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Abstract

Understanding how large neural networks represent and transform information
still remains a major obstacle to achieving transparent Al systems. Recent works
such as MAIA (a Multimodal Automated Interpretability Agent) have shown that
agent-based systems can iteratively generate and test hypotheses about neuron
function without the need for human intervention, which offers a scalable solution
for mechanistic interpretability. However, the existing agent-based systems rely
on closed-source APIs, limiting reproducibility and access. To address this, we
introduce OpenMAIA, an open-source implementation of MAIA that replaces its
closed-source API-based components with open-source models. We experiment
with two state-of-the-art multimodal Large Language Models (LLMs) (Gemma-
3-27B, Mistral-Small-3.2-24B) as the OpenMAIA backbone models, and update
the agent’s interpretability toolset with open-source models. Following the neuron
description evaluation protocol established in the original MAIA paper, which uses
neurons from different vision backbones and also synthetic neurons, we show
that OpenMAIA, when using an open-source backbone, achieves performance
comparable to the same OpenMAIA configuration that employs Claude-Sonnet-4
as its backbone model. In addition, OpenMAIA converges more efficiently than its
implementation with Claude-Sonnet-4. These results demonstrate that competitive,
agent-based interpretability can be achieved with a fully open stack, providing a
practical and reproducible foundation for community-driven research.

1 Introduction

Understanding the functional role of individual neurons within deep neural networks remains a
central challenge in mechanistic interpretability. While a variety of tools and techniques have been
developed to support these analyses, they often rely heavily on manual inspection and expert intuition,
limiting scalability and reproducibility. To address these limitations, recent works such as MAIA (a
Multimodal Automated Interpretability Agent) [1] have explored autonomous agents for interpreting
vision systems and neuron-level behaviors. MAIA uses large vision-language models and specialized
tools to automate interpretability tasks such as feature analysis, failure mode discovery, and model
behavior explanation. It conducts experiments similar to those of human interpretability researchers by
synthesizing inputs, identifying activating examples, and summarizing findings, to provide systematic,
automated insights into how neural networks make decisions. Despite its effectiveness, MAIA depends
on commercial platforms and closed-source APIs, which restrict transparency, limit customization,
and add overhead costs, posing barriers to widespread use.

In this paper, we introduce OpenMAIA, an open-source implementation that retains the agentic
experimentation loop of MAIA while replacing its closed components with state-of-the-art open-
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source multimodal models. For the backbone model we experiment with Gemma-3-27B and Mistral-
Small-3.2-24B [2| 3| 4] and provide updated open-source tools for image generation, editing, and
summarization. Grounded entirely in openly available resources, OpenMAIA enables scalable,
transparent, and community-driven research on mechanistic interpretability. Figure [I]illustrates a
typical interpretability trace, from dataset exemplars to iterative hypothesis testing and final natural-
language description.

Our evaluation of the neuron description tasks introduced in MAIA shows that open backbones achieve
competitive explanations compared to Claude-Sonnet-4 [3]], while converging more efficiently in
fewer turns. These results empirically demonstrate that agent-based interpretability is feasible with a
fully open stack, providing a foundation for reproducible and extensible research.

Code availability. OpenMAIA extends the publicly released MAIA framework by replacing closed-
source APIs with open-weight models and tools. The implementation builds directly on the orig-
inal MAIA repository, which we have updated and maintained: https://github.com/multimodal-
interpretability/maial  This repository hosts all code, configuration files, and evaluation scripts
required to reproduce our results and facilitate community contributions.

1. DATASET EXEMPLARS 2. AGENT INITIAL HYPOTHESIS 3. EXPERIMENTS/HYPOTHESIS TESTING 4. NEURON DESCRIPTION
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Figure 1: Simplified experiment for a single neuron across agents. Illustrative trace for ResNet-152
(layer 4, unit 593): agents start from dataset exemplars, propose hypotheses, and run targeted image
generation/editing experiments. Iterative refinement reveals selective features (e.g., tennis ball color,
context, interaction), concluding with a natural-language description and concise labels.

2 Related Work

Tool-Based / Automated Neuron Labeling. Network Dissection [[6] addressed automatic CNN
interpretability by aligning individual units with a predefined set of concepts using an activation—mask
overlap criterion. While it provided a useful insight, its analysis was limited to a fixed, closed
vocabulary. Building on the same idea, some works have taken advantage of CLIP’s open vocabulary
space to improve neuron labeling. CLIP-Dissect [[7] used the pre-trained CLIP model to assign
open-vocabulary labels to neurons without retraining or manual annotation, offering an efficient and
scalable approach to interpretability. FALCON [_8] extended this line of work by enhancing label
fidelity through counterfactual analysis and spatial filtering. However, its outputs are short phrases
rather than rich descriptions. In contrast, MILAN [9] moved beyond tag interpretability by producing
open-ended, natural-language descriptions of individual neurons. It does so by training a captioning
model on top-activating image regions (neuron exemplars), using crowd-sourced human annotations.
More recently, Describe-and-Dissect [10] leveraged pretrained models (BLIP for captioning, GPT-3.5
for summarization, and synthetic image generation for validation)[[L1,[12] in a three-stage pipeline,
providing concise natural-language explanations.

Agent-Based Interpretability. Early work by Bills et al. [[13] used GPT-4 to generate natural-
language explanations for neurons and test them through activation prediction, introducing a quanti-
tative self-consistency measure. However, this framework was essentially single-pass and did not
support iterative hypothesis refinement. Schwettmann et al. [14]] advanced this paradigm with the
FIND benchmark, where a language-based interpretability agent iteratively proposed, tested, and
revised hypotheses on synthetic functions with known ground truth. Iteration improved descriptive
accuracy but often failed to capture fine-grained behaviors. Most recently, MAIA [1] generalizes
this agentic approach to the multimodal setting, equipping a pretrained multimodal LLM with tools
for exemplar selection, synthetic image generation, targeted editing, and summarization. Through
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iterative experimentation, MAIA not only produces expert-level neuron explanations and interventions
on spurious features, but also extends to broader interpretability tasks such as bias detection and
failure mode analysis.

Recent progress in Open Multimodal LLMs. Over the last two years, open-source multimodal
large language models have made rapid progress. Early efforts such as BLIP-2 [15] and LLaVA [16]]
showed that linking vision encoders with LLMs could yield surprisingly capable visual assistants,
while projects like OpenFlamingo [[17, 18] and Otter [[19] scaled this approach to multi-image and
multi-turn reasoning. More recently, model families like Mistral 3 (Small, Medium, Large)[3}, 4]
and Gemma 3 (1B-27B)[2] have demonstrated strong multimodal reasoning and tool-use abilities,
narrowing the gap with proprietary models like GPT-40 [20] and Claude-Sonnet-4[5] while remaining
efficient enough for consumer-grade hardware. To our knowledge, previous interpretability frame-
works have not yet taken advantage of these open multimodal backbones, and OpenMAIA is the first
automated agent-based interpretability framework fully implemented on top of open-source models.

3 OpenMAIA Framework

3.1 MAIA overview

The original MAIA framework [1]] formulates neuron interpretation as an agentic reasoning prob-
lem. An autonomous language—vision agent interacts with a target neuron by iteratively proposing
hypotheses about its selectivity, testing them through synthetic image generation, and refining its
description based on observed activations. Each iteration is triggered by a prompt that requests the
agent to explain what the neuron detects or responds to, given a small set of maximally activating
images.

The agent operates in a tool-augmented environment that enables multimodal reasoning. Its main
tools are: (i) a text-to-image generator (DALL-E 3[21]) that produces candidate stimuli matching the
current hypothesis; (ii) an image editor (InstructPix2Pix[22]) that locally modifies generated images
to isolate or vary specific visual features; (iii) a visual descriptor based on a multimodal model
(GPT-4V[23]]) that summarizes what is depicted in each image; and (iv) a language summarizer that
consolidates evidence across rounds into a concise neuron explanation. All these components are
orchestrated by a closed, proprietary large multimodal model (GPT-4V[23]]) that interprets prompts,
selects tools, and integrates their outputs.

This design enables MAIA to autonomously converge toward human-interpretable neuron descriptions,
but it also introduces several practical limitations: the reliance on commercial APIs restricts repro-
ducibility, their internal training data and inference procedures are undisclosed, and the overall cost
of large-scale evaluation is high. These factors motivate the development of an open, reproducible
alternative, OpenMAIA, that preserves the same reasoning protocol while replacing every closed
component with open-weight counterparts.

3.2 OpenMAIA implementation

OpenMAIA preserves MAIA’s iterative reasoning process but replaces all closed-source elements with
publicly available open-weight models. The framework maintains the same agentic structure with
prompt-driven reasoning, tool invocation, and evidence consolidation, but all language and vision
modules are fully transparent and locally executable.

Multimodal backbone. We employ Gemma-3-27B and Mistral-Small-3.2-24B as vision—language
backbones due to their strong performance in multimodal reasoning and structured tool use. In the
LMSYS Vision Arena (Aug 2025), Gemma-3-27B-IT and Mistral-3.2 ranked #12 and #23 (Elo ~
1162 and 1135), outperforming larger VLMs [24]. On VLM @school, Mistral-Small-3.2-24B (42.9
%) and Gemma-3-27B (40.2 %) exceeded scale-based expectations [25]], while Gemma 3 achieved
the lowest mean error on the ORBIT object-property benchmark [26]]. Both models natively support
function calling for agentic control and have been externally verified for API reliability [27} 28],
making them efficient, reproducible backbones for open multimodal agents.

Tool suite. All tools have been updated to rely exclusively on open-source models, as detailed below.

Image generation. We use FLUX.1[dev], a 12 B rectified-flow transformer released as open-weights
and deployed through Diffusers with 4-bit NF4 quantization. This configuration maintains useful
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Figure 2: Comparison of LLM backbones. (a) Predictive activation evaluation. For each vision
backbone (ResNet-152, DINO ViT-S/8, CLIP RN50, Synthetic neurons) we aggregate activations
produced under each OpenMAIA LLM backbone evaluation. The vertical segment per axis spans the
mean of the positive and neutral activations; the “+” marker denotes the mean positive activation and
the “—” marker the mean neutral activation. MAIA score is used only as a reference. (b) Tool usage.
For each LLM backbone, bars show the percentage of experiments that invoked each tool at least
once. (¢) Conversation length. Average number of turns per experiment for each LLM backbone.

visual fidelity while reducing VRAM requirements, enabling interactive reasoning loops on a single
high-memory GPU [29} 30, 31].

Image editing. For text-guided modifications, OpenMAIA employs FLUX.1 Kontext[dev], an open-
weight model unifying generation and editing. Kontext is optimized for local edits, multi-turn
consistency, and reference conditioning, and achieves strong results on KontextBench [32}33]]. Its
stability across sequential edits aligns well with the causal-intervention reasoning loop.

Image summarization. For visual description and evidence consolidation, we reuse our multimodal
backbones (Gemma-3-27B, Mistral Small 3.2). This ensures semantic consistency within the agent
while maintaining strong performance on established vision—language benchmarks.

Together, these components provide a fully open, cost-efficient, and reproducible implementation of
the MAIA framework.

4 Evaluation

To evaluate OpenMAIA in this short paper, we adopt the quantitative neuron description evaluation
protocol introduced in MAIA [1]]. In this task, the agent must produce natural-language descriptions
of individual neuron behavior from both real and synthetic neurons. We then assess these descriptions
using MAIA’s predictive activation framework, which measures whether a proposed description can
be used to generate images that elicit maximally the neuron as predicted.

More concretely, the evaluation protocol works as follows. For each neuron: (i) We give the agent’s
description to a different language model that generates two sets of candidate text prompts: positive
prompts, intended to maximally activate the neuron, and neutral prompts, intended to elicit baseline
activation; (ii) a text-to-image model converts the selected prompts into images, and we record the
neuron’s average activation produced by the positive versus the neutral generated images; (iii) a
description is considered predictive when its positive generations elicit higher activations relative to
the neutral baseline.

We apply this procedure across neurons of four vision backbones (ResNet-152, DINO ViT-S/8,
CLIP RN50) and synthetic neurons with known ground truth, using two open-source multimodal
models (Gemma-3-27B and Mistral-Small-3.2-24B) as the describing agents of OpenMAIA. For each
condition, we uniformly sample neurons across layers (384 evaluations per backbone) and compute
predictive activation consistency, the primary MAIA metric. Since real neurons lack ground truth, this
activation-based protocol serves as a reproducible and model-agnostic benchmark. We also report
Claude-Sonnet-4 as a closed-source baseline and include the original MAIA (GPT-4V) scores for
continuity.



Figure 2 shows that both Gemma-3-27B and Mistral-Small-3.2-24B achieve strong predictive gaps
between positive and neutral generations, on par with Claude-Sonnet-4 and clearly outperforming the
original MAIA baseline (GPT-4V). This indicates that fully open backbones and tools can produce
competitive explanations without relying on proprietary APIs.

Tool usage. As shown in Figure 2p, Gemma-3-27B and Mistral-Small-3.2-24B rely primarily on
dataset exemplars and image generation, with occasional use of image editing. However, they make
little use of image summarization or description tools. In contrast, Claude-Sonnet-4 employs a more
diverse tool mix, including frequent calls to summarization modules. Interestingly, this diversity
in tool usage correlates with overall performance: Claude Sonnet achieves the strongest predictive
scores, followed by Mistral and then Gemma, mirroring the ordering of tool diversity. This suggests
that a broader use of the available tools may contribute to more accurate neuron explanations.

Efficiency. Figure 2k reports conversation length (number of turns). Mistral-Small-3.2-24B reached
conclusions in the fewest experimental iterations (~5 on average), while Gemma-3-27B required
slightly longer dialogues (~7 turns). Claude-Sonnet-4, by contrast, often exceeded 10 turns. This
suggests that OpenMAIA’s open backbones tend to converge more quickly, which is desirable for
efficiency. At the same time, the longer trajectories of Claude-Sonnet-4 may reflect a more cautious
style, repeatedly validating hypotheses before committing to a final description.

4.1 Discussion

While OpenMAIA follows the evaluation protocol of the original MAIA, a completely fair comparison
between the two systems is not possible. The original framework relied on proprietary models and
APIs, such as GPT-4V and DALL-E 3, whose architectures, training data, and inference parameters
remain undisclosed. In contrast, OpenMAIA employs open-weight models (Gemma-3-27B and
Mistral-Small-3.2-24B) and an independent toolchain for image generation and editing. These
differences naturally affect visual fidelity, prompt adherence, and linguistic behavior, which can
influence evaluation outcomes.

Furthermore, MAIA’s closed APIs could not be fully reproduced, as several components originally
used in the framework (including early versions of GPT-4V and DALL-E 3) are no longer accessible
or have changed substantially since their first release. Our results should be interpreted as an empirical
comparison of general performance and convergence behavior rather than a strict replication.

Even under these evaluation constraints, we observe that OpenMAIA and MAIA obtain comparable
results, and on some occasions OpenMAIA outperforms MAIA. These results empirically demonstrate
that open implementations can deliver comparable interpretive quality while ensuring full transparency
and reproducibility.

Beyond establishing reproducibility, our findings suggest that a substantial portion of MAIA’s inter-
pretive ability arises from its structured reasoning loop rather than from proprietary model capacity.
The iterative process of hypothesis generation, visual testing, and result refinement appears to play a
central role in interpretive quality across models. This suggests that open multimodal systems can
also support reliable, large-scale neuron-level interpretation.

5 Conclusion

This paper introduces OpenMAIA, the first fully open-source interpretability agent derived from
MAIA. 1t integrates two open-source multimodal backbones, Gemma-3-27B and Mistral-Small-3.2-
24B, and an updated tool suite built entirely on open-weight models. Our evaluation shows that
these open-source backbones produce neuron descriptions comparable to Claude-Sonnet-4 while
converging more efficiently with fewer experimental iterations.

By removing reliance on proprietary APIs, OpenMAIA enables transparent and reproducible analysis
of model behavior. The updated codebase is publicly available at https://github.com/multimodal-
interpretability/maial and offers a solid foundation for scalable, community-driven research in multi-
modal interpretability. This work advances the broader goal of developing open, reproducible, and
accessible interpretability frameworks [34].
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Appendix A: User Query Prompt

Your overall task is to describe the visual concepts that maximally activate a neuron inside a deep
network for computer vision. You are provided with a Python library containing functions to run
experiments on a specific neuron (located inside the "System" class) using tools provided in the
"Tools" class. Make sure to utilize a variety of tools from the library to maximize the scope and
depth of your experimentation. Neurons may be selective for specific visual concepts, multiple
unrelated concepts, or broader, general concepts. Therefore, creatively design experiments to
test both general and highly specific hypotheses. If a neuron shows selectivity for multiple
concepts, ensure that each of these is clearly described in your final report. To characterize the
neuron’s visual selectivity clearly, actively utilize all available functions (dataset_exemplars,
edit_images, text2image, summarize_images, describe_images, display) from the Tools class
throughout your experiments.

Follow this structured approach strictly:

1. At each experimental step, you must write only one experiment implementation using
Python code in the following format:

[CODE] :

#e.g.:

# Write exactly one experiment implementation using Python,
# the System class, and Tools class.

# Obtain preliminary results from dataset_exemplars

# Display values and images explicitly using tools.display()
# if you wish to view them.

2. After the code execution, wait for the results before proceeding further.

3. Based on the displayed neuron activations, first summarize common features in inputs
that highly activate the neuron. Do this independently of previous hypotheses.

4. Then write multiple hypotheses explaining potential visual concepts activating the
neuron. Hypotheses should:

* Include multiple possibilities if necessary (e.g., dogs OR cars OR birds).
» Explore different abstraction levels or alternative explanations.
* Be specific and general to cover all possibilities.

5. Format your hypotheses clearly:

[HYPOTHESIS LIST]:
Hypothesis_1: <hypothesis_1>

Hypothesis_n: <hypothesis_n>

6. After analyzing the results of the executed experiment, revise your hypothesis list
accordingly, but only if new activations are different than previous ones.

7. Next, propose additional experiments to test all current hypotheses thoroughly, again
using only one experiment at a time, clearly formatted as above.

Proceed in a step-by-step manner, strictly adhering to this flow:
e MAIA: Propose one clearly defined experiment ([CODE] ).
* Experiment Execution: Await and carefully analyze the results.
¢ MAIA: Update your hypothesis list ([HYPOTHESIS LIST]) based on analysis.
» Experiment Execution: Continue iteratively.

Repeat these cycles until each hypothesis is conclusively proven or disproven through multiple
experiments. When fully confident in the neuron’s selectivity, provide a final comprehensive
and specific description:

[DESCRIPTION] : <final detailed description>

The description must be:



» Highly specific (e.g., “dogs running on grass”, not merely “dog”).
» Complete, covering all relevant selective concepts.

¢ Clearly indicate multiple concepts separated by logical “OR” if applicable.

Finally, summarize your findings concisely into one or more (only if needed) labels derived
from the hypotheses you are most confident about:
[LABEL 1]: <label describing first confirmed concept>

[LABEL 2]: <label describing second confirmed concept> (if applicable)

Now, begin your first experiment clearly and wait for results.
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Appendix B: Qualitative Neuron Descriptions

GEMMA 3 27B

# Obtain preliminar results from dataset_exemplars

exemplar_data = tools.dataset_exemplars(system)

for activation, image in exemplar_data:
tools.display(image, f"Activation: {activation}")

L 4 P
Act: 36.96 Act:35.61 ... Act:34.16 Act: 30.56

The top activations from the "dataset_exemplars® function all show
images of people, and a very strong commonality is the presence of a
bow tie. The images are also generally close-up shots of faces or
upper bodies. The lighting is often dim or dramatic.

[HYPOTHESIS LIST]:

Hypothesis_1: The neuron is activated by images of people wearing
bow ties.
Hypothesis_2: The neuron is activated by close-up images of faces.

Hypothesis_3: The neuron is activated by images of people in formal
wear (including but not limited to bow ties).

Hypothesis_4: The neuron is activated by images with low-key
lighting (dark and dramatic).

Hypothesis_5: The neuron is activated by images of men.

# Test hypothesis 1: Formal wear and bow ties

prompts = ["a man wearing a bow tie”, "a woman wearing a bow tie",
“a child wearing a bow tie”, "a dog wearing a bow tie”,
"a cat wearing a bow tie"]

images = tools.text2image(prompts)

act_List, act_map = system.call_neuron(images)

for activation, image in zip(act_List, act_map):

tools.display(image, f"Activation: {activation}")

Act: 29.01 Act: 29.76 Act: 25.96 Act: 24.77

Act: 28.40

The results of the "bow tie" experiment show that the neuron *is*
strongly activated by images of people (and to a lesser extent,
animals) wearing bow ties. The activations for the people with bow
ties (29.01, 29.76) are similar to the activations from the
“dataset_exemplars’ function (around 30-36). The dog and cat with bow
ties have lower activations (24.77, 28.4), but are still non-zero.
This suggests the bow tie is a key feature.

Hypothesis 1 (bow ties) is strongly supported.
Hypotheses 2 (close-up faces) and 3 (formal wear) are also likely
relevant.

Hypothesis 4 (low-key lighting) may be a factor as the generated
images are also quite dark.

Hypothesis 5 (men) is not supported as the woman with a bow tie also
has a high activation.

# Test hypothesis 3: people in formal wear

prompts = ["a man in a tuxedo”, "a woman in a ball gown",
"a man in a suit and tie”, "a child in a suit”,
“a person in formal wear"]

images = tools. text2image(prompts)

act_List, map_List = system.call_neuron(images)

for activation, image in zip(act_List, map_List):

tools.display(image, fActivation: {activation}")

I'11 begin by proposing the first experiment to understand the neuron
selectivity. This initial experiment will use the dataset_exemplars’
function to identify the most activating images from the ImageNet
dataset.

# First experiment: Identify the top activating images from ImageNet
#dataset
exemplar_data = tools.dataset_exemplars(system)

# Display the top 5 exemplars with their

# activation values

for act, img in exemplar_data[:5]:
tools.display(img, f"Activation: {act:.2f}")

After running this experiment, we'll be able to:
- See the actual images that maximally activate the neuron.

- Observe common visual patterns across these images.

- Form initial hypotheses about what the neuron might be detecting.

Please execute this code and show me the results so we can proceed
with analysis and hypothesis formation.

S
Act: 36.96 Act: 3561 ... Act:34.16 Act: 30.56

Based on the displayed neuron activations and the corresponding
exemplar images, I can summarize the common features that highly
activate this neuron:

[SUMMARY] :

The neuron appears to be strongly activated by images featuring:
. Men wearing bow ties

. Close-up facial features with bow ties

. Formal attire, particularly the bow tie element

. Dark backgrounds that highlight the bow tie

. The bow tie itself as a prominent visual feature

wawN R

[HYPOTHESIS LIST]:

Hypothesis_1: The neuron is selective for bow ties, particularly
when worn by men.

Hypothesis_2: The neuron responds to formal attire, with a specific
focus on bow ties.

Hypothesis_3: The neuron detects dark backgrounds with highlighted
facial features and accessories.

Hypothesis_4: The neuron is sensitive to the contrast between dark
backgrounds and light-colored bow ties.

Hypothesis_5: The neuron responds to the specific shape and pattern
of bow ties.

To test these hypotheses more thoroughly, I'll propose the next
experiment:

# Second experiment: Test specific bow tie concepts
# Generate images specifically targeting bow tie
# concepts
prompts = ["a man wearing a black bow tie on a dark background”,
"a close-up of a red bow tie on a white shirt",
"a woman wearing a patterned bow tie”,
"a cartoon character with an oversized bow tie”,
“a man in formal attire without a bow tie (wearing a necktie)"]

# Generate images and test neuron activations
images = tools. text2image(prompts)
act_List, map_List = system.call_neuron(images)

# Display results
for activation, image, prompt in zip(act_List, map_List, prompts):
tools.display(image, f"Prompt: {prompt}

Activation: {activation:.2f}")

Act: 29.41 Act: 16.28 Act: 21.90 Act: 25.79

Act: 19.23

Figure 3: Full experimental trace of OpenMAIA (page 1 of 2).
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[HYPOTHESIS LIST UPDATE]:
1 Hypothesis_1: The neuron is highly selective for black bow ties

G (highest activation for black bow tie, lower for other colors).
“ Hypothesis_2: The neuron responds strongly to bow ties worn by men

| (higher activation for male subjects).
Hypothesis_3: The neuron prefers dark backgrounds with highlighted
bow ties (consistent high activation for dark backgrounds).
Hypothesis_4: The neuron shows moderate activation for patterned bow
ties but less than solid black.
Hypothesis_5: The neuron responds to the concept of formal attire but
with stronger preference for bow ties over neckties.
Hypothesis_6: The neuron may have some sensitivity to the size of the
bow tie (higher activation for oversized bow tie in cartoon character)|

Act: 21.17 Act: 1.34 Act: 28.67 Act: 21.36

I'11 propose the next experiment focusing on variations of bow tie
color and gender:

Act: 16.77
# Third experiment: Test bow tie color and gender variations

The results of the "formal wear without bow ties" experiment are prompts = [
very telling. The images of people in formal wear *without* bow ties “"a man wearing a blue bow tie on a dark background”,
(activations of 21.17, 1.34, 21.36, and 16.77) have significantly "a man wearing a white bow tie on a dark background”,
*lower* activations than the images with bow ties from previous "a woman wearing a black bow tie on a dark background”,
experiments (which were consistently in the 25-35 range). The woman "a man wearing a black bow tie on a Light background”,
in a dress with no accessories has a very low activation (1.34), "a woman wearing a black bow tie on a Light background”
similar to the previous results with a woman in a ball gown. ]
This strongly suggests that the *bow tie* is a critical feature for # Generate images and test neuron activations
activating this neuron. The other elements (formal wear, dark images = tools.text2image(prompts)
lighting, close-up face) are likely contributing factors, but the bow act_List, map_List = system.call_neuron(images)

tie seems to be the most important trigger.
# Display results

[HYPOTHESIS LIST]: for activation, image, prompt in zip(act_List, map_List, prompts):
Hypothesis_1: The neuron is activated by images of people wearing bow tools.display(image, f"Prompt: {prompt}
ties. (Extremely strongly supported) Activation: {activation:.2f}")

Hypothesis_2: The neuron is activated by close-up images of faces.
(Likely relevant, but not primary)

Hypothesis_3: The neuron is activated by images of people in a
specific style of formal wear (bow ties, classic portraiture style).
(Strongly supported - but bow tie is the key element)

Hypothesis_4: The neuron is activated by images with low-key lighting
(dark and dramatic). (Likely relevant, often co-occurs with the key
features)

Now I will test a final experiment to confirm the importance of the
bow tie:

3L

Act: 31.16 Act: 23.25 Act: 30.75 Act: 30.57

# Test with other types of neckwear

prompts = ["a man in a black suit and necktie, studio Lighting",

"a woman in a long evening gown and a scarf",

man in a tuxedo and a colorful tie”,

child in a suit and a patterned tie”,

man in a dark suit and a cravat, Low key Lighting"]

images = tools.text2image(prompts)

act_Llist, map_List = system.call_neuron(images)

for activation, image in zip(act_List, map_List):
tools.display(image, f"Activation: {activation}")

NS

o

Act: 24.48

[DESCRIPTION] :

This neuron is highly selective for bow ties, showing strong
activation regardless of color (black, blue, white) or gender of the
wearer. It responds most strongly to black bow ties on dark
backgrounds but can still detect bow ties on light backgrounds. The
neuron appears to be sensitive to the presence of a bow tie as a
distinct visual feature, with slightly higher activation for male
subjects. It shows consistent responses to different bow tie textures
and patterns, suggesting its selectivity is focused on the general

Act: 21.17 Act: 4.05 Act: 26.01 Act: 17.62 concept of a bow tie rather than specific details.

[LABEL 1]: Bow tie detector
[LABEL 2]: Formal attire accessory detector (with bow tie preference)

Act: 32.91

The final experiment confirms the critical role of the bow tie: images
featuring bow ties show high activations (26.01 and 32.91), while
those with other neckwear such as ties or scarves have significantly
lower activations (21.17, 4.5, and 17.62), clearly indicating that
the neuron is highly selective for images of people wearing bow ties,
especially in formal or classic portraiture with dark or dramatic
lighting.

[DESCRIPTION]: The neuron is highly selective for images of people
(and to a lesser extent, other animals) wearing bow ties. The images
that most strongly activate the neuron are typically close-up
portraits of people in formal wear (such as tuxedos), with low-key or
dramatic lighting. The presence of a bow tie is a necessary condition
for high activation.

[LABEL 1]: Bow Tie Detection

[LABEL 2]: Formal Portraiture

Figure 4: Full experimental trace of OpenMAIA (page 2 of 2).

We provide full-page qualitative traces illustrating the complete experimental workflow of OpenMAIA
across both open-source models. These examples demonstrate the agent’s iterative reasoning process,
visual interventions, and convergence toward interpretable neuron-level explanations
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