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Abstract

Annotated data remains essential for training
and evaluating NLP systems. Large language
models have broadened the kinds of data re-
searchers need, including multimodal and agen-
tic system data. Here, we introduce POTATO
2.0, a major update to our open source an-
notation platform designed for easy deploy-
ment, customization, and fully reproducible
and shareable annotation designs. POTATO of-
fers broad support for many types of annota-
tions in NLP, including 39 different types of
annotation tasks, support for text, audio, im-
age, and video modalities, or mixtures thereof.
POTATO 2.0 includes robust support for la-
beling agentic system outputs through read-
ing common trace formats, or live interaction
and annotation with agents in multiple settings,
such as chatting, web-browsing, and coding.
POTATO also includes multiple AI-assistance
features to help annotators more easily label
data. Finally, POTATO introduces a new agentic
AI-in-the-loop workflow where a single human
annotator collaborates with an LLM through
iterative prompt refinement, uncertainty-driven
instance selection, and progressive autonomy—
enabling efficient dataset creation without a
large annotation team.

1 Introduction

Annotated data is still central to NLP and Genera-
tive AI, yet the demands on annotation have grown
in both scale and complexity (Halevy et al., 2009;
Monarch, 2021). Beyond traditional text classi-
fication, researchers now require annotations for
multimodal content (Russell et al., 2008; Kirillov
et al., 2023), LLM evaluation via human preference
judgments (Ouyang et al., 2022; Rafailov et al.,
2023; Chiang et al., 2024), agentic tasks (Yehu-
dai et al., 2025; Mohammadi et al., 2025), and
subjective tasks where annotator disagreement is
itself informative (Plank, 2022; Aroyo and Welty,
2015). While multiple tools have emerged to help

researchers create this data, the annotation design
itself remains difficult to create, reproduce, or
rapidly iterate upon.

We introduce POTATO 2.0 built as an open-
source annotation platform to support easy deploy-
ment and customization, while also making all an-
notation designs sharable and reusable. Since its
initial release (Pei et al., 2022), annotation prac-
tice has changed substantially. LLMs now rival or
exceed crowd workers on many annotation tasks
(Gilardi et al., 2023; Ding et al., 2023; He et al.,
2024a), and human–LLM collaborative and LLM-
assisted workflows have become an active research
area (Li et al., 2023; He et al., 2024b; Wang et al.,
2024). Surveys report both the promise and the
risks of LLM-generated labels and stress that per-
task validation is still essential (Pangakis et al.,
2023; Tan et al., 2024). Concurrently, the rise of
data-centric AI (Zha et al., 2025) and the increasing
complexity of multimodal NLP demand tools that
support annotation across images, audio, and video
alongside text. Researchers also need reliable ways
to combine human and machine judgments, cali-
brate LLM confidence (Geng et al., 2024; Gligoric
et al., 2025), and handle the subjectivity inherent in
many labeling tasks (Uma et al., 2021; Hovy and
Prabhumoye, 2021).

POTATO addresses needs through three major
advances: (1) Expanded annotation capabilities:
39 annotation types (e.g., rating, comparison, de-
pendencies, typed events, spans, bounding regions,
code review, step-level process rewards, and agent-
trajectory ratings) and support for multiple modal-
ities including text, image, audio, video, agentic
interactions, agentic coding, and dialogue modali-
ties with an extensible registry-based architecture.
(2) Deep AI/LLM integration: Multiple AI in-
tegrations allow administrators to enable specific
types of assistance, such as intelligent hints, label
suggestions, AI rationales, and option highlight-
ing, with support for local and commercial model
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providers.(3) Agentic Annotation: A novel multi-
phase LLM-in-the-loop workflow enabling a sin-
gle annotator to collaboratively label datasets with
LLMs through prompt refinement, uncertainty esti-
mation, and progressive autonomy.

POTATO is fully open-source and free to use in
academic and commercial settings, licensed un-
der the GNU GPL v3 license, and is deployable
with minimal dependencies. Code and documenta-
tion are at https://github.com/davidjurgens/
potato. POTATO uses a simple YAML template to
configure its entire annotation scheme, which al-
lows easy reproducibility; we have also released an
ever-growing showcase of 360+ annotation designs
from academic papers1 covering multiple modali-
ties and annotation types, which allows practition-
ers to easily label their own data using best prac-
tices. The software is designed to be extended and
can serve as a testbed for research on AI integra-
tion and human–AI collaboration for data labeling
(Kim et al., 2024; Zhang et al., 2023; Xiao et al.,
2023; Qin et al., 2025; Xiong et al., 2025).

2 Architecture and Design

POTATO uses a Flask-based server architecture to
support web-based annotation. Following, we de-
tail the core architectural elements in the software.

2.1 Annotation Schema and Data Types

POTATO supports 39 annotation types, from the
common radio buttons, checkboxes, and text spans
to the more advanced types like best-worst scal-
ing, event and role annotation, dependency pars-
ing, code review with inline diff comments, step-
level process-reward judgments, and full-trajectory
agent ratings. POTATO uses integrated audio, im-
age, and video displays to support other modality-
specific annotation: image annotation (bounding
boxes, polygons, freeform drawing, landmarks),
audio annotation (waveform-based temporal seg-
mentation), and video annotation (temporal seg-
ments, frame classification, keyframes). Custom
displays are also provided for annotating specific
types of text: html, markdown, dialog, or pairwise
comparisons. Task designers can specify multiple
annotation schema and input sources for a task,
each of which can be combined with any compat-
ible annotation schema. For example, a designer
can use span annotation on dialogue transcripts

1https://github.com/davidjurgens/
potato-showcase/

or radio-button classification on images without
custom code.

Administrators specify an annotation task using
a YAML file that contains the data sources, the
annotation schema defining what judgments anno-
tators will make (e.g., radio buttons, checkboxes,
sliders, spans), and optional details on how each
instance should be displayed. The configuration
also controls the annotator workflow, from optional
consent forms, instructions, and training phases
with gold-standard feedback through to post-study
surveys drawn from a library of 55 validated instru-
ments. Conditional display logic allows schema to
appear or hide dynamically based on prior answers,
enabling complex branching annotation flows with-
out any code. The same file governs quality control
settings such as adjudication queues, and custom
task layouts that can fully restyle the annotation
interface. POTATO has default settings for most op-
tions so administrators can design a task with only
the minimal changes needed. For non-technical
users, the https://www.potatoannotator.com/

playground website provides an interactive GUI
to design tasks and produce the task’s YAML file.

2.2 Annotation Workflow
Annotators progress through up to eight config-
urable phases: login, consent, pre-study survey, in-
structions, training, annotation, post-study survey,
and completion. This progression follows estab-
lished annotation methodology (Hovy and Lavid,
2010; Artstein and Poesio, 2008): each phase can
span multiple pages, and deployers can enable or
skip phases via YAML configuration. The train-
ing phase supports practice items with feedback,
preparing annotators before the main task, and can
remove annotators from the study should they fail
to correctly annotate data with known labels. The
pre-study and post-study phases allow practitioners
to collect more data about who their annotators are,
recognizing that an individual’s background may
influence their annotation behavior (e.g., Davani
et al., 2024); to support this practice, we have in-
cluded 55 common questionnaires for a variety of
constructs such as demographics, personality (e.g.,
Big-5; John and Srivastava, 1999), well-being, and
attitudes.

During annotation, POTATO supports multiple
options for which items annotators see next: ran-
dom, least-annotated first, fixed order, active learn-
ing based, LLM confidence-based, and diversity-
based options that use semantic embeddings to clus-
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ter texts. Administrators can configure these latter
three strategies, such as by specifying the model to
use for active learning (from scikit-learn) and how
often active learning is run.

2.3 Data Infrastructure and Crowdsourcing

POTATO supports 8 data source types: local files
(JSON, CSV, TSV, JSONL), web-hosted files, Ama-
zon S3, Google Drive, Dropbox, HuggingFace
Datasets (e.g., Parquet), Google Sheets, and SQL
databases. Tasks can read from these sources as
data, e.g., annotating data stored on Dropbox, and
then write the eventual output to a Parquet file for
uploading to Huggingface. A directory watcher en-
ables live ingestion of new files during annotation.

As a browser-based annotation platform,
POTATO supports both local and crowd-based an-
notation. The library provides full lifecycle inte-
gration with Amazon Mechanical Turk and Prolific
for crowdsourced annotation campaigns. However,
not all data can be shared publicly, or practition-
ers may want to annotate with a custom group of
individuals—or even test out the annotation task
themselves. POTATO can be launched on any OS
supported by python. The POTATO website con-
tains extensive documentation for how to host the
platform.

2.4 Quality Control and Adjudication

Especially in crowdsourcing settings, quality con-
trol is needed to address potential noise and dis-
agreements. POTATO includes multiple features
to help practitioners. When gold-standard data is
available, POTATO can automatically insert atten-
tion checks at configurable intervals to verify an-
notator engagement, with an optional customizable
warnings to annotators and blocking thresholds.
POTATO includes fine-grained behavioral tracking
during annotation, logging interface events (clicks,
keypresses, focus changes, navigation) and per-
instance response times; these statistics make it
easier to spot annotators who speed through data
or type content unnaturally quickly (e.g., copying
an LLM response when copy/paste is disabled).

POTATO features an administrator dashboard that
shows current progress and statistics on annota-
tors, including each annotator’s accuracy on gold-
standard data, agreement with other annotators, and
relative speed. Administrators can also see statis-
tics on the data itself, identifying contentious items
to review more carefully.

When disagreements do happen, POTATO pro-
vides a dedicated interface for resolving inter-
annotator disagreements. The interface shows all
annotators’ judgments, as well as behavioral infor-
mation (e.g., annotation time), and allows adjudi-
cators to write optional notes about the decision
and label the disagreement with a taxonomy for
tracking causes. For some data types (e.g., rat-
ing scales), administrators can optionally also run
MACE (Hovy et al., 2013) for a Bayesian estima-
tion of annotator reliability and the true labels.

2.5 AI and LLM Integration
POTATO supports four modes of assistance during
annotation that are aimed at supporting, rather than
replacing, the human in annotation. Intelligent
hints: Keyword highlighting based on LLM analy-
sis, drawing annotator attention to relevant portions
of the text, without suggesting which label they
choose. For images, a configurable VLLM sug-
gests bounding boxes they examine. Label sugges-
tions: Pre-filled annotation predictions that annota-
tors can accept, modify, or reject; the current design
prompts the LLM to select the two most likely la-
bels and thus still requires a human to pick, but nar-
rows their attention to more probable labels, which
is important in tasks with many possible labels.
AI rationales: Per-label explanations generated
by vision or text models and grounded in the an-
notation codebook, helping annotators understand
why a particular label may apply. This assistance
is intended for annotators working with complex,
multi-page annotation instructions. Option high-
lighting: Confidence-weighted visual cues that vi-
sually emphasize the labels an LLM scores most
likely, without prefilling them. Unlike label sug-
gestions, highlighting preserves the full choice set,
which is helpful when the annotator wants to scan
quickly without losing the ability to inspect any
label.

POTATO integrates with 12 LLM/VLLM end-
point types: OpenAI (text and vision), Anthropic
(text and vision), Google Gemini, Ollama (text
and vision), OpenRouter, HuggingFace, vLLM,
YOLO for object detection, and any other net-
worked model that exposes an OpenAI-compatible
API. AI configurations can be defined in external
files and shared across projects. An optional in-
context learning (ICL) module constructs few-shot
prompts from existing annotations, and an LLM-
based active-learning module uses model confi-
dence to prioritize uncertain instances. A shared
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caching layer reduces redundant API calls across
sessions and lowers cost.

3 Major Innovations

POTATO introduces two major features aimed at
emerging annotation needs: (i) annotation for agen-
tic systems and data and (ii) AI-in-the-loop annota-
tion.

3.1 Agentic Annotation

As LLM-based agents are increasingly deployed
for complex multi-step tasks—e.g., web brows-
ing, code generation, tool use, and conversational
assistance—researchers need tools for evaluating
agent behavior at multiple levels of granularity
(Yehudai et al., 2025; Mohammadi et al., 2025).
POTATO introduces dedicated support for annotat-
ing these agentic traces through three complemen-
tary modes: post-hoc trace evaluation, interactive
agent testing, and coding agent annotation.

Agent Trace Evaluation Modern agentic sys-
tems frequently use a ReAct like framework (Yao
et al., 2022) where a reasoning LLM uses an in-
ternal multistep think-action-observation sequence,
often based on tool use. These systems often record
the full sequence, so evaluators can assess overall
task success as well as the quality and correctness
of each individual step. POTATO can directly im-
port trace data from agentic libraries and has a spe-
cial display to render recorded agent trajectories
as color-coded step cards, with each step classi-
fied as a thought, action, observation, or system
event. Step types are either specified explicitly in
the data or inferred from speaker names via pat-
tern matching. The display includes a summary
header, optional inline screenshots for GUI-based
agents (e.g., web agents), and collapsible obser-
vation blocks for long outputs. POTATO accepts
three input formats: speaker–text pairs, structured
thought/action/observation dicts, and explicit step-
type/content records, so traces from many agent
frameworks can be ingested without preprocess-
ing. POTATO ships with 15 trace converters cov-
ering the major agent ecosystems: langchain
(LangSmith), langfuse, react (generic ReAct
JSON), webarena (Zhou et al., 2024), atif
(academic interchange format), OpenAI Agents
SDK and Anthropic tool-use traces, OpenTeleme-
try (OTEL) spans, Model Context Protocol (MCP)
sessions, multi-agent traces, and three coding-agent

formats (swe-bench, swe-agent, aider) to-
gether with Claude Code session logs.

Combined with POTATO’s existing annotation
schemas, this enables multi-level evaluation: span-
level annotations for marking hallucinations or in-
correct facts within individual steps, per-turn rat-
ings for assessing each agent action, and trajectory-
level judgments for overall task success, safety,
and efficiency. We provide example configurations
for evaluating ReAct-style traces, RAG pipelines
with citation faithfulness, visual GUI agents with
screenshots, pairwise A/B agent comparison, and
coding-agent trajectories with diff-and-test inspec-
tion.

Live Interactive Agent Testing POTATO also
allows live interaction with some agents, so annota-
tors can label behavior as it happens, probe specific
scenarios, and stop early when an agent fails rather
than running it to completion. In the first phase,
annotators interact with a live agent according to
that agent’s design, e.g., sending messages, ob-
serving agent responses, and completing the task.
A safety sandbox enforces configurable limits on
maximum turns, session duration, and per-user rate
limits. The interactive setting also supports multi-
modal agentic behaviors such as web-based brows-
ing (Figure 1b), where users can instruct models
and observe their progress, and even intervene and
redirect if necessary. In the second phase, after
the annotator finishes the conversation, the com-
pleted dialogue is persisted and rendered as a trace,
with annotation forms enabled for evaluation. This
sequencing ensures annotators experience the full
interaction before rating.

The agent proxy architecture supports multi-
ple backends: an OpenAI-compatible endpoint for
hosted models, a generic HTTP proxy for custom
agent APIs with configurable field mapping, and
an echo proxy for testing. The session manager
provides thread-safe multi-user isolation keyed by
annotator and instance, with transparent session
recovery across page refreshes. All agent configu-
ration options are specified in the YAML.

Coding Agent Annotation Coding agents such
as Claude Code and OpenCode are a fast-growing
class of agentic systems whose trajectories include
thoughts and tool calls as well as file edits, diffs,
test runs, and shell state. POTATO adds dedicated
support for evaluating them through three live
backends—Claude Code, SWE-Agent, and Aider—
each driven by a sandboxed workspace with check-
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(a) Coding agent annotation (b) Web-browsing agent annotation

Figure 1: Two examples of the agentic annotation interfaces in POTATO: (left) Annotating a live coding agent where
file diffs from the sandboxed workspace appear alongside a process-reward form (here, shown as the checkbox on
the right side) that captures step-level quality judgments coding-agent evaluation with diffs and step-level process
reward, and (right) Annotating a web-browsing agent: each step’s rendered screenshot is overlaid with SVG cues
for clicks, hovers, and bounding boxes; an annotation form is attached to the active step in a filmstrip review. These
complement the post-hoc trace and live-chat interfaces shown in Figure 2.

point and rollback (Figure 1a). Annotators can
step through a recorded trajectory, branch the ses-
sion at any step to explore counterfactual edits, or
run a new task end-to-end and label the resulting
trace. Two specialized schemas complement the
interface: code review, which displays diffs with
line-anchored inline comments in a GitHub-style
layout, and process reward, which collects step-
level quality judgments for use in process-reward
modeling. We provide example configurations for
evaluating Aider patches, SWE-bench submissions,
and Claude Code sessions.

3.2 AI-in-the-Loop Annotation

Annotation generally requires multiple human an-
notators to achieve reliable labels (Artstein and
Poesio, 2008; Paun et al., 2022), but recruiting,
training, and paying annotators is expensive and
time-consuming (Snow et al., 2008; Shmueli et al.,
2021), especially for researchers creating an ini-
tial dataset. LLMs can generate labels at scale and
in some cases outperform crowd workers (Gilardi
et al., 2023; Ding et al., 2023), but their predictions
are unreliable on ambiguous instances, susceptible
to systematic biases (Hovy and Prabhumoye, 2021;
Ziems et al., 2024), and require per-task validation
(Pangakis et al., 2023; Tan et al., 2024). POTATO

introduces a new agentic annotation model with AI-

in-the-loop that aims to (1) continuously revise the
annotation instructions for humans and LLMs to
enable accurate, reproducible annotation behavior,
and (2) select items to annotate that are most likely
to inform the decision boundary for the guidelines.
Recent work has explored uncertainty-guided allo-
cation between humans and LLMs (Li et al., 2023;
Gligoric et al., 2025), active learning with LLM
annotators (Zhang et al., 2023; Xiao et al., 2023),
and noise-robust training on LLM-generated labels
(Yuan et al., 2024). We combine these threads into
a single workflow: one human annotator works
with an LLM through iterative prompt refinement,
uncertainty-driven instance routing, and a gradual
handoff to LLM autonomy under continued human
oversight.

Workflow The agentic workflow begins with
the annotator providing an initial task description,
which the LLM synthesizes into instructions for
a human to review and edit. Once approved, the
LLM generates synthetic examples (informed by
the real data) that are likely boundary cases; the
human labels these to inform how the instructions
should be refined by the LLM and then by the
human again, optionally iterating on synthetic ex-
amples until satisfied. Once this initial phase com-
pletes, the human and LLM begin labeling real data
in parallel. The human sees a subset of this data
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sampled by multiple strategies: a random sample
and one or more LLM-uncertainty based strategies.
These latter strategies aim to identify cases where
the LLM’s decision boundary is not clear. POTATO

includes multiple uncertainty-estimating methods,
such as prompting the model for its own confidence
score, using the log-probabilities of the predicted
label (if available), and repeatedly sampling the
label from the model to measure answer diversity;
this framework is also extensible, allowing us to
include new uncertainty methods in this active re-
search area. When human-LLM disagreements are
detected, the annotator reviews conflicts, and the
system optionally triggers a prompt revision to im-
prove guidance. Ultimately, when satisfied, the
human can approve the prompt and label remain-
ing data. The instructions can also be given to other
human annotators to perform labeling to calculate
inter-annotator agreement and consensus with the
LLM’s judgments. POTATO’s workflow lets a sin-
gle annotator refine the instructions iteratively until
they are clear to both people and models.

4 Comparison with Existing Systems

Established Platforms The annotation tool ecosys-
tem spans several categories that largely focus on a
specific modality. INCEpTION (Klie et al., 2018;
Eckart De Castilho et al., 2024) and BRAT (Stene-
torp et al., 2012) support rich linguistic annotation,
including relations and coreference; INCEpTION
has recently added experimental LLM integration
(Ollama, ChatGPT, Azure OpenAI) and remains
the strongest tool for knowledge-base linking. La-
bel Studio (Tkachenko et al., 2021) provides the
broadest single-tool coverage of modalities with
ML backend support available in both its open-
source and enterprise editions, including LLM end-
points. Prodigy (Explosion, 2017) pioneered active
learning in annotation and has added LLM support
via spacy-llm, relation annotation, audio/video seg-
mentation, IAA metrics, and a review/adjudication
recipe. doccano (Nakayama et al., 2018) offers
lightweight open-source text annotation including
relation labeling. For images, CVAT (CVAT.ai Cor-
poration, 2022) provides robust computer vision
annotation with AI-assisted labeling (SAM, YOLO,
HuggingFace model integration) but does not sup-
port text annotation. Foundational image annota-
tion tools like LabelMe (Russell et al., 2008) and
advances in segmentation models (Kirillov et al.,
2023) have shaped the image annotation landscape

now served by CVAT and Label Studio. Finally,
ELAN (Wittenburg et al., 2006; Brugman and Rus-
sel, 2004) excels at time-aligned audio/video anno-
tation for linguistics research.
Recent Systems A growing body of annota-
tion tools has appeared at recent NLP venues.
MEGAnno+ (Kim et al., 2024) is perhaps the most
directly comparable to POTATO, offering a Jupyter-
based system where LLM agents label data first
and humans verify uncertain instances. Thresh
(Heineman et al., 2023) shares POTATO’s YAML-
driven philosophy but focuses specifically on fine-
grained text evaluation with a community hub for
sharing frameworks. GATE Teamware 2 (Wilby
et al., 2023) provides JSON-configurable document
classification annotation with annotator training
and quality screening. ALANNO (Jukić et al.,
2023) focuses on active learning for annotation,
and CodeAnno (Schneider et al., 2023) extends
WebAnno (Yimam et al., 2013) for social science
coding tasks.

Several recent tools address AI-integrated anno-
tation directly. ITAKE (Song et al., 2024) combines
LLM annotation with online machine learning for
interactive knowledge extraction. DocSpiral (Sun
et al., 2025) introduces a “human-in-the-spiral” ap-
proach to document annotation where iterative cy-
cles progressively reduce human effort, reporting
41% annotation time reduction. CrowdAgent (Qin
et al., 2025) orchestrates LLMs, small language
models, and human experts in a multi-agent sys-
tem for multimodal classification. Co-DETECT
(Xiong et al., 2025) uses mixed-initiative human–
LLM annotation for collaborative edge case dis-
covery. For LLM evaluation specifically, ChatHF
(Li et al., 2024) and BotEval (Cho et al., 2024)
provide interactive annotation interfaces for chat-
bot evaluation and RLHF data collection. Fabrica-
tor (Golde et al., 2023) takes a different approach
entirely, using teacher LLMs to generate labeled
training data without human annotation. Argilla
(Argilla, Inc., 2024) has gained significant traction
as an open-source platform specifically designed
for LLM alignment, preference annotation, and
integration with the HuggingFace ecosystem. Spe-
cialized annotation tools have also been proposed
for specific tasks: EventFull (Eirew et al., 2025)
for temporal and causal relation annotation, First-
AID (Menini et al., 2025) for knowledge-driven
dialogue data collection, and Commentator (Sheth
et al., 2024) for code-mixed multilingual text.
Distinguishing Features of POTATO Against this
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Label Studio CVAT Prodigy INCEpTION BRAT ELAN doccano POTATO 2.0

A
nn

ot
at

io
n

Ty
pe

s

Text classification (radio/checkbox) ✓ ✓ ✓ ✓ ✓
Span annotation ✓ ✓ ✓ ✓ ✓ ✓

Relation/link annotation ✓ ✓ ✓ ✓ ✓ ✓
Likert / rating scales ✓

Free text / textbox ✓ ✓ ✓ ✓
Image bbox / polygon ✓ ✓ ✓ ✓

Image segmentation masks ✓ ✓ ✓
Audio segmentation ✓ ✓ ✓ ✓

Video temporal annotation ✓ ✓ ✓ ✓ ✓
Agent workflow annotation ✓

Coding agent annotation ✓
Multirate matrices ✓

A
I/

LL
M

In
te

gr
at

io
n

ML-assisted labeling ✓ ✓ ✓ ✓ ✓

LLM endpoint support ✓ ✓ ✓† ✓
Multiple LLM providers ✓ ✓ ✓

AI rationales / explanations ✓
Human–LLM collaboration ✓

Q
ua

lit
y

C
on

tr
ol Inter-annotator agreement ✓∗ ✓ ✓ ✓

Adjudication interface ✓∗ ✓ ✓ ✓
MACE competence estimation ✓

Attention checks ✓
Gold standard items ✓∗ ✓
Behavioral tracking ✓

R
es

ea
rc

h
W

or
kfl

ow

Multi-phase progression ✓
Pre/post-study surveys ✓

Validated survey instruments (55) ✓
Training phase with feedback ✓

In
fr

a-
st

ru
ct

ur
e Active learning ✓∗ ✓ ✓ ✓

Keyboard shortcuts ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Multiple data sources (>3) ✓ ✓

Config-driven setup ✓ ✓ ✓

Open-source ✓ ✓ ✓ ✓ ✓ ✓ ✓
Free ✓ ✓ ✓ ✓ ✓ ✓ ✓

Table 1: Feature comparison between POTATO 2.0 and widely used annotation platforms. ∗Enterprise/paid tier only.
†Experimental. Blank cells indicate the feature is not available or not a core capability of the tool.

landscape, POTATO distinguishes itself in multi-
ple ways, shown in Table 1, which we summa-
rize across three key dimensions. First, annotation
breadth: while tools like Label Studio and Prodigy
have expanded their modality coverage, POTATO

provides 15 annotation schemas across text, im-
age, audio, and video unified through registry-
based architecture, all configurable via YAML with-
out code. Second, AI integration depth: POTATO

supports 12 LLM endpoint types spanning major
commercial and open-source providers, substan-
tially more than the 1-3 providers available in other
tools. Beyond label suggestions, POTATO uniquely
offers AI rationales (per-label explanations) and
option highlighting (confidence-weighted visual
cues). Building on recent work in human–LLM
collaboration (Kim et al., 2024; Qin et al., 2025;
Xiong et al., 2025), POTATO adds the multi-step AI-
in-the-loop workflow described in §3.2. Third, re-
search workflow support: features like multi-phase
progression (consent through post-study), MACE
integration (Hovy et al., 2013), 55 validated survey
instruments, behavioral tracking, and crowdsourc-
ing integration (MTurk, Prolific) are absent from or
only partially supported by other tools. This infras-
tructure supports research on annotation method-
ology itself: studies of annotator demographics

(Pei and Jurgens, 2023; Sap et al., 2022), inter-
annotator disagreement (Uma et al., 2021; Plank,
2022), and human–LLM collaboration can all build
on POTATO’s tracking and survey features.

5 Conclusion

POTATO 2.0 is a new annotation platform with 39
annotation types across text, image, audio, and
video, support for labeling agentic interactions,
deep AI/LLM integration, and human–LLM col-
laborative annotation (see examples in Appendix
Figure 2). The software supports the full research-
annotation life cycle (consent, training, labeling,
quality control, and export) in a single YAML-
configured, open-source tool. These YAML files
allow easy and full replication of any annotation
design, and we have released over 360 such de-
signs from research papers to help practitioners
get started. POTATO is freely available and under
active development.

Ethics

As with any configurable annotation tool,
POTATO’s ethical implications depend substan-
tially on how it is deployed. We discuss key
considerations specific to the release.
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AI Assistance and Bias POTATO includes multiple
AI integrations that can potentially influence an
annotator’s judgments. These integrations create
a risk of propagating LLM biases into annotated
datasets; this risk is greatest for the AI-in-the-loop
annotation once it begins labeling data indepen-
dently from the task designer. We mitigate these
through several design choices. First, for AI assis-
tance, our designs do not directly tell annotators
which specific label or output to choose. Instead,
they provide additional information or a more nar-
row focus on fewer options to help direct an anno-
tator’s attention. As a result, annotators are still
able to choose whichever option they prefer and
cannot blindly accept an AI-suggested label. These
suggestions or rationales may still be incorrect, so
careful review is needed; POTATO supports this
through adjudication.

For the AI-in-the-loop, our approach includes
multiple places of human review: (i) reviewing
prompt instructions as an interactive process to
inspect mistakes, (ii) periodic spot checks on AI-
labeled data to assess correctness, and (iii) a human-
AI disagreement detection can trigger a return to
human annotation. The system design and doc-
umentation still encourage a final step of solicit-
ing independent human annotators to label data
to assess the instruction clarity and baseline level
of agreement. Nevertheless, deployers should be
aware that LLM-generated labels may reflect bi-
ases present in the model’s training data (Blodgett
et al., 2020).
Fair Compensation and Annotator Welfare
POTATO includes behavioral tracking and per-
instance timing to support identifying potentially-
adversarial users who speed through data labeling
without reviewing the item (or who use LLMs to
quickly label). In such cases, an administrator may
remove these annotators from the study and poten-
tially reject their work, leaving them without pay-
ment. However, there is a risk that some annotators
may be faster than others and appear adversarial,
when they are simply more proficient at that task.
POTATO does not specify any direct guidance for
what might be adversarial and instead requests that
task deployers look at the distribution of times (or
behaviors) directly to identify outliers.

POTATO includes 55 integrated survey instru-
ments enable researchers to study the relationship
between annotator backgrounds and labeling behav-
ior (Sap et al., 2022). We encourage deployers to
use these tools to promote equitable representation

of different views in annotation and for post-hoc
analysis of which backgrounds might not be suf-
ficiently represented. While none of the included
survey instruments collect personally identifiable
information, these responses still need to be treated
responsibly.
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(a) A custom task featuring multiple annotation types for text
input.

(b) An entity linking task where entities are directly linked to
WikiData using this lookup functionality.

(c) The annotation interface for rating individual conversation
turns with an agentic system after an annotator has ended the
conversation.

(d) A sequence labeling guest for audio for identifying hosts
and guests in an audio file.

(e) An object category bounding-box task for images. (f) The adjudication interface for a sentiment analysis task.

Figure 2: Examples of POTATO tasks across different designs and modalities (a)–(e) and the adjudication interface
for a sentiment analysis task.
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