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Abstract

Although recent generative models are remarkably capa-
ble of producing instruction-following and realistic out-
puts, they remain prone to notable physical plausibility fail-
ures. Though critical in applications, these physical plau-
sibility errors often escape detection by existing evaluation
methods. Furthermore, no framework exists for automat-
ically identifying and interpreting specific physical error
patterns in natural language, preventing targeted model im-
provements. We introduce Matryoshka Transcoders, a novel
framework for the automatic discovery and interpretation
of physical plausibility features in generative models. Our
approach extends the Matryoshka representation learning
paradigm to transcoder architectures, enabling hierarchi-
cal sparse feature learning at multiple granularity levels.
By training on intermediate representations from a physical
plausibility classifier and leveraging large multimodal mod-
els for interpretation, our method identifies diverse physics-
related failure modes without manual feature engineering,
achieving superior feature relevance and feature accuracy
compared to existing approaches. We utilize the discov-
ered visual patterns to establish a benchmark for evaluating
physical plausibility in generative models. Our analysis of
eight state-of-the-art generative models provides valuable
insights into how these models fail to follow physical con-
straints, paving the way for further model improvements.

1. Introduction

Recent advances in generative models have achieved
remarkable progress in producing photorealistic and
instruction-following images [1, 2]. However, these models
frequently generate images that appear visually convincing

*We will release our code and dataset upon acceptance.

yet violate fundamental physical laws—producing anatomi-
cal impossibilities, distorted structures, and malformed text.
Such physical plausibility failures significantly undermine
the reliability and usability of generative models in high-
stakes applications and motivate the development of meth-
ods that can identify these failure modes.

Despite their prevalence and importance, physical plau-
sibility errors remain challenging to detect systematically.
Existing evaluation metrics primarily focus on semantic
alignment between images and text [3—5] or aggregate dis-
tribution quality [6, 7], leaving specific physical viola-
tions largely undetected [8, 9]. Recent research has shown
that even state-of-the-art large multimodal models (LMMs)
struggle to consistently identify subtle physical implausibil-
ities when evaluating images holistically [10], motivating us
to develop methods that can identify such failure modes of
generative models. This detection gap leaves such failure
modes largely unidentified, hindering the understanding of
how some generated images fail in physical plausibility.

Furthermore, no framework exists for automatically
identifying and interpreting specific physical error patterns
in natural language. Though recent work [10] has proposed
to explore physical plausibility detection by the identifica-
tion of topic-related visual patterns grounded in natural lan-
guage, they utilize preliminary interpretability modules and
struggle to discover fine-grained error patterns. The absence
of interpretable, automatically discovered features means
that practitioners lack systematic understanding of the di-
verse ways generative models violate physical constraints,
limiting the development of targeted mitigation strategies.

We introduce Matryoshka Transcoders (See Figure 1), a
novel framework for the automatic discovery and interpre-
tation of physical plausibility features in generative mod-
els. Our approach utilizes the transcoder architecture [11] to
identify topic-relevant features and extends the Matryoshka
representation learning paradigm [12] to further enhance its
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Figure 1. Matryoshka Transcoders for Automatic Physical Plausibility Analysis in Generative Models. We pass images from gen-
erative models to a physical plausibility classifier, whose representations are analyzed by Matryoshka Transcoders to extract hierarchical
sparse features related to physical plausibility. These features encompasses anatomical impossibilities, spatial inconsistencies, gravity vio-
lations, and other physical implausibilities and are interpreted by LMMs automatically.

performance. We first assign human annotators to anno-
tate a physical plausibility dataset, including a set of gener-
ated images that are marked as physically plausible or not.
We use this dataset to train a physical plausibility classi-
fier that contains physical plausibility features, and develop
Matryoshka Transcoders on the latent representations of the
classifier. The Matryoshka Transcoder identifies specific
physical plausibility features, which are then interpreted by
LMMs to get their human understandable explanations.

Our experiments demonstrate that Matryoshka
Transcoders successfully discover diverse physical
plausibility patterns without manual feature engineering,
achieving superior feature relevance and accuracy com-
pared to existing methods including standard transcoders,
sparse autoencoders, and prior interpretability approaches.
We utilize these identified patterns related to physical plau-
sibility to establish the first interpretation-based benchmark
for evaluating physical plausibility in generative models.
Our analysis of eight state-of-the-art generative models,
including SDXL variants [13], DALL-E3 [14], FLUX [15],
Kolors [16], and Stable-Cascade [17], reveals systematic
failure modes and provides actionable insights into how
these models violate physical constraints, from textual
distortions to anatomical impossibilities. These findings
pave the way for targeted model improvements and more
physically plausible generative systems.

Our contributions are listed as below:

» Targeted Feature Discovery. We present the first auto-
mated pipeline to identify and interpret visual features in
ML models relevant to a human-assigned topic.

* Matryoshka Transcoders. We extend the Matryoshka
paradigm to transcoder architectures, enabling hierarchi-
cal sparse feature learning at multiple granularity levels.

¢ Feature Relevance Metrics. We introduce two metrics,
population-based relevance and description-based rele-

vance, to quantitatively evaluate how well discovered fea-
tures align with human-assigned topics.

* Benchmarking Physical Plausibility. We provide the
first interpretation-based benchmark for evaluating exist-
ing generative models’ capability in producing physically
plausible images.

* Insights on Generative Model Failures. Our approach
discovers diverse physical plausibility features, providing
valuable insights into how generative models fail.

2. Related Works

2.1. Mechanistic Interpretability

Mechanistic Interpretability [18, 19] is a research field
that aims to reverse-engineer neural networks into human-
understandable algorithms and concepts. Modern machine
learning models represent diverse information in compact
representation spaces where individual neurons activate for
multiple unrelated concepts—a phenomenon known as pol-
ysemanticity—making it difficult to interpret what each
neuron represents [20]. A central challenge is decompos-
ing polysemantic neurons within machine learning mod-
els into monosemantic neurons that activate for specific in-
terpretable features [21]. To address this, Sparse Dictio-
nary Learning [22, 23] has emerged as a powerful approach
for automatically discovering interpretable features in neu-
ral network activations. Sparse Autoencoders (SAEs) [24—
26] and their variations [27-29] reconstruct neural repre-
sentations with high sparsity constraints to extract inter-
pretable features. Matryoshka SAEs [12] further improve
upon SAEs by simultaneously training nested dictionaries
of increasing size, enabling hierarchical feature learning at
multiple granularities. Beyond activation reconstruction,
Transcoders [11] build sparse mappings between layer ac-
tivations to identify layer-specific features and have been
applied to discover physical plausibility features [10].



2.2. Physical Plausibility in Generative Models

Although recent generative models are remarkably capa-
ble of producing instruction-following and realistic out-
puts [1, 2], they remain prone to notable physical plau-
sibility failures [30, 31]. Existing evaluation approaches
primarily focus on semantic alignment or aggregate dis-
tribution quality [3-7], leaving specific physical violations
largely undetected and unaddressed [8, 9, 32, 33]. Recently,
Language-Grounded Sparse Encoders (LanSE) [10] pro-
posed to identify interpretable visual patterns for physical
plausibility assessment by imitating human cognition [34—
39]. However, this approach suffers from limited feature
accuracy and struggles to identify specific erroneous pat-
terns. Our work addresses these limitations by leveraging
hierarchical transcoder features trained on physical plausi-
bility classifiers, enabling more accurate and fine-grained
identification of diverse physical violations.

3. Method

3.1. Overview

Our method consists of three stages to automatically iden-
tify and interpret physical plausibility features in gener-
ated images. First, we train a binary classifier on human-
annotated images to distinguish between physically plausi-
ble and implausible content, using a frozen CLIP vision en-
coder with a lightweight classification head (§3.2). Second,
we extract intermediate activations from this classifier and
train Matryoshka Transcoders to learn hierarchical sparse
features that capture physical plausibility-relevant patterns
at multiple levels of granularity (§3.3). Finally, we auto-
matically interpret the learned features using a two-stage
prompting strategy with large multimodal models: first
identifying the common visual pattern among top-activating
images, then analyzing whether this pattern represents a
physical plausibility violation (§3.4). This pipeline enables
scalable discovery and interpretation of diverse physical
plausibility errors without manual feature engineering.

3.2. Physical Plausibility Classifier Training

We employ two independent human annotators to label a
dataset of generated images according to their human un-
derstanding on the physical plausibility of these images.
Each image is assigned a binary label indicating whether it
contains physical plausibility errors or is physically plau-
sible. To ensure annotation quality and consistency, we
provide annotators with clear guidelines defining physical
plausibility violations and include representative examples
of common error types. The annotated dataset is aug-
mented with images from natural image datasets, including
MSCOCO [40] and Flickr8k [41], which serve as additional
negative samples of physically plausible images.

Utilizing this human-annotated dataset, we train a bi-
nary classifier to classify natural images as physically plau-
sible or physically implausible. We use CLIP-ViT-Large-
patch14 [42] as the base encoder and attach a two-layer
classification head to it. The CLIP vision encoder remains
frozen during training to preserve its rich semantic rep-
resentations learned from large-scale vision-language pre-
training. This trained classifier serves as the foundation for
extracting intermediate representations that contain physi-
cal plausibility information, which will be subsequently an-
alyzed by our Matryoshka Transcoders.

3.3. Matryoshka Transcoders

We extract three layers of activations from the trained clas-
sifier: base model activations hy € R?, hidden layer acti-
vations h; € R%, and classification outputs hy € R%. We
train Matryoshka Transcoders on the transformation from
hy to h; to identify physical plausibility-relevant patterns
encoded in the hidden representations.

Model architecture. Our Matryoshka Transcoder is a
two-layer model with a sparse latent space, consisting of an
encoder layer that maps input activations to sparse features:

VA El‘lC(hz) = RCLU(Wench2 + benc) (1)
and a decoder layer that reconstructs the target activations:
h; = Dec(z) = Wyeez + bgec 2)

where Wepe € R%=%% and Wy, € R% %% are the encoder
and decoder weight matrices, and d., is the latent dimension.

Training objective. Our key innovation is to adapt
the Matryoshka training paradigm for transcoders. We
define a nested sequence of dictionary sizes M =
{mi,ma,...,mp} where my < mg < --- < my = d,.
For each size m € M, we enforce sparsity by selecting
only the top-m activated latents and compute a reconstruc-
tion using these features. The total loss aggregates objec-
tives across all granularity levels:

L= Z ||h1 - (WdecZO:m + bdec)”i 3)
meM

where z.,,, denotes the first m latent features, and ng’,%
are the corresponding decoder weights.

3.4. LMM Interpretation

After training the Matryoshka Transcoders, we extract the
top-activating images for each learned feature by passing
the entire dataset through the trained model. For each fea-
ture, we collect the images that pass one activation thresh-
old, along with their associated text captions. To automati-
cally interpret these features in natural language, we employ
a two-stage prompting strategy using LMMs.
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Figure 2. Complete pipeline for our proposed method, Matryoshka Transcoders. Our approach combines four stages: (a) human
annotation of correct/error images, (b) training a physical plausibility classifier that possess relevant information, (c) training Matryoshka
transcoders to discover sparse, interpretable features at nested granularities from classifier activations, and (d) using large multimodal
models to interpret discovered features by identifying visual commonalities and error explanations from maximally activating images.

Stage 1: Pattern summarization. We first identify the
common visual pattern captured by each feature. For each
feature, we provide the LMM with the image-text pairs and
prompt it to summarize the shared visual characteristics.

Pattern Summarization Prompt (Prompt,, )
You are an expert in visual pattern analysis. Given
the following images and their captions: {image-
text pairs }, analyze the commonalities among them.
Concisely summarize one common visual pattern
that is present in all instances.

Stage 2: Physical plausibility analysis. Given the iden-
tified summarization, we prompt the LMM to determine
whether this pattern represents a physical plausibility viola-
tion and, if so, to describe the violation in natural language.

Error Interpretation Prompt (Prompt;,,,)

You are an expert in physics and physical reasoning.

Here are a list of images and their captions with one

common theme, {pattern from Stage 1}: {image-

text pairs} analyze whether these images possess

any visual patterns that violate physical plausibility.

Consider the following aspects:

* Anatomic impossibilities (e.g., six fingers in one
hand)

* Distorted structures (e.g., highly distorted and un-
clear facial expressions)

If yes, provide a concise natural language descrip-

tion of such violation possessed by all samples.

This two-stage approach enables us to automatically



generate interpretable descriptions for each feature learned
by the Matryoshka Transcoder.

4. Experiments

We evaluate Matryoshka Transcoders on their ability to au-
tomatically discover interpretable features relevant to phys-
ical plausibility and assess their utility for benchmarking
generative models. We begin by describing our experimen-
tal setup in Section 4.1, then present qualitative and quanti-
tative analysis of discovered features in Section 4.2, demon-
strate the application of our method to benchmark eight gen-
erative models in Section 4.3, and conclude with ablation
studies validating our design choices in Section 4.4.

4.1. Experimental Setup

Dataset construction. We employ human annotators to la-
bel generated images as physically plausible or implausi-
ble, following clear annotation guidelines for common vio-
lation types. Our human-annotated dataset comprises 3,410
images: 888 physically plausible images and 2,522 images
containing physical plausibility errors. This dataset is aug-
mented with 5,000 images from MSCOCO [40] as addi-
tional negative examples of physically plausible images to
train our physical plausibility classifier.

Model configuration. Our classifier uses frozen
CLIP-ViT-Large-patch14 [42] with a two-layer head
(768—256—1), trained with AdamW at learning rate 10,
Matryoshka Transcoders map CLIP embeddings (768-dim)
to hidden activations (256-dim) with nested dictionaries
M = {128, 256,512, 1024, 2048} using top-k sparsities of
{16, 32,64, 128,256} for each granularity.

Feature interpretation. We use Claude Sonnet 4.5 [43]
for automatic feature interpretation via our two-stage
prompting strategy (§3.4), extracting top-20 activating im-
ages per feature. The same LMM evaluates feature quality
by assessing relevance and accuracy.

Computational requirements. Classifier and Ma-
tryoshka Transcoder training each require approximately 1
hour on a single NVIDIA A100 GPU. Feature interpretation
via API completes within 20 hours.

4.2. Physical Plausibility Pattern Identification

We evaluate the interpretability and relevance of features
discovered by Matryoshka Transcoders through both qual-
itative and quantitative analysis. Our results demonstrate
that Matryoshka Transcoders can successfully identifies di-
verse physical plausibility failure modes and attach highly
accurate natural language labels to these failure modes.

4.2.1. Qualitative results.

Figure 3 presents representative discovered features with
their automatically generated interpretations. Our method
identifies diverse violation patterns in varied error types:

Feature 104 captures anatomical distortions in tennis
scenes, Feature 243 detects malformed text in posters,
and Feature 648 recognizes implausible hand-drawn styles.
Each feature demonstrates semantic coherence across its ac-
tivating images, with natural language descriptions charac-
terizing the specific physical plausibility violation.

4.2.2. Quantitative results.

We evaluate feature quality using two complementary rele-
vance metrics that assess both the selectivity of discovered
features and the relevance of their description.

Population-based relevance. For each feature ¢ with
activation threshold 6, we compute its topic-relevance score
(wrong ratio) as:

_ {z : fi(x) > 0 A y(x) = error}|
[{z : fi(z) > 6}

where f;(x) is the feature activation on image x and y(x)
indicates the error label. This quantifies the fraction of
a feature’s activating images that contain physical plausi-
bility errors. A feature is classified as topic-relevant if
M; > 0.95 (see Section 5 for justification), meaning at
least 95% of its activating images exhibit physical viola-
tions. The population-based relevance score then measures
the concentration of such selective features:

[{i: M; > 0.95}]
| Total Features|

M;

“4)

Rpopulation = (5)

Description-based relevance. We also evaluate whether
the automatically generated natural language descrip-
tions capture topic-relevant patterns.  For each fea-
ture, we first generate a description using our two-stage
LMM interpretation pipeline (Section 3): description, =

LMM(images,, Prompt,,, ). We then assess relevance via:

|{# : LMM(description,) = relevant}|
|Total Features|

Rdescription = (6)
where LMM(description,) indicates whether an LMM
judges the description as relevant to physical plausibility
violations. Together, Ryoputation assesses feature selectivity
while Rescription €valuates interpretation quality.

We benchmark our method against sparse autoen-
coders [44], transcoders [11], and Matryoshka SAEs [12]
as baselines. Specifically, we utilize a large corpus of im-
ages generated by different models with diverse captions
to identify samples that activate each feature in these inter-
pretability modules, enabling us to compute their relevance
scores. Table 1 shows that Matryoshka Transcoders out-
perform all baselines on both relevance metrics, achieving
16.00% population-based and 17.52% description-based
scores. This demonstrates the effectiveness of combining
targeted transcoder learning with hierarchical Matryoshka
training for discovering physical plausibility features.



Feature 104

Theme: Tennis Related Activities.
Error Explanation: The figures in the
images have distorted anatomies.
Error Type: Anatomy

Feature 243

Theme: The Existence of Textual Information.
Error Explanation: The texts in the images
are distorted and not well-formed.

Error Type: Text-distortion

Feature 648

Theme: Handdrawing or Painting Styles.
Error Explanation: The images possess
styles that identify them as implausible.
Error Type: Style

Figure 3. Qualitative examples of physical plausibility features discovered by Matryoshka Transcoders. Each column shows a
representative feature with its top-activating images, automatically generated theme, error explanation, and categorized error type.

Method Rpopulation Rdescription
SAE 6.54% 6.01%
Matryoshka SAE 9.88% 5.66%
Transcoder 12.74% 11.52%
Matryoshka Transcoder | 16.00% 13.04 %

Table 1. Main Evaluation Results. We evaluate methods’ capa-
bilities to identify topic-relevant features by comparing their fea-
ture relevance scores. Matryoshka Transcoders achieve superior
performance on both metrics compared with all other baselines.

4.3. Generative Model Benchmark

We apply discovered physical plausibility features to bench-
mark eight state-of-the-art generative models. By analyz-
ing which features activate on generated images, we obtain
fine-grained diagnostics of each model’s physical plausibil-
ity failures—revealing not just error frequency but also spe-
cific explanations. Table 2 summarizes our findings.

For each generative model, we compute the mean error
feature count as:

N
1 .
Error Count = ﬁjé:l [{i: fi(zy) > 0AM; > 0.95}] (7)

where N is the number of generated images, and M; is the

topic-relevance score. This metric counts how many topic-
relevant features activate on each image, averaged across all
images. Lower scores indicate better performance, as fewer
error-selective features respond to the model’s outputs.

Model Name | Mean Error Count
SDXL-turbo 74.2
SDXL-base 53.1

DALL-E3 49.8
SDXL-medium 48.7
SDXL-large 46.8
Stable-Cascade 43.1
Kolors 40.8
FLUX 38.0

Table 2. Physical plausibility evaluation of state-of-the-art gen-
erative models. Error count represents the average number of
physical plausibility features activated per generated image across
5,000 test samples. Lower values indicate better performances.
FLUX achieves the best physical plausibility, while SDXL-turbo
exhibits substantially more violations than other models. Image
samples of these generative models can be found in Appendix.

4.4. Ablation Studies

We study how the latent dimension size affects our results.
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across four sparse dictionary learning methods. Features above the relevance threshold of 0.95 are considered as task-relevant features.

Dictionary size. Figure 5 shows a clear tradeoff: smaller
dictionaries (1,024) yield more focused and relevant fea-
tures (17.2% relevance), while larger ones (16,384) cover
more types of errors but with lower relevance (11.6%).

Feature stability. The selectivity of error-related fea-
tures remains stable (about 67-70%) across all sizes, and
most features are active (94-98%), showing efficient use of
the dictionary.

In general. Small dictionaries give concentrated, reli-
able features; large ones give broader coverage. We use
nested sizes (M = 128, 256, 512, 1024, 2048) to combine
both benefits.

5. Discussion

We introduce Matryoshka transcoders to enable inter-
pretable feature discovery on targeted topics. By training on
physical plausibility classifier representations, our method
enables automatic discovery of interpretable features rele-
vant to human-assigned topics.

The Feature Relevance Bottleneck Phenomenon. As

demonstrated in Figure 4, feature distributions by the topic-
relevance metric M (defined in Equation 4) reveal a clear
bottleneck: features cluster at two extremes (70% < M <
80% and M > 95%) rather than exhibiting a uniform
spread or single-peak distribution. This bottleneck indicates
a natural boundary between topic-relevant features that se-
lectively respond to topic-specific visual patterns and task-
irrelevant features that merely correlate with the presence of
physical plausibility errors. We therefore classify features
with M > 0.95 as topic-relevant. Matryoshka architectures
enhance this specialization, yielding 9.9% and 16.0% rel-
evant features compared to 6.5% and 12.7% for standard
architectures. The bottleneck phenomenon justifies focus-
ing interpretability efforts on highly selective features, as
intermediate-relevance features likely represent polyseman-
tic patterns that resist coherent interpretation.

6. Limitations

* Training integration. Though our features successfully
characterize physical violations, they are not yet incorpo-
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rated into training pipelines to actively reduce such fail-
ures, which lay as one promising future work.

Feature coverage. Certain subtle or rare physical viola-
tions may be underrepresented if training data lacks suffi-
cient examples of such patterns, potentially creating eval-
uation blind spots for edge cases.

Feature absorption rate. We do not quantify the feature
absorption phenomenon [45] for our methods. Comput-
ing absorption rates for visual inputs is substantially more
challenging than for language models due to the high-
dimensional, continuous nature of image representations.
Future work should develop methods to measure feature
completeness in vision models.

Evaluation scope. Our framework focuses on physical
plausibility, leaving other important quality dimensions,
such as aesthetics, semantic faithfulness, and social bi-
ases, for future work.

e Single LMM dependency. Our feature interpretation
pipeline relies on a single large multimodal model, and
the generated explanations may vary depending on the
choice of LMM. While we find the interpretations to be
consistently coherent across features, future work should
evaluate interpretation consistency across LMMs.

7. Conclusion

We introduced Matryoshka Transcoders for automatically
discovering and interpreting physical plausibility features
in generative models. Our hierarchical approach learns
sparse features at multiple granularity levels, enabling in-
terpretable evaluation of physical plausibility and system-
atically revealing failure modes across generative models.
Our work demonstrates that targeted feature discovery is
achievable through domain-specific classifiers and develop-
ing mechanistic understanding on the classifiers.
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A. Qualitative Examples of the Generative Model We Evaluate

To complement our quantitative evaluation in Table 2, we present qualitative samples from all eight evaluated generative
models in Figure 6. For each model, we selected a diverse set of representative images spanning common generation scenar-
ios. These examples validate that our metric captures meaningful differences in physical plausibility that align with human
perception of image quality.

Model: SDXL-turbo Evaluation Metric: 74.2

Model: SDXL-medium Evaluation Metric: 48.7

Fi

nr

Model: SDXL-large Evaluation Metric: 46.8

Model: Kolors Evaluation Metric: 40.8

Model: FLUX Evaluation Metric: 38.0
_ ==

Figure 6. Qualitative samples from evaluated generative models ranked by physical plausibility. Each row shows representative
outputs from a different model, ordered by mean error count. Lower error counts correspond to better visual quality and fewer physical
violations, with FLUX achieving the best performance (38.0) and SDXL-turbo exhibiting the most plausibility failures (74.2).




B. Full LMM Prompts

In this section, we fully describe the prompts we use in our pipelines in detail.
Pattern Summarization Prompt (Prompt,, )

You are an expert in multimodal feature analysis.

Given the following images and their captions: {image-text pairs}.

Analyze the commonalities among these images. Identify: If there exist one common feature that is possessed by all
the instances.

Summarize and output exactly one feature, for example: ’[Commonality: Animal wildlife in natural habitats]” and
’[Commonality: Strawberry-based dessert or dish]’.

Only answer in general, do not analyze each image one by one, only generate one single concise phrase. Start answer
with ’[Commonality:’. End with ’]’

Error Interpretation Prompt (Prompt;,,,)

You are an expert in analyzing visual content for physical plausibility errors, anatomical accuracy, and generation
artifacts in Al-generated images.

I will show youlen(samples) sample images from a learned feature in an interpretability module trained to detect
physical plausibility errors.

**Feature Commonality**: “commonality” **Error Ratio**: error,q.;, of these images contain physical errors
(errorcount [totalcount). Be strict with the evaluations. Usually only error ratios larger than 0.95 indicate clear
physical plausibility failure mode as these features should not be activated in the presence of any correct images.
Other features can be unusable and should be considered as no such error mode.

Here are the sample images:

{image-text pairs}.

Based on the len(samples) images shown above and knowing that: - Feature commonality: “commonality” -
erroryqtio contain physical plausibility errors

Analyze whether these images share a **common physical plausibility error or anatomical inaccuracy**. Focus
ONLY on:

**Physical Errors:** - Incorrect number of fingers, toes, or limbs - Extra or missing body parts - Distorted anatomy
or impossible body proportions - Unnatural poses or joint configurations - Incorrect object physics (floating, defy-
ing gravity) - Impossible spatial arrangements or perspectives - Anatomically incorrect faces or features - Object
inconsistencies or impossible constructions

**Important:** - Ignore style, artistic choices, or image quality - Ignore semantic content unless it relates to physical
errors - Focus ONLY on violations of physical or anatomical plausibility

**Response Format:** If there IS a common physical error across these images: [Error: Brief description of the
specific error]

If there are NO clear physical plausibility errors for all images or if the error ratio does not suggest clear and monose-
mantic error pattern: [No common errors]

Your response MUST start with either ”[Error:” or ”’[No common errors]” and end with ”]”.




C. Effect of Dictionary Size on Feature Distribution.

Figure 7 demonstrates how dictionary size affects the quality and quantity of discovered physical plausibility features. We
trained Matryoshka Transcoders with five nested dictionary sizes ranging from 1,024 to 16,384 latents and analyzed the
distribution of features by their topic-relevance scores. Smaller dictionaries (1,024 latents) achieve higher feature relevance
scores (17.2%), producing more concentrated and reliable features, but discover fewer total relevant patterns (170 features).
In contrast, larger dictionaries (16,384 latents) provide broader coverage of error types, discovering 1,896 relevant features,
but with lower average relevance (11.6%). Notably, all configurations exhibit a consistent bimodal distribution with features
clustering at 70-80% and above 95% relevance, revealing a natural bottleneck that separates task-correlated features from
truly topic-specific features. The average wrong ratio remains stable (67-70%) across all dictionary sizes, and nearly all fea-
tures remain active (94-98%), indicating efficient dictionary utilization. This analysis motivates our nested training approach
with M = {128,256, 512,1024,2048}, which combines the high relevance of small dictionaries with the comprehensive
coverage of larger ones.
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Figure 7. Feature relevance distribution across dictionary sizes in Matryoshka Transcoders. Distribution of features by their topic-
relevance score (wrong ratio) for five nested dictionary sizes (1024, 4096, 8192, 16384 latents). Features above the relevance threshold of
0.95 (indicated by dashed line) are considered topic-relevant. Smaller dictionaries yield higher concentration of relevant features (17.2%
for 1024) but discover fewer total patterns, while larger dictionaries achieve broader coverage (1,896 relevant features for 16384) with
lower relevance scores (11.6%). The bimodal distribution consistently shows feature clustering at 70 — 80% and > 95% relevance ranges
across all configurations, revealing a natural bottleneck between task-correlated and topic-specific features.
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