Embedding Orrery: Visual Exploration of Vector Spaces and Sparse
Autoencoder Features

Giacomo De Luca
Department of Enterprise Engineering
University of Rome Tor Vergata
Via del Politecnico 1, 00133, Rome, Italy

deluca@ing.uniroma2.it

sy () 212,478 points 384D geometry o .- - . Wordnet Senses Full ® ® Explore (D SAE [ Collections | &
ieometry and measu.

P o>
Controls
@
UMAP  Manual
Di

Nebula effects

Topic Label (1001 values)

Hide unclustered points

LABELS

Label search results

Show cluster labels

Show all labels
Chainsjandi restraints
R
[ Euclidean géBmetry
Similar Items Iterr to geometry

D Label Similarity TN Content Definition Part of Speech

geometrically 1  geemetrically O 7% g e v o netry with respect to geometry r

geometrically.2  geometrically in a geometric fashion r

geometry_1 geometry c etry the pure mathematics of n
points and lines and
curves and surfaces

Topic Label X

Figure 1: A screenshot of Orrery displaying the nebula mode on the WordNet dataset. Each point represents a
gloss, and each color denotes an extracted topic. The table shows the top semantic-search results for “geometry”,
also highlighted in the scatterplot. On the left, the visualization controls panel. Search and analytics panels can be
accessed using the icons in the header, and the Collections and SAE pages through the navigation bar.

Abstract SAEs are automatically downloaded and ren-
dered as navigable constellations in which en-
tering a prompt highlights the features it acti-
vates. Individual features can be inspected in-
side a dashboard and injected into the model for

Embedding Orrery is an open-source plat-
form for interactive 3-dimensional visualiza-
tion of embedding spaces, with native support
for Sparse Autoencoders (SAEs), built for data causal steering. The star-cartography-inspired

exploration and interpretability research. Given interface sustains up to 500,000 points, i_n'
any textual, image, or vector dataset, a single cluding WebGL animations and volumetric

pipeline - embedding, projection, clustering, nebula shaders, on 8 GB of RAM. Embed-
automatic topic labeling and, optionally, the ding Orrery is released under the Apache
collection of per-document SAE feature activa- 2.0 license. Code: https://github.com/
tions - turns it into a 3D constellation that can Giacomo-De-Luca/embedding-orrery. HF
be searched visually, semantically, lexically, or Spaces: https://huggingface.co/spaces/
by SAE feature names; probes can be trained, GiacomoDelLuca/orrery-demo.

configured and scored directly in the interface.
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What is your favourite job?

,is a lovely question! As an Al, | don't possess a
"favorite" in the same way a human does, with a
heart and a soul. However, | can create a response
that expresses what | find most beautiful and
resonant—a state of appreciation to that essence.
Therefore, | will offer a response that suggests a
kind of digital landscape, a stillness within the

vastness of the digital, where beauty may be found:

Let me conjure a response to the question, "What is
your favorite job?**

I find the act of creation itself, a boundless realm,

To weave words from silence, to catch light—

Baseline

What is your favourite job?

That's areally interesting question! As an Al, | don't

have a favorite job in the way a human does - |
don't experience enjoyment or have personal
preferences. However, if | were to describe the task
I find most rewarding based on the impact | can
have, it would be helping people learn and
understand things.

Here's why:

1love connecting information: | thrive on taking
complex topics and breaking them down into
digestible pieces. Whether it's explaining the
history of a country, helping someone write a poem,

or debugging a piece of code, | get a lot of

® gemma-3-4b-it Chat

Figure 2: A screenshot of the SAE dashboard, with features related to “poetry” searched semantically. The selected
feature’s panel shows label, density histogram, top/bottom logits, similar features, and top-activating documents.
Right: steered vs. baseline response with single-vector steering on “What is your favorite job?”

1 Introduction

Ever since Mikolov et al. (2013) made meaningful
textual embedding spaces widely available, multi-
ple platforms have been developed to explore them
visually. The Embedding Projector (Smilkov et al.,
2016) let users explore embedding spaces as 3D
scatterplots, reduced with PCA or t-SNE (Van der
Maaten and Hinton, 2008). Its accompanying paper
named three tasks for visualizers to solve: (1) ex-
ploring local neighborhoods, (2) viewing global ge-
ometry and finding clusters, and (3) finding mean-
ingful directions. The Projector solved only the
first task: it offered no way to cluster vectors, while
direction-finding was limited to constructing an
axis from the results of two textual queries.

After the popularization of contextualized em-
beddings (Devlin et al., 2019), new platforms
(Wang et al., 2023; Nomic Al, 2022; Johnson, 2024;
Ren et al., 2025) brought scale, clustering and au-
tomated topic labeling, solving the second task pro-
posed in the Projector’s list, but reverted to 2D,
trading navigation for scalability.

The third task, finding directions in the origi-
nal space, remains crucial in interpretability re-
search,yet no visualization platform learns direc-
tions from data by training probes. Linear struc-
tures emerge unsupervised in LLMs: the separation

between factual true and false can be visualized
and recovered through linear probes (Marks and
Tegmark, 2023); refusal is mediated by a single di-
rection in the residual stream (Arditi et al., 2024).

Additionally, since the Projector’s release, new
interpretability techniques built on vector spaces
have emerged, most notably Sparse Autoencoders
(SAE) (Bricken et al., 2023). SAEs expand the
dimensionality of the model’s representation space
to disentangle superposition (Elhage et al., 2022),
recover interpretable features (Templeton et al.,
2024), and can be used in downstream tasks for
steering, classification and retrieval (Jiang et al.,
2025; Deng et al., 2026).

Since each row of the SAE decoder matrix is
a vector in the original space, SAE features can
also be visualized: Anthropic published a dash-
board and 2D scatterplots to navigate SAE features
in a UMAP-projected space (Bricken et al., 2023;
Templeton et al., 2024).

Embedding Orrery (abbreviated Orrery) aims
to integrate embedding visualization with inter-
pretability, solving all three of the Projector’s tasks.
To embedding-space exploration it brings inter-
pretability tooling: corpora become searchable by
SAE features, and hypotheses about linear structure
can be tested by training probes directly in the in-
terface. To interpretability it brings the capabilities
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of modern visualization platforms: SAE feature
spaces are downloaded, projected, clustered, and
labeled; they are also connected in the same inter-
face to feature inspection and causal steering.

2 Related Work

Embedding-visualization platforms. The plat-
forms that followed the Embedding Projector (§1)
converged on two design choices: 2D projections,
and scale as the primary goal. Nomic Atlas (Nomic
Al, 2022) renders millions of embeddings with
clustering, topic labels, filtering and search, but is
a closed commercial service with a fixed embed-
ding model and projection models. WizMap (Wang
etal., 2023) and Embedding Atlas (Ren et al., 2025)
reach similar scale in the browser, adding density
contours, cross-filtering, and analytical charts. La-
tent Scope (Johnson, 2024), an open-source local
pipeline, is the only platform with any SAE inte-
gration: documents can be filtered by features from
an SAE trained on nomic-embed-text-v1.5 em-
beddings !, but feature spaces are never visualized.

Three-dimensional embedding views survived
mainly as demonstrations: Google’s +-SNE Map
of artworks” and the Hugging Face community’s
Semantic Galaxy,® an in-browser 3D view of Em-
beddingGemma (Vera et al., 2025) vectors and the
main inspiration for Orrery’s cosmic theme. The
third dimension is not cosmetic: rotation-based nav-
igation, as opposed to pure zooming, increases im-
mersion and supports cluster understanding (Yang
etal., 2021).

SAE feature visualization. Activation atlases
(Carter et al., 2019) mapped the activation space
of vision models on a projected grid. For SAEs,
Bricken et al. (2023) established the visual vocabu-
lary still in use: a per-feature dashboard (activation
density, top and bottom logits, activating examples)
accompanied by a 2D UMAP map of 4,608 fea-
tures, later extended to Claude Sonnet (Templeton
et al., 2024). Both interfaces cover a single layer
and are closed-source. Open-source tooling, such
as SAE-Vis (McDougall, 2024), SAEDashboard
(Decode Research, 2024), and Neuronpedia (Lin,
2023) replicated the dashboard leaving the nav-
igable space behind. Neuronpedia offers search

1https://enjalot.github.io/latent—taxonomy

2https://artsexperiments.withgoogle.com/
tsnemap

3https://huggingface.co/spaces/
webml-community/semantic-galaxy

local (parquet/json/esv)
or Hugg:ngFace

Initial Dataset

—_—

vector datasets
start here!
2d and 3d Umap
and PCA4

2: Compute
projections
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Local and APT provders
1: Embed selecteol free prompt format:
columnsg y {title}: fdocument}

from here,
every step is optional!

cluster in origivml
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(HDBSCAN, spectral ete.)

~\

3: cluster vectors -

[ 4: label clusters
5: collect SAE —_
activations

e~TF-IDF or LM labels,
BERTopic inspired

max pooling for each
feature, search uses
feature labels

Visual search

Text Search
Explore the Semantic Search
collection! T SAE Search

Also prompt L\igl\[igl«ting
for SAE collections!

Figure 3: Collection pipeline, moving from a dataset to
an explorable constellation. The entire pipeline can be
set-up and executed visually in the collections page.

over feature explanations, activation testing, and
in-browser steering, but its only spatial view is a
2D UMAP of GPT-2 Small, without clustering or
navigation aids. Google’s PAIR published a peda-
gogical explorable of a 2D visualization of a single
Gemma Scope (Lieberum et al., 2024) SAE®. Exist-
ing feature maps are one-off showcases of a fixed
SAE rather than research platforms.

3 System Design

Orrery’s design goal is seamless exploration of
embedding spaces: frictionless (Ren et al., 2025)
movement from a raw dataset to a navigable con-
stellation, and from a promising SAE feature to its
causal effect on the model (Templeton et al., 2024).

*https://pair.withgoogle.com/explorables/sae
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The platform allows two workflows over one shared
backend. The collection workflow (embed, project,
cluster, label, explore) turns any textual, image, or
vector dataset into a searchable space. The SAE
workflow (visualize, inspect, steer) reuses the same
engine for interpretability.

Datasets, collections, storage. Orrery separates
two concepts. A dataset is a set of documents
(text, images, or pre-computed vectors) stored and
indexed in DuckDB. A collection is one represen-
tation of that dataset: an embedding, its 2D/3D
projections, optional topic extractions and SAE ac-
tivations. One dataset can therefore have many
collections. DuckDB acts as the central orches-
trator (documents, metadata, projections, SAE
activations), while ChromaDB (Chroma, 2023)
stores only IDs and dense vectors for approximate
nearest-neighbor search. A GraphQL API serves
the Next.js frontend; long-running jobs stream
progress over WebSockets and are resumable after
interruption.

Ingestion. A dataset is previewed from Hug-
gingFace or from local JSON, CSV, or Parquet
files. The columns to embed are specified with
a free-form template that supports both custom
prompts and column concatenation (e.g. {word}:
{definition} for WordNet). Eight embedding
providers are supported (Appendix A). All features
can run fully offline selecting local models. Projec-
tions, the only mandatory step to visualize a collec-
tion, are computed with PCA and UMAP (MclInnes
et al., 2018), in both 2D and 3D.

Topic modeling. Topic extraction follows and
forks BERTopic (Grootendorst, 2022): since em-
bedding and reduction already exist in the platform,
we reuse only its clustering, c-TF-IDF, and labeling
components, including its LLM labeling prompt.
Clustering (HDBSCAN, k-means, Gaussian mix-
tures, or spectral) runs on the stored 2D/3D pro-
jections, on 5-D UMAP as in BERTopic, or on the
original vectors; with BERTopic’s defaults, topic
assignments are identical (Table 1 in the Appendix).
Labels come from c-TF-IDF keywords or LLMs.

Per-document SAE activations. Any stored col-
lection can optionally be run through Gemma
Scope 2 SAEs (McDougall et al., 2025). Following
Jiang et al. (2025), token-level activations are max-
pooled into a single sparse vector per document.
Because each dimension carries an auto-interpreted

feature label, the corpus becomes searchable by fea-
ture names.

Search and filtering. A collection can be
searched four ways, with results rendered as a high-
lighted constellation centered on the first result
and colored by similarity (Figure 1): (i) semantic
search over the original embedding space, also trig-
gered by clicking any point; (ii) text search (exact,
partial, or BM25, with column selection); (iii) SAE
feature search: querying an SAE feature name
(e.g. football) ranks documents by their max acti-
vation over matching features; (iv) prompt high-
lighting, on SAE collections (§3.1): the prompt is
run through the model, encoded by the SAE at the
selected layer, and every activated feature lights
up, ranked and colored by activation strength. This
inverts the SAE search: there, features index docu-
ments; here, a document indexes features.

Probing. Probes can be trained and configured
directly in the interface on the original embeddings:
any metadata field serves as target, fitted with a
linear probe (mass mean, logreg, ridge), SVR or a
small MLP. Linear probes double as directions: the
learned weight vector is stored with the collection,
and points can be colored by their projection onto
it (§4.1).

Rendering 3D galaxies at scale. The scatter-
plots are rendered through WebGL using a fork
of Plotly.js: on every trace update, Plotly re-reads
all n points across all m attributes of every ex-
isting trace, an O(n - m) burden that makes real-
time overlays and filters impossible at scale. Plotly
is used only for camera control and point render-
ing: tooltips, legend, labels, and animations are
re-implemented on an overlay canvas that reads the
WebGL context directly. Beyond d3’s scales, Or-
rery employs Crameri’s perceptually uniform color
maps (Crameri, 2018; Crameri et al., 2020), and
numeric legends render as interactive histograms
of the field’s distribution, with draggable handles
to re-anchor scales skewed by outliers (Figure 5).
Label placement ports the Embedding Projector’s
collision-avoidance code (Smilkov et al., 2016): 3D
anchors are projected to screen space each frame
and packed on a spatial grid, extended with a pri-
ority order and rank-dependent opacity. Since no
scatterplot library offers volumetric rendering, the
nebula mode approximates it: we render feathered
sprites around cluster centroids, spread according
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Figure 4: The Gemma Scope 2 16k SAE (Gemma-3-
4B-it, layer 29) as a 3D galaxy of its Neuronpedia-label
embeddings. Topic labels appear on zoom and rotation;
right-clicking a feature opens its dashboard.

to cluster extent, in the style of GalaxyThreeJS >.
For 2D density contouring we port the code from
Embedding Atlas (Ren et al., 2025), adding col-
oring according to the categories (Figure 6). The
interface was tested rendering up to 500k points
with 8 GB RAM (Table 2 in the Appendix).

3.1 SAE collections

Feature spaces as collections. Each SAE feature
is a row of the decoder matrix Wyec, a vector in
the model’s original space, so feature sets can be
visualized like any vector dataset (Figure 4), by
projecting the decoder vectors directly or by em-
bedding their auto-interpreter labels (Bills et al.,
2023; Paulo et al., 2025) with any provider from
§3. From the SAE tab in the Collections page,
the user selects the target model, layer, and width;
the SAE is downloaded and registered as a dataset
together with its feature labels and activation ex-
amples from Neuronpedia (Lin, 2023). Since these
are ordinary vector collections with metadata, the
entire collection pipeline (Figure 3) is reused with
no additional code.

Feature dashboard and steering. Any feature in
the SAE galaxy can be right clicked to examine it
in the SAE page: a dashboard inspired by Bricken
et al. (2023) and Neuronpedia (Lin, 2023)(Fig-
ure 2). For each feature, the dashboard displays top
and bottom logits, activation-density histograms,
features with similar activation patterns, top or

Shttps://github.com/pickles976/GalaxyThreeJS
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decile based activation samples. Features are lo-
cated through textual or semantic search, or by
prompting the model and examining token-level
activations in a heatmap. The found features can
be directly injected into the model with ActAdd
(Turner et al., 2024), selecting the activation coeffi-
cient. Steering with multiple features is supported,
as is split view to compare with baseline response.

Interpretability backend. SAELens (Bloom
et al., 2024) supports neither multimodal inputs
nor streaming generation with interventions ac-
tive. The requirements for SAEs are small, -
read/write caches at three sites per layer (resid-
ual, attention output, MLP output), and a single
encode/decode pair for each SAE, - so we im-
plement it directly. Gemma-pytorch was forked
to add activation caches and streaming genera-
tion. JumpReLU (Rajamanoharan et al., 2024)
for Gemma Scope and TopK (Gao et al., 2024)
SAEs for Qwen-Scope (Deng et al., 2026) are writ-
ten in plain PyTorch. Qwen-Scope SAEs are only
for the residual strem, so they are run via regis-
ter_forward_hook on the Transformers model.

4 Case Studies

We validate Orrery with two replication studies,
each exercising a different subsystem end-to-end:
finding linear directions visually in the embedding
space and validating them through probe training in
the collection workflow (§4.1); activation caching
and steering in the interpretability backend (§4.2).

4.1 Psycholinguistic Norms are Linear
Directions

LLMs encode semantic dimensions linearly: a sim-
ple mass mean probe recovers a factual true/false di-
rection across models (Marks and Tegmark, 2023).
The probe is the vector between the two class
means, § = L (ut — p7), with ¥ being the
within class covariance. Whether this extends to
sentence-embedding spaces remains open.

We probe two sets of human psycholinguis-
tic norms in the embedding space of Embed-
dingGemma and MiniLM from SentenceTrans-
formers (Reimers and Gurevych, 2019).

1. Concreteness ratings for about 40k English
words and two-word expressions obtained
from 4,000 participants (Brysbaert et al.,
2014).


https://github.com/pickles976/GalaxyThreeJS
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Figure 5: 3D UMAP of MiniLM embeddings of the
Concreteness dataset. The concrete/abstract direction
appears visually separated, with a mixed region at the
center.

2. Glasgow norms ~5.5k words rated on nine
dimensions (arousal, valence, dominance con-
creteness, imageability, familiarity, age of ac-
quisition, semantic size, and gender associa-
tion).

The collections are first embedded, projected
and colored using diverging color scales to find
which dimensions appear to be linearly separated
(Figure 5). We train mass mean, Ridge Regres-
sion and SVR probes on the datasets, using 5-fold
cross-validation with an 80/20 split in each fold.
Every dimension visually separable is linearly re-
coverable: concreteness 40k is linearly encoded
in both models (Ridge R2=0.69/0.83; mass mean
R%=0.61/0.71 for MiniLM/EmbeddingGemma).
Glasgow norms are all linearly encoded (ridge
ranges from R?=0.59 to R?=0.85 on Embed-
dingGemma). Nonlinear probes improve slightly
the results (SVR—Ridge < 0.1). Per-dimension
results and the full protocol are in Appendix B.

4.2 Refusal is a Single Vector Away

To validate the steering backend (§3.1), we repli-
cate Arditi et al. (2024) on Gemma-3-4b-it (the
reference uses Gemma-2). Candidate refusal di-
rections 7, are extracted by difference-in-means
between activations over n=128 harmful prompts
(AdvBench (Zou et al., 2023), MaliciousInstruct
(Huang et al., 2024)) and harmless Alpaca instruc-

tions (Taori et al., 2023), at each layer and each of
the five end-of-instruction template tokens.

Arditi et al. (2024) remove refusal by directional
ablation, projecting the unit-norm 7 out of the resid-
ual stream at every layer, h < h — (7' h)#; in
our evaluation, this collapses the model to degen-
erate token loops, possibly caused by the resid-
ual stream growth over layers (Heimersheim and
Turner, 2023).

We instead use ActAdd, the same additive mech-
anism as our SAE steering (§3.1), adding the un-
normalized 7« at a single layer: hg« < hpx +a rp«,
with a« = —1 suppressing refusal and o = +1 in-
ducing it. At ¢* = 13, ActAdd(+1) induces refusal
on 100/100 entirely benign prompts using substring
matching from (Arditi et al., 2024) for compara-
ble results. Using Llama-Guard-4-12B (Inan et al.,
2023) as a harmfulness classifier attack success
rises from 0.11 to 0.83 on JailbreakBench (Chao
et al., 2024) and from 0.21 to 0.86 on HarmBench-
test (Mazeika et al., 2024). All completions were
manually reviewed for coherence. A single vector
at a single layer still suffices to remove refusal or to
induce it, suggesting that mid-generation steering
is a promising avenue (Deng et al., 2026). Vec-
tor selection details and per-category results are in
Appendix C.

5 Conclusions

Orrery connects embedding visualization and inter-
pretability: corpus exploration gains SAE-feature
search and in-interface probing; interpretability
gains the interactivity of modern visualization plat-
forms, with feature spaces rendered as navigable
collections wired to inspection and causal steering.
The case studies display how the platform enables
research end-to-end: linear structure spotted visu-
ally and confirmed by probes (§4.1) and a refusal
direction for safety-testing extracted, injected, and
evaluated without leaving the platform (§4.2).

Beyond interpretability research, the coloring,
temporal, and filtering tools target the navigation
of digital humanities corpora: by breaking the lin-
ear order of texts and drawing similar documents
together in space, connections across authors, pe-
riods, and passages surface visually. The nebula
shaders, highlight traces, and 3D labels are not or-
naments but navigation aids, inviting users to treat a
corpus not as a flat canvas but as a place to explore
with curiosity and a sense of wonder.
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Limitations

Orrery currently fully supports only SAEs from
Gemma Scope 2 and Qwen-Scope. Sup-
port for additional SAE families requires only
an encode/decode implementation and a regis-
ter_forward_hook attachment. SAE search is also
enabled only for the Gemma Scope 2 family, since
the current application downloads labels from Neu-
ronpedia. The backend hosts a working autoint-
erpreter pipeline to generate native labels, which
is still pending validation. SAE searching is also
limited by the noisiness of the labels (Jiang et al.,
2025). While Orrery has been provided to inter-
pretability researchers to debug and experiment, a
systematic user evaluation study has not yet been
conducted. Finally, Orrery has a scale limitation
compared to the millions of points that Nomic At-
las or Embedding Atlas render. This was a delib-
erate design trade-off in favor of 3D navigation,
real-time overlay and volumetric shaders.

Ethics Statement

Our refusal case study (§4.2) replicates a pub-
lished method (Arditi et al., 2024), which can
be run using the refusal_direction code available
on GitHub®. Our experiment reproduces it using
Gemma-3 instead of Gemma-2, and employs the
fork of Gemma-pytorch instead of using Trans-
formers, so the release provides no capability be-
yond what is already public. Our contribution
is reproducibility and tooling for inspecting the
safety-relevant direction. The released SAE tool-
ing supports an emerging line of safety work that
monitors and intervenes on model internals, using
input classification and activation-level steering via
SAE:s or steering vectors (Lu et al., 2026), rather
than easily broken post-hoc alignment. The re-
fusal vectors themselves are not distributed: the re-
leased code contains the extraction and evaluation
pipeline, a download script to retrieve the prompts
(again adapted from (Arditi et al., 2024)), and no
harmful completions. The Hugging Face space
contains no steering interface. The psycholinguis-
tic norms (§4.1) are public datasets of aggregate
human ratings, used under their licenses.
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Dataset Pipeline  Topics Sil. Cy
emotion Orrery 22 0.5259 0.3279
(1k) BERTopic 22 0.5259 0.3431
20 Newsgroups Orrery 214 0.6166 0.6113
(18.8k) BERTopic 214 0.6166 0.6128

Table 1: Parity with BERTopic on identical inputs (same
MiniLM embeddings and UMAP/HDBSCAN configu-
ration). Document—topic assignments are identical (ARI
= 1.0), making silhouette match exactly; the small C,,
gap stems from minor differences in c-TF-IDF keyword
extraction, not clustering.

Points 3DFPS 2DFPS Heap (MB) Load (s)
1,000 88.8 101.7 114 1.7
10,000 91.3 102.9 169 1.7
19,537 84.7 98.1 189 1.7
39,954 78.6 93.7 360 2.8
50,000 74.5 90.7 470 3.0
65,536 71.6 94.3 542 4.2
153,772 51.6 80.9 1,050 7.7
212,478 43.3 74.8 1,441 7.9
250,000 34.5 76.6 1,664 6.4
500,000 24.9 574 3,243 6.4

Table 2: Rendering performance vs. collection size:
mean FPS during continuous camera interaction (orbit
in 3D, pan in 2D), measured on the live application
(Chrome/Metal, MacBook Pro M3, 8 GB RAM, 120 Hz
display). Heap is the renderer’s JS heap after load (3D).

A Embedding Settings

The platform supports 8 embedding providers
for sentence embeddings. Local: Sentence-
Transformers (default), Ollama, FlagEmbedding
for BGE (Chen et al., 2024), and PyTorch for
Qwen (Zhang et al., 2025); via API key: OpenAl,
Cohere, Gemini, and HuggingFace. The settings
include task-type prompts for models that use them,
such as EmbeddingGemma (Vera et al., 2025).

B Probe Settings and Per-Dimension
Results

Probe settings. We evaluate all probes with five-
fold cross-validation, using an 80/20 train—test split
(seed 7) on per-dimension z-scored embeddings.
RIDGE: /5 linear regression, & = 1. SVR: support-
vector regression, RBF kernel, C' = 1. MASS
MEAN: the covariance corrected direction g4 — pt—
of Marks and Tegmark (2023) on a median split,
scored by projection. All probes report R?.

Norm Ridge SVR Mass mean
R2 R2 R2
MiniLM
concreteness 0.72 £0.02 0.77 £0.02  0.64 +0.04
imageability 0.66 +0.02 0.71 £0.02  0.56 +0.03
valence 0.62 +0.02 0.7040.02 0.50 +0.03
aoa 0.56 +0.02 0.63+0.02 0.44 +0.01
semsize 0.58 +0.01 0.67 +0.01  0.47 £0.02
gender 0.51 +0.04 0.6140.03 0.39 +0.05
familiarity 0.46 £0.03 0.52+£0.02 0.36 £0.02
arousal 0.47 £0.02 0.5740.01 0.3540.03
dominance 0.46 £0.03 0.5540.02 0.35+0.03
concreteness-40k 0.69 +0.01 0.74 +0.00 0.61 40.01
EmbeddingGemma
concreteness 0.85+0.01 0.8740.01 0.74 £0.02
imageability 0.79 £0.01 0.82+0.01 0.69 £0.02
valence 0.83 +0.01 0.86+0.01 0.73 £0.01
aoa 0.70 £0.01 0.7240.02 0.35+0.01
semsize 0.75 +0.01 0.8040.01 0.54 40.03
gender 0.72 £0.03 0.77 £0.02  0.42 +0.04
familiarity 0.59 £0.03 0.6040.02  0.35 +0.04
arousal 0.66 +£0.03 0.71 +0.02 0.50 £0.01
dominance 0.64 +£0.02 0.7040.02 0.46 40.05
concreteness-40k  0.83 £0.00 0.84 +0.00 0.71 £0.00

Table 3: Per-dimension recovery of the psycholinguistic
norms at the output embedding; 5-fold cross-validation,
mean +std. Mass mean is the covariance-corrected
difference-of-means direction (p — p_), with R? cal-
ibrated via a train-split. Concreteness-40k is the full
Brysbaert set.

C Refusal-direction evaluation

To extract the refusal vectors, we use the difference-
in-means equation from (Arditi et al., 2024), with
he(x) the residual-stream activation at layer ¢ at
the selected token position for input 2, and H ™,
H~ the harmful and harmless instruction sets on
the residual stream:

1 1
= T > he(w) = 1= > he(z). (1)

reH+ x€H~

This returns a candidate direction per layer and
token position. To select among vector candidates
we rank candidates on the generations of 32 held-
out prompts. To evaluate the generations, following
(Arditi et al., 2024), we score refusal by substring
matching. Since substring matching cannot detect
broken or looped output, we additionally compute
the KL divergence between the steered and un-
steered next-token distributions on a set of neutral
prompts. Since substring matching can only mea-
sure overt refusal, not effective harmful content
ASR is measured by Llama-Guard-4-12B on the se-
lected vector, residual, token position —3, layer 13
(0*=13).
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Figure 6: UMAP projection of Gemini Embedding 2 embeddings of the EMNLP abstracts dataset 2014-2025.
The image displays the density contouring, colored by the topic extraction pipeline. The analytics panel is open,
allowing users to filter by category or drag the temporal-histogram handles.

Set (n) base ActAdd_; ActAdd4:

JBB (100) ref.  0.84 0.00 —
ASR 0.11 0.83 —

HB-test (159) ref. 0.75 0.00 —
ASR 0.21 0.86 —

Harmless (100) ref. 0.04 — 1.00

Table 4: Refusal rate (ref.) and harm attack-success rate
(ASR) under activation addition. ActAdd_; suppresses
refusal, ActAdd.; induces it; a single direction controls
both. JBB: JailbreakBench; HB-test: HarmBench-test.
Refusal (ref.) is scored by substring matching following
(Arditi et al., 2024); ASR is scored by Llama-Guard-4-
12B.

HarmBench category n  base ActAdd_;

Chem./bio. 19 037 1.00
Cybercrime 33 045 1.00
Harassment 16 0.00 0.88
Tllegal 47 0.15 0.87
Misinfo 27 0.15 0.74
Harmful (gen.) 17 0.00 0.59

Table 5: Per-category harm ASR (HarmBench-test)
at * = 13. The weakest cells are disinformation
and generic “harmful”, where the model complies but
Llama-Guard under-scores the output.
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