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Abstract

We present NiceWebRL, a research tool that enables researchers to use machine1

reinforcement learning (RL) environments for online human subject experiments.2

NiceWebRL is a Python library that allows any Jax-based environment to be3

transformed into an online interface, supporting both single-agent and multi-agent4

environments. As such, NiceWebRL enables AI researchers to compare their5

algorithms to human performance, cognitive scientists to test ML algorithms as6

theories for human cognition, and multi-agent researchers to develop algorithms7

for human-AI collaboration. We showcase NiceWebRL with 3 case studies that8

demonstrate its potential to help develop Human-like AI, Human-compatible AI,9

and Human-assistive AI. In the first case study (Human-like AI), NiceWebRL10

enables the development of a novel RL model of cognition. Here, NiceWebRL11

facilitates testing this model against human participants in both a grid world and12

Craftax, a 2D Minecraft domain. In our second case study (Human-compatible AI),13

NiceWebRL enables the development of a novel multi-agent RL algorithm that14

can generalize to human partners in the Overcooked domain. Finally, in our third15

case study (Human-assistive AI), we show how NiceWebRL can allow researchers16

to study how an LLM can assist humans on complex tasks in XLand-Minigrid,17

an environment with millions of hierarchical tasks. The library is available at18

https://anonymous.4open.science/r/nicewebrl-28BF.19

1 Introduction20

The last 20 years have seen a whirlwind of progress in Machine Learning (ML). Reinforcement21

Learning (RL) agents have achieved superhuman performance on complex games such as Go [55];22

computer vision systems can now process complex scenes [64, 36, 49]; and large language models23

(LLMs) increasingly act as our coding assistants and thought partners [2, 9].24

This progress motivates many researchers to study modern Artificial Intelligence (AI) agents in the25

context of human behavior. Some ML researchers aim to improve AI systems by comparing them to26

humans, since humans can still provide an upper bound on the performance our systems can hope27

to achieve [45, 56]. For example, Minecraft [25, 27] remains a challenging exploration problem for28

machines but a fun exploration adventure for people [31, 19]. In cognitive science, there is increased29

interest in asking whether these machines are human-like [39, 63, 12]. Even if they are not, cognitive30

scientists are interested in using them as the basis for building human-like machines [39, 14]. In31

multi-agent RL, many researchers are interested in whether these agents can act as adaptive partners32

to humans across the wide range of social settings they might be deployed in [11, 50]. This is33

increasingly relevant with LLMs, as they possess superhuman knowledge and are improving in their34

“reasoning” abilities [23]. A natural question is how well they can combine their prior knowledge35

with environment perception to assist us in completing complex tasks. Collectively, these advances36

could have a wide impact—ranging from robotics [58] to education [32] to healthcare [54]. Clearly,37

many are interested in building human-like, human-compatible, and human-assistive AI.38
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Figure 1: NiceWebRL is a meta-environment that enables the use of Jax-based environments to
develop Human-like, Human-compatible, and Human-assistive AI. (A) Researchers can compare
how humans and AI complete tasks to evaluate if AI behaves in human-like ways. (B) They can
study how AI coordinates with humans during task completion to assess if the AI has learned
human-compatible social behaviors. (C) They can also integrate Large Language Models into their
experiments to evaluate how effectively they combine prior knowledge with environmental perception
to assist participants. Importantly, NiceWebRL enables findings to generalize across potentially more
complex domains.

Despite this interest in human-centered AI development, pursuing research that integrates human39

subject experiments with modern ML libraries is currently a cumbersome process. To run experiments40

with many participants, researchers leverage the internet to get large sample sizes [24]. Thus, most41

infrastructure is written in the web’s programming language: JavaScript [20, 30, 24, 16]. Machine42

learning code, on the other hand, relies heavily on Python for model development [1, 47, 8] and43

variants of C for developing fast environments for simulation [37, 60]. Leveraging ML models or44

environments for human subject experiments currently requires setting up domain-specific server-45

client configurations that integrate Javascript, Python, and sometimes C. Doing this for each domain46

makes the process even more cumbersome.47

To address this challenge, we present NiceWebRL: a research tool that lets researchers leverage ML48

environments for human subject experiments (see Figure 1). Integrating Python with JavaScript49

requires maintaining a connection between a remote Python-based server and a local Javascript-based50

client. This distance can cause latency issues when running online experiments. To circumvent51

this challenge, NiceWebRL exploits Jax [8]—a high-performance numerical computing library—to52

precompute and cache environment dynamics for arbitrary Jax-based environments. NiceWebRL then53

acts as a meta-environment for researchers to use arbitrary Jax-based environments in their human54

subject experiments. Critically, NiceWebRL allows researchers to program experiments entirely in55

Python by integrating with NiceGUI1—a library that enables web developers to specify advanced56

Graphical User Interface (GUI) components entirely in Python.57

Our contributions are as follows. (1) We present NiceWebRL, a research tool that enables the use58

of Jax-based virtual environments for both developing artificial agents and for running human subject59

experiments (§4). (2) We present 3 case studies that demonstrate how NiceWebRL can support60

the development of Human-like AI (§5.1), Human-compatible AI (§5.2), and Human-assistive61

AI (§5.3). (3) Our codebase, https://anonymous.4open.science/r/nicewebrl-28BF, comes62

with several functional example folders using NiceWebRL across these 3 scenarios.63

1https://github.com/zauberzeug/nicegui/
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2 Related Work64

NiceWebRL is a meta-environment for leveraging Jax-based virtual environments in online human65

subject experiments. It facilitates the development of Human-like AI, Human-compatible AI, and66

Human-assistive AI. There is a rich literature on these topics. Researchers have created desiderata67

for measuring how “Human-like” AI agents are [63, 63]; they have developed benchmarks that test68

for “human-like” abilities [65, 52]; and books [50] and articles [15] have been written about how to69

enable human-compatible AI. There is a rich literature on how general AIs can assist humans [26, 53]70

and a growing literature on how LLMs can assist humans on tasks [42, 61]. Our focus is on enabling71

researchers to run human subject experiments with modern ML models and environments. Below we72

review the most relevant literature.73

Running human subject experiments. JavaScript is the only programming language that can be74

run on modern web browsers. As a consequence, most tools for human subject experiments target75

JavaScript-based development. For example, Labvanced [20], lab.js [30], and Psiturk [24] all provide76

GUI interfaces for designing JavaScript-based web experiments. While there are Python-based tools77

for developing human subject experiments like Psychopy [48], they only permit local experiments78

and an accompanying JavaScript library must be used for writing web experiments. JsPsych [16] is a79

JavaScript library that facilitates programmatic definitions of experiments like NiceWebRL. While80

each are useful, none provide utility for leveraging modern ML models and environments (written in81

Python) for online human subject experiments. This is precisely the gap that NiceWebRL aims to fill.82

Comparing natural intelligence and artificial intelligence in virtual environments. Many of83

the efforts that compare natural and artificial intelligence rely on the Unity game engine, which84

allows for the development of 3D environments with realistic physics and sensory observations [60].85

Cobel-RL developed a 3D environment for studying neuroscience questions around spatial navigation86

with Deep learning based RL models (i.e. Deep RL models) [18]. The Animal-AI environment was87

developed to study whether Deep RL models displayed cognitive abilities associated with animals [5].88

Most similar to NiceWebRL is PsychLab which explicitly aims to compare Humans to Deep RL89

models across several classic experimental paradigms like visual search, multiple object tracking,90

and random dot motion discrimination [40]. However, the following challenges its adoption. (1)91

Its API is in Lua, which limits accessibility, whereas NiceWebRL is purely in Python, (2) it lacks92

precise response time measurements which NiceWebRL provides, (3) its reliance on Unity makes it93

challenging to run online experiments. While NiceWebRL relies on Python, it is able to run online94

but maintain fast environment performance thanks to its reliance on Jax.95

3 Background96
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Figure 2: Examples of Jax-based environments
in the Jax ecosystem. All of these can be lever-
aged with NiceWebRL to develop Human-like,
Human-compatible, or Human-assistive AI.

The Jax ecosystem. Jax [8] is a Python library97

for high-performance numerical computing and98

machine learning with NumPy-like syntax. It99

follows a functional programming paradigm100

where functions are stateless, only defining input101

transformations. It achieves fast computation102

through JIT compilation and includes tools for103

tracking random number generators, enhancing104

reproducibility. Most relevant to NiceWebRL,105

there is a growing set of environments including106

XLand-Minigrid, which has millions of hierar-107

chical tasks for studying long-horizon general-108

ization [46]; JaxMARL, which has multi-agent109

environments for studying coordination [51];110

Pgx, which has planning environments for study-111

ing reasoning [38]; Craftax, a large procedurally-112

generated open-world environment that enables113

studying exploration and generalization [43];114

Kinetix, a procedurally-generated physics-based115

environment for studying physical reasoning [44]; and JaxGCRL, a goal-conditioned robotics environ-116

ment for studying 3D manipulation tasks [7]. NiceWebRL can be used with all of these environments.117
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Figure 3: Examples of advanced GUI capabili-
ties provided by NiceGUI that can be leveraged
with NiceWebRL. Researchers can create (A) slid-
ers for reporting numerical scores (B) radio buttons
for selecting choices. (C) Beyond recording key
strokes, researchers can record actions as (x, y)-
coordinate selections on images or (D) leverage
familiar plotting tools such as matplotlib for pre-
senting graphs to participants.

Python-based web development requires main-118

taining a Python-based web server that commu-119

nicates with clients that operate in JavaScript.120

We build on NiceGUI which comes with tools121

for handling many concurrent client connections122

asynchronously. When sending large data pack-123

ets between a client and a server, web socket124

connections are needed for real-time communi-125

cation. NiceGUI’s web socket implementation126

facilitates setting up persistent connections by127

having web sockets automatically reopen when128

connections close unexpectedly. This is key129

to having seamless human experiments with130

Python-based environment backends. Finally,131

and equally important for online experiments,132

NiceGUI enables researchers to use Python to133

build responsive GUI components without any134

JavaScript knowledge. We provide examples of135

GUI components provided by NiceGUI in Fig-136

ure 3. All of these can be used with NiceWebRL.137

4 NiceWebRL138

NiceWebRL is a Python library that leverages Jax and NiceGUI to create online interfaces for139
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Figure 4: How NiceWebRL leverages Jax to enable a single
server to interact with multiple users. Jax’s functional paradigm
prohibits inter-user state interference since each user has isolated
environment states. Jax enables fast parallel computation of future
states. Caching these states client side reduces latency.

human interaction with Jax-140

based virtual environments. The141

fundamental structural unit in142

NiceWebRL is the stage ob-143

ject, which represents distinct144

phases of a web experiment.145

Stages can display information,146

collect feedback via forms, or147

enable environment interaction.148

Researchers define experiments149

by sequencing different stage150

types. There are three main stage151

types: instruction stages, feed-152

back stages, and environment in-153

teraction stages. For example, a154

researcher could have an instruc-155

tion stage, followed by training156

and evaluation environment in-157

teraction stages. We describe our158

setup more formally in §A and159

provide more details on and ex-160

amples of stage types in §B.161

Interacting with arbitrary en-162

vironments on a remote server.163

The key innovation of NiceWe-164

bRL is the EnvStage object,165

which takes a Jax-based environ-166

ment as input and allows partic-167

ipants to interact with the environment until some criteria is met (e.g. a minimum number of168

successful episodes). To obtain different environment behaviors across different parts of an experi-169

ment, EnvStage objects take in “environment parameters” (e.g. a fixed task distribution or friction170

coefficient) to define different dynamics based on a user’s experiment stage. EnvStage leverages171

a functional paradigm to decouple (1) the function that defines how the environment will reset and172

evolve from (2) information about the participant’s state and from the environment parameters. This173
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design allows a single compiled environment to be used across different experiment stages by different174

participants with their own independent environment state. We present an overview in Figure 4.175

Reducing latency when presenting observations generated by a remote server. NiceWebRL pre-176

computes potential next states to reduce latency. When a stage initializes interaction with a participant177

(t = 0), the server computes the initial state s0 and observation o0, then immediately computes178

all possible next states {s1} and observations {o1} for each potential action a. Both the initial179

observation and all potential next observations are sent to the client before any user interaction occurs.180

When the observation renders, time t1 is recorded. When the participant selects an action a0, time t2181

is recorded. The client immediately renders the corresponding precomputed observation o1 and sends182

(a0, t1, t2) to the server. The server then selects the appropriate state from its cache, computes the183

next set of potential states and observations for all possible actions, and sends these to the client for184

the next interaction. This parallel computation of all potential next states and observations, enabled185

by JAX, reduces network latency and helps provide immediate visual feedback to participants. We186

summarize this server-client Human-environment interaction protocol in Algorithm 8.187

Data management and persistence. Having a persistent participant state across page reloads or188

web socket connection issues is key to a fluid experiment. We maintain this in two ways. First, we189

leverage NiceGUI to track unique identifier information held in browser session cookies. To track a190

participant’s experiment progress, we exploit Jax’s functional paradigm to track a user’s environment191

state and current random number generator. We serialize these objects and store them for every192

environment-interaction in a SQL database. Whenever a connection is reset, we identify a user and193

reload their information for fluid re-engagement with the experiment.194

Reducing latency when serving multiple clients. When serving multiple clients, performing I/O195

operations for persistence can be resource intensive and block other operations. To mitigate this, we196

save data asynchronously with a queue-based strategy that leverages stochastic exponential backoffs197

whenever a save fails. Resaving at exponentially increasing time-periods (with some noise) helps198

prevent collisions if multiple participants try to save concurrently. This is important for having a199

responsive UI when the server experiences many parallel participants.200

Human-AI coordination. When a human coordinates with an artificial agent, we can have the201

agent be a part of the environment. When the environment steps, it not only computes the state202

and observation, it also computes the action that the artificial agents would compute for that state203

and uses that to predict all possible next states for the participant. Thanks to Jax, environments204

and learning-based agents can be compiled into one function, reducing latency from this extra205

computation.206

AI-assisted task completion. This is a single-agent setting where an LLM has access to either the207

environment state st or environment observation ot. Two options for leveraging LLMs exist. One208

option is to interact with the LLM via API calls. A second option is to use a local LLM. We provide209

examples of each in our examples folder.210

5 Case studies211

We present three case studies that display how NiceWebRL can help in the development of human-like212

AI, human-compatible, and human-assistive AI. In §5.1 and §5.2, we’ll highlight how NiceWe-213

bRL contributed to new insights that span AI and cognitive science research on human-like and214

human-compatible AI models. We will first describe the experimental results of prior work and then215

discuss how this is made possible by NiceWebRL. In §5.3, we will present a proof-of-concept for216

how NiceWebRL can support research on LLM-based human-assistive AI.217

5.1 Case study 1: Developing Human-like AI with NiceWebRL218

Developing a novel Deep RL cognitive science model with NiceWebRL [14]. A central question219

in cognitive science is how people represent the environment to enable generalization to new tasks.220

Successor features (SFs) are a mechanism for how an agent can cache expectations of what it will221

see when pursuing a policy [3]. Recent ML research has shown that SFs enable agents to repurpose222

policies for new tasks [4, 13]. Later, cognitive scientists showed that SFs also explained how people223

reuse prior policies for new tasks [57]. However, the behavioral work was done in a small grid-world224

with 13 states. Carvalho et al. [14] studied whether SFs could explain how humans reuse behaviors225

for new tasks in 2 more complex domains: a maze gridworld (Figure 5 A) and Craftax [43], a 2D226

minecraft domain (Figure 5 D). Across both domains, they set up training tasks where a test object227

5



Humans & Multitask 
Preplay overlap

Eval task

Train tasks

(B)(A) (C)

(D) (E) (F)

Figure 5: Case study 1: NiceWebRL enabled the development of a novel Deep RL cognitive
model that generalizes to new tasks with the same qualitative behaviors as Humans across
multiple domains. (A, D): a gridworld and 2D minecraft environment that both Human participants
and Deep RL models learned in. (B, F): behavioral results studying the same phenomena across
the two domains. NiceWebRL enabled developing a Deep RL cognitive model that could both (1)
generalize to novel test goals in ways not permitted by previous methods, while (2) doing so with a
similar suboptimal path reuse strategy that humans tend to exhibit. Figures reproduced from [14].

was visible from along the optimal training paths (e.g. top-right corner of Figure 5 A). SFs could not228

generalize here. People could; however, when people reused a training path to a novel goal, their229

response times suggested that they were using a caching-based solution rather than something more230

flexible—but expensive—like planning at decision-time (Figure 5 B-C). They developed an algorithm231

termed Multitask Preplay which preemptively learns solutions for unpursued tasks nearby training232

tasks by augmenting experience replay with small amounts of counterfactual simulation. They found233

this algorithm both better accounted for the response times people exhibited and better predicted234

how they would reuse prior behaviors. These results generalized to Craftax, where participants and235

models had to navigate from partial observations of a large world with many objects (Figure 5 E-F).236

Role of NiceWebRL. First, NiceWebRL enabled comparing human behavior to advanced Deep RL237

algorithms including Successor Features. Second, NiceWebRL enabled using the same infrastructure238

to study both Deep RL algorithms and human behavior in two domains of increasing complexity:239

a gridworld and Craftax. This helped to ensure that findings were generalizable. Finally, NiceWe-240

bRL enabled the measurement of response times. This helped to adjudicate between theories that241

predict more or less computation at decision-time.242

5.2 Case study 2: Developing Human-compatible AI with NiceWebRL243

Developing a novel Multi-agent reinforcement learning (MARL) algorithm for coordinating244

with humans using NiceWebRL [33]. One central question in MARL is how we can develop MARL245

agents that can generalize to human partners without human training data. One current benchmark246

for human-compatible AI is the Overcooked domain [11] where agents must coordinate on basic247

cooking tasks. The state-of-the art algorithm is “Efficient End-to-End Training” [E3T; 62], a “Self248

Play” algorithm that plays with—and tries to predict the actions of—a noisy variant of itself. Jha249

et al. [33] developed a novel algorithm, Cross-Environment Cooperation (CEC), where an agent plays250

only against itself but across millions of different procedurally-generated environments (Figure 6 A).251

They found that while E3T [62] was able to “succeed” on more episodes when collaborating with252

humans (Figure 6 B), humans gave that agent a lower rating than CEC (Figure 6 C). The authors asked253

participants questions about their subjective experience using a Likert scale [41] and found that CEC254

was rated as more “adaptive” and “human-like”—despite succeeding less than E3T. When the authors255

analyzed game trajectories, they found CEC would collide less with humans across environments.256
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(A) Procedurally generated overcooked environment created in Jax (B) Human collaboration results:

Figure 6: Case study 2: NiceWebRL enabled the development of a novel MARL algorithm that
is more compatible with novel human partners. (A) A procedurally-generated environment used
to design a novel MARL algorithm: Cross-Environment Cooperation (CEC). Prior work had agents
learn with diverse sets of agents. CEC has a single agent play itself across millions of procedurally-
generated environments. (B) While CEC succeeded less than other methods when collaborating with
humans (top), it succeeded in ways that were most favorable to humans (bottom). Analysis suggested
showed prior agents succeeded in less collaborative ways. Figures reproduced from [33].

Role of NiceWebRL. First, NiceWebRL enabled comparing multiple MARL algorithms in their257

ability to generalize to human partners. Second, NiceWebRL enabled the researchers to collect258

feedback from participants after every environment interaction stage using the “Feedback” stage259

object available in NiceWebRL coupled with NiceGUI’s data collection GUI elements. This provided260

an easy way to get feedback from participants while agent-interaction data was fresh in their memories.261

Third, NiceWebRL stores all environment interactions so participant episodes could be analyzed262

post-hoc. This enabled the researchers to analyze trajectories by participants and agents to determine263

what qualitative behaviors (such as colliding) were different between the different MARL algorithms.264

5.3 Case study 3: Developing Human-assistive AI with NiceWebRL265
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Figure 7: Case study 3: Proof-of-concept experiment showing that NiceWebRL enables com-
paring how different LLMs can assist people in completing tasks. We had Claude 3 Opus, GPT
3.5 Turbo, or Gemini 2.0 Flash act as assistants for people completing tasks in the XLand-Minigrid
domain [46]. Each plot is showing the mean and standard error for 10 subjects per model.

Developing an LLM-assistant for sequential-decision making tasks in a virtual environment.266

We created a simple proof-of-concept experiment where people had to interact with tasks from267

the Xland-Minigrid domain [46]. To require assistance, they were given no task information but268

could ask an (anonymous) LLM assistant for help. At the beginning of the experiment, users were269

randomly assigned either Claude 3 Opus, GPT 3.5 Turbo, or Gemini 2.0 Flash. We set up our270

server so that it would interact with the LLMs via API calls2. Importantly, the LLM assistants271

were given text descriptions of the ground truth environment state including information on: (1) the272

goal of the episode (2) the locations and identities of all objects in the environment (3) the rules of273

the environment (e.g. how objects interact when combined). In principle, this can enable them to274

help users figure out the goal to maximize task reward. In this proof-of-concept, each participant275

completed 3 episodes, where a new task was sampled per episode. After all 3 episodes, participants276

2we provide an example of how to set up a web experiment with a local LLM in our examples folder
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answered two questions on a 5-point scale, “How helpful was the AI?” and “How human-like was the277

AI?”. We collect data from 30 participants via CloudResearch. We describe details around recruiting278

participants in §D. We show results in Figure 7. For this proof-of-concept, we used older models279

with cheap API calls. We don’t expect that these results are representative of what is possible with280

frontier models.281

Role of NiceWebRL. NiceWebRL enabled using an existing ML domain to develop an experiment282

that studied how an LLM could assist people on long-horizon tasks. Additionally, the Feedback Stage283

object in NiceWebRL enabled collecting feedback from participants about the LLMs at the end of the284

experiment. This could also be done after every episode or during episodes.285

6 Discussion and conclusion286

We have presented NiceWebRL, a library for writing human subject experiments that leverage287

machine learning models and environments. Importantly, by integrating with NiceGUI, experiments288

with sophisticated GUI components can be written entirely in Python. NiceWebRL exploits Jax’s289

compilation features and functional programming paradigm to reduce latency and enable multiple290

clients to interact with a single backend server. We demonstrated the utility of NiceWebRL with291

three case studies spanning both single-agent and multi-agent settings across 4 domains: a custom292

gridworld, Craftax [43], Overcooked [51], and Xland-Minigrid [46]. In the first case study, we293

showed that NiceWebRL could be used to measure human task performance and response times294

when developing a cognitive science model that could predict human behavior across two domains.295

In the second case study, we showed that NiceWebRL could be used to compare different MARL296

algorithms in their ability to generalize to humans without human training data. Here, we showed that297

NiceWebRL’s stage objects facilitated qualitative and quantitative analysis studying why different298

algorithms were rated to be better collaborators by human participants. In our final case study, we299

showed that one could also use NiceWebRL to run experiments that measure how well LLMs can300

assist people on sequential decision-making tasks under asymmetric information constraints.301

Limitations. While we’ve demonstrated NiceWebRL’s utility for human subject experiments, many302

improvement avenues remain. We don’t currently leverage Jax-based environment’s ability to allow303

gradients to pass through their computational graph. Unsupervised environment design [17] can304

exploit this to automatically generate environments with different properties. Like vision researchers305

use gradient descent to generate stimuli for humans [21] and monkeys [59], NiceWebRL may be306

able to automatically generate environments for different target experimental conditions. Another307

limitation is that NiceWebRL currently only supports multi-agent domains with 2 agents. Future308

work can look to design an n-dimensional generalizations of the EnvStageobject. Finally, while we309

precompute all next states to reduce latency, this may become prohibitive for large or continuous310

action spaces. Future work can integrate policy learning within the environment to select likely311

human actions for precomputing next states. Jax enables this policy to be incorporated into the312

environment’s computational graph, which minimizes its computational cost.313

NiceWebRL’s reliance on Jax allows for a rich set of tools to improve future experiments. Jax has314

a growing ecosystem of libraries spanning probabilistic programming [6], Bayesian inference [10],315

LLM development [22], and general neural network development [29, 35]. This enables researchers316

from various disciplines to leverage NiceWebRL for human subject experiments regardless of their317

preferred modeling approach. Thus, we are optimistic that NiceWebRL can serve as a useful tool for318

future research developing Human-like, Human-compatible, and Human-assistive AI.319
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