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Abstract

Large language models (LLMs) are becom-
ing central to natural language processing ed-
ucation, yet materials showing their mechan-
ics are sparse. We present ANIMATEDLLM,
an interactive web application that provides
step-by-step visualizations of a Transformer
language model. ANIMATEDLLM runs en-
tirely in the browser, using pre-computed
traces of open LLMs applied on manually cu-
rated inputs. The application is available at
https://animatedllm.github.io, both as a
teaching aid and for self-educational purposes.1

1 Introduction

Natural language processing (NLP) researchers and
teachers often need to explain the inner workings
of large language models (LLMs) to non-experts.
However, describing certain concepts – for exam-
ple, how the words are tokenized or how the model
consumes its own output to generate coherent text –
is difficult without visual aids.

Existing visualization tools fall into two cate-
gories: static educational materials, which are use-
ful for self-study but lack interactivity (Alammar,
2018, 2019; 3Blue1Brown, 2024), or tools for un-
derstanding the details of the Transformer archi-
tecture, which are directed towards technical audi-
ences (Bycroft, 2023; Cho et al., 2025; Brasoveanu
et al., 2024).

To bridge the gap between the existing tools,
we present ANIMATEDLLM: a client-side web ap-
plication designed for explaining the mechanics
of LLMs to non-technical audiences. The goal of
ANIMATEDLLM is to provide the right level of ab-
straction between the two extremes – the complex
matrix operations driving the Transformer archi-
tecture on the one hand, and the clean but opaque
interface of AI assistants on the other. Our learning

1The source code is available under the MIT license at
https://github.com/kasnerz/animated-llm.

Figure 1: Detailed visualization explaining how the
Transformer model is pre-trained on data. Individual
components show how the tokens get processed through-
out the model.

objective is demystifying the LLM architecture and
providing a high-level understanding of their inner
workings: tokenization, embeddings, attention, au-
toregressive generation and next-word prediction
training.

2 AnimatedLLM

ANIMATEDLLM is a static React2 web application
that can be hosted on any standard web server.

Data Our goal is to show the inner workings
of LLMs using realistic, pedagogically interest-

2https://react.dev
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Figure 2: Simplified text generation visualization show-
ing the autoregressive decoding process with probability
distributions over candidate tokens.

ing examples. To that end, we pre-computed
model traces, i.e., full model outputs for prese-
lected prompts, including tokenization and output
probability distributions, on a series of manually-
selected prompts. The traces are serialized into
JSON files so that the web application can run
entirely in the client’s browser. We also provide
Python scripts for computing traces with custom
models and prompts.

Models We precomputed traces for multiple mod-
els from Huggingface Transformers.3 We selected
the models to cover a variety of providers, model
sizes, and pre-training objectives, which results
in varied outputs: Olmo 3 (Allen Institute for AI,
2025), Aya Expanse (Dang et al., 2024), Llama
3.2 (Dubey et al., 2024), Qwen 3 (Yang et al., 2025),
and GPT-2 (Radford et al., 2019).

Views ANIMATEDLLM currently supports four
views, each designed for a specific learning objec-
tive:

1. Text generation – simple view (see Figure 2)
helps to explain how the next token is selected
by demonstrating the principles of autoregres-
sive decoding.

2. Text generation – detailed view (see Fig-
ure 5) shows how the Transformer gradually
transforms the input embeddings into the out-
put probabilistic distribution.

3. Pre-training – simple view (see Figure 4)
helps to explain the training objective: how

3https://huggingface.com/models

the model’s prediction is compared against the
target token.

4. Pre-training – detailed view (see Figure 1)
relates the Transformer architecture to the
training process and helping to understand
the principles of backpropagation.

Each animation is accompanied by explanatory la-
bels and tooltips. The tool is designed easily ex-
tensible by re-using React components and pre-
computed traces. In the future, we plan to im-
plement more views (showing, e.g., post-training
approaches or BPE tokenizer training).

User Interface The web interface follows basic
design principles, with the aim of being clean but
user-friendly (Krug, 2014; Williams, 2015). In
each view, the user selects an input and starts the
animation showing a specific LLM aspect. The user
can play, pause, and step through the animation.
Keyboard shortcuts enable advanced control (e.g.,
arrows to step, N to skip to processing the next
token, G to jump to the end of the process). The
application can be viewed both on desktop and
mobile devices.

Languages ANIMATEDLLM is built with multi-
linguality in mind. The interface is localized into
multiple languages, and we provide inputs (along
with the associated traces) localized for the lan-
guage of the interface. Internationalization makes
the app more accessible for non-English speakers
and opens the possibility to show differences be-
tween processing individual languages, for exam-
ple with respect to tokenization (Petrov et al., 2023).
Our application currently supports English, Czech,
French, Ukrainian, and Chinese. We are open to
community contributions towards translations and
prompts for new languages.

3 Applications

ANIMATEDLLM primarily targets non-expert au-
dience that seeks to learn the technical working
of LLMs. For example, teachers of high-school
computer science or university-level NLP courses
can use the tool to provide students with hands-on
experience in understanding model behavior. The
tool is also available online, so anyone interested
in understanding how language models work can
explore the visualizations at their own discretion.

We tested preliminary versions of ANIMAT-
EDLLM at outreach events aimed at high school
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students with diverse technical backgrounds, in-
cluding the faculty Open Day4 and Czech AI
Days.5 The feedback on the app was generally
positive and helped us to ground the discussions
with the students. We are currently planning to
introduce the application to students in pedagogy
programs for high-school computer science edu-
cation, as well as use it in our own teaching of
computer science courses on LLMs and chatbots.

4 Related Work

Transformer Explainer (Cho et al., 2025) is an in-
depth interactive visualization of the next-token
prediction in the GPT-2 model (Radford et al.,
2019). Similarly, LLM Visualization (Bycroft,
2023) provides an interactive walkthrough through
individual matrix multiplications inside the Trans-
former decoder architecture. Build An LLM
(Gupta, 2026) is an interactive tool that provides
a step-by-step walkthrough for training own LLM
locally. Many other visualization tools exist in the
LLM interpretability field (Brasoveanu et al., 2024).
All of these tools target researchers or more knowl-
edgeable audiences. For lay users, understanding
LLMs is facilitated by online blogposts (Alammar,
2018, 2019) and videos (3Blue1Brown, 2024).
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A App Interface

Additional screenshots of the application interface
are shown in Figures 3 to 6:

• Figure 3: The main page providing access to
different visualization views.

• Figure 4: Simplified pre-training view.

• Figure 5: Detailed visualization of the decod-
ing process.

• Figure 6: Multilingual interface support.
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Figure 3: Front page of the website providing access to the individual views.

Figure 4: Simplified view of the pre-training process, focusing on comparing the predicted and target distribution.
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Figure 5: The user interface during the detailed visualization of the decoding process. The labels on the side help to
understand what is happening in the current animation step.

Figure 6: ANIMATEDLLM is localized to several languages, which makes the app more accessible and allows to
demonstrate differences between the languages.
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