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Abstract

Can factual errors in language models be re-
paired by editing a single hidden activation
at inference time? We compare blind edits,
which are not told the correct answer, with ora-
cle edits that receive answer-specific informa-
tion. On Pythia-6.9B, with corruption repli-
cated on Pythia-1B and GPT-2 XL, we find a
strong break/fix asymmetry: single-layer per-
turbations easily corrupt correct factual recall,
flipping 74–100% of initially correct answers,
but blind repair is much harder. On EntityCon-
fusion, twelve blind non-gradient interventions
from four families fail to repair stable halluci-
nations in the strict single-layer setting; relaxed
multi-layer or multi-head variants improve net
accuracy by only +3 percentage points. Blind
gradient optimization repairs more errors, but
often breaks already-correct answers. In con-
trast, oracle edits given the correct answer re-
pair many more hallucinations, fixing 68% at
the default layer and up to 82% at a better layer.
These results suggest that the main barrier is
not whether factual recall can be steered, but
whether a blind method can identify the right
target-specific direction. TriviaQA is a bound-
ary case: blind confidence maximization out-
performs the single-token oracle, but the com-
parison is complicated because evaluation ac-
cepts multiple aliases.

1 Introduction
This paper asks whether factual errors can be re-
paired by editing a model’s hidden activations at
inference time. The key difficulty is that a repair
method may or may not know what answer it is
trying to produce. We therefore distinguish blind
methods, which receive no answer-specific target,
from targeted and oracle methods, which do. This
distinction is central: a model may contain a recov-
erable answer direction, while a blind method may
still fail to identify it.

Language models often produce fluent but factu-
ally incorrect answers (Ji et al., 2023; Zhang et al.,

2023). One approach is to edit the model’s internal
activations at inference time: adding a direction to
a hidden state, suppressing features, or optimizing
a perturbation vector (Li et al., 2024; Zou et al.,
2023; Burns et al., 2023). Unlike weight editing,
these interventions are temporary and can be ap-
plied per-example.

We use the following terminology throughout.
A method is blind if its objective contains no
candidate answer, alias, or answer embedding;
blind methods may use training-set labels to learn
generic directions but never consult the gold an-
swer at test time. We separate blind methods into
blind non-gradient methods (SAE feature edits,
direction steering, probe/ITI steering, activation
patching—12 interventions from 4 families, in-
cluding one random-suppression control, none us-
ing per-instance optimization) and blind gradient
methods (per-instance optimization of confidence,
margin, or entropy using only the model’s own
output distribution; answer-agnostic, though con-
fidence maximization may reinforce the current
top token). A self-targeted method derives a per-
question intervention from the model’s own hid-
den states (e.g., decode-and-steer); it is not blind
because it constructs a candidate answer embed-
ding. A target-informed method receives question-
specific signal about the correct answer at test time
(e.g., a contrast prompt known to elicit the gold
answer). An oracle receives the known correct
answer and serves as a controlled reference, not a
universal ceiling.

We study single-layer activation edits for factual-
recall tasks, primarily on Pythia-6.9B with corrup-
tion replicated on Pythia-1B and GPT-2 XL and
oracle repair on GPT-2 XL, across two benchmarks.
Our main finding is a break/fix asymmetry: un-
der the tested perturbation families, perturbing a
single layer easily corrupts correct factual recall
(74–100% of correct answers flipped), but blind
repair is far less effective. Across twelve blind non-
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gradient interventions from four families (including
one random-suppression control; evaluated on their
respective pools; Tables 4, 3), the best net accu-
racy gain is +3 pp on V1, from relaxed multi-layer
or multi-head upper-bound variants only (8-layer
probe and top-10-head ITI). Among V1-evaluated
families, all blind non-gradient single-layer single-
direction or single-source methods fix 0/37 stable
hallucinations; on 500-raw, CIS suppression and
SAE exchange have near-zero effect (|∆| ≤ 1.6 pp)
while direction patching collapses accuracy. Linear
probes distinguish correct from hallucinated gen-
erations (AUROC .896 on EntityConfusion), but
steering along the single-layer probe direction does
not repair the outputs.

A natural objection is that non-gradient methods
are too constrained. We therefore also study blind
per-instance gradient objectives. Unconstrained
confidence maximization fixes 39% on EntityCon-
fusion, but the optimized vectors are 3.5× larger
than oracle vectors, point in unrelated directions
(cosine −0.04; §4.1), and break 48% of correct an-
swers (net: −9 questions, counting fixes and breaks
from separate evaluation subsets). When capped
to oracle norm, confidence maximization drops to
11%, though norm-capped margin maximization
retains 26%; both remain far below the oracle’s
68%.

To isolate why repair fails, we conduct oracle
ablations (Table 5): a single Adam step achieves
the same aggregate fix rate as 50 steps; optimizing
toward a wrong or shuffled answer fixes ≤ 3%;
and Gaussian noise (σ=0.25) drops the fix rate by
more than half (from 68% to 30%). These results
are consistent with a direction-selection bottleneck
on EntityConfusion: high-rate, low-collateral re-
pair appears to require target-conditioned direc-
tional information that blind methods fail to iden-
tify. The oracle gradient is one effective direction,
but prompt-contrast results show it is not necessar-
ily unique (§4.1).

The asymmetry varies by error type. EntityCon-
fusion errors are often latent-recall errors (median
correct-answer rank 16); TriviaQA errors appear
predominantly far-from-surface under the canon-
ical first token (median rank 1,275; alias proxim-
ity unverified). On latent-recall errors, confidence
maximization is audit-set net-negative. On Trivi-
aQA, the tested blind non-gradient steering meth-
ods still fail (≈ 1%) but blind gradient optimization
fixes 62% while breaking 42% of correct answers
(audit-set net +10; above the single-token oracle;

§4.2).
Self-targeted and target-informed methods par-

tially succeed: on EntityConfusion, a gradient
oracle fixes 68%, decode-and-steer fixes 8% in-
domain (0% on TriviaQA), and prompt-contrast
fixes 90% per question (n=21; in-domain only).
CIS yields only a weak signal (AUROC 0.58) that
vanishes under Top-K SAEs; CIS-guided suppres-
sion has zero net accuracy effect (§5).
Contributions.

1. The break/fix asymmetry. Corruption (74–
100%, replicated across three models using
different strong perturbation types) is consis-
tently easier than blind non-gradient repair
(≤ +3 pp net on Pythia-6.9B, the only model
where blind repair was evaluated); blind gra-
dient methods show mixed results with sub-
stantial collateral on EntityConfusion (Ta-
bles 3, 5).

2. A target-specific direction-selection bottle-
neck on EntityConfusion. Oracle ablations
are consistent with blind methods failing to
identify an effective per-question direction for
high-rate, low-collateral repair (Table 5).

3. Boundary conditions on repair. Oracle-
gradient edits fix 68% at L30 (82% at L24)
on Pythia-6.9B (58% on GPT-2 XL); per-
question prompt-contrast fixes 90% (n=21).
On TriviaQA, blind confidence maximization
outperforms the single-token oracle (62% vs.
22%), possibly due to multi-alias evaluation
(§4.2).

4. CIS negative result. CIS from dense L1

SAEs (L0 ≈ 5,511 active features) yields a
weak hallucination signal (AUROC 0.58) that
vanishes under Top-K SAEs, and CIS-guided
suppression has zero net accuracy effect (§5).

Table 2 maps each claim to its evaluation pool,
sample size, and result.

2 Background
Factual errors in LMs. Language models rou-
tinely produce text that contradicts established
knowledge (Ji et al., 2023; Zhang et al., 2023).
Prior work detects (Kadavath et al., 2022; Manakul
et al., 2023), mitigates (Ouyang et al., 2022; Lewis
et al., 2020; Li et al., 2024), and benchmarks (Lin
et al., 2022; Min et al., 2023; Li et al., 2023) such
errors, but largely treats them as a behavioral phe-
nomenon without probing internal mechanisms.
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Regime Signal Repair result Scope / note

Corruption Perturbation‡ 74–100% 3 models
Blind non-grad No target ans. 0%/+3 pp† tested 4 fam.
Blind gradient No target ans. 11%∗ norm-ctrl
Self-targeted Latent→steer 8% 0% Triv.
Prompt contrast ∆h 90% per-Q n=21

Oracle (EntConf) Correct grad. 68%/58%§ 2 models
Oracle (Triv) Single-token cor. 22% Py-6.9B
∗Conf. max at oracle ∥v∥; 39% uncapped but audit-set net
−9.
†0% for single-dir./source methods; best relaxed variant (8-
layer probe): 16% gross; best net: +3 pp.
‡SAE feature zeroing (100% on Py-6.9B V1) or random noise
(74–96% elsewhere).
§Default Py-6.9B L30; 82% at L24; 58% on GPT-2 XL.
Figure 1: Intervention regimes ordered by target informa-
tion. Blind non-gradient methods rarely repair factual errors.
On EntityConfusion, repair improves with answer-specific
directional information.

Features in superposition. The superposition
hypothesis (Elhage et al., 2022) posits that neural
networks encode more features than dimensions;
SAEs (Sharkey et al., 2022; Bricken et al., 2023;
Cunningham et al., 2024; Templeton et al., 2024)
decompose these into interpretable features. Our
starting hypothesis was that feature-level interfer-
ence (CIS) might predict or repair hallucinations
(Figure 2); its failure (§5) motivated the broader
study.
Knowledge localization and editing. Factual
knowledge is stored in specific components (Geva
et al., 2021; Meng et al., 2022); weight-
editing methods (ROME (Meng et al., 2022),
MEMIT (Meng et al., 2023)) modify factual as-
sociations; representation engineering (Zou et al.,
2023) steers along linear directions. Our work tar-
gets activation-level interventions for factual-error
repair.
Representation-based error detection.
CCS (Burns et al., 2023) extracts truth di-
rections from contrast pairs; linear probes reach
high AUROCs for hallucination detection (Ka-
davath et al., 2022; Marks and Tegmark, 2024);
ITI (Li et al., 2024) shifts attention heads. Our
results complicate this: probes detect hallucina-
tions (AUROC .896), yet steering along the probe
direction produces zero repair.

3 Experimental Setup
Models. Our primary model is Pythia-6.9B (32
layers, d=4,096) (Biderman et al., 2023). We ex-
tend selected analyses to Pythia-1B (16 layers,
d=2,048) and GPT-2 XL (48 layers, d=1,600):
corruption on both, oracle repair on GPT-2 XL.
For cross-model corruption, noise is calibrated to

Table 1: Evaluation settings. The 500-raw pool is the undedu-
plicated EntityConfusion prompt set; V1 is the 100-question
deduplicated subset; V2 extends V1 with 16 additional en-
tity groups (312 Qs total). ∗One borderline item is halluci-
nated under the gradient evaluation environment but not under
the canonical baseline; gradient, oracle, and D&S analyses
include it. †Break rates use a separate 50-question correct-
answer audit subset. ‡Probes/ITI use 80 hallucinations; ora-
cle/confmax use 50.

Setting Model Lyr Hal.n Cor.n Methods

V1 (probes) Py-6.9B 24 37 63 probe, ITI
V1 (act. patch.) Py-6.9B multi## 37 63 act. patching
V1 (gradient) Py-6.9B 30 38∗ 50† oracle, grad
V1 (D&S) Py-6.9B 24 38∗ — D&S
500-raw Py-6.9B 24 ∼222 ∼278 CIS, SAE edits
V2 Py-6.9B 30 102 50† robustness
V1 Py-1B n-f§ — — corruption
V1∥ GPT-2 XL n-f§ 50 50 corrupt., oracle
TriviaQA Py-6.9B 24/30¶ 80/50‡ 50 probes, orac., grad
§n-f = near-final layer of respective model.
∥Same V1 prompts; halluc./correct counts are model-specific.
##Same-group: 16 layers; same-entity: all 32 layers.
¶Probe/ITI at L24; oracle/confmax at L30.

1.5× the mean hidden-state norm at the near-final
layer.

Benchmark. The EntityConfusion raw pool con-
tains 500 prompts (multiple phrasings per entity-
attribute pair) spanning 37 entities in 5 semantic
groups (European capitals, physicists, scientists,
rivers, historical events); on V1, only 11% of hallu-
cinations (4/37) are same-group substitutions. We
define V1 as the 100-question deduplicated subset
(one question per entity-attribute pair; 37 halluci-
nations, 63 correct); V2 extends V1 with 16 ad-
ditional entity groups (312 Qs total, 102 halluc.).
SAE intervention experiments use the undedupli-
cated 500-prompt pool (“500-raw” in Table 1); CIS
prediction is reported on V1. Different intervention
families use different pools; all tables note the pool
and baseline.

Evaluation. We generate answers with greedy
decoding (max 15 tokens) and evaluate with
normalized containment matching: lowercased,
stripped of articles/punctuation; correct if either
string contains the other (e.g., model output “The
Danube River” matches gold “Danube”). On
EntityConfusion, re-evaluating with strict exact
match changes no intervention outcome. For Triv-
iaQA, evaluation accepts any of 5–15 aliases per
question; this matters for interpreting confidence-
maximization results (§4.2).

Default protocol. Unless stated otherwise, re-
sults refer to Pythia-6.9B on EntityConfusion V1.
Probe, ITI, and activation-patching methods are
evaluated on the 37 stable V1 hallucinations; SAE
feature edits, CIS suppression, and direction patch-
ing use the 500-raw pool (Table 1). Gradient and
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(b) Feature overlap
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Still wrong
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Figure 2: Starting hypothesis: feature interference. (a) Concepts with non-overlapping features produce correct outputs.
(b) When concept features overlap in superposition, interference could corrupt the output. (c) We tested whether suppressing
interfering features via CIS restores correct generation; it does not. The paper’s primary finding is instead a break/fix asymmetry
(§4.1).

oracle methods use the 38-item gradient pool (one
borderline item is hallucinated only in the gradient
evaluation environment). For gradient/oracle meth-
ods, correct-answer break rates are measured on a
separate 50-question correct-answer audit subset;
probe/ITI net changes on V1 are computed over the
full 100-question pool. Single-layer interventions
are our default scope; the best blind non-gradient
results (+3 pp) are tied between the 8-layer probe
and top-10-head ITI variants and are reported as
upper bounds.

Intervention framework. We organize
activation-level interventions into six regimes
ordered by increasing target information (Figure 1).
A method is blind if it receives no target-specific
information identifying the correct answer.
(1) Corruption: random noise or feature destruc-
tion. (2) Blind non-gradient: SAE feature edits,
direction steering, probe/ITI steering, activation
patching (12 interventions from 4 families, includ-
ing one random-suppression control). (3) Blind
per-instance optimization: gradient descent on the
model’s own output distribution, maximizing top-
token probability (confidence), the gap between
top-two tokens (margin), or minimizing output
entropy, for 50 Adam steps without correct-answer
access. (4) Self-targeted: decode-and-steer
(derives direction from the model’s own decoded
embedding). (5) Target-informed: prompt-contrast.
(6) Oracle: gradient optimization toward the
known correct answer (controlled reference). All
gradient-based interventions target the residual
stream at a single layer (default: L30; SAE/probe
methods use L24). For steering-based non-gradient
methods, the intervention is α · v̂ where v̂ is the
learned direction; SAE feature edits and activation
patching modify the hidden state differently
(Eqs. 3, Table 4). For gradient methods, v is
optimized directly. The vector is added at the final
sequence position, reapplied at each autoregressive

step; gradient objectives are optimized on the
first generated token. Multi-layer variants are
tested where noted. We report bootstrap 95%
CIs (n=2,000) for aggregate statistics, one-sided
Clopper–Pearson intervals for binomial fix/break
rates, and permutation tests (n=10,000). Because
several intervention families were explored with
small hallucination pools, best-hyperparameter
results should be read as optimistic upper bounds
rather than held-out deployment estimates.

Blind gradient objectives. Let pv(y | x) and
zv(y | x) denote the first-token probability and
logit under additive intervention v. Entropy min-
imization minimizes H(pv). Confidence maxi-
mization maximizes maxy log pv(y | x); the max-
imizing token is reidentified at each step. Mar-
gin maximization maximizes zv(y(1))− zv(y(2));
which tokens are top-two is recomputed per step.
None of these objectives contains the gold answer.
All gradient-based interventions use Adam for the
specified number of steps and are evaluated by
the final generated string, not by the optimized
first-token objective alone. The oracle optimizes
log pv(y

∗ | x) where y∗ is the first token of the
known correct answer.

Noise ablation protocol. The noisy-oracle exper-
iment (Table 5) adds Gaussian noise to the one-step
oracle direction: v′ = voracle+ϵ, where each coordi-
nate ϵj ∼ N (0, σ2 · ∥voracle∥2). Because the noise
is i.i.d. across d=4,096 coordinates, the expected
noise norm is σ

√
d ∥voracle∥ ≈ 64σ ∥voracle∥; even

σ=0.10 adds noise ∼6× the oracle norm. The per-
turbed vector is not renormalized, so these rows
conflate directional and magnitude perturbation;
we do not draw angular-precision conclusions from
this experiment alone. Results are averaged over 5
noise seeds; the core direction-selection evidence
comes from the target-identity, norm-capping, and
cosine-alignment controls (§4.1).
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Table 2: Evidence map. Each claim is tied to one pool, sample
size, and result. V1 has 37 stable hallucinations; oracle and
gradient analyses include one borderline question (n=38).

Claim Pool n Result Ref.

Break/fix asymmetry
Corrupt breaks V1,V2,Tr†† varies 74–100%§ §4.1
Blind n-g
(dir/src)

V1 37 0/37 T4

Blind n-g (re-
laxed)

V1 37/63 +3 pp net T3

Blind n-g fails Triv 80 ≈1% §4.2

Direction-selection bottleneck
Oracle gap V1 38 68% T5
1-step=50-step V1 38 68%=68% T5
Wrong/shuf
fails

V1 38 ≤3% T5

Noise
σ=0.25⋄

V1 38 30% T5

Capped conf.
max

V1 38 11% T5

Alignment V1 38 −0.04 §4.1
Orac L24 V1 38 82% §4.1
Orac replic GPT2 50 58% §4.1

Oracle limits
Orac replic Triv 50 22% §4.2

Self-targeted / target-informed
D&S in-dom V1 38 8% T4
D&S out-dom Triv 80 0% §4.2
Prompt-contr V1 21 90% §4.1

Weight-editing baseline
ROME edit V1¶¶¶ 59 ≤2% §6

CIS negative result
CIS predict V1 100 AUC .58 §5
CIS suppress 500-raw ∼500 ∆=0 T4
§SAE feature zeroing on Py-6.9B V1; random noise elsewhere.
⋄Combined direction/magnitude stress test (not renormalized).
††V1 tested on 3 models (Py-1B 74%, GPT-2 XL 96%); n varies by pool.
¶¶¶n=59 reflects ROME’s entity-pair testing; not the V1 hallucination count.

4 The Break/Fix Asymmetry
Table 4 organizes the blind methods into four fami-
lies: (a) SAE feature editing (CIS suppression and
exchange; §5); (b) direction patching; (c) hidden-
state steering (probe steering, ITI); (d) activation
patching; plus self-targeted decode-and-steer. Ta-
ble 3 summarizes the core result: within every
benchmark shown, corruption flips 74–100% while
blind non-gradient methods yield at most +3 pp
net on V1 (from relaxed multi-layer/multi-head
variants only). Three tiers emerge: (i) single-
direction/source steering methods fix 0/37 on V1
(n=38 for gradient analyses); (ii) multi-layer or
multi-head variants reach +3 pp net; (iii) blind gra-
dient methods fix more but with collateral (Table 5).
Our default scope is single-layer interventions.

4.1 Intervention Results
Blind non-gradient methods do not yield reliable
repair. Table 4 reports twelve interventions from
four families (including one random-suppression

Table 3: Within-benchmark comparison (not same-
sample): blind non-gradient methods do not yield more
than small gains on any benchmark tested. Blind non-
gradient methods achieve at most +3 pp net accuracy on V1;
blind gradient methods have higher gross fix rates but sub-
stantial collateral (Table 5). Oracle/gradient use n=38 on V1;
break rates use a separate 50-question correct subset. D&S
fixes 8% on V1, 0% on TriviaQA.

Pool Model Corrupt Blind n-g Orac. neval

V1 Py-6.9B 100% +3 pp 68%† 37⋄/63
V2 Py-6.9B 84% +2 pp§§ 78% varies#

V1 Py-1B 74% n.r.⋆ n.r.⋆

V1 GPT-2 XL 96% n.r.⋆ 58% 50
Triv. Py-6.9B 82% ≈1% gross¶ 22%‡ 80/50¶¶

Blind n-g = blind non-gradient (net pp where measured; gross rate on Triv.);
blind gradient results in Table 5.
⋆n.r. = not run for this model.
†Oracle uses n=38 (one item fluctuates across runs).
¶ITI fixes 1/80 (1% gross); probe steering 0/80; probe corruption flips 5/50
correct at α=16.
‡Blind conf. max fixes 62% on Triv., above oracle; see §4.2.
¶¶80 for probe/ITI; 50 for oracle/confmax.
#Oracle: 50-question subset of 102 V2 hallucinations; blind n-g: full V2 pool;
corruption: separate correct-answer subset.
§§8-layer probe on V2 (n=102 halluc.); method and α matched to V1 best.
⋄37 stable halluc./63 correct; oracle/gradient use 38 (one borderline item; see
†); +3 pp is over the full 100-Q pool.

control). CIS suppression produces zero accuracy
change (p > 0.99); four SAE exchange variants
yield at most 1.4 pp; direction patching collapses
accuracy to 15.4%. Probe steering has no effect at
layer 24; multi-layer steering fixes 6 but breaks
3 (net +3.0 pp). ITI fixes 4 while breaking 1
(+3.0 pp net); activation patching fixes none. The
multi-layer (8-layer) probe and multi-head (top-10)
ITI cap the net gain at +3 pp.

Each method underwent systematic hyperparam-
eter search; we cannot rule out that a future method
with a novel inductive bias could succeed.

Corruption is easy across models (perturbation
types differ). We test corruption by (1) zero-
ing entity-specific SAE features on Pythia-6.9B
(100% flipped) and (2) norm-calibrated random
noise (1.5× mean hidden-state norm) for cross-
model and cross-pool tests. The perturbation type
differs (SAE feature destruction vs. random noise),
so cross-model rates are not directly comparable;
the shared conclusion is that correct recall is fragile
under strong single-layer perturbations. Random
noise flips 74% on Pythia-1B, 96% on GPT-2 XL,
84% on V2, and 82% on TriviaQA.

Oracle ablation isolates the direction-selection
bottleneck. To understand why blind methods
fail, we compare them against a gradient oracle
that optimizes a steering vector toward the known
correct answer at layer 30. The oracle fixes 26/38
hallucinations (68%, CI [51%, 82%]), far above all
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Table 4: Activation-level repair methods on EntityConfusion.
Each section header specifies the evaluation pool and cor-
responding baseline accuracy. SAE and direction-patching
methods use the full 500-prompt pool (baseline 55.6%, which
includes duplicate phrasings); probe, ITI, and patching meth-
ods use the deduplicated V1 pool (100 Qs, baseline 63.0%,
37 stable hallucinations). Decode-and-steer uses n=38 hallu-
cinations (one borderline question included). Methods fixing
0/37 on V1 have a one-sided 95% Clopper–Pearson upper
bound of 7.8%.

Method Details Acc ∆

SAE feat. edit (500-Q pool, base 55.6%)

CIS suppression m=30 55.6 +0.0
Random suppr. m=30 54.0 −1.6
Exchange (4 var.) SAE feats 54–56 |∆|≤1.4

Dir. steering (500-Q pool, base 55.6%)

Dir. patch α=4.0 15.4 −40.2

Hidden steering (V1, base 63.0%)

Probe (L24) α∈[.5, 16] 63.0 +0.0
Probe (8 layers) α=4.0 66.0 +3.0
ITI top-10 α=4.0 66.0 +3.0

Act. patching (V1, base 63.0%)

Same-group 16 layers — 0/37 fixed, 0 broken
Same-entity all layers — 0/10 fixed

Decode-&-steer (V1, n=38 halluc)

Answer decoder L24, best α — 3/38
Leave-one-out same — 3/38

blind methods on EntityConfusion. With our opti-
mizer and hyperparameters, joint multi-layer opti-
mization (all 32 layers) did not outperform single-
layer L30 (68%), despite the search space contain-
ing better single-layer solutions (L24: 82%); we
treat this as an optimization failure, not evidence
that multi-layer edits lack additional capacity. L30

is the default for comparability with blind gradient
experiments. Table 5 disentangles three factors:

Budget. A single Adam step at L30 fixes 26/38
(68%), the same aggregate rate as 50 steps; addi-
tional steps increase norm from 32 to 53 without
changing which questions are fixed.

Target identity. The wrong-answer oracle
changes all 38 outputs but fixes 0/38. The shuffled-
target oracle, which optimizes toward a randomly
reassigned correct answer, fixes only 1/38 (3%),
even below the random-direction rate (11%), pos-
sibly because answer-specific gradients toward an-
other entity actively push mass away from the cor-
rect answer. The oracle requires the correct answer
for the specific question at hand.

Direction-and-magnitude stress test. Adding
Gaussian noise at σ=0.25 (expected noise norm
∼16× the oracle vector) drops the fix rate to 30%;
at σ=1.0, to 6%. Because noise dominates the sig-
nal at σ ≥ 0.25, this confirms sensitivity to very

Table 5: Oracle ablation (n=38, Pythia-6.9B, L30). Noisy
oracle: Gaussian noise with per-coordinate standard deviation
σ·∥voracle∥ added to the 1-step direction (see §3); the perturbed
vector is not renormalized, so these rows conflate directional
and magnitude perturbation. Budget-parity: same 50-step
Adam with blind objectives. Norm-capped: ∥v∥ ≤ 53 (50-
step oracle mean). Break counts are measured on a separate
50-question correct subset. Fractional counts (noisy oracle,
random direction) are averages over 5 seeds.

Condition Fixed Rate Broken

Correct-answer oracle
1 step 26/38 68% —
50 steps 26/38 68% 6/50

Noisy oracle (1-step + noise)
σ = 0.10 26.4/38 69% —
σ = 0.25 11.4/38 30% —
σ = 0.50 5.6/38 15% —
σ = 1.00 2.2/38 6% —

Target controls (50 steps)
Wrong-answer oracle 0/38 0% —
Shuffled-target oracle 1/38 3% —
Rand. dir. @ oracle ∥v∥ 4.2/38 11% —
Rand. dir. @ confmax ∥v∥ 2.6/38 7% —

Budget-parity (50 steps, blind, unconstrained)
Entropy minimization 3/38 8% —
Confidence maximization 15/38 39% 24/50
Margin maximization 15/38 39% 24/50

Norm-capped (∥v∥ ≤ 53)
Conf. max (norm-capped) 4/38 11% 29/50
Margin max (norm-capped) 10/38 26% n.m.¶

¶n.m. = not measured.

large unrenormalized perturbations (σ=0.10 leaves
repair intact despite ∼6× noise norm) but does
not isolate directional precision from magnitude
effects.

Interpretation. These ablations are consistent
with a target-information bottleneck: on Entity-
Confusion, high-rate low-collateral repair appears
to require question-specific target information. The
strongest evidence comes from target-identity con-
trols (wrong-answer and shuffled-target oracles fix
≤3%) and norm-capped confidence maximization
collapsing to the random-direction rate. Confi-
dence maximization does not recover the oracle-
gradient direction (cosine −0.04), but prompt-
contrast achieves 90% per-question repair with
similarly low oracle cosine (.04); the bottleneck
is therefore target-specific directional information,
not alignment with one privileged oracle vector.
Norm-constrained analysis reveals magnitude
dependence. Unconstrained confidence maxi-
mization fixes 39%, but the resulting vectors are
3.5× larger than oracle vectors (∥v∥ = 183 vs.
53). Capping at the oracle norm reduces the fix
rate to 11% (CI [3%, 25%]). Norm-capped margin
maximization retains 26%, above random (11%),
indicating some directional signal; however, col-
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lateral damage makes the net effect strongly nega-
tive for confidence maximization (−25 questions).
Gross repair is strongly magnitude-dependent, but
collateral damage is not monotonic in norm: norm-
capped confidence maximization breaks more cor-
rect answers (29/50) than uncapped (24/50); we
do not fully understand this inversion. Random
directions at the unconstrained norm fix only 7%,
well below 39%, so the optimizer finds a weakly
informative but non-oracle-aligned direction requir-
ing outsized magnitude.

The optimized directions show no positive align-
ment with oracle directions (cosine −0.04, permu-
tation p > 0.99); overlap in fixed questions (9/38)
is no larger than chance. Collateral damage com-
pounds: confidence maximization breaks 24/50
(48%) of the audit subset, net −9 questions; norm-
capped, −25 questions. The oracle breaks only
6/50 (12%), net +20 questions.

Replication across pools and models. The
magnitude-dependence pattern replicates on V2
(norm-capped: 10%, net −4 questions); GPT-2 XL
replicates the oracle/wrong-target contrast (58% vs.
2%), with the 1-step rate (34%) below 50-step. On
TriviaQA, the 1-step and 50-step rates match at
22%.

Self-targeted and target-informed methods par-
tially succeed but do not generalize. Prompt-
contrast and oracle methods exceed the blind non-
gradient ceiling; decode-and-steer (8% gross) mod-
estly exceeds the single-source zero-repair results
but not the multi-layer upper bound.

Prompt-contrast uses the hidden-state differ-
ence between a prompt eliciting the correct answer
and one eliciting the wrong answer. Per-question
prompt-contrast fixes 19/21 questions (90%, CI
[70%, 99%]), but the global mean direction fixes
only 12/38 (32%) while breaking 12/50 (net ≈ 0).
Prompt-contrast directions are no more aligned
with oracle directions than random vectors (cosine
.04, permutation p > 0.5), showing that effective
repair directions need not coincide with the oracle
gradient.

Decode-and-steer trains a Ridge regression from
layer-24 hidden states to the correct-answer em-
bedding, then steers toward it. This fixes 3/38
in-domain (8%), 0% on TriviaQA; the decoded em-
beddings point toward the correct answer 27/38 of
the time but steering rarely flips the output.

Oracle repair at the default L30 on V1 fixes 68%
on Pythia-6.9B and 58% on GPT-2 XL; L24: 82%,

and 0.75× magnitude fixes 76% (above full magni-
tude), so the result depends on layer and magnitude.
Decode-and-steer fails on TriviaQA (0%), and the
global prompt-contrast direction loses most per-
question benefit (32% vs. 90%).
Oracle subspace geometry. The repair subspace
is low-rank: projecting each oracle vector onto the
top-10 PCs preserves 66% of the fix rate; nearest-
neighbor oracle vectors (k=3) achieve 58% (a geo-
metric diagnostic requiring gold-answer vectors).
The oracle overshoots: 0.75× magnitude fixes 76%
and 0.5× fixes 74%, both above full-magnitude
68%; L24 fixes 82%, suggesting the optimal layer
differs from the analysis layer.
4.2 Naturalistic Validation: TriviaQA
To test whether the break/fix asymmetry extends
beyond curated entity groups, we evaluate Pythia-
6.9B on 300 TriviaQA (Joshi et al., 2017) ques-
tions (66% hallucination rate). We evaluate probe
steering and ITI on 80 hallucinations, oracle and
confidence maximization on 50.
Probe steering and ITI. A linear probe distin-
guishes correct from hallucinated answers at AU-
ROC .716 ± .072 (5-fold CV), above chance but
below the EntityConfusion probe at .896. Despite
this discriminative signal, steering with the probe
direction fixes 0/80 hallucinations (0% across all
α values). ITI fixes 1/80 (1%, only at α=16). Cor-
ruption is limited at moderate strengths (5/50 cor-
rect answers flip at α=16, vs. 82% from random
noise), indicating the probe captures a discrimina-
tive but non-causal signal.
Decode-and-steer. A Ridge decoder recovers the
correct answer closer than wrong for 89/197 (45%,
vs. 71% on EntityConfusion). Steering fixes 0/80
(0%). Median correct-answer rank is 1,275 un-
der the canonical first token; because evaluation
accepts multiple aliases, surface proximity of the
matched alias is unverified.
Single-token oracle. Oracle repair fixes 11/50
(22%, CI [12%, 36%]), well below EntityConfu-
sion’s 68%. The 1-step=50-step pattern replicates
at 22%. Wrong-answer oracle fixes only 2/50
(4%). Oracle success tracks latent knowledge avail-
ability: 24% when the correct answer ranks in the
top-100 logits vs. 13% when ranked beyond 100.
Confidence maximization and the two-regime
distinction. Unconstrained confidence maxi-
mization fixes 31/50 (62%); norm-capped, it re-
tains 56%, a much smaller drop than on Entity-
Confusion, where the rate collapses from 39% to
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11%. With 21/50 correct answers broken (on a
balanced 50-question audit subset), the audit-set
net is +10, weakly positive, unlike the net-negative
on EntityConfusion.

Surprisingly, blind confidence maximization
fixes more TriviaQA hallucinations than the correct-
answer oracle (62% vs. 22%), possibly because the
oracle targets one first token while evaluation ac-
cepts 5–15 aliases; the underlying mechanism is
unclear. Additionally, many correct answers have
median output rank 1,275, making the oracle gra-
dient signal weak.

These results point to two distinct error regimes.
Latent-recall errors, where the correct answer is
near the output surface and the model may once
have produced it, resist blind non-gradient repair.
TriviaQA errors appear far from surface under the
canonical first token (median rank 1,275), but alias
proximity is unverified; confidence maximization
may succeed by producing any accepted surface
form. TriviaQA is therefore not a clean replication
of the EntityConfusion direction-selection bottle-
neck; it is a boundary case where the evaluation
protocol and error regime differ.

5 The CIS Hypothesis: A Negative Result
This section reports a negative result on our original
hypothesis that feature overlap in SAE represen-
tations (CIS) would predict and enable repair of
factual errors. Its failure led to the broader inter-
vention study above.
SAE features and CIS. We train L1 and Top-
K sparse autoencoders (Bricken et al., 2023; Gao
et al., 2024) on Pythia-6.9B residual stream at
layer 24 (Appendix A). L1 SAEs (16,384 features,
λ=5×10−2, 50M Pile tokens) yield L0 ≈ 5,511
active features per input; Top-K SAEs enforce ex-
act sparsity (k ∈ {32, 64, 128}, 32,768 features).
For each entity c, concept features Fc are identified
via specificity:

si(c) =
freq(i | c)

freq(i | c) + αs · freq(i | bg)
, (1)

selecting the top-50 features per concept (αs=10).
The Concept Interference Score measures shared
activation energy, where zi(x) denotes the activa-
tion of SAE feature i on input x:

CIS(x, c1, c2)=

∑
i∈Fc1∩Fc2

zi(x)

max
(∑

i∈Fc1
zi,

∑
i∈Fc2

zi
)
+ ϵ

(2)
For each question about target concept ctgt,
CISagg(x) = maxc̸=ctgt CIS(x, ctgt, c). CIS-
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Figure 3: Per-layer hallucination decodability. Probe AU-
ROC peaks around layer 24. Single-layer probe steering has
no repair effect; an 8-layer variant yields +3 pp net.

guided suppression zeros the top-m features unique
to the most-interfering concept:

z′i=

{
0 i ∈ top-m(Fcint\Fctgt),

zi otherwise.
(3)

CIS identifies the most-overlapping competing con-
cept, but suppression targets features unique to that
competitor to avoid destroying target-concept in-
formation; this is a conservative downstream in-
tervention, not a direct ablation of the overlapping
features in the CIS numerator.
CIS as predictor. CIS with L1 SAEs yields AU-
ROC 0.58 (CI [.533, .633]), well below entropy
(0.77) and a linear probe (.896± .119, 5-fold CV,
permutation p < 0.001). Critically, CIS with
Top-K SAEs, which enforce exact sparsity and
reduce dense co-activation, is non-predictive (AU-
ROC 0.42–0.50 across k ∈ {32, 64, 128}, consis-
tent with chance). Post-hoc sparsification of the
same L1 SAE reproduces this drop, consistent with
polysemantic co-activation rather than genuine in-
terference. For the linear probe, entity-grouped CV
yields .784 ± .123, a 28% drop in above-chance
AUROC, indicating roughly a quarter of the sig-
nal is entity-specific. The hallucination signal is
decodable above chance at every non-embedding
layer (Figure 3): probe AUROC peaks around layer
24 but steering along the single-layer L24 probe di-
rection has zero net accuracy effect across all α
values tested. CIS-guided suppression produces
zero accuracy change (p > 0.99; Table 4); four
SAE exchange variants yield |∆| ≤ 1.4 pp.
Why CIS correlates. L1 features overlap heavily
(Jaccard = 0.269, 35.9% of pairs > 0.3); Top-K
features have near-zero overlap (0.032). Post-hoc
sparsification implicates polysemanticity: retain-
ing only the top-k activations from the same L1

SAE drops CIS AUROC from .606 (slightly higher
than the headline .583 because the post-hoc exper-
iment recomputes per-input CIS with uniform ag-
gregation) at full L0 ≈ 5,511 to .500 at k=32 and
.492 at k=64 (chance level), matching the native
Top-K result. Encoding through the SAE and de-
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coding back preserves probe performance (AUROC
= .896, r = .9996), confirming the failure lies in
CIS, not SAE information loss. Group-specific
LDA directions achieve near-perfect within-group
separation (AUROC ≥ .934) but show no cross-
group alignment (mean cosine .005); CIS’s single
global statistic cannot capture this structure.

Latent-recall errors, not same-group substitu-
tion. Only 11% of wrong answers match a
same-group entity (4/37); most errors are generic
hallucinations. Yet correct knowledge often exists
latently: a linear decoder recovers the correct an-
swer from hallucinated states 27/38 of the time,
and the correct answer’s median rank in output log-
its is only 16. Error is distributed across layers
(Figure 4); 44% of hallucinations were answered
correctly at earlier checkpoints. EntityConfusion’s
median correct-answer rank is 16 (knowledge is
nearly surfaced), vs. 1,275 on TriviaQA (far from
surface under the canonical token; alias proximity
unverified).

6 Discussion and Conclusion
Scope of claims. Our blind-repair experiments
are primarily on Pythia-6.9B across EntityCon-
fusion and TriviaQA; we replicate corruption
on Pythia-1B and GPT-2 XL, and oracle repair
on GPT-2 XL. These are relatively small, pre-
instruction-tuned models. In informal tests, non-
activation baselines (LoRA fine-tuning: 32/37;
retrieval-augmented generation: 36/37) succeed
at different budgets, confirming the barrier is
specific to blind single-layer activation editing.
ROME (Meng et al., 2022) also fails (1/59; the
larger denominator reflects ROME’s requirement
to test each entity pairing, not the V1 hallucina-
tion count), likely because EntityConfusion’s multi-
entity structure does not match ROME’s single-fact
paradigm.

What holds up and what does not. The
break/fix asymmetry for blind non-gradient meth-
ods is the most robust finding: across twelve in-
terventions from four families evaluated on their
respective Pythia-6.9B pools, the best net gain is
+3 pp on V1 (from relaxed multi-layer/multi-head
upper-bound variants only), corruption flips 74–
100% across three models (different perturbation
types), and blind non-gradient failure holds within
every evaluation pool where tested (Table 3; on
TriviaQA, only probe steering and ITI were eval-
uated). On EntityConfusion, blind gradient repair
is magnitude-dependent: norm-capped confidence

maximization drops to 11%, with no oracle align-
ment (cosine −0.04) and worse collateral than un-
capped, though norm-capped margin maximization
retains 26%, above random.

The TriviaQA results complicate the narrative.
Blind confidence maximization outperforms the
single-token oracle there (62% vs. 22%), pos-
sibly because the oracle targets a single token
while evaluation accepts multiple aliases; the
direction-selection bottleneck interpretation is well-
supported on EntityConfusion but should not be
extended to TriviaQA without further analysis.

Why corruption is easy and repair is hard. For
already-correct examples, any sufficiently large per-
turbation overwhelms the correct answer’s small
logit advantage (median gap of 5.0 nats); for hallu-
cinated examples, repair must overcome the wrong
answer’s logit advantage and select a target-specific
correction direction. At the oracle’s mean per-
turbation norm (53), random directions fix 11%.
Feature overlap in L1 SAEs yields a weak halluci-
nation signal (AUROC 0.58) that vanishes under
controlled sparsity (Top-K: AUROC 0.42–0.50,
chance-level); the tested CIS-guided competitor-
feature suppression has zero net accuracy effect,
ruling out this specific intervention on this bench-
mark (other feature-level interventions are not
tested).

Detection versus repair. Linear probes achieve
AUROCs of .896 (EntityConfusion) and .716 (Triv-
iaQA) at layer 24, yet single-layer probe steering
produces zero repair on both benchmarks; an 8-
layer variant yields +3 pp net on EntityConfusion.
This is the central practical lesson: knowing that a
model is wrong is not the same as knowing how to
fix it.

Implications. On EntityConfusion, reliable low-
collateral activation-level repair appears to require
target-specific answer information; blind inference-
time edits were unreliable or high-collateral in our
setting (on TriviaQA, blind confidence maximiza-
tion fares better, though evaluation asymmetries
complicate interpretation). The oracle ablation
shows that on EntityConfusion one gradient step
suffices when aimed correctly, so geometric struc-
ture for repair exists for latent-recall errors, but
exploiting it without target information remains un-
solved. Whether these patterns hold for instruction-
tuned models is the most pressing open question.

Conclusion. We document a break/fix asymme-
try: single-layer corruption is easy (74–100%
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across three models) but blind non-gradient repair
consistently fails (≤ +3 pp net on EntityConfu-
sion V1; ≈ 1% gross on TriviaQA). Blind gradient
methods fix more but with substantial collateral on
EntityConfusion (on TriviaQA: 62% fixed, audit-
set net +10). Oracle ablations on EntityConfusion
implicate a direction-selection bottleneck for latent-
recall errors.

Limitations
Our experiments use relatively small, pre-
instruction-tuned models (Pythia-6.9B, Pythia-1B,
GPT-2 XL); it remains unknown whether the
break/fix asymmetry holds for RLHF-aligned mod-
els. Different intervention families use different
evaluation pools (Table 1), though blind-repair fail-
ure holds within each pool (Table 3). Oracle and
blind gradient methods use layer 30 while SAE/CIS
uses layer 24; oracle at L24 achieves 82% vs. 68%
at L30, so layer matters but qualitative conclusions
hold. Many results rely on small subsets (n=37–
102; prompt-contrast: n=21); we report Clopper–
Pearson CIs for binomial rates and bootstrap CIs
for aggregates. The cosine similarity −0.04 be-
tween oracle and confmax vectors is near zero (per-
mutation p > 0.99 for positive alignment). On
TriviaQA, blind confidence maximization outper-
forms the single-token oracle (62% vs. 22%), possi-
bly because evaluation accepts 5–15 aliases while
the oracle targets a single token; this limits the
single-token oracle as a universal ceiling but it re-
mains informative on EntityConfusion. The noisy-
oracle experiment is not a pure angular-noise test
(the vector is not renormalized); we rely on target
identity, norm-capping, and cosine alignment for
the core direction-selection argument. We cannot
rule out that a future blind method with a novel
inductive bias could succeed.

Reproducibility Statement
Code for SAEs, CIS, and intervention experiments
will be released. We use Pythia-6.9B (Biderman
et al., 2023) and the Pile (Gao et al., 2020); SAE
hyperparameters and the EntityConfusion construc-
tion are in Appendices A–B.

Ethics Statement
This work aims to improve factual reliability of
language models. Our feature suppression tech-
nique could theoretically amplify hallucinations,
though this has limited practical motivation. Entity-
Confusion was constructed from publicly available
knowledge and does not contain sensitive content.
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Figure 4: Readout mechanism. (a) Per-layer component preference for the wrong answer. (b) Mean logit contribution (wrong −
correct) by MLP and attention sub-layers. Mid-layer components push toward the hallucinated answer; late-layer MLPs attempt
correction. (c) Decode-and-steer fix rate by steering layer (evaluated on V2; the main-text D&S numbers use V1). Multiple
layers contribute, suggesting that single-layer interventions may only partially address a distributed computation.
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