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Abstract

A central goal of mechanistic interpretability is to understand how neural networks
work, and what each individual component does. Dominant circuit-finding ap-
proaches focus on a specific behavior and reverse-engineer the role of components
on the associated sub-distribution. Past work has shown however, that components
can have different functions that are active on different subsets of the input distri-
bution. In this work we test whether it is possible to understand individual weights
globally, on the full training distribution. We focus on weight-sparse transformers
in which we expect individual weights to be more interpretable than dense models.
Here, we introduce introduce an automated LLM-pipeline that produces a short,
human-readable account of when a given weight matters, verifies this account on
held-out data, and applies it at scale to compare two weight-sparse transformers
against two dense models. Empirically, we find that a significant percentage of
nonzero weights on sparse transformers are interpretable (17 — 35%), compared
to 5 — 9% on dense models. Our results are a proof of concept that a substantial
fraction of language model weights can be interpretable, and confirms that the
weights of sparse models are more interpretable that those of dense models.

1 Introduction

While large language models have rapidly increased in capability, we are still far from understanding
how they work. Mechanistic interpretability aims to reverse-engineer neural networks into the
algorithms they implement, and the dominant approach does so by isolating circuits responsible
for specific behaviors [1H4]. A circuit tells us what a set of weights does in service of one task on
one distribution, but the same weight can participate in many circuits, contributing differently to
each [5 16].

As an alternative, we ask whether we can understand what an individual weight does on the full
training distribution. In standard dense models, this question is difficult to investigate due to
superposition: the weight basis is not an interpretable basis of the network’s parameters [[7H9], with
rare exceptions [10]. Recent work on weight-sparse transformers [11] addresses this by training
models in which most weights are forced to zero, leaving a small number of surviving weights that
organize into compact, readable circuits while the model retains its language modeling capability.

This makes weight-sparse transformers a natural testbed for our question. The zero weights are
trivially interpretable since they contribute nothing to the model’s behavior; the open question is
whether the surviving nonzero weights are interpretable too. These models let us develop weight-
based interpretability pipelines today; once the field identifies an interpretable basis in parameter
space for dense models (e.g. [12}[13]]), we hope to apply these pipelines to frontier language models.

What would it mean to find that a weight is interpretable? We make a specific choice: we try to
explain when a weight matters; that is, the inputs on which it has a measurable effect on the model’s
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Figure 1: Per-weight causal impact distribution on a held-out distribution. Gray bars: total nonzero
weights per |ACE| bin. Colored bars within each gray bar show the fraction of weights in that bin
that pass our interpretability test. The right-most column collects parameters that are exactly zero.
Pooled interpretability scores across all nonzero weights: Gao et al. (2025) 35.3%, Drori (2026)
sparse 17.2%, Drori (2026) dense 9.0%, Pythia-70m 5.0%.

output. This does not capture everything one might want from a full understanding of a weight, but it
is concrete, testable, and a natural starting point. For each weight we propose a short, human-readable
explanation of when it should be active, and we evaluate the explanation by checking whether it holds
on data the explanation was not generated from.

Doing this at scale is hard for two related reasons. The first is automation: a sparse transformer has
tens of thousands of nonzero weights, and any useful test must run across all of them without human
inspection of each one. The second is measurement: a useful score must capture two properties at
once. When the explanation claims a weight is active, ablating it should reduce model performance on
those inputs; when the explanation claims the weight is inactive, ablating it should leave performance
unchanged. Without the first, the explanation does not account for the weight’s effect; without the
second, the explanation passes trivially by being too broad.

In this paper we introduce an automated, LLLM-based pipeline that addresses both challenges. For
each nonzero weight we ablate it and measure the resulting Kullback-Leibler (KL) divergence and
cross-entropy (CE) shift on a held-out corpus, prompt an LLM to generate candidate Python functions
describing the token contexts most affected by the ablation, and score each candidate, taking the best
of n candidates as the explanation. We test the pipeline on a weight-sparse coding transformer [11]], a
sparse-and-dense SimpleStories pair [14]], and Pythia-70m as a dense pretrained control. We find
that the pipeline assigns interpretable predicates to 17-35% of nonzero weights in the sparse models,
compared to 5-9% in the dense baselines, and the gap persists when predicates are re-evaluated on
a held-out corpus. Combined with the trivially interpretable zeros, this means a large fraction of
parameters in weight-sparse transformers admit per-weight explanations, while the same is not true
of dense models.

Our contributions are as follows.

* A framework for per-weight interpretability. We define what it means for a single weight
to be interpretable in terms of two complementary checks. Recovery measures how much of
the weight’s ablation effect a candidate explanation accounts for. Inverse measures the effect
recovered by the explanation’s negation, which guards against explanations that succeed
only by being too broad.

* An automated LLM pipeline. Given a weight, the pipeline profiles its ablation effect
across a corpus and returns a scored explanation of when the weight matters, with no manual
inspection required.

* Empirical evidence that a substantial fraction of nonzero parameters in weight-sparse
transformers are individually interpretable, far above what is achievable in dense controls,
and the gap survives held-out validation.

2 Related work

Circuit decomposition from weight matrices. A line of work going back to the original Circuits
Thread [2 and continued in recent bilinear-MLP analyses examines weight matrices to
extract circuits responsible for specific behaviors. The unit of analysis is the circuit; weights enter
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Figure 2: Per-weight interpretability pipeline. Given a target weight W; ; in an MLP layer, we run
both the original model and an ablated copy on a corpus, measure the per-token KL divergence
between them, and extract the token contexts that account for the top 90% of cumulative KL. These
contexts are passed to an LLM, which proposes candidate predicates describing them; the highest-
scoring candidate becomes the weight’s interpretation.

as ingredients of larger structures rather than as objects of explanation. Approaches in this style
identify a behavior, isolate the subnetwork that implements it, and read off the weight matrices that
compose it. This is powerful when the target behavior is known in advance, but it does not produce a
global account of what the model contains. Our approach inverts the dependency: we ask what each
individual weight does without first committing to a behavior, which lets us characterize weights that
participate in no named circuit at all, at a scale that hand-curated circuit extraction cannot reach.

Interpretable-by-design and sparse-weight transformers. Several lines of work have produced
transformers whose weights admit direct interpretation. Tracr [18]] compiles models from a high-level
program (RASP;[19), so the interpretability of the resulting weights is a property of the compilation
pipeline rather than something the model acquired from a training objective. A second line of work
modifies the training recipe itself to encourage interpretability, by introducing an activation function
(the Softmax Linear Unit) that increases the fraction of MLP neurons responding to a single human-
interpretable concept without sacrificing language modeling performance [20]]. In our setting, Gao et
al. 2025 [[L1]] train transformers in which most weights are forced to zero, and show that the surviving
weights organize into compact, readable circuits for specific behaviors. Drori 2026 [14]] extend this
with the SimpleStories sparse-and-dense pair, which couples a sparse reasoning core to a dense output
head and recovers more of the loss-capability frontier than fully sparse training. Our contribution is
complementary; the sparse models are our testbeds [[11,[14]. Where prior work establishes that sparse
training produces interpretable circuits, we ask whether the individual parameters of these models
admit per-weight explanations without first choosing a behavior.

Parameter decomposition. A second line of work treats parameters as the unit of analysis but
decomposes them into a learned basis of components rather than interpreting the raw entries. APD
[13], SPD [21], and L3D [22] all follow this strategy. The motivation is that decomposed components
may correspond to recognizable functions even when individual weights do not, which our results
confirm is the case for dense models. We take a different approach. In sparse models, the raw weights
are already a candidate basis for interpretation, and no decomposition step is needed. Working with
the parameters as trained avoids the question of whether a learned decomposition reflects the model’s
computation or the optimization pressure of the decomposition objective. It also yields per-parameter
rather than per-component answers, which is the relevant unit when the goal is to identify or edit
specific parts of the model.

3 Methods

Our pipeline takes a single nonzero weight as input and returns a Python function that describes when
the weight is active, together with quantitative scores measuring how well it explains the weight’s
effect on the model. The pipeline has three stages, summarized in Figure[2} (i) compute the weight
importance location by ablating it and measuring the per-position KL divergence between the original
and ablated models; (ii) prompt an LLM to generate candidate predicates from the most-affected
token contexts; and (iii) score each candidate by running the original model with the weight gated on
or off according to the predicate, and keep the best one. We describe each stage below, give the full
algorithm in Algorithm [T} and end with the experimental setup.
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Figure 3: An interpretable weight from the Gao et al. (2025) sparse code transformer. Left: distribution
of per-token KL divergence over the corpus when this weight is ablated, with the cumulative KL
shown in yellow. Right: three token contexts drawn from the top of the KL distribution. Each panel
shows the surrounding text, the position of the affected token, and the largest probability shifts (red:
probabilities decreased by ablation; green: increased).
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Figure 4: An interpretable weight from the sparse SimpleStories model. The same display as Figure |3}
the affected tokens cluster around speech-verb contexts (“called”,“shouted”, “voice”, etc.).

3.1 Computing single-weight importance location

To ask whether a single scalar weight w in an MLP layer is interpretable, we first need to know
whether and where it matters. We do this by ablation: we run the model twice on the same corpus,
once normally and once with w set to zero, and compare the two next-token predictions at every
position. The per-position disagreement is the KL divergence between the original and ablated
model, which we denote KL,,. The positions with the largest KL, are the ones the weight influences
most, and the cumulative distribution over KL, tells us how concentrated the weight’s effect is. We
summarize a weight’s overall importance by its cross-entropy impact ACE, the difference between
the corpus cross-entropy of the ablated model and that of the original. Figures[3] @] and[AT]show
example weights processed this way, with their KL distributions and the token they most affect.

3.2 Generating candidate predicates

Given the ranked positions from §|3;1'|, we want a short, human-readable description of what those
positions have in common. We obtain one automatically by selecting the positions accounting for the
top 90% of cumulative KL, using a small window of surrounding tokens around each, and passing the
resulting set of contexts to an LLM. The LLM is prompted to return a Python function of the form
f (tokens, pos) -> bool that fires on those positions.

In practice the LLM produces predicates ranging from literal token-set membership (tokens [pos]
in {"200", "201", "202", ...})to multi-token context tests (tokens[pos-1] == "’ and
tokens [pos] .isalpha()). The prompt asks for coverage over the affected contexts rather than
elegance, and we do not filter or edit the returned code, where we sometimes find minor hallucinations.
The context window around each top position is =8 tokens. We sample /N candidate predicates and
choose the best candidate based on the scores detailed in §3.3] We sweep NN in Appendix [A:4]and
find our headline numbers saturate around N = 100, and we select it as default candidate budget.
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3.3 Scoring a candidate predicate

Given a candidate predicate f for weight w, we want to know whether f actually describes what the
weight does. The test is a conditional-zero ablation. We globally ablate w throughout the corpus, then
restore its per-position contribution only at the positions indicated by f, and measure the resulting
cross-entropy. Concretely, write CEq for the cross-entropy of the unmodified model, CE for the
model with w ablated everywhere, and ACE = CEg — CE for the ablation effect. Let CE be the
cross-entropy of the conditional-zero model that ablates w everywhere except where f holds, and
CE- s the symmetric model that ablates w everywhere except where f does not hold. We score the
predicate by its recovery and inverse:

CE; — CEy CE-;y — CEg
ACE 7 ACE

A recovery of 1 means restoring the weight at the predicted positions fully reproduces the original

model, a recovery of 0 means restoring it there has no effect at all, and a recovery > 1 can occur

on weights with very small ACE where the conditional-zero model happens to perform marginally

better than the unmodified one — we treat such cases as numerically unreliable and flag them with an
asterisk in figures.

recovery(f) = 1 — inverse(f) = 1 — (1)

Recovery and inverse alone are not enough. A predicate that holds at almost every position trivially
recovers most of the ablation effect, and the symmetric trivial predicate (f = True) achieves
recovery = 1 and inverse = 0 without saying anything about the weight. We rule these out
with a coverage gate. Define the coverage of f as the fraction of corpus positions where it fires,
p(f) = ﬁ > wex ¥[f(2)], and reject any candidate with p(f) € {0,1} or p(f) > ¢, where ¢ = 0.5
is the coverage cap. Among gated candidates, we summarize recovery and inverse by the predicate’s
interpretability score,

score(f) = min(recovery(f), 1 — inverse(f)), )

and select the highest-scoring candidate f* among the N returned by the LLM as the weight’s
interpretation. A weight is called interpretable at threshold T if its best predicate satisfies
recovery(f*) > 1 — T, inverse(f*) < T, and p(f*) < ¢ — equivalently score(f*) > 1 —T
together with the coverage gate. We use 7" = 0.25 and ¢ = 0.5 throughout the paper and report
sensitivity to 7" in Appendix[A.5] Algorithm[I|gives the full pipeline; it returns the best predicate f*
together with the four scores (r*, v*, p*, s*) — recovery, inverse, coverage, and the combined score.

3.4 Models and corpora

We evaluate three training regimes. The weight-sparse code transformer of Gao et al. [[L1] is trained
at ~99% weight sparsity on Python code. The SimpleStories sparse-and-dense pair of Drori et al.
[[14] consists of a sparse model trained at ~98% sparsity on the SimpleStories corpus and a dense
counterpart with the same architecture but no sparsity constraint. Pythia-70m [15] serves as a dense
pretrained control, trained on The Pile [23]]. For each model we evaluate weights on a corpus that
approximates its training distribution; see Appendix [A.T]|for details.

For each model we sample nonzero weights uniformly across MLP layers, and report per-figure
sample sizes in the corresponding captions. Unless stated otherwise, the auto-interp LLM A is
Gemini 3 Flash, with the candidate budget set as in §3.2] We replicate headline results with Claude
Sonnet 4.5, GPT-5, and GPT-40 in Appendix

3.5 Held-out evaluation

A predicate that passes the criterion on the corpus the LLM saw to generate the function could still
be describing surface regularities of that corpus rather than the weight. To test these, we create two
corpora A and B from the same pretraining distribution (different random seeds and no overlapping
sequences), generate and select the best predicate f* on corpus A exactly as in and then
re-evaluate f* on corpus B — re-computing recovery, inverse, and coverage on B, with the LLM
never seeing any of B. This yields three quantities per weight:

* Interp,4: fraction passing the criterion on the fitting corpus (the natural interpretable score).
* Interpp: fraction passing the criterion on the held-out corpus.
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Algorithm 1 Per-weight conditional-zero pipeline.
Input: Model M, target weight w, corpus X, auto-interp LLM A, coverage cap c (default 0.5).
Output: Best predicate f* and its scores (r*, v*, p*, s*).

1: Compute the weight’s effect across the corpus. Run M and M,,—y on X.

2:  Compute ACE < CEg — CEy, the corpus-level cross-entropy gap.

3:  Compute KL, at every position; keep the top 90% of cumulative KL positions.

4: Propose candidates. Pass the selected positions to .4 and sample K predicates fi,.. ., fk.

5: Score each candidate.

6: fork=1,..., K do

7: Pr x| Y owex ¥l e ()] > coverage: fraction of positions where f}, fires

8: if p, = 0 or p;, = 1 or p; > c then

9: Sk ¢— —00 > trivially empty / trivially broad: ruled out

10: continue

11: end if

12: Build My, : ablate w everywhere, restore it where fj, fires.

13: Build M-, : ablate w everywhere, restore it where f;, does not fire.
CEs, — CE

14 rp 1 — % > recovery: effect explained by restoring at f;’s firing positions
CE.s —CE . .

15: v — 1 — % > inverse: effect explained by the predicate’s complement

16: Sk < min(rg, 1 —wvg) > interpretability score

17: end for

18: return f* < fi« where k* = arg maxy, s, and its scores (7*,v*, p*, s*).
Interpretability decision (threshold T'). A weight is called interpretable ift

r*>1—-T and v*<T and p*<ec

Default settings used throughout the paper: T' = 0.25 and ¢ = 0.5.

We treat Interpy as the headline number throughout the paper, since it directly tests whether a
predicate generalizes off the corpus that produced it. We additionally report Interp 4 to surface the
over-fitting gap and to enable comparison with prior work that does not split corpora.

4 Results

4.1 Sparse models are significantly more interpretable than comparable dense models

The sparse models of Gao et al. (2025) and Drori (2026) are substantially more interpretable, on a
per-weight basis, than comparable dense models. We report the fraction of weights that pass our
interpretability test in Figure [I] and Table[I] Pooled across all nonzero weights at the canonical
settings 7 = 0.25 and coverage cap ¢ = 0.5, the held-out interpretability rate Interp (§3.5) is
35.3% on Gao, 17.2% on Drori sparse, 9.0% on Drori dense, and 5.0% on Pythia. The sparse—dense
gap holds within each |ACE| bin and persists under every robustness check we run (paragraphs

below; Appendices A 4).

To understand the distribution of interpretable weights in more detail, we bin each model’s nonzero
weights by the magnitude of their ablation effect |]ACE| and compute Interpp within each bin
(Figure[T)). Two patterns are visible. First, the sparse models concentrate a substantial population of
weights in the higher-impact bins (|ACE| > 10~%), where the interpretable rate is also the highest —
42% for Gao and 27% for Drori sparse in that bin. Second, the dense controls have a much lighter
head in the same range and a correspondingly lower interpretable rate everywhere; on Pythia, no
weight in our sample reaches |ACE| > 10~* at all. The right-most column of Figure (= 0) tallies
parameters that are exactly zero by construction; we exclude them from the interpretability rates
above.
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What the |ACE| range means. Per-weight ablation effects span four orders of magnitude in
all four models, from above 10~ at the high end to below 107 at the low end. The lowest bin
(< 107%) is at the noise floor of the cross-entropy measurement and contributes essentially nothing
to the model’s loss; weights there can score high on a predicate by accident, since any predicate’s
effect on a near-zero ACE is dominated by numerical noise rather than the weight’s actual function.
The coverage gate (p < ¢ = 0.5 in Algorithm[T)) rules out the most flagrant version of this failure
mode — predicates that fire almost everywhere and “recover” the ablation by trivially restoring the
weight at most positions — but the noise floor remains the reason the lowest CE bin is not where the
interpretable population lives. The higher-impact bins are where sparse and dense models part ways:
a sparse model places significant probability mass there and most of it is interpretable; a dense model
places little mass there and what it does place generalizes worse out-of-sample.

Table 1: Pooled interpretability rates at the canonical settings (. Reported as %+ SEM. The
headline metric is Interpg (held-out, bold); Interp, is the in-sample rate and is reported for
reference. The final column (s 4, sg) is the Pearson correlation between each weight’s per-weight
interpretability score s computed on the in-sample corpus (s4) and on the disjoint held-out corpus
(sp), measured across all nonzero weights in the model; higher values indicate that per-weight
interpretability scores are more consistent across data samples.

Model Interp 4 Interpg r(sa, SB)

Gao et al. (2025) 373+39% 353+39% +0.525
Drori (2026), sparse 214+ 1.5% 172 +1.4% +0.252
Drori (2026), dense 132+ 1.4% 9.0 £1.2% +0.160
Pythia-70m 120+09% 5.0 £0.6% +0.100

4.2 Held-out validation widens the sparse—dense gap.

The in-sample rate Interp 4 (the fraction of weights whose best predicate passes on the corpus the
LLM saw) understates the difference between sparse and dense models. Drori dense reaches 13.2%
on Interp , — not far below Drori sparse at 21.4%. Re-evaluating each predicate on a disjoint
held-out corpus drawn from the same distribution ( widens the gap: Interp g drops to 9.0% on
Drori dense versus 17.2% on Drori sparse (Table. Equivalently, the fraction of in-sample predicates
that survive held-out re-scoring (Interpz /Interp 4) is 95% on Gao, 80% on Drori sparse, 68% on
Drori dense, and 42% on Pythia. Sparse predicates therefore generalize better off-corpus than dense
ones, consistent with sparse-model predicates tracking a property of the weight rather than a property
of the corpus they were generated from.

4.3 What the predicates look like.

The LLM-generated predicates cluster into a few structural patterns across all four models. The most
common form is a single-token lookup: “is the focus token a digit,” “is it one of {th, ode, b},” “isita
mid-word lowercase fragment.” A smaller fraction conditions on the immediate neighbour: “previous
word ends in -ed,” “next token is an inflectional suffix.” Even the longer predicates rarely reach
beyond two or three adjacent tokens, and we do not observe predicates that maintain state across a
prompt (e.g. “inside an open string literal”). The pattern is consistent with weights that act locally in
token-context, even when the higher-level circuits they participate in are not. Figure[5]shows three
representative weights (one Gao sparse, one Drori dense, one Pythia) with the predicate code and
three high-KL prompts where the weight fires; predicate length and further class statistics across all
four models are in Appendix[A.2]

4.4 Threshold sensitivity and pipeline ablations

The interpretable rates reported above depend on a threshold T that is inherent to the metric and
on two pipeline hyperparameters — the choice of LLM and the number of candidate predicates
N generated per weight. We treat these separately: T is a core property of the interpretability
measure, whereas the LLM and N are knobs of our evaluation pipeline that we ablate to confirm the
cross-model ordering does not depend on them.
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Gao et al 2025
blocks.6.mlp.W_in[690,1203]
““Import or From keywords’’
IACE| 4.2¢-04 rec 100% inv 0% spec 99% Weight ablation weight ablatior weight ablation

...olute import,~div... ...olute import\nfrom™ ... ...olute import\n\nfrom“t. ..

Prompt 1 Prompt 2 Prompt 3

def condition(tokens, pos):
return tokens[pos].strip() in
[’ import’, ’from’] ...olute import,~div... ...olute import\nfrom™__... ...olute import\n\nfromt...

Drori 2026 (dense)

blocks.1.mlp.c fc.weight [126,75]

““conjunction suppression. at_boundary’’ Prompt 1 Prompt £ FPro
|ACE| 6.1e-05 rec 96% inv 10% spec 864 Weight ablation weight ablation weight ablation
..."can"rest"here,"“she. .. ..."on"the"past,"“she. .. ..."long"ago, "there"was. ..

mpt 3

def condition(tokens, pos):
return tokens[pos] in [’,”, ’.’] and

pos > 2 ..."can"rest"here,"“she. .. ..."on"the"past,"“she. .. ..."long"ago, there was. ..

blocks.0.mlp.W.in[8,1226]
‘‘technical_and structured delimiters’’
IACE| 3.3e-05 rec 79% inv 19%  spec 61%

def condition(tokens, pos)

Prompt 1 Prompt 2 Prompt 3

...-collar, “younger~and. .. ... In"fact, “most major. .. ...ate"faecal~analysis....
current token = tokens [pos] young . rost mal natyst

e et tovan 1a aoismssors’ | cottar) yougerand. . <o Tafactf most-aajor. . <. -ate"fascal analyets]. .
Figure 5: Example weights and their LLM-generated predicates. Each row shows a single weight’s
identifier, the predicate code, and three high-KL prompts comparing the weight’s actual firing
positions against where the predicate evaluates true. Top: a Gao-sparse weight that fires on the
tokens import and from. Middle: a Drori-dense weight active around clause-boundary punctuation.
Bottom: a Pythia-70m weight whose predicate fires on structural delimiters but whose causal impact
(JACE| = 3.3 x 1075) sits near the noise floor.

Threshold sensitivity. The interpretable rate depends on the predicate-pass threshold 7" used to
convert per-weight scores into a binary interpretable/not-interpretable judgment. As 7" varies, absolute
rates shift monotonically, but the cross-model ordering — Gao > Drori sparse > Drori dense >
Pythia — is preserved across the full sweep we tested (Appendix [A.5). T = 0.25 is the canonical
operating point used throughout this section.

LLM choice and candidate budget. The choice of LLM and the number of LLM calls per weight
N are hyperparameters of our pipeline rather than properties of the underlying weights. We re-run
the full evaluation under four different LLMs (Gemini 3 Flash, Claude Sonnet 4.5, GPT-5, GPT-40):
absolute rates at 7' = 0.25 differ by up to ~30 percentage points, with stronger LLMs higher, but
the rate-vs-7" shape and the cross-model rank order are preserved under each LLM (Appendix [A.3)).
Rates also rise with /N and saturate by N = 100 on the sparse models, while the dense baselines
stay low across the entire sweep N € {1, 3, 5,10, 20, 100, 150} (Appendix . The cross-model
ordering Gao > Drori sparse > Drori dense > Pythia therefore holds under each LLM and under
each candidate budget.

5 Case Studies

To ground the aggregate rates of §4]in concrete examples, we work through one MLP neuron of
the Gao et al. 2025 sparse code transformer. The neuron fires predominantly on numeric tokens
at the activation level; applied to its nine nonzero input weights, our pipeline assigns a separately-
interpretable predicate to each, and the predicates cluster into multiple digit-count categories —
single-digit, two-digit, three-digit, generic and other gates that together compose the activation-
level “detects digits” label (Figure[6). The full decomposition is in Appendix [A.6] and two further
worked examples are in Appendices [A.7] (string-closing context dependence) and [A.8] (a Drori-sparse
speech-verb neuron decomposed into five functional sub-roles).

6 Conclusion

We find that a substantial fraction of nonzero weights in weight-sparse transformers admit individually
interpretable explanations of when they are active, whereas the corresponding fraction in dense models
is small. The cross-model ordering is preserved across thresholds, candidate budgets, and choice
of auto-interp LLM. The interpretable rate also depends on a weight’s causal impact. Weights with
larger ablation effects are more likely to admit explanations our pipeline can recover, while weights
with very small ablation effects are interpreted less reliably, suggesting that low-impact weights
either contribute too little signal for the auto-interp LLM to characterize or play roles that the current
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Figure 6: A neuron in the Gao et al. 2025 model that fires on numeric tokens. Each of the neuron’s
nine nonzero input weights is labelled with the LLM-generated interpretability score.
Note: * means that |ACE| is tiny.

predicate language cannot express. Three case studies show what the aggregate rates correspond to in
practice. We find per-digit-count gates inside a digit-detector neuron, look-back-dependent functions
inside the string-closing circuit, and a speech-verb neuron that decomposes at the weight level into
five parallel functional roles (speech-verb activators, mental-verb suppressors, a modal suppressor,
punctuation gates, and specific-token gates). Combined with the trivial interpretability of the zero
weights, the great majority of parameters in these sparse models admit per-weight explanations, while
the same is not true of dense models.

Limitations. The most important limitation is conceptual. Our measurements tell us when a weight
is active, not what it computes once active. A function that correctly predicts the inputs on which a
weight matters is informative, but it is not a complete account of the weight’s role in the model. The
numbers we report should be read as evidence that weights in sparse transformers are individually
identifiable functional units, not as a complete characterization of what each one does.

Another limitation is that the numbers are a lower bound on what the method could in principle
find. Our function language is Python predicates over token context, which cannot express semantic
features (e.g., whether a span refers to a person) and cannot easily express features that span multiple
tokens or require state across the prompt. A weight whose role depends on such structure would be
filed as not interpretable here. Our ablations indicate that the candidate budget N = 100 is sufficient
under our current language, so the binding constraint is the language itself rather than the search
budget. Finally, the held-out corpus is from the same pretraining distribution as the evaluation corpus.
Whether explanations generalize across distribution shift is a separate question we do not address.

Future work. Three extensions follow naturally. First, the function language could be extended
beyond token-local tests, for instance to predicates that reference parser state, BPE-segmentation
features, or outputs of learned probes. This should recover weights whose roles the current language
cannot describe. Second, the fraction of robustly interpretable weights is a quantity one can train
against, prune by, or use to compare architectures, in the same role token-level perplexity plays for
capability. Third, applying the same method to larger sparse-trained transformers, ideally those with
non-trivial multi-step behavior, will show whether per-weight interpretability is a property of these
particular small models or a property of sparsity training itself.
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A Appendix

A.1 Additional details about corpus selection

We use CodeParrot [24] as a proxy for the original Python pretraining data of the Gao et al. (2025)
model, which is not publicly released, and stream The Pile [23] for Pythia-70m, which matches the
pretraining distribution but not the exact training sequences. For the Drori (2026) sparse and dense
models we use SimpleStories [[14], which is the actual training corpus.

To verify that our chosen corpora are reasonable approximations of each model’s training distribution,
we compare the cross-entropy loss of each model on its evaluation corpus against the loss on
deliberately mismatched corpora. Table [AT|reports the comparison. The Gao et al. model achieves
a CE of 2.34 on CodeParrot, but its loss rises sharply on out-of-distribution text. SimpleStories
English yields a CE of 3.70, and French Wikipedia yields 4.50, both substantially higher than the
in-distribution CE. Likewise, the Drori sparse model achieves a CE of 2.98 on SimpleStories, well
below what either model achieves outside its training domain. We take the size of the in-distribution-
versus-out-of-distribution gap as evidence that CodeParrot and SimpleStories are close enough to
each model’s training distribution to serve as evaluation corpora for our pipeline.

Table A1: Cross-entropy loss of each model on in-distribution and out-of-distribution corpora. The
large gap between in- and out-of-distribution CE indicates that our chosen evaluation corpora are
reasonable approximations of each model’s training distribution.

Model Corpus CE Loss  In-dist?
Gao et al. (2025) CodeParrot (Python) 2.34 Yes
Drori (2026), sparse ~ SimpleStories 2.98 Yes
Gao et al. (2025) SimpleStories (English) 3.70 No
Gao et al. (2025) French Wikipedia 4.50 No

The per-weight ablation effect |ACE]| spans multiple orders of magnitude across all models, from
~ 1073 down to below 106 (Figure 1))

KL distribution
30000 1.0 Ex 1

1 - pos 2 - KL 0.13 Ex 2 - pos 15 - KL 0.0;8 Ex 3 - pos 51 - KL 0.039
#!usr/bin/env python #!usr/bin/env python3 # Copyright 2016 F5 N
# -*- coding: utf-8 -*- # -*- coding: utf-8 -*- etworks Inc.
25000 0.8 .
import pytest # #
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Figure Al: Another representative weight from the Gao et al. (2025) sparse code transformer.

A.2 Distributions of recovery and inverse

Figures [A2] and [A3] show the distributions of best-of-N recovery and inverse scores across all
sampled weights, sorted within each model. These curves give a more complete view of the behavior
summarized by the headline interpretability rates. The sparse models have a long tail of weights that
pass both the recovery and inverse criteria, while the dense baselines reach the canonical thresholds
only on a much smaller slice. Negative inverse values for the sparse models reflect predicates whose
negation raises loss above the fully-ablated baseline, which is direct evidence that the predicate is
identifying a real, localized effect rather than partitioning a uniform contribution.

IRelevant code and representative resources are made available at/() anonymous121512.github.io/
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Figure A2: Best-of-NN recovery (left) and inverse (right) across all sampled weights, sorted within
each model so curves are monotone. Dashed lines mark the canonical thresholds (recovery > 0.5,

inverse < 0.25).
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Figure A3: Best-of-V recovery (left) and inverse (right) on the held-out corpus. Same setup as
Figure @ but evaluated on a corpus never seen when generating the candidate predicates.

Comparing Figure[A2]to the held-out version in Figure[AJ] the gap between the sparse and dense
models widens. The sparse models retain most of their best-of- IV recovery on the held-out corpus,
while the dense models lose more of theirs, which suggests that predicates fitted to sparse-model
weights generalize better than those fitted to dense-model weights. We read this as further evidence
that the predicates for sparse weights are tracking a real property of the weight rather than overfitting
to features of the corpus used to generate them.

Figure [A4]reports structural statistics of the predicates themselves. Predicates remain short across all
models (median < 4 lines, and only 2 lines on the Drori sparse and dense models), and the predicate
language is the same on sparse and dense models. The difference in interpretability rates is therefore
not driven by sparse models receiving longer or more elaborate predicates.

A.3 Marginal shape of s vs. per-sample consistency

This appendix decomposes the gap and explains why we treat the marginal-shape effect as the
dominant driver.

Per-sample consistency. Figure[AJ|fits an ordinary least-squares regression s ~ s4 per model
and reports the slope with a 95% CI band. A slope of 1 would indicate that the held-out score
perfectly tracks the in-sample score; a slope of 0 would indicate that s4 has no predictive content for
sp and the predicate’s apparent score on A is accidental. The fitted slopes order in the same direction
as the headline rates: Gao +0.68, Drori sparse +0.50, Drori dense +0.23, Pythia +0.10.
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Predicate-length comparison across models

Model Function length (chars) Body
p25 pbd0 p75  lines

o Gao et al. 2025 143 186 244 4
Drori 2026 (sparse) 131 162 227 2

e Drori 2026 (dense) 133 164 208 2
Pythia-70m (dense) 166 229 272 4

What the predicates look like. They fall into a small family of structural patterns. Most are
lookup-style tests on a single token—*“is this token one of {th, ode, b}”, “is it a digit”, “is it a mid-word
lowercase fragment”. A smaller set conditions on the immediate neighbour (e.g. “previous word ends in
-ed”, “next token is an inflectional suffix”). Even the longer predicates rarely look beyond two or three
adjacent tokens: we don’t see explanations like “this token is the subject of the sentence” or “we are
inside an open string literal” that would require the model to keep state across the prompt.

Figure A4: Structural statistics of the LLM-generated predicates per model: distribution of predicate
length (lines of code) and predicate class (single-token lookup, neighbor test, multi-token context
test).
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Figure A5: Held-out interpretability score s = min(recg, 1 — invpg) across models. OLS fit
sp ~ s4 per model with 95% CI; slope annotated.

Random-chance baseline. A useful way to see why the marginal effect dominates is to ask what
interpretability scores a random predicate would produce. Consider a predicate that fires on a
uniformly random subset of corpus positions with coverage pgyo, independent of the weight’s actual
firing pattern. Restoring the weight at those positions recovers approximately pg, of the ablation
effect (rec = pgre); restoring at the complement recovers approximately 1 — pgre (inv &= 1 — Pgre);
and the score is s ~ min(Pfre, Pire) = Phire- Under the gate (pgre < 0.5) the random-chance score is
bounded above by 0.5, well below the interpretability threshold s > 0.75. A weight whose predicate
scores high on A purely by chance therefore lives near 0.5 on the random-chance axis and re-scoring
on B pulls it toward the random-chance mean rather than near 1. Dense-model weights contribute
more mass near 0.5 and less mass near 1 on A, so when they are re-scored on B they regress toward
the random-chance mean and lose more in the joint criterion than sparse-model weights do. This is
why Interp 4~ widens the sparse—dense gap relative to Interp 4, and why the widening is mostly
attributable to the marginal-shape difference rather than to a per-weight noise difference.

A.4 Sensitivity to the candidate budget

A single LLM call is too noisy to call a weight interpretable. Pooling IV candidates per weight and se-
lecting the highest-scoring one tightens rates substantially. Sweeping NV € {1, 3, 5, 10, 20, 100, 150}
(Figure[AG) shows interpretability rates rising monotonically with N and saturating before N = 150
for the sparse models. We use N = 100 as the default because the marginal gain per additional
candidate flattens past that point and per-weight LLM cost scales linearly. The cross-model ordering
is preserved at every N, so the result is not an artifact of the budget we chose.
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Figure A7: Interpretable rate by auto-interp LLM. Left: fraction of sampled weights interpretable
at T = 0.25, with 95% Wilson CIs, on the same weights evaluated by four different LLMs. Right:
interpretable rate as a function of threshold 7T'.

A.5 Sensitivity to the auto-interp LLM

To check that the result is not specific to one auto-interp LLM, we re-run the pipeline with Claude
Sonnet 4.5, GPT-5, and GPT-40 on the same sampled weights.

Figure[A7|reports the interpretable rate at the canonical threshold T = 0.25 for each (model, LLM)
pair, and the rate-vs-1" curves at N = 5. The shape of the curve is consistent across LLMs. Absolute
rates differ by up to ~30 percentage points, with stronger LLMs higher, but the cross-model ordering
(sparse > dense same-architecture > Pythia) is preserved at every 7.

A.6 Digit-detection neuron: full decomposition

This appendix expands the digit-neuron case study of §5| We identify an MLP neuron in the Gao
et al. 2025 sparse code transformer that fires predominantly on numeric tokens; at the activation
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level the neuron looks monosemantic and its role is naturally read off as “detects digits.” Gao et
al. note that not all nodes in their models are exactly monosemantic on the pretraining distribution
(their Figure 39), and we observe the same on our evaluation corpus — not every node admits a clean
single-concept label at the activation level. We ask what our pipeline returns when applied one level
deeper, to the individual W7, entries that connect the neuron to its upstream residual channels.

Per-weight predicates. The neuron has nine nonzero input weights. Our pipeline assigns a
separately-interpretable predicate to each, and the predicates cluster into three digit-count groups: a
single-digit detector (1 weight), two-digit detectors (5 weights), and a three-digit detector (1 weight);
two further weights receive “generic” or “other” numeric-context predicates that do not split cleanly
by digit count. The strongest weights in each group have high recovery and low inverse, and the digit-
count gates together account for the bulk of the neuron’s output (Figure[6]in §5). The activation-level
“detects digits” label is therefore carrying information about which digit count is being detected: the
same neuron’s individual parameters partition the digit-detection role into per-count gates that the
activation-level summary collapses into a single label.

Comparison with the upstream-channel view. For each of the input weights, we recorded two
things on the same CodeParrot corpus: the tokens at the highest-KL positions when the weight is
ablated, and the tokens at the highest-|activation| positions of the weight’s upstream residual channel.
Table|A2|reports the comparison.

Table A2: For each input weight of the digit-detection neuron (neuron 1863), representative top
tokens at the weight’s highest-KL positions (left) and top tokens at the upstream channel’s highest-
activation positions (right), drawn from the same CodeParrot corpus. Tokens are decoded from the
tinypython_2k tokenizer. Rows ordered by max KL.

ch (i) max KL weight top tokens upstream-channel top tokens
464 26.8 100, 200, 300, 111 110, 200, 120, 100
71 22.7 64, 50, 59, 60 non-printable byte, _len
395 17.1 28, 08, 27, 35 39, 28, 35
799 16.1 32, 56, 41, 46 ran
578 13.7 16, 12, 13, 17 tern
131 80 4, 2, 3, e whi
678 6.0 7, 8 =, raise
87 1.9 90, 89, 95, f _map, _list

For two of the input weights (channels 464 and 395) the upstream channel and the weight pick out
broadly the same tokens (multi-digit numbers in both columns). For the remaining six, the upstream
channel’s top-activating tokens are unrelated to digits (whi, ran, tern, !=, raise, _map, _list,
plus one channel dominated by a non-printable byte fragment). The weight’s effect on numeric tokens
does not appear in the channel’s top activations: a description of channel 131 as “fires on whi” would
not predict that ablating w131,1863 disrupts predictions on the digit 4. We report this as an observation
on a single neuron in a single sparse model; whether it generalizes is left to future work.

A.7 String-closing circuit: context-dependent firing

A weight participating in the quote-closure circuit of Gao et al. 2025 suppresses the model’s tendency
to predict a closing quote at positions that are still inside an open string. This weight’s importance
depends on context and cannot be inferred from the focus token alone: when we constrain the
predicate language to token-local tests (only the focus token, no look-back), the best predicate the
LLM finds reaches an interpretability score of —0.98, because whether a " token opens or closes a
string is undecidable from the token alone. Allowing a small look-back window (TOKENS[pos—Fk] for
k < 8) takes the score to +0.83, well above the interpretability threshold. The weight is interpretable,
but only under a predicate language rich enough to look back; the same weight under the token-local
language would be filed under “not interpretable,” and the circuit would look incomplete from the
weights up. We use this finding as the empirical justification for the +8-token context window in

Figure [A§] expands the example to the two quote-detector neurons identified by Gao et al. 2025
— neuron 863 (double quotes) and neuron 2790 (single quotes) — with the assigned predicate,
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Figure A8: Quote-detector neurons from the string-closing circuit of Gao et al. 2025. Neuron 863
(top band) fires on double quotes; neuron 2790 (bottom band) fires on single quotes. Each card
shows one nonzero input weight: the predicate, the interpretability score s = min(rec, 1 — inv),
the recovery and inverse values, and two top-KL example contexts (focus token outlined in red, pill
saturation graded by per-token KL within the row). The right panel of each band shows representative
activating contexts of the neuron, randomly sampled from the top-90% cumulative-activation band
on CodeParrot.

Note:  on the score marks weights whose |ACE| is at the noise floor, so the rec/inv ratios are not
numerically reliable.

interpretability score s = min(rec, 1 — inv), and two top-KL example contexts for each of their
nonzero input weights, alongside a panel of representative activations of each neuron drawn from the
top-90% cumulative-activation band.

A.8 Extended case study: a Drori-sparse speech-verb neuron

This appendix complements the case studies of §5|with a fully worked example on the Drori sparse
model: layer-1 MLP pre-GELU neuron 2461. We show the activation-level view first, then decompose
it weight-by-weight, and end by stating what the weight view adds over the activation view.

Activation-level view. On the SimpleStories corpus, the pre-GELU activation of neuron 2461 has
mean —2.0, std 1.1, and a strong skew: the top positive activations sit between +3.5 and +3.9, and
the top negative activations between —7.2 and —6.4. Figure [A9] shows five context snippets per
direction, randomly sampled from the top-95% activation band; pill saturation tracks magnitude within
each panel. Positive activations (left) are concentrated on speech verbs — announced, whispered,
said, urged, says — in their natural narrative contexts (“...,” she announced, “...” he whispered).
Negative activations (right) are dominated by the copulas is and are. At the activation level, this is a
speech-verb detector: it fires up on speech-act verbs and is pushed strongly down on stative-grammar
tokens, in line with what neuron-level autointerp would label.

Weight-level view. The neuron has 86 nonzero input weights. We rank them by max-KL on a
5,000-sequence SimpleStories sample and profile the top 20, applying the conditional-zero scoring
of §3.3]to each individually; the remaining 66 weights have ablation effects below the noise floor of
our metric on this corpus and are not analyzed here. Figure[AT0|shows all 20 cards, grouped by the
functional role assigned by their predicate. Five clusters emerge:
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Figure A9: Activation-level view of Drori-sparse layer-1 neuron 2461. Left: five contexts where the
pre-activation is most positive (random sample from the top-95% positive band). The neuron fires
on speech-act verbs. Right: five contexts where it is most negative; the neuron is pushed down on
copulas (is, are). Pill saturation tracks |activation| within each panel.

» Speech-verb activators (positive weights): six channels whose predicates fire on speech
verbs — said, roared, whispered, called, wondered, shouted. These are the weights that
drive the neuron up on the left panel of Figure[A9]

* Mental-verb suppressors (negative weights): three channels whose predicates fire on
thought, believed, understood, thanks. These actively pull the neuron down on a near-
neighbour class of verbs that would otherwise share representational support with speech
verbs.

* Modal-verb suppressor: one channel firing on would, could.

* Punctuation gates: seven channels whose predicates fire on clause-boundary commas and
periods. These contribute to the neuron’s negative tail and explain a large share of the
is/are suppression observed in the activation view: copulas in this corpus tend to sit one or
two tokens after a clause-boundary punctuation mark.

* Specific-token gates: three channels with narrower predicates — a dedicated ‘as’ detector,
a ‘called out’ pattern, and a physical-action verb gate.

Each card in Figure reports recovery, inverse, and the fraction of corpus positions where the
predicate fires; the strongest cards (e.g., ch.909 ‘as’ detector with rec = 1.22, inv = —0.22) sit
comfortably above the 7' = 0.25 interpretability bar. Weaker cards (e.g., the modal suppressor on
ch. 38 with rec = 0.27, inv = 0.73) do not pass the bar individually, but their predicates remain
consistent with the role inferred from neighbouring weights in the same group.

What the weight view adds. At the activation level neuron 2461 reads as a single “speech-verb
detector.” At the weight level the same neuron implements at least multiple parallel gating decisions:
it activates speech verbs, suppresses near-neighbour verb classes (mental verbs, modals) that share
representational support with speech verbs, and routes through clause-boundary punctuation patterns
that account for its strongest negative activations. These contributions cancel and add into the single
scalar that activation-level analyses report, so they are not separable from the activation summary
alone — only from the per-weight decomposition.
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Figure A10: Weight-level decomposition of Drori-sparse layer-1 neuron 2461. The neuron has
86 nonzero input weights; the figure shows the 20 strongest by max-KL on a 5,000-sequence
SimpleStories sample, grouped by the functional role assigned by their predicate. Five context
snippets per card are sampled from the top-95% cumulative-KL band of that weight; pill saturation
tracks the row’s KL within the card. Recovery, inverse, and % active come from the conditional-zero

scoring of §3.3]
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