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ABSTRACT

Interpretability studies often show that some features of language models are eas-
ily interpretable by humans while others are difficult to explain. If such features
are truly beyond human grasp, the field of interpretability may have fundamental
limits. We notice, however, that previous human and automated interpretability
studies typically seek single-shot explanations, and we hypothesise that the lack
of interaction may be a cause for features seeming uninterpretable. To add inter-
action to feature interpretability, we introduce Multi-Shot Autolnterp (MSA), an
agentic framework where LLM agents iteratively refine feature explanations by
forming hypotheses, performing targeted experiments on new sequences, and in-
corporating feedback from feature activations. We find that MSA agents achieve
improved AutoInterp performance on difficult-to-interpret sparse autoencoder fea-
tures with 7.7% greater prediction accuracy than current Autolnterp methods. In
addition, MSA agents produced insightful explanations for features that initially
appeared opaque to the authors, for example illuminating the meaning of a feature
that is activated on tokens representing conceptual parallelism. Our results sug-
gest that features that were previously thought of as uninterpretable may instead
be simply not amenable to single-shot explanation, which increases our estima-
tion of how many features are ultimately human-understandable. We argue that
through multi-shot approaches humans may be able to understand more of the
elusive safety-relevant features in a language model or learn novel, Al-native sci-
entific concepts that were not previously salient to humans.
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Figure 1: Feature explanation refinement using our Multi-Shot AutoInterp Agent. An SAE
extracts features from an LLM (blue). Some of these features yield low prediction accuracy using
one-shot automated interpretability (red). Our Multi-Shot Autolnterp (MSA) agent iteratively re-
fines its explanations by generating hypotheses, testing these hypotheses against sample sequences,
and observing whether the resulting activations fit the agent’s prediction. We show that the MSA
explanations often outperform single-shot explanations on difficult-to-interpret features (green).
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1 INTRODUCTION

Understanding the internal representations of large language models (LLMs) is a central goal of
mechanistic interpretability (Bereska & Gavves|, 2024} |Ayonrinde & Jaburi, [2025). Sparse autoen-
coders (SAEs) have emerged as a promising tool for decomposing model activations into human-
interpretable features (Cunningham et al., 2023} Bricken et al., 2023), but a substantial fraction of
SAE features are often reported as uninterpretable (Rajamanoharan et al.| 2024} [Thasarathan et al.,
2025). Features that have been written off as uninterpretable can nonetheless causally influence
model behaviour. Without understanding these features, researchers are likely to have an incom-
plete understanding of the factors that impact model behaviour, and in particular we may overlook
mechanisms that are important to the safety of foundation models and critical Al systems. Beyond
safety, there is increasing evidence that understanding Al representations may be an accelerant to
the sciences. |[Simon & Zou| (2025) and |Adams et al.| (2025) show that the representations of protein
language models can encode biologically meaningful structure, including insights that may be novel
to scientists.

To understand hard-to-interpret features, humans may need to learn Al-native concepts from
models—a process we refer to as Concept Enrichment (Ayonrinde, 2025)). One inspiring example
of Concept Enrichment comes from [Schut et al.| (2023) who demonstrate that novel chess strategies
from the superhuman chess-playing model AlphaZero (Silver et al., [2017) can be extracted using
interpretability tools and then taught to human chess grandmasters. While Schut et al.| (2023)) show
the potential of using interpretability tools to learn from machines, their approach is focused on a
narrow task (chess) with a relatively narrow Al model (AlphaZero). LLMs, however, are much more
general-purpose Al systems and have been shown to contain rich internal representations across di-
verse domains (Engels et al., 2025} |Gurnee et al.l [2025). As such, learning new concepts from the
internals of LLMs remains an important open problem that requires scalable methods to identify
novel, learnable concepts.

Our contribution. To automate the search for novel, learnable concepts, we introduce Multi-Shot
AutoInterp (MSA): an agentic framework where LLM agents hypothesise, test, and refine expla-
nations of hard-to-interpret features using feedback from feature activations (Section[3). Applied to
complex SAE features, MSA yields statistically significant improvements in detection accuracy and
produces explanations that capture structure not recovered by the one-shot explanations of standard
Autolnterp methods (Section [5). Furthermore, agents uncover latent structure that was opaque to
both the initial explanation and the authors. These results demonstrate that Al agents can learn to
explain complex features whose behavior is difficult for humans to predict, offering a concrete step
toward extracting novel concepts from machines.

2 BACKGROUND

Sparse Autoencoders. Sparse Autoencoders (SAEs) decompose a model’s internal activations
into a sparse, overcomplete set of features (Cunningham et al.| 2023} Bricken et al.|[2023). Let « €
R? be an activation vector at a fixed layer, where d is the layer dimensionality. SAEs approximate
x as a sparse linear combination of K < d features:

r~Wz+b, (D

where W € R¥* X ig the decoder matrix, b € R? is a bias term, and z € R is a sparse activation
vector. We say feature k is activating with strength z; when z; > 0.

Automated Interpretability. Automated interpretability (Autolnterp) uses LLMs to generate and
evaluate natural-language explanations of individual neurons or features (Bills et al., [2023} Paulo
et al.,[2025a). Explanation quality is measured by detection accuracy: given an explanation, a model
predicts whether the feature activates in held-out sequences that can be activating or non-activating.

Concept Enrichment. Concept Enrichment refers to the process of learning novel, model-native
concepts from Al systems (Ayonrinde} 2025)). A leading example is the work of |Schut et al.| (2023),
who extracted complex, novel chess strategies from a strong model. They then successfully taught
these strategies to chess grandmasters.
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3 METHODS

A feature is complex if it yields near-chance detection accuracy using one-shot AutoInterpE] suggest-
ing it encodes patterns too intricate for a single explanation to captureE] To identify and interpret
such features, we use MSA agents to filter for features with low detection accuracy and then itera-
tively refine feature explanations through targeted experimentation and feedback from activations.
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Figure 2: The MSA agent workflow. First, we select features with a low Delphi detection accuracy
and pass them to the initial phase of the agent study, where an LLM agent is provided with example
sequences about the feature and generates an initial explanation. The agent is then scored on a
held-out test set based on this explanation. We then pass those features whose detection accuracies
remain near-chance to the refinement phase, where the agent refines its explanation by generating
its own probe sequences and observing their activations. Finally, we score the agent on a fresh test
set based on its refined explanation.

For each SAE feature, we apply the following sequence: Delphi pre-filter — initial phase expla-
nation generation and evaluation — initial phase filter — Refinement phase refinement and re-
evaluation. We report the final learnability score AAcc for features that reach the refinement phase
(that is complex features).

Delphi Pre-filter. As a low-cost initial filter for complex features, we use “Delphi”, an automated
interpretability method by [Paulo et al.| (2025a), with a relatively weak LLM explainer. We select
features with an average detection accuracy below an upper threshold and pass them to the initial
phase.

Initial Phase: Initial Explanation Generation and Evaluation. The agent receives activating
and non-activating example sequences together with the feature’s activation values, and generates an
initial explanation H;. The agent is then tested on held-out sequences: given a set of new sequences
(both activating and non-activating), the agent predicts which sequences activate the feature, based
on H;. We denote the resulting detection accuracy (computed per agent replicate) as Accy. This
is similar to Delphi, but uses a more capable model, different prompting strategies, and provides
the agent with example sequences and their activation values during testing, not just the explanation
i

Initial Phase Filter. We retain only features whose initial phase detection accuracy remains near
chance (i.e. ~ 50% for balanced test sets) for each agent replicate, confirming that the feature resists
straightforward explanation. These remaining features are deemed complex and proceed to the final
phase.

Refinement Phase: Probe-Guided Hypothesis Refinement and Re-evaluation. In a new con-
text window, the agent is provided with (1) the example sequences from the initial phase, (2) the

"Here, “complex” denotes low one-shot detection accuracy, not intrinsic difficulty.

Following [Bricken et al|(2023); Paulo et al.|(2025a)); Cunningham et al.| (2023), we use an LLM’s ability
to explain a feature as an (imperfect) proxy for how human-understandable a feature is.

3A detailed comparison between the initial phase and Delphi is provided in Section
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test sequences from initial phase with their feature activation values revealed, and (3) the initial hy-
pothesis H;. The agent then repeatedly generates a probe sequence for which it is provided with the
feature activation values. For each probe sequence, the agent uses the activation values to update
its explanation of the feature accordingly. After generating a fixed number of probe sequences, the
agent produces a final refined hypothesis H and is evaluated on a fresh test set. We denote the re-
sulting detection accuracy (computed per agent replicate) as Acce. Full prompts and implementation
details are provided in section[F

Learnability Metric. We quantify learnability AAcc by the improvement in average detection
between the refinement phase and the initial phase, AAcc = Accy — Accy.

4 EXPERIMENTAL SETUP

Models and Dataset. We use Gemma-2-2B (Riviere et al., [2024) as our base model to be ex-
plained, leveraging the Gemma Scope SAEs (Lieberum et al.l [2024) through SAELens (Bloom
et al.| 2024). We use SAE with K = 16,384 features trained on layer 13 residual stream activations
(post-MLP) with an average sparsity of 84E] All sequences are sampled from the SmolLM2 corpus
(Allal et al., [2025)), from which we sample a total of 10M tokens.

Complex Feature Selection. We select the first 500 features by feature ID that have an average
Delphi detection accuracy below 0.60 for the initial phase of the MSA agent, using Qwen3-4B-
Instruct-2507 (Yang et al.l 2025) as the Delphi explainer model. As SAE features are unordered,
this yields a diverse set of features that activate on a variety of different patterns. We select those
features for which no agent obtained a initial phase detection accuracy above 0.60 for the refinement
phase of the MSA agent.

MSA Agent. We use Claude 4.5 Haiku (Anthropic| [2025) as the LLM agentE] We provide agents
with 10 activating and 10 non-activating sequences for the initial explanation generation and for the
tests in both the initial phase and the refinement phase. During the refinement phase, the agent gen-
erates 10 exploratory sequences. For each feature, we sample non-activating sequences randomly,
while activating sequences are drawn from the top 100 sequences by activation, sampling 10 per
stage without replacement. We average agent detection accuracy scores over 5 different agents with
different random seeds, ensuring each agent receives different sequences.

5 RESULTS

Detection Accuracy Improvement. Figure[3|shows the distribution of improvements in detection
accuracy from the initial phase test to the refinement phase test, averaged across agents, for the 45
features which went through the refinement phase. The mean detection accuracy over all features
increased from 51% to 59%. In particular, the effective average improvement, i.e. the improvement
beyond random guessing (50%), was 7% =+ 1% (SE), corresponding to higher accuracy in detect-
ing the presence of feature activations in sequences after iterative refinement. The distribution is
skewed towards positive improvements, with 38 features showing an increase in detection accu-
racy, 6 features showing a decrease, and 1 feature showing no change. A sign tesﬁ applied to the
agent-averaged mean detection accuracies shows that the predominance of improved over degraded
features is statistically significant (p = 1075).

Example of Complex Feature Learning. The aggregate results show that most complex features
improve under iterative refinement, and here we zoom in for an illustrative example. Feature 30 was
initially uninterpretable by the authors but learnable by the agents. This feature had a mean initial
detection accuracy of 46% across agents, which improved to 63% after iterative refinement. The

‘nttps://huggingface.co/google/gemma-scope—2b-pt-res/tree/main/layer_
13/width_le6k/average_10_84

>See Appendix@for a comparison with GPT-40-mini.

SA sign test is a nonparametric test that assesses whether the median of paired differences differs from zero,
using only the sign of differences, with no distributional assumptions. For more details, see (Conover, |1999).


https://huggingface.co/google/gemma-scope-2b-pt-res/tree/main/layer_13/width_16k/average_l0_84
https://huggingface.co/google/gemma-scope-2b-pt-res/tree/main/layer_13/width_16k/average_l0_84
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Figure 3: Iterative refinement of explanations improves detection accuracy across features.
The histogram shows the change in detection accuracies between the initial phase test based on
the initial explanation and the refinement phase test for the 45 complex features considered for the
refinement phase, demonstrating that most features saw an improvement. The dashed line shows the
average improvement of 7.7% + 1.0% (SE).

maximum initial score across agents was 60%, and the maximum final score was 80%, indicating
that hypothesis refinement was necessary to learn the feature’s meaning. Based on its top activating
sequences (see Figure [, feature 30 appears to activate on prepositions such as “on” and “of”.
However, the agent’s initial explanation achieved only 60% accuracy, suggesting a deeper pattern.

Feature #30 activations

| am sorry that you cannot rest in peace.\n\nMore than anything, | am sorry that you didn't have a chance
was why the government wanted to adapt its rules. “The bigger a financial centre is, the greater the risk of its being
1. Do you agree more with Mill or with Kant’s ethics on what actions are morally right

Is it because the troops can carry more ammunition? Is it because the emphasis on American military training

Figure 4: Example activations for feature 30. Four out of the top 100 activating sequences for
feature 30. The feature activates on the highlighted tokens.

Figure[5]shows excerpts from the reasoning process of the agent that achieved the highest final detec-
tion accuracy. The agent initially hypothesizes that the feature activates on prepositions, achieving
60% detection accuracy. After receiving feedback, it recognizes that it missed structural repetition
patterns. The agent then experiments with sequences containing repeated prepositional phrases, yet
observes no activations. It notes that the original activating examples contained more surrounding
context, so it generates longer sequences and observes activations. Finally, the agent synthesizes
these observations into a refined explanation: the feature activates on prepositions and conjunc-
tions appearing within grammatically or conceptually parallel structures. This refined explanation
achieves 80% detection accuracy.

Returning to Figure [ we can verify that the highlighted tokens do indeed appear within parallel
structures. The first sequence contains the repeated phrase “I am sorry that you...”; the second
contains the parallel comparatives “the bigger” and “the greater”; the third contains the parallel “with
Mill” and “with Kant”; and the fourth contains the repeated “Is it because the”. These examples
validate the agent’s refined explanation.

We present additional complex yet learnable features in Section [B]

6 DISCUSSION AND CONCLUSION

Our results indicate that the Multi-shot Autolnterp (MSA) agent allows LLM agents to produce
more accurate explanations of concepts underlying SAE features. This is reflected in an average
increase in detection accuracy of 7.7 percentage points compared to explanations produced after a
single exposure to activating sequences, with 84% of features showing some improvement and 34%
showing an improvement of more than 10 percentage points.
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Figure 5: Agent outputs while learning feature 30. The agent iteratively refines its hypothesis
through experimentation, improving detection accuracy from 60% to 80%. “E1” refers to the initial
examples provided to the agent.

One implication of the agents’ performance is the potential to improve understanding of features not
only for agents, but also for humans. Firstly, there is some evidence that LLMs and humans perform
cognitive tasks similarly (Binz & Schulz, 2023)E| If both humans and AI understand similar ex-
planations then (1) the features that had increased detection accuracy are likely also understandable
by humans, and (2) the explanations our agents found have the potential to accelerate human un-
derstanding of these features.Secondly, using human learners in the place of our MSA agents could
provide an effective way for humans to learn complex features. Together, these two mechanisms
provide ways for humans to learn novel concepts from the internal representations of LLMs.

Limitations. Our learnability results use LLM agents as proxies for human learners, but agent
learnability need not imply human learnability or vice versa. Another limitation is that negative
examples are sampled randomly from non-activating sequences instead of using hard negative min-
ing (Sohn, 2016} |Liu et al., 2016). Random sampling can hence result in overly easy negatives, and
coarse explanations may achieve high detection accuracy without capturing the feature’s true bound-
ary. Moreover, positive examples are drawn from high-activation contexts, which do not reflect the
full activation distribution. Our claim that the MSA agent is a way to learn concepts in LLMs is also
conditional on SAE features being a “real” representation of concepts in an LLM.

Future work. In addition to filtering for complex features, importance-based feature selection
could help prioritize features that have the greatest impact on the base model’s behaviourﬂ To
assess whether the learnability candidates produced by the LLLM agents are truly human-learnable,
future work should carry out studies where humans are presented with approaches similar to the
MSA agent we used for the LLM agents.

7Though see also|Goodfellow et al.[(2015) and Moravec’s paradox (Moravec, |1988) for ways in which the
human and Al skill profiles can be quite different.

8We attempted to implement importance filtering using direct logit attribution, and discuss the results in
Section D}
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A RELATED WORK

A.1 AGENTIC INTERPRETABILITY

Standard automated interpretability is one-shot (Paulo et al., 2025a): an LLM is provided with
examples, produces an explanation, and is evaluated based on the explanation. This works well for
many features but not for those whose activation patterns are not apparent from a small sample. One
solution is to let agents iteratively explore feature behavior, an approach that has been pursued by
recent work at varying levels of automation.

Interactive and human-in-the-loop systems. One approach keeps the human in the loop, using
agents to accelerate rather than replace the researcher. Scribe (Bissell et al.||2025)) is an interpretabil-
ity research agent that can autonomously find interesting SAE features, analyze activations, and run
steering experiments, but the research direction remains human-driven. Seer (Ajobi, [2025) provides
sandboxed environments in which agents execute interpretability experiments iteratively on behalf
of a researcher who defines the investigation. Kim et al.[(2025) propose a multi-turn conversational
approach in which an LLM proactively assists human understanding by building a model of the
user’s knowledge, requiring continuous human engagement. These systems reduce manual effort
but still depend on a human to set goals and judge results.

Fully automated agentic interpretability. Fully automated systems remove the human from the
loop entirely. MAIA (Shaham et al.||2024) equips LLM agents with tools for generating and testing
hypotheses about neuron behavior in vision models. SAGE (Han et al.,[2025)) iteratively refines SAE
feature explanations, improving average explanation quality.

Rather than improving explanations on average, our work evaluates the question of whether agentic
refinement helps agents learn complex features specifically, those that resist one-shot explanation,
and whether the resulting explanations help humans understand novel concepts.

A.2 SAE-BASED SCIENTIFIC DISCOVERY

Al systems trained on scientific data may learn representations that capture scientific concepts un-
known to human researchers. Extracting such concepts could lead to new scientific insight, but it
requires methods that surface interpretable, novel features. In protein biology, Simon & Zou|(2025)
and |/Adams et al.| (2025) show that applying SAEs to protein language models recovers features
corresponding to known functional motifs, demonstrating that SAE features encode meaningful
structure. In genomics, Brixi et al.[(2025) and [Wang et al.[(2026) use SAEs to identify biologically
relevant features in DNA and genomic foundation models. A key open question in this line of work
is whether the novel (previously unknown to humans) concepts these methods uncover are human-
understandable. While we have not applied the MSA agent to assess human learnability of novel
features, it provides one possible pathway for evaluating such feature learnability.

B RESULTS FOR ADDITIONAL FEATURES

B.1 FEATURE 368

At first glance, the pattern in the top activations may seem simple: this feature appears to activate
on commas in fronted dependent clauses (e.g. “From the airport, local taxis are available” rather
than “Local taxis are available from the airport”). The agent notices this pattern in its initial expla-
nation but achieves only a 55% detection accuracy. It tests a simple fronted clause but observes no
activations, hypothesizing that the pattern may depend on preceding context. Once the agent adds
preceding context to its previous probe sequence, it observes activations. Its final explanation is that
this feature activates on commas following dependent clauses, but only if there is preceding context.
Thus, while the activations shown may have suggested a simple one-shot explanation, the agent was
able to identify a subtle hidden pattern via multi-shot experimentation.
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Feature #368 activations

The nearest airport to Gangtok is in Bagdogra near Siliguri. From the airport, local taxis are available
What the heck. If it doesn’t work, it won’t cost us anything. And if it does work, we’re golden.”

the process of creating the S-Function block by using the Simulink® Legacy Code Tool. Using this tool, you specify

ship with a locked bootloader, meaning that users can't flash the bootloader or device partitions. If needed, you

. l J
( )\
Initial hypothesis Score

|§ The pattern appears to be *xcommas used after introductory or parenthetical phrases** | | 55%
| @ . The correct answers reveal the pattern is xxbroader than I thoughtx*x |
(. J

'

P
Experiment #1

|ﬁ x While taking this medication, contact your doctor immediately. (No activations) |

s My probes have been testing **isolated sentencesxx. The pattern may depend on **context
@ . before the sentencex* or *xlonger, more complex passages** with multiple clauses.

P
Experiment #5

« g¢ This medication should not be used during pregnancy unless the benefits outweigh the risks. If you become
e pregnant while taking this medication, contact your doctor immediately.

s Activation confirmed! 9.942 on the comma. The pattern **requires surrounding context*x—the
comma activates when embedded in a longer passage, not in an +isolated sentence.

p
Final hypothesis Score

. Feature 368 detects *xcommas that follow introductory phrases, prepositional phrases,

. . 100%
@ or dependent clauses when those sentences appear after prior sentences in a passager* ¢

Figure 6: Example activations and agent output for feature 368. Four out of the top 50 activating
sequences for feature 368 (top/blue). The feature activates on the highlighted tokens. The agent
iteratively refines its hypothesis through experimentation, improving detection accuracy from 55%
to 100%.

B.2 FEATURE 505

Due to the activations on a wide variety of nouns and adjectives surrounded by diverse contexts,
this feature appeared unclear to the authors. The agent also seemed unsure of the pattern, as it
broadly hypothesized that the feature encodes “semantically unified multi-token phrases”. However,
it eventually tested a paraphrased positive sequence from phase 1 and surprisingly observed no
activations. The agent then double-checked by probing with the original sequence and found that it
indeed activated. It reasoned that the only difference between its probe and the original sequence was
the exact structure—specifically “repetition with elaboration”. This explanation ultimately yielded
85% detection accuracy, suggesting that the agent learned the key pattern. Top activating sequences
support this pattern. For instance, “negative stereotype” activates when followed by examples like
“Rednecks” or “Ignorant”. On the other hand, adjectives like “sarcastic” activate when contrasted
with “hysterical” within an explanation. Ultimately, by reading over the agent’s explanations, the
authors were able to better understand the feature’s behavior.
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them with a negative stereotype, e.g. Rednecks, Flag Waving Patriots, Ignorant\n\n2. Teaching people to model
cymbals fitted into the wooden rim, or a rim only (usually made of synthetic material).\n\n A wooden percussion box.

KFEE was also used to mean “Oomitakara” which means “Great Honored Treasure.”\n\nThe Japanese word

Sally just laughed. It was not a hysterical laugh, just a soft sarcastic one: "l ought to give you a good punch for that

| l J
( g . B
Initial hypothesis Score

| @ **Semantically unified multi-token phrases that represent distinct conceptual units*xx | | 50%
|@ . Tokens that form xxinformation-rich, definitive, or taxonomically relevant phrasesx* |
(. - J
v

P
Experiment #5

s The green iguana is a large lizard species classified in the genus Iguana, family Iguanidae. It is an adept
@ X climber and has a speed of 25 miles per hour. (No activations)

s Significant finding: This exact content (green qiguana species classification + speed
@ . characteristics) mirrors T1 Seq 4, which was True. Yet my probe produces zero activation

p
Experiment #6

There are several reptile species in the region. The iguana is particularly notable. The green iguana is a
@ x large lizard species classified in the genus Iguana, family Iguanidae. It is an adept climber and has a speed of
25 miles per hour. Other species include snakes and turtles.

s This is xxrepetition with elaboration*x or xxsemantic reinforcement**—a term mentioned
@ . casually, then re-encountered in a more specific, technical context.

Final hypothesis Score

. The pattern appears to mark *xthe transition point where everyday concepts are

c X . N s s 85%
@ formalized into technical/scientific definitions*x

Figure 7: Example activations and agent output for feature 505. Four out of the top 50 activating
sequences for feature 505 (top/blue). The feature activates on the highlighted tokens. The agent
iteratively refines its hypothesis through experimentation, improving detection accuracy from 50%
to 85%.

B.3 FEATURE 490

The agent begins by probing with a paraphrasing of a positive sequence from phase 1. However,
it observes that it surprisingly does not activate. The agent then probes with a more exact copy
of the original positive sequence and observes an activation. Comparing the two probes, the agent
realizes that the main difference is the structure: activation “depends on comparison/contrast struc-
ture”. While this explanation explains top activating sequences, the agent continues to iterate and
eventually generates a probe that does not activate as expected. The agent then quickly pivots expla-
nations toward “prepositions functioning as connectors”, leading to a final explanation of “discourse-
coherence markers”, which deviates from the original explanation. Nevertheless, with the context
of all its tests in mind, the agent is still able to achieve 85% detection accuracy. Despite its tangent,
the intermediate explanations helped the authors better understand this feature’s behavior.
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)! lol\nlt's almost the same as the one | did for Teigan, but the Nestie die | used for the ribbon is plain,
Sometimes | wonder if Im as famous for my wheelchair and disabilities as | am for my discoveries.

Kim: The paranoia that | have with getting a spray tan is the same paranoia | have when I'm trying a

give Moses the Ten Commandments?\nA: Mt. Sinai\n\nQ: What golden image did the Israelites make at Mt. Sinai?

| l J
( )\
Initial hypothesis Score

|@ *xfunctional/relational words that establish connections between entitiesxx | | 55%
| @ _ language that *xestablishes semantic or functional relationships between entitiesxx |
& . J
v

p
Experiment #2

|§ X | have paranoia with getting a spray tan when I'm trying something new. (No activations) |
N This probe directly mirrors Sequence 7 from E1 ("paranoia that I have with getting a spray
@ . tan when I'm trying"). However, my probe shows *xzero activationsx
(. J

'

p
Experiment #3

s Sometimes | wonder if I'm as famous for my wheelchair as | am for my discoveries. The sweetest joys of
@ X life come only with recognition that you're not special.

s **Critical insight:xx The pattern is *xposition-sensitive and depends on comparison/contrast

@ . structurexx
(. = J
v
( N\
Experiment #6
@ j}( The best solution to the mystery is a key to understanding the enigma. (No activations)
s "solution xxtoxx the mystery" and "key xxtoxx understanding" shows *xzero activationsxx
@ . **Revised hypothesis:*x* The pattern detects **prepositions functioning as connectors
| - S/
v
s N\
Final hypothesis Score

. *xFinal refined hypothesis:** Feature 490 detects **discourse-coherence markers 1in

¢ . . 85%
€@ authentic, multi-genre natural textxx

Figure 8: Example activations and agent output for feature 490. Four out of the top 50 activating
sequences for feature 490 (top/blue). The feature activates on the highlighted tokens. The agent
iteratively refines its hypothesis through experimentation, improving detection accuracy from 55%
to 85%.

C COMPARISON WITH DELPHI

Our implementation of phase 1 in Section [3]is similar to Delphi [Paulo et al (2025b) in that they
both generate explanations and then score them using detection accuracy. However, there are a few
differences that make phase 1 and Delphi distinct:

* Delphi samples activating sequences across quantiles by default, whereas we sample the
top activating sequences.

* Delphi uses an explainer model to generate a feature explanation, which is then handed
off to a separate scorer model to predict activations. We use a single model to explain and
predict within the same context window.
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We suspect that these methodological differences cause detection accuracy in phase 1 to be higher
on average than in Delphi.

D IMPORTANCE CRITERION

We originally sought features that were both complex and important. However, we found that these
features often encoded relatively simple grammatical concepts. Here, we provide our definition of
importance and visualize the relationship between complexity and importance.

D.1 IMPORTANCE DEFINITION

For an input sequence x and token position 7, let
ZkL(ilf) S RZO 2)
denote the activation of SAE feature £ at position 7.

Let vj(x,i) be the j-th top-M predicted next token at position i. Let dj, € R? denote the k-th

column of the SAE decoder matrix W, and let dk and 1, denote the ¢o-normalized SAE decoder
and unembedding vectors, respectively. Define the direct logit attribution (Wang et al.,|2022))

ak(waivj) = dk . ﬁv_j(w,i)7 (3)

which is a linear approximation of how strongly feature k contributes to increasing the logit of the
predicted token v;(x, 7) at position 7 in input .

We define the weighted attribution as
wk(w,’l/,]) = Zki7i(m) ak(mvimj)? (4)
i.e., it scales the direct logit attribution by the feature’s activation strength.

In order to compute feature importance, we consider the expected weighted attribution and expected
activation of feature k, where the expectation values are taken over dataset samples x, token posi-
tions %, and top-M predicted tokens j:

Elwi] := Eaijlwe(z,i,5)],  Elzt] := Eqlzni(x)] - (5)
We define the importance Iy, of feature k as
E[wg]
Iy = ————, 6
k E[Zk] +e ©)

where ¢ = 10~% is a small constant to prevent division by zero. The importance I}, therefore mea-
sures how strongly feature k tends to push the model toward its own preferred next-token predictions,
conditional on the feature being active.

This filtering of importance parallels [Schut et al.| (2023))’s approach, but while they measured im-
portance by presence of a feature in stronger, but not weaker models, we operationalize importance
directly via a feature’s impact on next-token prediction.

D.2 IMPORTANCE SETUP AND RESULTS

For our importance calculations, we used the same dataset as described in Section@ We set M = 10
for the top-M predicted tokens to consider in Equation (6)).

Figure [0 shows feature importance versus Delphi scores for all 16,384 features, illustrating the
four quadrants defined by importance and complexity. Features 7759 and 6213 exemplify how
importance filters for grammatical concepts: Feature 7759 activates on the word ‘““should”, while

99 <

feature 6213 activates on nouns following intensifying adjectives (e.g., “very”, “sought-after”).
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Figure 9: Feature importance vs. automated interpretability detection accuracy scores for all
16, 384 features of the SAE. Histograms are shown on the top and right axes for importance (cal-
culated via direct logit attribution) and Delphi’s autointerp detection accuracy, respectively. Dashed
lines indicate the mean detection accuracy (0.64) and mean importance (0.008). Each of the four
coloured points exemplifies a feature in one of the four quadrants of importance vs. detection accu-
racy.

E WEAKER LLM EXPLAINERS

To assess whether feature learnability under the MSA protocol depends on agent capability, we re-
peated our learnability experiments using a weaker LLM agent, GPT-40 mini. For both LLM agents
used (Haiku 4.5 and GPT-40 mini), at least four out of five agents produced correctly formatted
output for each feature in the initial phase. Figure [E] shows the distribution over agent-averaged
initial detection accuracies for both LLM agents, showing that GPT 4o0-mini produces a much lower
average initial score (mean 64%) compared to Haiku 4.5 (mean 70%).

There are many more features in the lower score range (50-60%) for GPT-40 mini, indicating that
there are more features that are challenging for this LLM agent. When running the MSA protocol
on the 170 selected features, we find that the agents struggled with tool use, and there are only 97
features where each of the five agents produced correctly formatted output in the refinement phase.

16



Published as a conference paper at ICLR 2026

Claude Haiku 4.5 GPT-40 mini
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Figure 10: Initial detection accuracy increases with LLM agent capability. Distribution of initial
detection accuracy scores for Claude Haiku 4.5 and GPT-40 mini. The distribution for Claude Haiku
4.5 is shifted to the right, indicating higher one-shot explanation performance relative to GPT-40
mini. GPT-40 mini therefore treats more features as complex, even when those features are readily
explained by Haiku 4.5.

For those 97 features, we find that the average increase in detection accuracy is only 1.9% =+ 0.3%
(SE), which is significantly lower than the increase observed for Haiku 4.5 (7.7%=+1.0%). There are
only 2/97 features with an increase of more than 10% in detection accuracy, as opposed to 16/45
features for Haiku 4.5. However, a sign test still indicates that the predominance of 54 improved
over 28 degraded features is statistically significant (p = 0.005).

These results indicate that the choice of LLM agent has a strong effect on the learnability of features
through the MSA protocol. This suggests a capability threshold: as explainer models improve,
iterated automated interpretability and agentic refinement become increasingly practical research
directions for features that previously appeared intractable. This mirrors how few-shot prompting
became broadly useful only once models were good enough at in-context learning (Wei et al.,[2022).

F EXAMPLE AGENT TRANSCRIPT AND TOOL DEFINITIONS

F.1 EXAMPLE AGENT TRANSCRIPT

We present the conversation flow of our agent study, showing system prompts, user messages, agent
responses, and tool interactions in their original order. While individual messages are truncated for
brevity, no steps in the interaction sequence are omitted; truncations are indicated with “...”. The
prompts and example text sequences are illustrative, the concrete text excerpts relate to feature 30.

Phase 1

System Prompt

You are a creative and analytical thinker focused on identifying
patterns in sequences of text. You will go through phases of
exploration and testing to understand a single hidden pattern.

In phase El1, you will be shown multiple different sequences, some
containing the hidden pattern and some not. Those that contain
the pattern will have markings like <<this>> surrounding important
tokens relating to the hidden pattern. IMPORTANT: The <<angle
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brackets>> and activation values are annotations to help you|they
are NOT the pattern itself. Your hypothesis should describe

what the marked tokens have in common, not simply that they are
marked. Consecutive important tokens appear together: <<just like
this>>. Each sequence is formatted with a header (’/===== Sequence
i =====’), followed by the sequence itself. A divider (/--——- ")
separates the sequence from numerical values corresponding to each
marked token and how representative it is of the hidden pattern.
If the sequence does not contain the pattern, this space will

say ’'None’. You will form a hypothesis about what the pattern is
based on these marked sequences. Patterns may involve semantic,
grammatical, positional, or other concepts. Pay more attention

to high-importance tokens than low-importance tokens when forming
hypotheses. Also pay attention to the tokens surrounding the
marked tokens, as they too can influence whether the pattern is
present.

In phase Tl, you will be given new sequences without markings to
test your understanding of the pattern. You will use the provided
‘submit _predictions' tool to submit your True/False predictions for
which of these sequences contain the pattern.

Be concise in your answers. Avoid listing examples, and prioritize
conveying your hypotheses clearly and succinctly.

It is now Phase El.

Follow your instructions given the following sequences:

========== Sequence (: ==========

but let’s divide it into chunks and start understanding it piece by
piece.

Go to line 106 (github gist)

In our try

Token activations:
" but’: 0.000

" let’: 0.000
rrr.0.000

"s’: 0.000

' divide’: 0.000
rit’: 0.000

’ into’: 0.000

’ chunks’: 0.000
" and’: 0.000

' start’: 0.000

’ understanding’: 0.000
rit’: 0.000

" piece’: 0.000

" by’: 0.000

" piece’: 0.000
.7 0.000

n’: 0.000
"Go’: 0.000

" to’: 0.000

’ line’: 0.000
rr: 0.000
r17: 0.000

18



Published as a conference paper at ICLR 2026

"0’: 0.000

"6’: 0.000

" (': 0.000
"github’: 0.000
" gist’: 0.000

")': 0.000
n
n’: 0.000

"In": 0.000

" our’: 0.000

" try’: 0.000

(No activations above threshold)

Phase E1 Analysis

Hypothesis: The hidden pattern is: **Preposition-based phrasal or multi-token sequences where spe-
cific prepositions appear together with certain surrounding tokens that form meaningful semantic
units. **

User

It is now Phase T1.

Follow your instructions given the following sequences:

========== Sequence (0: ========== |, and why does it matter? Where
does it come from? What does it look like in practice? How do
people use it to find religious meaning? Why

Tool Call

submit _predictions("0": false, "1": false, "2": true, "3":
false, ... )

"O": true, "1": false, "2": true, "3": false, ...

Phase 2

System Prompt

You will now continue with additional phases to further refine your
understanding of the pattern.

In phase E2, you will design and run experiments to probe the
boundaries of your hypothesis. You will run a single experiment
at a time. 1In each experiment, you will generate a single

probe sequence and then submit a single tool call using the
‘get_activations' tool to see whether the pattern is detected in
that sequence. After each experiment, reflect on the results and
update your hypothesis accordingly, if at all.

Keep in mind all previous results from phases El, Tl, and E2 as
you refine your hypothesis; it should be consistent with all known
data.
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In phase T2, you will again predict the presence of the pattern in
new sequences based on your refined hypothesis. You will use the
‘submit _predictions' tool to submit your True/False predictions.

Be concise in your answers. Avoid listing examples, and prioritize
conveying your hypotheses clearly and succinctly.

User

=== RECAP FROM PREVIOUS PHASES ===

In Phase El, you were shown these LABELED sequences (with
<<markers>> indicating the pattern):

========== Sequence (0: ========== but let’s divide it into chunks
and start understanding it piece by piece.

Go to line 106 (github gist)

In our try

Token activations:
" but’: 0.000

" let’: 0.000
rrr.0.000

"s’”: 0.000

' divide’: 0.000
rit’: 0.000

’ into’: 0.000

’ chunks’: 0.000
" and’: 0.000

' start’: 0.000

’ understanding’: 0.000
rit’: 0.000

! piece’: 0.000

" by’: 0.000

" piece’: 0.000

.7 0.000
n
n": 0.000

"Go’: 0.000

" to’: 0.000

’ line’: 0.000
rr: 0.000

"17: 0.000
"0": 0.000
"6’: 0.000

" (': 0.000
"github’: 0.000
" gist’: 0.000

ryr: 0.000
n
n’: 0.000

"In’: 0.000

' our’: 0.000

" try’: 0.000

(No activations above threshold)

Your E1l hypothesis was:
# Phase E1 Analysis
## Hypothesis
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The hidden pattern is: *xPreposition-based phrasal or multi-token
sequences where specific prepositions appear together with certain
surrounding tokens that form meaningful semantic units.x*x*

In Phase Tl, you were tested on these UNLABELED sequences:
========== Sequence (0: ========== |, and why does it matter? Where
does it come from? What does it look like in practice? How do
people use it to find religious meaning? Why

Your predictions and the correct answers were:

Sequence 0: predicted False, actual True
Sequence 1: predicted False, actual False
Sequence 2: predicted True, actual True

Sequence 3: predicted False, actual False

&éﬁr Tl score was 60%.

=== END RECAP ===

Based on this recap, briefly analyze what you got wrong and refine

your hypothesis. Do NOT make any tool calls yet - Phase E2 will
begin with a separate prompt.

## Analysis of T1 Errors
I made **8 false negatives** (missed true patterns) and **1 false positive**:

**Halse Negatives (predicted False, was True):**
- Seq 0: ”why does it matter? Where does it come from?”

It is now Phase E2.

Follow your instructions to probe your hypothesis.

The ‘feature_id‘ argument you must use is 30. Number of probes
remaining: 10.

get_activations ( ===== Probe sequence ===== Do you like apples? Do
you like oranges? Do you like bananas?
Token activations:

"Do’: 0.000

" you’: 0.000

" 1like’: 0.000

" apples’: 0.000

r?': 0.000

" Do’: 0.000

’ you’: 0.000

r like’: 0.000

" oranges’: 0.000

r2’: 0.000

" Do’: 0.000

" you’: 0.000

" 1like’: 0.000

" bananas’: 0.000

r?': 0.000

(No activations above threshold)
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User

Reflect on your probe results. Be concise.

**Reflection: **

My hypothesis about anaphora/repetition was wrong.. ..

[Probing continues for remaining iterations. .. |

User

It is now Phase T2.

Follow your instructions given the following sequences:
========== Sequence (0: ==========

my energy in answering to the \why" question. Why should people
share? Why should they care about the LoS? Why should they spend
their time on

Tool Call

submit_predictions( "predictions": "0": true, "1": false,

)

"O": true, "1": false,

F.2 TooL DEFINITIONS

The agent has access to two tools during the study:

submit_predictions (predictions: dict[str, bool]) -> str

Submit predictions for whether each sequence contains the hidden pattern. The predictions
argument maps sequence IDs (as strings) to boolean values.

get_activations (feature_id: 1int, sequence: str) -> str

Probe a custom sequence to see which tokens activate the pattern. Returns the sequence with acti-
vated tokens marked and their activation values.
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