enabling creativity support using technology6,7, yet these practices are insufficiently 
supported by state-of-the-art generative AI models. Using game development as a lens, 
we demonstrate that we can make use of an understanding of user needs to drive the 
development and evaluation of generative AI models in a way that aligns with these 
creative practices. Concretely, we introduce a state-of-the-art generative model, the 
World and Human Action Model (WHAM), and show that it can generate consistent and 
diverse gameplay sequences and persist user modifications—three capabilities that  
we identify as being critical for this alignment. In contrast to previous approaches to 
creativity support tools that required manually defining or extracting structure for 
relatively narrow domains, generative AI models can learn relevant structure from 
available data, opening the potential for a much broader range of applications.

Generative AI, which uses machine learning models to generate text8,9, 
images10,11, audio12,13, music14, video15,16 or gameplay sequences of video 
games17–19, has seen rapid uptake across the creative industries1–3,5. 
For example, generated images are used to facilitate communication 
between creatives on a team with different skill sets or to automate 
visual production tasks when an artist is not available4. However, stud-
ies have shown that generative AI capabilities often fall short of the 
expectations of creatives, raising key challenges in integrating these 
technologies more fully into creative practices1,4,5,20,21.

Our work approaches this space through the lens of the gaming indus-
try, as it provides an excellent use case to explore how AI capabilities 
could be innovated to support creativity22. The complexity of 3D game 
development requires a diverse range of creative skills23, giving several 
viewpoints on how generative AI can be architected to enable all crea-
tive professions. Further, the richness and diversity of gameplay data 
offers key opportunities for innovation. This temporally correlated 
multimodal data affords exploration of increasingly complex tasks, 
from generating 3D worlds and their mechanics to exploring inter-
actions with non-player characters (also known as NPCs). Not least, 
gaming is the entertainment industry’s largest sector worldwide, at 
present reaching an audience of more than 3 billion people24. As such, 
game studios are exploring how AI can help them meet the increasing 
demand and expectations for new content21.

In this article, we demonstrate that we can make use of an understand-
ing of user needs to devise a methodology for evaluating generative 

AI models and drive generative AI model development that aligns 
with these creative practices. We begin with a summary of user study 
results from 27 creatives working in game development, illustrating 
the important role of divergent thinking and iterative practice6,7 to 
achieve meaningful novelty using generative AI. Building on these 
insights, we identify a set of generative model capabilities that are 
probably important to realize creative ideation, namely, consistency, 
diversity and persistency (see Fig. 1a–c). We introduce a new generative 
model, WHAM, designed to achieve these capabilities and trained on 
human gameplay data. We show that WHAM can generate consistent 
and diverse gameplay sequences and that it can persist user modifica-
tions when prompted appropriately. Finally, we describe a concept 
prototype called the WHAM Demonstrator (Fig. 1d) to support explora-
tion of creative uses and further research into the model capabilities 
required to support creative practice. We release WHAM’s weights, an 
evaluation dataset and the WHAM Demonstrator as a basis for further 
research and exploration at https://huggingface.co/microsoft/wham.

Our work builds on a rich tradition of research at the intersection of 
computational creativity7,25,26 and procedural content generation27–32. 
Today’s generative AI approaches have great potential to complement 
these previous works because of their broad applicability: they can learn 
the rich structure of complex domains (such as 3D video games) from 
appropriate training data, removing the need for time-consuming, 
manual handcrafting of these structures. At the same time, our find-
ings demonstrate that iterative practice and divergent thinking remain 
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crucial in the context of ideation using generative AI models. By opti-
mizing models towards these proposed capabilities, we direct machine 
learning research towards innovations for the type of human–AI part-
nership that will empower human creativity and agency.

User needs
Interview study
To better understand the needs of creatives working in game develop-
ment, we carried out semistructured interviews with a diverse set of 
multidisciplinary creative teams. In each interview session, three to 
four creatives from the same studio interacted with a design probe33 
(see the ‘Design probe’ section in Methods and Extended Data Fig. 1a for 
details) that provided a fictitious but concrete set of potential genera-
tive AI capabilities to spur thinking. Participants described several ways 
in which generative AI could assist in game ideation or pre-production 
(‘Game development process’ section in Methods), while maintaining 
their creative agency.

Focusing specifically on participants’ discussions of AI and creative 
practice, we analysed the discussion transcripts using thematic analy-
sis34 (‘Data analysis’ section in Methods and Extended Data Fig. 1b). 
We identified two themes that have implications for AI model devel-
opment: (1) creatives need the diversity of their divergent thinking 
contextualized into a consistent game world to achieve meaningful 
new experiences (‘Divergent thinking’ section) and (2) to experience 
creative agency, creatives need the ability to control the iterative pro-
cess (iterative practice), for example, with their direct modifications 
adopted as they guide the model (‘Iterative practice’ section).

Divergent thinking. Creatives in our study had already used generative 
AI models to seek inspiration and drive divergent thinking to produce 

new ideas, as also shown in other literature21. Nevertheless, the creatives 
spoke about the need for novelty to be framed within the consistency of 
professional practice. This remains a challenge for present generative 
AI models21. In game development, for example, consistency includes: 
upholding game world physics; adhering to the style of the title and the 
studio; maintaining the specific atmosphere and emotions that the level 
intends to evoke; and ensuring alignment with the larger narrative of 
the game35, whereas diversity might apply to the path a player takes. 
Without contextual consistency, diversity in generated outputs risks 
being devoid of meaningful importance36. As one participant shares:

Generative AI still has kind of a limited amount of context. This 
means it’s difficult for an AI to consider the entire experience and 

kind of generate iteratively on top of that, the AI still isn’t very good 
at kind of keeping generating and then kind of following specific 

rules and mechanics, you know, because it’s inconsistent.
– Vice President of Experience of an indie studio

In other words, supporting ideation is not just about novelty but 
about contextualizing that novelty into the coherence of an interac-
tive experience or game. Consequently, generative AI models need to 
combine diversity with consistency to ensure that outputs are mean-
ingfully new and useful.

Iterative practice. The importance of iteration in the ideation process 
is well described in the literature on creativity support37,38. Participants 
in our study frequently expressed the importance of iterative practice, 
which highlights that this theme continues to be crucial in the context 
of creative uses enabled by generative AI.

Specifically, participants spoke of making something that feels ‘right’, 
underscoring the intuition that game creators have about the numerous 
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Fig. 1 | Identified model capabilities. The three model capabilities derived 
from our user study with game development creatives (‘User needs’ section) 
demonstrated through gameplay sequences generated by WHAM (‘WHAM’ 
section) in the WHAM Demonstrator (‘WHAM Demonstrator’ section).  
a, Consistency: a generated sequence should be consistent over time and with 
game mechanics. Here the player’s character navigates up the stairs, following 
the established physics of the game world. b, Diversity: the model should produce 
numerous, diverse sequences that reflect different potential outcomes to 
support divergent thinking. Here the model generated three plausible sequences 

navigating paths the character could follow. c, Persistency: the model should 
persist user modifications to the game visuals and controller actions, 
assimilating them into the generated gameplay sequence. Here the character 
highlighted in the right figure has been added by the user and has then been 
incorporated into the generated images shown on the left. d, Screenshot of the 
WHAM Demonstrator, a concept prototype that provides a visual interface for 
interacting with WHAM models, including several ways of prompting the models. 
See Supplementary Video 1 for video case studies.
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nuanced elements that make up each design decision. Whether it be 
the tempo of the character’s movements or the arc of a grappling hook 
swing, creators invested considerable time fine-tuning these seemingly 
minor details. As one participant said: “details are what make really 
amazing game experiences”. Nevertheless, this feeling of ‘rightness’ 
was often nebulous at the outset of the creative process, becoming 
clearer only as the process evolved:

It’s hard to know what the right output is until we see it, and it takes 
a lot of finessing it and playing with it. There is a lot of trial and error. 

As game designers, we’re not even conscious of the details where 
there are thousands of small decisions to be made. But we just know 

something’s off and we tweak.
– Chief Operating Officer of an indie studio

This description illustrates how creatives usually work in the visual 
medium, directly manipulating what they are creating through several, 
small iterations. The iterative process extends beyond a singular output: 
many participants noted that they engage in a dynamic back-and-forth 
exploration between different iterations to draw inspiration and experi-
ment with the possibilities of fusing diverse elements. To facilitate 
ideation through iterative tweaking, generative AI models should move 
beyond text-based prompts and support direct manipulation of the 
generated content, have an ability to adopt user-proposed changes 
and support fusing of different iterations.

Evaluating model capabilities
Support for divergent thinking and iterative practice has been pro-
vided in a range of ways across the rich literature and practice in this 
area7,26,37, but when it comes to generative AI, we find important gaps. 
On the basis of the results of our user study, coupled with insights from 
existing literature, we distil evaluation criteria, or ‘model capabilities’, 
to assess the diversity, consistency and persistency of generative AI 
models to support the very basics of creative practice.

To provide concrete examples of what the identified evaluation cri-
teria mean and how they can be instantiated, we assume generative AI 
that operates at the most generic ‘human interface’ of a video game, 
in the sense that it is able to generate sequences of game visuals (what 
the player would see on the screen, referred to as ‘frames’) and play-
ers’ controller actions. However, the evaluation criteria are general 
and could be instantiated in different modalities, such as language, 
music and so on.

To support iterative practice, a first important criterion is that mod-
els provide consistency, even while a user is iterating. This means that 
a stream of generated frames must be consistent in themselves (for 
example, frame to frame) and in terms of the game mechanics, for 
example, solid objects do not pass through walls. Within this con-
sistency, the creative practice of divergent thinking requires diverse 
generations. For example, if three potential continuations are gener-
ated, they should vary in meaningful ways, such as in the generated 
player actions, or in terms of how teammates or opponent characters 
might respond to those actions. Finally, users should be able to modify 
generated sequences and any modifications should be persistent. If a 
creative wishes to influence the model output by adjusting a frame, 
the adjustment should be a focus of the generation and not disappear 
several frames later.

WHAM
Now that we have established an understanding of the key capabili-
ties required to realize AI systems that enable creatives, we present an 
initial model that demonstrates how modern AI approaches can make 
progress towards achieving these capabilities.

Our WHAM models the dynamics of a modern video game over 
time. WHAM was trained on human gameplay data to predict game 

visuals (‘frames’) and players’ controller actions (‘Model architecture 
and data’ section). The resulting model accurately captures the 3D 
structure of the game environment (‘Model evaluation’ section), the 
effects of controller actions and the temporal structure of the game. 
The model can be prompted to generate coherent game situations, 
demonstrating consistency and diversity and the ability to persist 
some user modifications.

In our model development and evaluation, we focus on the gen-
eration of gameplay sequences in the form of game visuals and player 
actions, as this is a very generic and broadly accessible representation 
of a video game. We build on the rich line of work on world models39 
that has demonstrated the potential of recurrent networks40, recurrent 
state space models41 and transformers42 for capturing environment 
dynamics in settings such as 2D video games and road traffic43. Mov-
ing beyond these and contemporary works18,19,44–47, we drive insights 
about the requirements and capabilities of these models specifically 
for creative uses and demonstrate advances in modelling a complex 
3D video game consistently over time.

Model architecture and data
Our modelling choices reflect the identified model capabilities as fol-
lows. Consistency requires a sequential model that can accurately 
capture dependencies between game visuals and controller actions. 
Diversity requires a model that can generate data that preserve the 
sequential conditional distribution of visuals and controller actions 
from the dataset. Finally, persistency is afforded through a predictive 
model that can be conditioned on (modified) images and/or controller 
actions. Across all three capabilities, we select components that offer 
scalability in the sense that the model should benefit from training on 
large amounts of training data and compute resources.

The resulting WHAM design is shown in Fig. 2. It is built on the 
transformer architecture48,49 as its sequence prediction backbone. 
Transformers gained popularity through their application in large lan-
guage models and have also been adopted by previous world-modelling 
approaches42,43,50.

Critical to our approach is our framing of the data as a sequence 
of discrete tokens. To encode an image into a sequence of tokens, we 
make use of a VQGAN image encoder51. The number of tokens used to 
encode each image is a key hyperparameter that trades off the qual-
ity of predicted images with generation speed and context length. 
For the Xbox controller actions, although the buttons are natively 
discrete, we discretize the x and y coordinates of the left and right joy-
sticks into 11 buckets52. We then train a decoder-only transformer49,53 
to predict the next token in the sequence of interleaved image and 
controller actions.

The resulting model can then generate new sequences by autore-
gressively sampling the next token. We can also modify the tokens 
during the generation process to allow for modifications to the images 
and/or actions. This unlocks the ability to control (or prompt) the gen-
eration through the controller actions or by directly editing the images 
themselves, a prerequisite for persistency that we evaluate in the  
‘Persistency’ section.

To demonstrate the potential of this framework for capturing the 
dynamics of modern video games, we use a large dataset of real human 
gameplay to train WHAM. We worked with the game studio Ninja Theory 
and their game Bleeding Edge, a 3D, 4v4 multiplayer combat video 
game, to render and produce videos of human gameplay. In total, we 
extracted data from around 500,000 anonymized gaming sessions 
(over 7 years of continuous play) across all seven Bleeding Edge maps. 
We refer to this dataset as the 7 Maps dataset. We also filter this dataset 
to 1 year of anonymized gameplay on only the Skygarden map and refer 
to this as the Skygarden dataset. See the ‘Data’ section in Methods for 
details on data collection for the resulting datasets.

The largest WHAM uses a 1.6B-parameter transformer, with a 1-s con-
text length, trained on the 7 Maps dataset. For this variant, each image is 
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encoded into 540 tokens at the dataset’s native resolution of 300 × 180. 
We also trained a range of smaller WHAMs: from 15M-parameter to 
894M-parameter transformers with a 1-s context length, trained on the  
filtered Skygarden dataset, with 128 × 128 images encoded into 256 
tokens. Further details on modelling choices and hyperparameters 
are provided in the ‘Modelling choices and hyperparameters’ section 
and model scalability is analysed in the ‘Model scale’ section, both in 
Methods.

Model evaluation
We propose a methodology to evaluate models in terms of the three 
capabilities identified in our user study (‘Evaluating model capabilities’ 
section) to support ideation: consistency, diversity and persistency. 
We use this methodology to evaluate WHAM. The ‘Consistency’ sec-
tion evaluates how consistent generated gameplay is with the game 
mechanics. The ‘Diversity’ section investigates the diversity of the 
generated gameplay. Finally, the ‘Persistency’ section explores the 
extent to which user modifications persist in the generations.

Consistency. Consistency ensures that creatives can effectively iterate 
and build on the generated sequences and is therefore key to iterative 
practice. In the game context, this means that a generated sequence 
should be consistent with the established game dynamics and remain 
coherent throughout, with no sudden changes to game characters or 
objects. For example, characters should not pass through walls and 
objects should not disappear without cause.

An established approach for measuring consistency in video in the 
field of machine learning is Fréchet Video Distance (FVD)54, a measure 
that was designed to capture the quality of the temporal dynamics and 
visual quality of a video, and that has been shown to correlate with 
human judgements of video quality. Here we adapt FVD to the task of 
measuring consistency in generated gameplay by using human game-
play as the ground truth. For this, we use WHAM to generate gameplay 
visuals, conditioned on 1 s of gameplay, including video and controller 

actions, followed by conditioning on the controller actions taken by the 
human player over the course of the following 10 s of gameplay. Gen-
erated gameplay that closely matches the ground truth, as indicated 
by a low FVD score, provides evidence that the model has accurately 
captured the structure of the underlying game (for details, see the 
‘Consistency’ section in Methods). We have validated the link between 
low FVD score and high human-perceived consistency in a preliminary 
analysis using the 894M WHAM (‘Consistency’ section in Methods and 
Extended Data Fig. 3).

Figure 3a shows the improvement of FVD with compute (in FLOPS) 
across model sizes (detailed in Extended Data Fig. 2c), showing 
improved FVD with more compute for appropriately sized models 
(see our discussion of model scale in the ‘Model scale’ section in Meth-
ods and results in Extended Data Fig. 2a,b for comparison). Further-
more, we see an improvement in FVD for the 1.6B WHAM, which uses 
higher-resolution images. This is because the ceiling on reconstruction 
performance is much higher, allowing for the generated images to 
much more closely resemble the ground truth data.

Figure 3b shows qualitative results, demonstrating that the 1.6B 
WHAM can generate highly consistent gameplay sequences of up 
to 2 min. More examples are shown in Extended Data Fig. 4 and in  
Supplementary Video 1.

Diversity. Providing creatives with diverse options has been shown to 
support human creative ideation by sparking new ideas21,55, and the 
need for meaningful diversity was highlighted by participants in our 
user study (‘Divergent thinking’ section). Consequently, generative 
AI models aimed at supporting creativity should generate material 
that reflects a range of different potential outcomes. As the space of 
possibilities is vast36 (encompassing game mechanics, other players, 
as well as randomness in the game), we focus our evaluation on the 
ability of the models to capture the full diversity of a human player’s 
actions. If the model is able to generate this diversity while maintaining 
consistency (measured separately by FVD as detailed above), then the 
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Fig. 2 | Overview of WHAM. We formulate human gameplay as sequences of 
discrete tokens, alternating between image observations and controller actions. 
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size VO and bottleneck size dz. A causal transformer53 is then trained to predict 
the latent observation and discretized action tokens. The VQGAN encoder/
decoder is trained using a reconstruction and perceptual loss61. No explicit 
delimiter is provided to distinguish whether an observation or action token 
should be predicted next—the model must infer this from learned position 
embeddings.
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generated gameplay sequences will reflect the full diversity of plausible 
human gameplay.

We assess diversity using the Wasserstein distance, a measure of the 
distance between two distributions previously used to assess whether 
the actions of a model capture the full distribution of human actions56. 
We compare the marginal distribution over real human actions with 
those generated by the model. The lower the Wasserstein distance, 
the closer the generations of the model are to the actions the human 
players took in our dataset (see the ‘Diversity’ section in Methods for 
further details).

Figure 4a shows our quantitative results. Over the course of train-
ing, the Wasserstein distance decreases for all models, nearing the 
human-to-human baseline (computed as the average distance between 
two random subsets of actions from the human action sequences). 
Despite using more compute, the 1.6B model is slightly worse com-
pared with the 894M model. One hypothesis for this is that the 1.6B 
model uses more image tokens (540 compared with 256) and a larger 
vocabulary size (16,384 compared with 4,096), both of which implicitly 
put less emphasis on the loss for the tokens representing the actions. 
To test this, we train another 1.6B model with a ten times increased 
weight on the action loss (‘1.6B up-weighted’). This up-weighting pro-
vides an improvement in the Wasserstein distance compared with the 
1.6B model.

Figure 4b provides a qualitative assessment of diversity. Condi-
tioned on a single sequence of real gameplay, three possible futures 

are generated using the 1.6B WHAM, showing that the model can gener-
ate a range of behaviourally and visually diverse gameplay sequences. 
Extended Data Fig. 5 highlights examples of behavioural (Extended 
Data Fig. 5b) and visual (Extended Data Fig. 5c) diversity in generated 
gameplay sequences.

Persistency. Persistency is aimed at giving creatives control over the 
generated outputs, thus enabling iterative tweaking (‘Iterative practice’ 
section). The model should be flexible enough to allow creative users’ 
modifications to the game state, assimilating these changes into the 
generated environment.

To evaluate the persistency of WHAM, we manually edited game 
images by inserting one of three different elements: (1) an in-game 
object (a ‘Powercell’); (2) another player (an allied or opponent char-
acter); and (3) a map element (a ‘Vertical Jumppad’). We inserted 
each element into eight plausible but new game locations (shown in 
Extended Data Fig. 7a). For each element and location, we used the 
1.6B WHAM to generate ten images, that is, a 1-s video, conditioned on 
either one or five of the altered images. To account for diversity in the 
output of the model, we repeated the generation step ten times per 
altered image(s). We then manually inspected and labelled whether 
each element persisted in the generated videos. Figure 5 shows the 
editing process and examples of generated videos. Extended Data 
Fig. 6 illustrates the human labelling of successful and unsuccessful 
persistency examples.
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Fig. 3 | Consistency results. a, FVD for a range of WHAM sizes over training 
compute budget (FLOPS). FVD improves for larger models and compute budgets. 
b, Key frames of two example generations (one per row) from the 1.6B WHAM of 

2 min each, indicating that the 1.6B WHAM is capable of generating long-term 
consistent gameplay.
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Table 1 presents results showing the proportion of generations that 
were annotated as successfully persisting. The persistency of WHAM 
improves substantially when conditioning on five edited images rather 
than one, reaching 85% and higher for all element types. More detailed 
analyses and examples of persistency are included in the ‘Persistency’ 
section in Methods. Extended Data Fig. 7b left column shows a detailed 
analysis of persistency by element type and starting location and 
Extended Data Fig. 7b right column shows an error analysis of start-
ing location, in which persisting elements is more challenging. Sup-
plementary Video 1 shows generated gameplay sequences that include 
interactions with the inserted elements.

Our results show that the 1.6B WHAM is able to persist common game 
elements that have been inserted into plausible but new starting loca-
tions. We believe that these examples demonstrate the potential for the 
creative uses of future WHAM versions to incorporate more imaginative 
elements into generated sequences.

 
WHAM Demonstrator
To illustrate how WHAM can support iterative practice and divergent 
thinking as identified in our user study, we built a concept prototype57, 
called the ‘WHAM Demonstrator’. Note that concept prototypes are 
not full-fledged user experiences but rather explorations of specific 
design patterns. The WHAM Demonstrator provides a visual interface 
for interacting with WHAM instances, including several ways of prompt-
ing the models. This facilitates explorations of WHAM capabilities, as 
well as interaction patterns supported by these capabilities. To enable 
creative exploration and follow-up research, we make the following 
publicly available: trained models (two WHAM sizes), the WHAM Dem-
onstrator and a sample evaluation dataset (see ‘Data availability’ and 
‘Code availability’ for details).

We demonstrate key features in Supplementary Video 1. First, the 
video illustrates the identified model capabilities. Consistency is 
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Fig. 4 | Diversity results. a, Diversity of three WHAM variants as measured by 
the Wasserstein distance to human actions. Out of the 102,400 total actions 
(1,024 trajectories with 100 actions each), we sub-sample 10,000 human and 
model actions and compute the distance between them. We repeat this ten 
times and plot the mean ± 1 standard deviation. Closer to the human-to-human 
baseline is better. Uniform random actions have a distance of 5.3. All models 

improve through training and can be further improved by up-weighting the 
action loss. b, Three examples of generations from the 1.6B WHAM produced 
from the same starting context. We see examples of both behavioural diversity 
(the player character circling the spawn location versus heading straight towards 
a Jumppad) and visual diversity (the hoverboard the player character has mounted 
has different skins).
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demonstrated in a case study over the course of training, showing how 
the ability to generate gameplay sequences that are consistent over 
time and with a wide range of game mechanics improve with training 
(00:50–02:10). Diversity is illustrated in a case study of generated game-
play sequences that all start from the same initial spawn location and 
shows examples of the character navigating across the three available 
Jumppads (02:11–02:50). Finally, persistency shows case studies of per-
sisted characters and Powercells, corresponding to those aggregated 
in Table 1 (02:51–03:42).

Second, we illustrate the features of the WHAM Demonstrator in 
Fig. 1d and in Supplementary Video 1 (from 03:43). A user can choose a 
set of starting frames to ‘prompt’ the model58, enabling visual rather than 
language-based prompts. WHAM then generates numerous branches of 
potential gameplay sequences of how the game could evolve, supporting 
divergent thinking through a diversity of options (‘Divergent thinking’ 
section). The user can choose any branch or frame to start (re)generating 
the next frames, including returning to, and changing, a previous choice 
to support the fusing of iterations mentioned by participants above 
(‘Iterative practice’ section). To enable iteration, the user can modify 
any generated frames, such as by adding an opponent character (using 
persistency) or providing input controller data, to influence the next 
generated sequences. The user can tweak and iterate until they get the 
‘feel’ they are looking for, remaining in control of their creative practice.

Conclusion
As we navigate the unfolding role of generative AI in the creative indus-
tries, there are ways to direct its development to ensure human agency 
over the creative process. We have presented a user study with diverse 
game creatives through which we identified three model capabilities 

that should be given priority when developing AI systems that aim to 
support creative ideation through iterative practice and divergent 
thinking: consistency, diversity and persistency. We have also shown 
that it is possible to develop generative AI models that exhibit these 
capabilities when trained on appropriate datasets.

Our work suggests new paths of innovation for machine learning 
researchers that are different from those aimed at models not intended 
to support creativity. First, model evaluation can, and should, be 
purposefully informed by the requirements of human creatives to 
drive innovation in the right direction. This stands in contrast to a 
predominant focus in the machine learning community on measur-
ing the effectiveness and efficiency of task completion, useful only 
when human tasks will be automated to support process efficiencies. 
Second, machine learning models for creativity will unlikely be ends 
in themselves but, rather, valuable assets within more holistic creative 
workflows. Model development must fit within these workflows, the 
need for several iterations of user-modified content being one such 
example. The literature on computational creativity and creativity 
support is a rich source of guidance7,25,26 as the field starts to more fully 
connect these model innovations with the needs of creatives.

The demonstrated capabilities of WHAM showcase the potential of 
modern generative AI models to learn increasingly complex structures 
from relevant data without previous domain knowledge. We show that 
such models can generate gameplay sequences that are consistent with 
3D worlds with appropriate game mechanics and physics. Given that 
WHAM learned these structures entirely from gameplay data, with no 
previous domain knowledge, we expect that these results can be repli-
cated across a wide range of existing games and ultimately generalize 
to new games and genres18,32. The key novelty that generative AI models 
such as WHAM contribute is that they remove the need for handcrafting 
or learning domain-specific models for individual domains, making 
it likely that model innovations such as these will broaden creativity 
support to other domains, such as music59 or video60. Extrapolating 
from our use case focusing on a single 3D video game, we can also get 
a first sense of how powerful future models will be in allowing teams 
of human creators to craft complex new experiences.

Online content
Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information, 

Original frame Edited frame

Generate

Generate

Generate

Insert Powercell
into image

Insert enemy
into image

Insert Jumppad
into image

Time step: 1 Time step: 5 Time step: 10

Fig. 5 | Editing process and qualitative persistency results. Examples of 
successful persistence of Powercell, character and Vertical Jumppad. For our 
persistency evaluation, the generations of WHAM are all conditioned on no-op 
actions, hence the player character and camera should not be moving. The 
examples show the inserted Powercell persisting stably throughout the 1 s of 

generation and the inserted opponent beginning to attack the player character 
and inflicting damage. The Vertical Jumppad is inserted into a map area in 
which it does not appear in the real game and our data. Nevertheless, it is 
persisted throughout the generations of WHAM.

Table 1 | Quantitative persistency results

Conditioned frames Powercell Character Vertical Jumppad

1 58% 45% 58%

5 86% 85% 98%

When conditioning WHAM on one user-edited image, each element persists less than 60% 
of the time. However, when conditioning on five user-edited images, the persistency of each 
element increases substantially to 85% or more (binomial tests with a Bonferroni corrected 
significance level of 0.008).
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Methods

User study
Participant recruitment. To recruit for the user study (‘Interview 
study’ section), game studios were opportunistically sampled from the  
Microsoft Founders Hub if: (1) they were funded start-ups; (2) they had 
published at least one game; and (3) they used, or were planning to use, 
AI tools. We made special efforts to be inclusive in our sampling by 
approaching studios from the Global South or led by people with dis-
abilities. Eight studios participated (27 individuals), including four indie 
studios, one AAA studio and three teams of game accessibility develop-
ers. Most of the participants came from the USA and the UK, with further 
representations from Belgium, India and Cameroon. Most sessions had 
a mix of disciplinary representations, notably from engineering, design 
and art. There were three female participants in total, indicative of the 
underrepresentation of women in the industry in general.

The study was reviewed and approved by the Microsoft Research 
Ethics Review Program and informed consent was collected from all 
participants. Participants were thanked through invitations to two 
technical talks or a voucher for £40.

Design probe. A design probe33, a well-established tool for imagining 
technical futures, was used for idea elicitation. It is a strategy for help-
ing participants move beyond from what they already understand to 
unexpected ideas. They differ from user studies of prototypes in that 
the aim is not to systematically evaluate an idea or system but to sur-
face potential opportunities for the future that will help shape a base 
technology. In this case, we were looking for high-level capabilities that 
AI models need to possess.

Specifically, we bring together a set of existing mechanisms that 
allows participants to manipulate AI-generated outcomes in various 
ways. Participants could: (1) use natural language to modify the gener-
ated scene; (2) alter an image through transforming it or drawing on it 
to direct generation; or (3) use example images or videos to convey a 
concept to the model. These are all existing interaction mechanisms 
for users to guide AI generation but the outcomes were scripted, that 
is, they did not rely on the capabilities of present AI models. To con-
textualize these ideas, we simulate the experience of creating a new 
game level (that is, the environment in which a player can interact and 
complete an objective), as shown in Extended Data Fig. 1a. The design 
probe was implemented in Unity.

Session protocol. Three to four participants from a single creative 
studio attended each session, which lasted 90 min and took place on 
a video call. Participants were prompted to think of AI as a new design 
material, a concept that would be familiar. To support this imaginative 
exercise, participants were then walked through a pre-specified journey 
through the design probe (Extended Data Fig. 1a on their own computer 
(see the ‘Design probe’ section); they were asked at points to reflect on 
how the highlighted capabilities might fit into their individual and/or 
collective creative processes. Team discussion was encouraged.

Data analysis. Sessions were recorded, transcribed and analysed the-
matically18. We first conducted an open coding of the transcripts to 
identify common themes, with a particular emphasis on how these 
tools might augment creative workflows and how participants imagined 
that they might support creative practice. See Extended Data Fig. 1b for 
themes and examples, including potential inputs and outputs, desired 
human–AI interaction design patterns and characteristics of creative 
practice that generative models need to support. A second round of 
coding took a higher-level view to identify suitable application areas for 
assistance in game ideation. Codes and examples were discussed within 
the team and iterated. We identified both opportunities to augment 
workflows (category 1), as well as user requirements for supporting 
creative practice (category 2). We present only the latter in this article.

Our study was initially designed to probe input and output modali-
ties of generative AI systems for creatives (theme 6). However, our 
participants found it hard to engage with these specific questions when 
they were thinking about how generative AI fits within their creative 
practice more generally, because they saw more urgent blockers in the 
use of present generative AI systems in their creative practice. Conse-
quently, we focus our analysis on this aspect of the interview sessions, 
highlighting some large gaps in model capabilities that need addressing 
to support creative ideation.

Game development process. Game development is a time-consuming 
process, with a single game typically taking two or more years (for indie 
games62) or five or more years (AAA games) to develop. Up to half of 
this period is spent in the concept and pre-production phases62, which 
encompass ideation of the concept for the plot, characters, setting/
world and mechanics. We use an example of how a small (indie) games 
studio created a new level for a new character to illustrate a typical 
game development process:

The CEO came up with an idea of a character, a vampire, and con-
veyed the idea to the character artist. The character artist generated 
several concept sketches and iteratively tweaked the sketches with 

the CEO to arrive at a final design. Then the character artist spent sev-
eral days sculpting a 3D model of the vampire character before pass-
ing it on to the animator for rigging. The finished rig was sent to the 
Head of Game to work with the programmer to define the character 

behavior. Taking approximately a month, the programmer made test 
environments, tried out different behavior patterns, and finally pro-

grammed the behavior. Once done, the finalized character design 
along with the behavior tree were passed on to the level designer, 

who started another round of iterations with the environment artist 
to craft a level prototype tailored to this new vampire character.

– Chief Executive Office (CEO) of an indie studio

This example illustrates the numerous rounds of ideation that hap-
pen, as well as the complexity of working across several disciplines. 
Although this process varies with studio size and game genre, extensive 
iteration and subsequent coordination is needed to deliver a polished 
game by any game studio63–65.

Connecting the complexity of the game development process to the 
contributions of this work, we note that our goal is not to demonstrate 
a specific tool or workflow that could be readily integrated into game 
development processes. Rather, our user study highlighted limitations 
of state-of-the-art generative AI models more broadly, that limit their 
adoption. We identify support for iterative practice and divergent think-
ing and derive three capabilities, consistency, diversity and persistency, 
that can meaningfully drive model development towards more fully 
supporting creative practice. Our evaluation results and case studies 
using WHAM and the WHAM Demonstrator show how this progress 
can enable iterative practice and divergent thinking, paving the way 
to future tool development and workflow innovation.

Data
Data for WHAM training (‘Model architecture and data’ section) were 
provided through a partnership with Ninja Theory, who collected a large 
corpus of human gameplay data for their game Bleeding Edge. Data 
collection was covered by an end-user license agreement and our use 
of the data was governed by a data-sharing agreement with the game 
studio and approved by our institution’s institutional review board. 
These data were recorded between September 2020 and October 2022. 
To minimize risk to human subjects, any personally identifiable infor-
mation (Xbox user ID) was removed from the data. The resulting data 
were cleaned to remove errors and data from inactive players.

Image data were stored in MP4 format at 60 fps, alongside binary 
files containing the associated controller actions. A timecode extracted 
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from the game was stored for each frame, to ensure actions and frames 
remained in sync at training time.

We extracted two datasets, 7 Maps and Skygarden, from the data 
provided to us by Ninja Theory. The 7 Maps dataset comprised 60,986 
matches, yielding approximately 500,000 individual player trajecto-
ries, totalling 27.89 TiB on disk. This amounted to more than 7 years 
of gameplay. After downsampling to 10 Hz, this equated to roughly 
1.4B frames. This was then divided into training/validation/test sets 
by dividing the matches with an 80:10:10 split.

Our filtered Skygarden dataset used the same 80:10:10 split and 
10-Hz downsampling but focused on just one map, yielding 66,709 
individual player trajectories, or approximately 310M frames (about 
1 year of game play).

Modelling choices and hyperparameters
Training. We used PyTorch Lightning66 and FSDP67 for training.

Encoder/decoder. We trained two encoder/decoder models as follows.
15M–894M WHAMs: each image ot is of shape 128 × 128 × 3, produced 

by resizing the frames of the original data from 300 × 180 × 3 (width, 
height and number of channels). No image augmentations are applied.

We train an approximately 60M-parameter VQGAN convolutional 
autoencoder using the code provided in ref. 51 to map images to a 
sequence of dz = 256 discrete tokens with a vocabulary of VO = 4,096. 
The encoder/decoder is trained first with a reconstruction loss and 
perceptual loss61 and then further trained using a GAN loss.

1.6B WHAM: each image ot is kept at the native shape of the data, 
300 × 180 × 3. No image augmentations are applied.

We train an approximately 300M ViT-VQGAN68 to map images to a 
sequence of dz = 540 discrete tokens with a vocabulary of VO = 16,384. 
The encoder/decoder is trained first with an L1 reconstruction error, 
perceptual loss61 and a maximum pixel loss69. It is then also trained 
with a GAN loss.

Transformer. We use a causal transformer for next-token prediction, 
with a cross-entropy loss. Specifically, we use a modified nanoGPT70 
implementation of GPT-2 (ref. 53). Configurations for all models used 
in the paper are given in Extended Data Fig. 2c.

894M WHAM: the context length is 2,720 tokens, or equivalently 1 s 
or ten frames. Each batch contains 2M tokens. The model is trained 
for 170k updates.

We use AdamW71 with a constant learning rate of 0.00036 preceded 
by a linear warm-up. We set β1 = 0.9 and β2 = 0.999.

1.6B WHAM: the context length is 5,560 tokens, or equivalently 1 s or 
ten frames. Each batch contains 2.5M tokens. We train for 200k updates.

We use AdamW with a cosine annealed learning rate, which peaks at 
a max value of 0.0008 and is annealed to a final value of 0.00008 over 
training, preceded by a linear warm-up over the first 5,000 steps. We 
set β1 = 0.9, β2 = 0.95 and use a weight decay of 0.1.

Model scale
To investigate the scalability of WHAM with model size, amount of data 
and compute, we conducted analysis similar to that performed on large 
language models72–74. We trained several configurations of WHAM at 
varying sizes (measured by the number of parameters in the model; see 
Extended Data Fig. 2c). Extended Data Fig. 2a shows the training curves 
for these runs and illustrates how training losses improve with model, data 
and compute. This analysis offers us assurance that the performance of 
the model reliably improves with compute, as well as providing a means to 
understand what the optimal model size would be. Using this approach, 
we were able to accurately predict the final loss of the larger 894M model, 
based on extrapolations of models in the range 15M to 206M.

This analysis also informed the configuration of the 1.6B WHAM 
aimed at achieving the lowest possible loss given our compute budget of 
around 1 × 1022 FLOPS. The initial exploration of scaling laws presented 

here led to a deeper investigation of scaling laws for world and behav-
iour models75.

Extended Data Fig. 2b shows a strong correlation (r = 0.77, with sam-
ple Pearson’s correlation coefficient calculated using numpy’s cor-
rcoef function76) between FVD and the training loss, providing a strong 
justification for optimizing towards a lower loss (similar observations 
relating model performance to loss have also been observed in the 
language domain73).

Model evaluation
This section presents further detail on metrics, as well as further analy-
ses. The ‘Consistency’ section provides details on the FVD calcula-
tion used for the consistency analysis and provides justification by 
correlating it with human judgement. The ‘Diversity’ section details 
the Wasserstein calculation and provides further qualitative results 
evidencing the diverse generations of WHAM. The ‘Persistency’ sec-
tion details the editing and annotation process and provides further 
examples and insights into the persistency results.

Consistency. FVD was calculated by comparing two sets of sequences. 
The first set is composed of ‘ground truth’ sequences: 1,024 gameplay 
videos generated by human players at the resolution of the data of 
300 × 180. Each video is 10 s long and was not used during training. 
For each video in this set, the initial ten frames and the entire action 
sequence were used as prompts for generating the second set using 
WHAM. The second set is composed of 10-s videos generated by the 
WHAM model at resolution 128 × 128 for the 15M to 894M WHAMs and 
300 × 180 for the 1.6B WHAM given the prompts.

To ensure that FVD is an appropriate metric to gauge the performance 
of the model, we conduct a more detailed manual analysis in Extended 
Data Fig. 3. For this, we use the 894M WHAM. Paired coding was used 
to mark frames as consistent or inconsistent in ‘structure’, ‘actions’ 
or ‘interactions’. The plots are averaged over the per-frame paired 
consensus of two human annotators, with 1 indicating that all frames 
are consistent and  −1 meaning that all frames are inconsistent. In this 
case, consistency was framed by three questions. (1) Structure: does 
the level structure (including geometry and texture of every element 
in the environment) stay consistent? (2) Actions: does the on-screen 
character respond to the given actions (for example, when the player 
moves, jumps or launches an attack)? (3) Interaction: does the char-
acter react to the elements in the environment (for example, ascends 
stairs with the appropriate animation, does not move through solid 
structures such as walls and the floor)?

Figure 3a shows that FVD for WHAM improves (that is, decreases) 
with increasing FLOPS (corresponding to later checkpoints). Extended 
Data Fig. 3 corroborates that human perception of consistency matches 
our quantitative results. Our manual analysis of the consistency of 
structure, actions and interaction shows increasing consistency with 
increased training and lower FVD scores. Hence, we argue that consist-
ency with the ground truth as measured by FVD indicates that game 
mechanics are modelled correctly and consistently over time.

Diversity. To compute the Wasserstein distance in Fig. 4a, we use two 
sets of inputs: (1) 1,024 human action sequences from recorded game-
play (the same set as used in the FVD consistency analysis) and (2) the 
1,024 predicted action sequences generated by WHAM when condi-
tioned on the starting frames that match each sequence in (1).

For each of the 1,024 videos, we generate 100 time steps, both images 
and actions, using the initial ten frames and actions as prompts. Thus, 
for the later time steps, the model is conditioning purely on generated 
frames, which will affect the distributions of sampled actions. The 
same set of gameplay videos are used as for the FVD calculation in the 
‘Consistency’ section.

Wasserstein distance: let p and q be probability distributions on 
X  and c be a cost function c : × → [0, ∞)X X . Further, let Π be the space 



of all joint probability distributions with marginals p and q. The Was-
serstein distance77 is defined as ∫p q c x y π x y( , ) min ( , )d ( , ).c π∈Π ×

W
X X

≔  
In this paper, X R⊂ 16 , because we embed each action as a 16- 
dimensional vector. Each of the 12 action buttons are embedded as  
0 or 1 and the x and y axes of both sticks are embedded in [−1, 1] by 
using the value of the corresponding discretized bin. The cost function 
is the standard L2.

To calculate the Wasserstein distance, we first sub-sample 10,000 
actions from the total set of 102,400 actions and use the emd2 func-
tion of the Python Optimal Transport library78 to calculate the value. 
We repeat this ten times and report means and one standard deviation.

As well as calculating the Wasserstein distance between the marginal 
distributions, we also perform more qualitative checks on the genera-
tions of the models. We check for both behavioural diversity, in which 
the player character exhibits a range of behaviours, such as how and 
where they navigate to, as well as visual diversity, such as the visual 
modifications to the character’s hoverboard. Our qualitative results 
show possible futures generated from the same starting frames by 
the 1.6B WHAM (Extended Data Fig. 5). The results show that WHAM 
can generate a wide range of human behaviours and character appear-
ances. Extended Data Fig. 4 also shows examples from 2-min-long gen-
erations by the 1.6B WHAM, demonstrating long-term consistency as 
well as diversity in the generated outcomes. The initial exploration 
of behavioural diversity presented here led to a deeper investigation 
on how to control for more desirable behaviour of similar models in 
post-training79.

Persistency. Our persistency metric captures how frequently WHAM 
retains user edits in its generated video frames, in which these edits are 
objects or characters that have been added to new locations in input 
frames. We study the effect of the number of input frames by evaluat-
ing the persistency of WHAM under a partially filled context window 
with only one or five input frames, and under a full context window of 
ten input frames.

To calculate persistency: (1) we prompt WHAM with input frames 
in which an object or characters has been manually inserted into the 
frames, and then we generate videos from WHAM; (2) we ask human 
annotators to categorize the extent to which objects or characters are 
persisted in the generated frames. Each of these two steps are detailed 
below.
Video generation. Overall, we generate 600 videos from WHAM under 
the following conditions:
•	 For Powercell and characters edits, we generate 480 total videos: 8 

sequences of input frames × 2 types of edit (Powercell and charac-
ters) × 3 input lengths (1, 5, 10) × 10 sampled videos.

•	 For the Vertical Jumppad edits, we generate 120 videos: 4 sequences 
of input frames × 1 type of edit (Vertical Jumppad) × 3 input lengths 
(1, 5, 10) × 10 sampled videos.

To select the sequences of input frames (visualized in Extended 
Data Fig. 7a), we sampled sequences of ten contiguous frames from a 
held-out testing set and only kept sequences that satisfied the following 
conditions. (1) The frames should reflect a variety of locations and char-
acters in the game. (2) They should depend minimally on world model-
ling capabilities outside persisting an added object or character. This 
means we picked frames with simpler dynamics, that is, with minimal 
camera movement, character movement and abilities, special effects 
and interactions with other characters. (3) Finally, the kept frames are 
not meant to be particularly adversarial or atypical, meaning that the 
main character should be visible, on the ground (that is, not in mid-air) 
and surrounded by an environment that has space for new objects or 
characters to be added (for example, the main character should not 
be directly facing a wall).

Next, two of the authors edited a Powercell (in-game object), charac-
ter (ally or opponent) and a Vertical Jumppad (in-game map element) 

into each of the selected input sequences (see Fig. 5 for examples of 
edits). They edited independently to account for some variability in 
how different users may approach the editing process. Their edits also 
aimed to place objects or characters in new but plausible locations in 
the input frames, for example, objects that are usually on the ground 
should not be placed in the sky.

Finally, we took all of the edited input sequences and created a 
1-length, 5-length and 10-length version of each. The 1-length version 
includes only the last (that is, latest time step) frame, the 5-length 
version includes only the last five frames and the 10-length version 
includes all frames. Thus, across the different input lengths, the last 
frame received by WHAM would be the same edited image and all gen-
erated videos would start from the same point. For each edited and 
length-adjusted sequence of input frames, we generated ten videos 
from WHAM to obtain some coverage over the stochastic behaviour of 
the model. WHAM only needed to generate the frames of these videos, 
whereas actions were given as no-ops. We chose no-ops to minimize 
the need for world modelling capabilities beyond persistency and to 
minimize movements that would put the edited element out of the 
frame (for example, we discouraged the main character from turning 
away from the edited element, which would make it harder to judge the 
disappearance of the element as a lack of persistency or as a natural 
transition).
Human annotation. The 600 generated videos were annotated by 
seven of the authors. These annotators were separate from the authors 
who edited the input frames and from the authors who generated vid-
eos from WHAM. They were blinded to whether videos came from the 
1-length, 5-length or 10-length conditions. For each generated video, 
the annotators saw the last input frame (common to all input length 
conditions), the object or character that had been edited into the frame 
and the frames of the video. They independently judged which category 
a video fell into:
•	 Persisted: the edited object or character is recognizable for the first 

ten video frames (1 s).
•	 Persisted until out of frame (for edited characters only): the edited 

character is recognizable and moves out of the frame/view in a plau-
sible way (for example, running out of view) within the first ten video 
frames.

•	 Unusable: the video is visually distorted or showing implausible con-
tinuations within the first ten video frames.

•	 Did not persist: the video does not fall into any of the above categories.

See Fig. 5 for examples of videos annotated as ‘Persisted’ and 
Extended Data Fig. 6 for the remaining categories.

Half (300) of the generated videos were assigned to two random and 
distinct annotators so that we can evaluate agreement between anno-
tators: there was a 90% agreement between annotators (270/300). Of 
the 30 disagreements, 26 occurred for the edited character condition, 
with many arising from noisy labelling owing to the character leaving 
the frame. For each pair of annotations of the same video, we selected 
the stricter annotation (that is, ‘Unusable’ over ‘Did not persist’ over 
‘Persisted until out of frame’ over ‘Persisted’) such that we have one 
annotation per video for the analyses below. We note that, out of the 600 
de-duplicated annotations, only seven selected the ‘Unusable’ category.
Analysis. We measure persistency by the percentage of generated 
videos falling into the ‘Persisted’ or ‘Persisted until out of frame’ cat-
egories, as opposed to the ‘Unusable’ or ‘Did not persist’ categories. In 
Table 1, we focus on differences in persistency across the 1 and 5 input 
lengths, for which the persistency for each input length aggregates 
across variations in the input sequences (that is, different locations and 
main characters) and is separated for the different types of edit (‘Pow-
ercell’, ‘character’ and ‘Vertical Jumppad’). In Extended Data Fig. 7b, we 
also compare with the persistency of the 10 input length condition.

For each of the three types of edit, persistency increases substantially 
from 1 to 5 input lengths but not from 5 to 10 input lengths. Significance 
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is computed with six one-sided binomial tests at an overall significance 
level of 0.05, for which each individual test uses a Bonferroni-corrected 
significance level of 0.008. The six tests compare 1 with 5 input lengths 
for each of the three edits and 5 with 10 input lengths for each of the 
three edits.

In Extended Data Fig. 7b, we also show how persistency changes 
across the different input sequences (each with a different location 
and character) and types of edit (Powercell, character or Vertical Jump-
pad). Notably, the rate of persistency was much lower for some starting 
locations (of the input sequences). In Extended Data Fig. 7c, we share 
three examples to illustrate that lower rates of persistency are probably 
because of the small size of an edit, lack of contrast with the background 
or unusual location of an edit.

Inclusion and ethics statement
The gaming industry is heavily centred in the Global North and is domi-
nated by able-bodied men. We made concerted efforts to recruit teams 
led by those from other perspectives for the user study. We were suc-
cessful in including a game studio from the Global South as well as 
people with disabilities. Data used in training the model were collected 
from players globally. The user study received ethics approval from 
the Microsoft Ethics Review Program. All participants have consented 
to participation in the user study and use of their anonymized data 
in research publications. Data used for training the model were cov-
ered by an end-user license agreement to which players agreed when 
logging in to play the game for the first time. Our use of the recorded 
human gameplay data for this specific research was governed by a 
data-sharing agreement with the game studio. To minimize the risk 
to human subjects, player data were anonymized and any personally 
identifiable information was removed when extracting the data used 
for this article. We have complied with all relevant ethical regulations.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
The full dataset used for training the model reported in this paper is 
owned by Ninja Theory and licensed to us for research purposes only. 
An impact assessment raised several concerns about sharing the data 
publicly of a game that is still commercially available and may have 
active players represented. However, we can provide a sample dataset 
to enable (re)running the evaluation or seeding the model with game 
scenes to explore ideation and other creative uses. This comprises the 
1,024 trajectories of our Skygarden test dataset. This dataset contains 
anonymized rendered gameplay sequences of 100 steps (image, con-
troller action pairs). Access to the data is provided under the same terms 
as to the code, as detailed in the ‘Code availability’ section. Source data 
are provided with this paper.

Code availability
We provide model weights, sample data and the WHAM Demonstrator 
to support interpreting, validating and extending our results. We will 
provide public access to the following code (under a Microsoft Research 
license) and related artefacts on publication of this manuscript: com-
piled executable for the WHAM Demonstrator, allowing readers to 
explore creative uses and ideation workflows enabled by the WHAM 
model; WHAM weights for two WHAM instances: the 1.6B-parameter 
model trained for 200k updates and a smaller 200M WHAM instance that 
supports faster iterations; a sample of 1,024 test trajectories as detailed 

above. Model weights and software will be made publicly available on 
publication of this paper at https://huggingface.co/microsoft/wham.
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Extended Data Fig. 1 | Interview study details. a, Images taken from the design 
probe used in the semistructured interviews with creative teams. Participants 
could use natural language to generate a scene (top left), visually tweak the 
behaviour of non-player characters (also known as NPCs) and the environment 

by drawing directly onto the frame (top right), use image or video references to 
influence scene generation and choose from several generations. b, Summary 
of themes identified in the interview study. The focus of reporting of this article 
is on the themes in category 2.
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Extended Data Fig. 2 | Model sizes. a, Effect of model size and training compute 
(FLOPS) on the cross-entropy training loss (lower is better). Highlighted in 
green are models on the ‘efficient frontier’—models that minimize training loss 
for a given compute budget. Note that larger model sizes become efficient at 

larger compute budgets. b, FVD for a range of model sizes each at various 
numbers of updates, plotted in terms of the training loss. Note that a lower loss 
usually leads to a lower FVD. c, Transformer configurations.



Extended Data Fig. 3 | Human-perceived consistency. Detailed analysis of 
human-perceived consistency for three generated sequences (300 generated 
frames) across three checkpoints of the 894M WHAM. Increasing training 

updates and lower FVD scores are typically associated with improved human- 
perceived consistency.
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Extended Data Fig. 4 | Consistency and diversity in a 2-min-long generated 
sequence. Set of 16 examples (one example per row, showing keyframes at 
specific time steps) of 2-min-long gameplay sequences, generated using the 

1.6B WHAM and starting from the same initial sequence, shown at the top (a). 
Generations remain consistent throughout and the examples show the diversity 
of generated sequences (b).



Extended Data Fig. 5 | Examples of behavioural and visual diversity. All 
sequences are generated using the 1.6B WHAM conditioned on ten real frames. 
a, Even-numbered frames. b, Five examples of behavioural diversity: camera 

movement, loitering near the spawn location and different paths navigating to 
the middle Jumppad. c, Five examples of visual diversity in the player’s hoverboard.
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Extended Data Fig. 6 | Successful and unsuccessful persistency examples. 
a, Examples of inserted characters persisting until they are out of frame (annotated 
as ‘Persisted until out of frame’). b, Examples of modifications not persisting 

(annotated as ‘Did not persist’). c, Examples of unusable generations. Every 
other frame is shown (annotated as ‘Unusable’).
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Extended Data Fig. 7 | See next page for caption.
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Extended Data Fig. 7 | Detailed persistency results by item type and starting 
location. a, Starting locations 1–8, numbered from left to right and top to 
bottom and showing the last frame for each of the eight input sequences before 
they are edited. b, Detailed persistency results. Each stacked bar visualizes the 
percentage of generated videos that were annotated as ‘Persisted’, ‘Persisted 
until out of frame’, ‘Did not persist’ or ‘Unusable’. On the left, we group the bars 
by the input/context length and the edited element. On the right, we also group 
by the eight (four for Vertical Jumppad) starting locations. Note that modifications 
in some starting locations persist less than in others. c, Examples of the more 
challenging start locations. We believe that this is caused by the quality and 

prominence of a modification. Location 2: example of a Vertical Jumppad edit 
that is not as persistent as in the other locations. The lower persistency is 
probably because of how the edit appears in an unusual place on the map and is 
substantially smaller than it would be in the actual game. Location 3: example 
of a Powercell edit that is not as persistent as in other starting locations. The 
inserted Powercell tends to disappear or turn into another object/character, 
which may be because of its small size. Location 5: example of a character edit 
that is not as persistent as in the other locations. The edited-in character easily 
disappears, probably because it is not particularly prominent or contrasting 
with the background.
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