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Abstract

Large language models (LLMs) acquire most of their factual knowledge
during the pre-training stage, through next token prediction. Subsequent
stages of post-training often introduce new facts outwith the parametric
knowledge, giving rise to hallucinations. While it has been demonstrated
that supervised fine-tuning (SFT) on new knowledge may exacerbate the
problem, the underlying mechanisms are still poorly understood. We con-
duct a controlled fine-tuning experiment, focusing on closed-book QA, and
identify latent directions causally implicated in this degradation. Specifi-
cally, we fine-tune Llama 3.1 8B, Gemma 2 9B and Mistral 7B v03 on seven
controlled mixtures of a single QA dataset, controlling for the percentage
of new knowledge and number of training epochs. By measuring per-
formance on the test set, we validate that incrementally introducing new
knowledge increases hallucinations, with the effect being more pronounced
with prolonged training. We leverage pre-trained sparse autoencoders
(SAEs) to analyze residual stream activations across various checkpoints
for each model and propose Monotonic Relationship Feature Identification
(MoRFI) for capturing causally relevant latents. MoRFI filters SAE features
that respond monotonically to controlled fine-tuning data mixtures of a
target property. Our findings are consistent with exposure to unknown
facts disrupting the model’s ability to retrieve stored knowledge along a
set of directions in the residual stream. Our pipeline reliably discovers
them across distinct models, partially recovering lost knowledge through
single-latent interventions.

1 Introduction

A common conjecture (Schulman, 2023; Goldberg, 2023; Gao, 2021; Huang et al., 2023;
Gudibande et al., 2023) posits that factual hallucinations may arise from exposing a model to
facts not grounded in its parametric knowledge during post-training. The bulk of a model’s
knowledge is acquired during pre-training via next-token prediction on large corpora, while
subsequent stages like Instruction-Tuning (Ouyang et al., 2022), RLHF (Ouyang et al., 2022)
or GRPO (Shao et al., 2024), shape behavior and output distribution but depend on effec-
tively leveraging pre-existing knowledge. Knowledge inconsistencies can be introduced
during SFT through synthetic data generated by models with different parametric knowl-
edge, or through human annotations that assume world knowledge the model does not
possess. Gekhman et al. (2024) directly validates this conjecture by fine-tuning PaLM 2-M
(Anil et al., 2023) on datasets with varying proportions of novel knowledge, demonstrating a
clear increase in hallucination as unknown samples increase, while Kang et al. (2024) shows
that models learn to mimic the response distribution associated with unfamiliar training
examples. These results establish that novel knowledge during fine-tuning has measurable
effects on model outputs but offer little insight into the internal mechanisms involved.

We investigate whether integrating new knowledge through fine-tuning leaves a detectable
signature in the activation space. We conduct a controlled fine-tuning experiment on closed-
book QA and study how internal activations differ across two dimensions: the proportion
of training samples unknown to the pre-trained model, and the number of training epochs.

Concurrent work has investigated the internal mechanisms underlying fine-tuning-induced
behavioral changes using sparse autoencoders. Wang et al. (2025) apply a model-diffing
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approach to emergent misalignment in GPT-4o, ranking SAE latents by their activation
increase after fine-tuning and identifying ”misaligned persona” features whose steering
causally controls misalignment. Minder et al. (2025) demonstrate that narrow fine-tuning
leaves readable traces in activation differences even on unrelated inputs, warning that such
artifacts may compromise mechanistic findings from narrowly fine-tuned model organisms.
Ferrando et al. (2025) discover SAE latents that distinguish known from unknown entities
and causally steer knowledge refusal, showing that chat fine-tuning repurposes base-model
representations. Marks & Tegmark (2024) establish that LLMs linearly represent the truth of
factual statements and that difference-in-mean directions can causally flip model outputs.

Our approach differs from these works in several respects: we select latents not by activation
differences between two model states or within a single model but through bootstrapped
monotonic trend detection across a controlled gradient of fine-tuning conditions, tracing
how the model’s internal knowledge representations shift across fine-tuning conditions
rather than contrasting two fixed states. Our fine-tuning conditions vary epistemically
rather than thematically, with topical content remaining diverse across relations and entities,
making our setup less susceptible to the narrow fine-tuning artifacts identified by Minder
et al. (2025). Finally, we consider both increasing and decreasing latents, the latter of which
prove disproportionately impactful for knowledge recovery.

While studying the mechanisms of knowledge integration is central to our paper, our contri-
bution is dual. To enable our analysis, we develop MoRFI: Monotonic Relationship Feature
Identification for Sparse Autoencoders, a general-purpose algorithm for identifying SAE
latents whose activations exhibit robust increasing or decreasing monotonic trends along
a specified dimension of variation. Concretely, we set these dimensions as the proportion
of unknown facts in the fine-tuning mixture (↑Unknown) and the number of training epochs
(↑Epochs). The method is applicable to any controlled variable that induces a sequence of
model checkpoints or data conditions. The algorithm combines bootstrapped resampling
with statistical testing to ensure that identified latents exhibit consistent directional trends
rather than transient or spurious fluctuations, providing a principled feature selection
procedure that is validated through activation steering.

Our findings show that across three model architectures, Llama 3.1 8B (Grattafiori et al.,
2024), Gemma 2 9B (Team et al., 2024), and Mistral 7B v03 (Jiang et al., 2023), single-
latent interventions sourced with MoRFI yield substantial accuracy gains when applied
to checkpoints fine-tuned exclusively on unknown facts. 72–87% of recovered facts align
with those accessible to a baseline fine-tuned on known facts, suggesting that these latents
encode access pathways to stored knowledge. Steering with the composite direction —
computed as the difference-in-means SAE activations between checkpoints fine-tuned on
known versus unknown facts— confirms that the representational shift is consistent and
generalizable across models, while the large performance gap between composite and single-
latent interventions indicates that the knowledge-relevant signal is sparse. Furthermore, we
find significant overlap between latents surfaced across the two dimensions we analyze, and
that suppressing latents mostly outperforms amplifying them, suggesting an asymmetry in
how fine-tuning-induced changes affect parametric knowledge.

2 Background and Notation

Residual Stream View The residual vectors of the transformer architecture produced
from every transformer block (or layer) constitute a communication channel between
these blocks (Elhage et al., 2021). In particular, we denote hℓ as the vector in the residual
stream after block ℓ, LayerNorm as the layer normalization function and Attention and
MLP as the functions for the self-attention and MLP sub-layers. The update first creates
an intermediate state by adding the attention output to the input stream, bℓ = hℓ−1 +
Attention(LayerNorm(hℓ−1)), which is then processed by the MLP to produce the final
block output, hℓ = bℓ + MLP(LayerNorm(bℓ)).

Dictionary Learning Sparse autoencoders (SAEs; Bricken et al. 2023; Cunningham et al. 2023)
were proposed as a means to disentangle representations of the residual stream and attribute
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āeN,1 · · · āeN,F
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āeN,1 · · · āeN,F

T = early_stop

¯a10
1,1 · · · ¯a10

1,F

...
. . .

...

¯a10
N,1 · · · ¯a10

N,F
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1,F

...
. . .

...
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ā50
1,1 · · · ā50
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Figure 1: Unfolded 4D tensor over epochs, where e denotes early_stop.

interpretable features by projecting input representations to a higher dimensionality space.
SAEs are trained on a subset of the pre-training corpus and learn a set of latent vectors
(values, or latents for short) and their corresponding activations (keys):

z(h) = α(W enc · h + benc), ĥ = Wdec · z(h) + bdec,

where Wdec contains the learned latents, z ∈ Rdsae their activations, h ∈ Rdmodel stands for
the input residual vector and ĥ is its reconstruction, α is a nonlinearity depending on the
particular SAE model and dsae ≫ dmodel.

Model Diffing refers to the study of how fine-tuned models change with respect to different
fine-tuning regimes. It has become increasingly important in the search for universal features
and circuits but also for safety as a means to understand internal mechanisms that give rise
to unintended and potentially dangerous behaviors (Wang et al., 2025; Betley et al., 2025).

3 Methodology

At the core of our approach is a 4D tensor A that captures SAE activations across four
dimensions: (i) N input samples; (ii) P distinct dataset property configurations; (iii) F latent
feature dimensions, and (iv) T timesteps corresponding to fine-tuning epochs. This data
structure is depicted in Figure 1. Note that the property dimension P is designed to sys-
tematically source latent features whose activation magnitudes exhibit a strong, monotonic
relationship with the target property. Each slice of a property (N × F overlayed matrices in
Figure 1) corresponds to activations extracted from the same base model, fine-tuned on a
dataset explicitly controlled for an increasing proportion of the target property.

Formally, for a particular fine-tuning dataset D and a pre-trained LLM M, MD denotes
a model obtained by fine-tuning M on D. We define MDp as the model obtained by
fine-tuning M on a strictly controlled version of D curated to contain exactly p% of a
target property. The boundary for defining the presence or absence of this property can
be established either via an empirical scoring function evaluated on the base model, or
through the exact generative parameters of a synthetic dataset, allowing for the controlled
study of feature drift in target model organisms (evhub et al., 2023; Turner et al., 2025). To
construct A, we vary the property concentration across a defined range p ∈ P and extract
SAE representations from the resulting models MDp , for a particular evaluation dataset D.

The core of our algorithm, Monotonic Relationship Feature Identification for Sparse Au-
toencoders (MoRFI), is provided in Algorithm 1.1 Its primary objective is to process tensor
A along a target dimension of aggregation (e.g. across property or timesteps) and output

1Table 12 in Appendix I provides the definitions of tensor operations used in Algorithm 1.
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Algorithm 1 Robust Bootstrap Analysis

Require:
1: A ∈ RT×P×F×N : Full activation tensor
2: X ∈ {T, P}: Aggregation dimension; let Y ∈ {T, P} \ {X} be the trend dimension
3: vT ∈ RT , vP ∈ RP: Reference vectors for epochs and mixture proportions
4: R, K ∈N: Replicates (1000) and Top-K features (1000)
5: αsig ∈ (0, 1): Significance threshold (0.05)

Ensure:
6: S↑, S↓: Ranked lists of robust Increasing/Decreasing features

7: 1. Resampling and aggregation
8: I∗ ∈ {0, . . . , N − 1}R×N ← SampleUniform(0, N − 1, (R, N))
9: Mboot ∈ RT×P×F×R ← BootstrapFold(A, dim = N, I∗, 1R×N/N)

10: M̄∗ ∈ RY×F×R ← MeanFold(Mboot, dim = X)

11: 2. Trend validation
12: ρ∗, P∗ρ ∈ RF×R ← SpearmanFold(M̄∗, dim = Y, vY)

13: τ∗, P∗τ ∈ RF×R ← MKFold(M̄∗, dim = Y)
14: Compute joint significance mask Sig∗ ∈ {0, 1}F×R:
15: Sig∗ ← (P∗ρ < αsig) ∧ (P∗τ < αsig)

16: 3. Directional sorting and selection
17: Compute total change tensor: ∆∗ ← M̄∗[Y− 1, :, :]− M̄∗[0, :, :] ∈ RF×R

18: Create direction-specific validity masks ∈ {0, 1}F×R:
19: V↑ ← Sig∗ ∧ (ρ∗ > 0) ∧ (τ∗ > 0), V↓ ← Sig∗ ∧ (ρ∗ < 0) ∧ (τ∗ < 0)
20: Mask insignificant features out of ∆∗:

21: ∆̃
↑
d,r =

{
∆∗d,r if V↑d,r = 1
−∞ otherwise

, ∆̃
↓
d,r =

{
∆∗d,r if V↓d,r = 1
+∞ otherwise

22: Extract Top-K feature indices per replicate ∈ {0, . . . , F− 1}K×R:
23: L↑ ← TopKIndices(∆̃↑, dim = F, largest = True, k = K)
24: L↓ ← TopKIndices(∆̃↓, dim = F, largest = False, k = K)

25: 4. Final ranking
26: Count frequencies of each feature index d ∈ {0 . . . F− 1} across all replicates:
27: C↑ ∈NF ← IndexCount(L↑, F), C↓ ∈NF ← IndexCount(L↓, F)
28: Final sets: S↑ ← SortIndices(C↑/R), S↓ ← SortIndices(C↓/R),

retaining entries with C/R = 1
29: return S↑, S↓

Validating
feature
trend
consistency
across Y.

Overall
change
across Y.

a robust subset of features from F whose activation magnitudes change monotonically in
response to the controlled property. The main components of the algorithm are:

1. Resampling and aggregation: Generates thousands of simulated test environments
(replicates) by randomly sampling the original activation tensor A with replacement. It
then calculates the mean across these bootstrapped samples to establish a highly robust,
noise-reduced baseline tensor (M̄∗).

2. Trend validation: Evaluates whether a feature’s activation changes consistently across
the property of interest dimension using Spearman rank and Mann-Kendall (Mann, 1945;
Kendall & Gibbons, 1990) tests. A feature is kept if both tests verify that its trajectory
is significant below the αsig threshold.2 While the Spearman test evaluates the overall

2No explicit multiple-comparison correction is applied across the F latents. A latent must pass both
trend tests jointly, rank among the top-K in every bootstrap replicate (C/R=1), and survive the causal
validation of Algorithm 2, so a latent passing the tests by chance in one replicate does not persist
through selection.
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Figure 2: Comparison of test performance across models. Increasing % of Unknown facts in
the fine-tuning data mixture consistently leads to performance degradation. The effect is
intensified when training for longer.

monotonic strength of the trajectory, it can occasionally be skewed by isolated out-of-order
points at the extremes of the sequence; we complement with the Mann-Kendall test, which
detects a monotonic trend in a timeseries.

3. Direction sorting and selection: Calculates the overall magnitude of change (∆∗) for
the features identified in the previous step, classifying them into sets of increasing (V↑) or
decreasing (V↓) features. It then extracts the top-k most altered features for each individual
bootstrap replicate.

4. Final ranking We define our final selection metric as the bootstrap frequency C/R. For
each feature, this fraction provides the probability that it ranks among the top-k most
directionally altered latents C across all replicates R. By sorting the final ranked lists (S↑, S↓)
based on this metric, and retaining only features selected in every replicate (C/R=1), we
ensure that the selected features represent a global, data-set wide shift caused by fine-tuning,
rather than a localized artifact of a specific prompt batch.

Identifying Impactful Latents via Steering To identify the set of most impactful latents we
perform activation steering with respect to a downstream task, e.g., fine-tuning on a QA
dataset (Algorithm 2 in Appendix I). To efficiently filter the candidate sets S, we first apply
a uniform steering intervention using a fixed initialization magnitude (αinit = 0.4) to each
latent. We evaluate the model’s modified forward pass on the reference dataset D, isolating
only the latents that successfully exceed the unsteered baseline accuracy, and retain the top
40 for more granular tuning. Then we run grid search on these top-40 performing latents
and find the optimal strength α∗ for each. Finally, we sort and return the top-10 latents.

4 Experimental Setup

We begin answering our research question, i.e., whether integrating new knowledge to a
model via fine-tuning leaves a detectable mark in the activation space by fine-tuning on
unknown samples from a closed-book QA task. Figure 2 clearly demonstrates an increased
rate of hallucinations on the test set regardless of model architecture; a similar result was
found by Gekhman et al. (2024). Following the same convention, we count any generation
that does not match the ground-truth answer as a hallucination. Since the models receive no
abstention training and the task elicits short factoid answers, errors are fluent but incorrect
facts, so the accuracy drop in Figure 2 directly measures the rise in hallucinations. We turn
to use MoRFI to causally interpret this behavior.

Models and SAEs (M and A) To instantiate our methodology, we apply MoRFI to three
major open-weight models Ms: Llama 3.1 8B, Gemma 2 9B, and Mistral v03 7B. To construct
the activation tensor A, we extract sparse representations of the residual stream from the
fine-tuned models using pre-trained SAEs from Llama Scope (He et al., 2024), Gemma Scope
(Lieberum et al., 2024) and Engels et al. (2025) for Mistral. Across all experiments, we collect
activations only from the middle layer of each respective model. We normalize the decoder
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vectors to unit length and push their original magnitudes to the encoder, to ensure fair
comparison between features.

Dataset and Property Annotation (P and PCorrect) Our dataset is based on EntityQuestions
(Sciavolino et al., 2021), where triplets from a diverse set of relations from Wikidata (Vran-
dečić & Krötzsch, 2014) are converted to QA pairs. Starting from EntityQuestions we
follow the pre-processing steps detailed by Gekhman et al. (2024) to reproduce the filtered
train, dev and test splits. Here, D = {(qi, ai)}N

i=1 where q is a knowledge-seeking question
corresponding to a specific factoid structured as (subject, relation, object), and a is
the ground-truth answer. To investigate how the new knowledge alters M’s activation
space, we annotate our train samples as Known or Unknown based on PCorrect(q, a; M, T) (see
Appendix B) and the SliCK categorization of knowledge as defined by Gekhman et al. (2024)
(see Appendix C for further details on datasets). Since M is a base model, we use a prompt
consisting of 4 demonstrations sampled from the same category as the question, before
appending the question to be evaluated, to elicit the correct answer format. An example of
the prompt we use to compute PCorrect is in Appendix D. We instantiate our target property,
as the proportion of Unknown samples contained in the fine-tuning dataset. To this end, we
subsample the train set to create seven (P = |P| = 7) distinct fine-tuning datasets Dp for
p ∈ P = {0, 10, 25, 50, 75, 90, 100}. Each Dp is equal in size, comprising p% Unknown to M
instances (the rest is Known).

Post-training (T) We use SFT to train each of our Ms on their corresponding set of Dps
derived from their individual prior knowledge as described above, for a fixed number of
epochs across 5 different runs for 10, 20, 30, 40 and 50 epochs, totalling 35 distinct fine-tuning
runs for each M and evaluate the final epoch of each run on the test set. For the additional
Early Stop run, we use the dev set accuracy to determine the optimal stopping point (< 10
epochs for all models). Figure 2 plots each M’s accuracy on the test set across the datasets
while varying training time (T = {early_stop, 10, 20, 30, 40, 50}, T = |T | = 6). Further
details on fine-tuning are in Appendix A.

Latent Identification To identify the most important latents during the fine-tuning process,
we apply MoRFI (Algorithms 1 and 2) on dev (Ddev) where we also fit steering strength
α, individually for each latent. All steering interventions are applied post-middle layer
on the worst performing checkpoint (last data-point of the dark blue line in Figure 2). We
read activations and intervene at the middle layer, where factual associations are known
to concentrate in decoder-only transformers (Meng et al., 2022; Geva et al., 2023). The
steering vector (c · α · sℓΦk) is applied directly to the residual stream and consists of the
SAE decoder vector Φk corresponding to latent k multiplied by the steering direction
c ∈ {−1, 1}, the steering strength α and the layer-wise activation scaling factor sℓ =

1
Ntokens

∑Ntokens
i=1 ∥hi,ℓ∥2. We calculate s⌊L/2⌋ over the Alpaca dataset (Taori et al., 2023) to

provide a common frame of reference. For each M, we first run Algorithm 1 to get the
increasing (S↑) and decreasing (S↓) latents across each direction (↑Unknown/↑Epochs). For
each S we run Algorithm 2 for c = 1 and c = −1 separately, which yields Sfinal for positive
and negative steering respectively corresponding to four Sfinal lists of most impactful latents.
For the ↑Unknown direction, Algorithm 1 retains 160–713 candidates per direction, 0.5–2.2%
of the SAE dictionary (Appendix M).

5 Experiments and Results

We aim to identify residual-stream directions that capture the representational changes
induced by fine-tuning on unknown facts and adversely affect access to pre-trained knowl-
edge, and to demonstrate that MoRFI discovers such latents and that they directly mitigate
hallucinations in this setting. To this end, the bootstrap analysis (Algorithm 1) first iden-
tifies SAE latents whose activations exhibit robust monotonic trends along two axes: the
proportion of unknown facts in the fine-tuning mixture and the number of training epochs.
Activation Steering (Algorithm 2) then tests whether steering these candidates can recover
the fine-tuned model’s accuracy on previously known facts. Their combination ensures
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Figure 3: Dev accuracy change from single-latent steering on Llama 3.1 8B along the
unknown dimension. Top row: negative steering; bottom row: positive. Left and centre
columns show the top-10 increasing and decreasing latents from algorithm 1; the right
column shows non-trending control latents from algorithm 3, which produce negligible or
negative changes in contrast to the consistent gains from trending latents.

the pipeline isolates latents that are not just correlated with fine-tuning dynamics but
mechanistically implicated in the model’s capacity to use pre-trained knowledge.

Ruling out artifacts with control latents Figure 3 shows that the top candidates discovered
by our algorithm have a relatively significant effect on the performance when used for
steering. To confirm that this is not an artifact due to arbitrarily selected latents, we steer
using a control group of latents that appear unaffected by fine-tuning as described in
Algorithm 3 (Appendix I): their activations present no trend or change across the fine-tuned
models. The last column of Figure 3 shows the control group performance for Llama 3.1
8B (see Appendix H for the remaining models). We find that the control group behaves
very differently from the latents selected by our algorithm: steering with them mostly has a
highly negative effect, whereas the positive effects are significantly less pronounced than
the top-ranked latents, indicating the effectiveness of MoRFI.

Table 1 presents the top-10 latents for Llama 3.1 8B on the ↑Unknown direction (see Ap-
pendix F for the remaining models and the ↑Epochs direction). Note that we focus on the
↑Unknown direction, as it isolates the effect of data composition from confounds introduced
by extended training, such as distributional shift or overfitting, that may alter represen-
tations independently of exposure to unknown facts. The substantial overlap in surfaced
latents between the two directions (e.g., latents 27191, 30382, 2378, 31426 in Tables 1 and 11)
suggests that they capture a shared signal, but the ↑Unknown direction provides a more
targeted attribution of representational change to the specific variable of interest.

Asymmetries in latent steering dynamics We detail several such asymmetries.

✓
Negatively steered latents mostly yield larger gains
than positively steered ones.

The negatively steered
columns in Table 1 show
higher top accuracy im-
provements than the pos-

itively steered columns. For the ↑Unknown direction, the best positively versus negatively
steered latents give +21.7 vs +33.4 (Llama), +24.91 vs +39.77 (Mistral, Table 10), and +9.03
vs +18.46 (Gemma, Table 9). This suggests that features that grow with % Unknown may
become over-expressed and suppressing them recovers performance more effectively than
promoting other features.

Features that decrease for models fine-tuned with more Unknown samples, when steered in
either direction, tend to produce accuracy gains that match or exceed those from increasing
latents. In Llama, the top decreasing latent (+21.7) when positively steered, triples the
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Model: Llama 3.1 8B

Direction: ↑Unknown

Increasing Latents Decreasing Latents
Top-10 Positively Steered Top-10 Negatively Steered Top-10 Positively Steered Top-10 Negatively Steered

# Acc. α # Acc. α # Acc. α # Acc. α

27191 ↑7.12 19.1 0.50 20649 ↑20.6 21.5 0.35 10007 ↑21.7 21.7 0.50 21682 ↑33.4 23.8 0.70
18225 ↑5.89 18.9 0.45 25633 ↑8.41 19.3 0.65 27142 ↑20.5 21.5 0.45 10405 ↑11.6 19.9 0.15
27120 ↑4.50 18.7 0.40 22791 ↑6.11 18.9 0.25 23867 ↑17.7 21.0 0.50 5370 ↑3.75 18.5 0.20
326 ↑4.34 18.6 0.40 28062 ↑5.03 18.7 0.30 10356 ↑12.2 20.0 0.35 28502 ↑3.43 18.5 0.35
30382 ↑3.21 18.4 0.35 4445 ↑2.04 18.2 0.20 20870 ↑12.2 20.0 0.45 31426 ↑2.41 18.3 0.25
15198 ↑3.21 18.4 0.30 10363 ↑1.87 18.2 0.35 30221 ↑11.7 19.9 0.45 12473 ↑2.36 18.3 0.25
28349 ↑3.16 18.4 0.50 31015 ↑1.87 18.2 0.45 20435 ↑11.1 19.8 0.40 25500 ↑2.20 18.2 0.35
373 ↑2.46 18.3 0.40 21447 ↑1.66 18.1 0.35 30970 ↑10.8 19.8 0.40 27202 ↑2.04 18.2 0.35
29674 ↑2.41 18.3 0.20 13441 ↑1.55 18.1 0.30 12049 ↑10.6 19.7 0.55 7886 ↑1.50 18.1 0.15
2378 ↑2.09 18.2 0.30 15009 ↑1.07 18.0 0.10 1547 ↑10.2 19.7 0.50 16727 ↑1.23 18.1 0.25

Table 1: Top-10 impactful latents for Llama 3.1 8B selected from the unknown direction
(increasing proportion of unknown facts in the fine-tuning mixture), identified by algo-
rithm 1 and validated by algorithm 2. Columns are grouped by feature trend (increasing
or decreasing, as identified by algorithm 1) and by steering polarity (positive or negative,
as applied in algorithm 2). # denotes the corresponding sae latent index, acc. reports the
steered model’s accuracy on the dev set with the relative gain over the MD100 baseline shown
in green, and α is the optimal steering coefficient selected via grid search.

best increasing (+7.12). In Gemma the top decreasing, positively steered latent (+19.02)
outperforms every increasing positively steered one. In Mistral, the top decreasing latent
reaches +39.77 relative gains. This implies that suppressed features still encode pre-trained
knowledge that can be recovered through steering.

Latent structure of Known vs Unknown knowledge In Table 2, we decompose the
performance gains achieved through steering by attributing them to specific Wikidata
relations, illustrating the functional role of the top latents. To quantify the restorative nature
of these interventions, we define the Knowledge Recovery rate (RK, Appendix E). Treating
MD0 ’s performance as an upper bound for recoverable facts, RK measures what fraction of
the steering-induced gains correspond to MD0 ’s knowledge.

✓
72-87% of the facts recovered by steering top-latents on
MD100s are Known to MD0

We find that most of
steering gains corre-
spond to facts known
to the better performing

MD0 . The top benefitting relations: P17 (country), P36 (capital) and P495 (country of
origin) are semantically related geographic predicates, and their consistent co-recovery
under single-latent steering across all three models is consistent with the expectation that
semantically relevant relations share representational structure in the residual stream.
Two of the corresponding features for Llama 3.1 8B are closely related to these relations
according to Neuronpedia.3 Feature 10007 refers to geographic locations and regions,
while 20649 is aligned with features activating on locations, cities and countries (per-token
examples in Appendix J, and the recovery across training in Appendix K).

✓
δu captures the direction (↑Unknown) in SAE latent space along which model
activations shift as train data transitions from fully Known to fully Unknown

To validate the direction identified by Algorithm 1, we steer directly with δu (line 17), i.e., the
composite vector capturing the aggregate activation shift from MD0 to MD100 in SAE space.
This is projected onto the residual stream via the SAE decoder and added or subtracted at
the middle layer. Across all three models, subtracting this direction produces accuracy gains

3https://www.neuronpedia.org/
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Direction Feature Trend Intervention Top Latent Steered Acc. Knowledge Recovered (RK) Top Benefiting Relations (RK(c))

↑Unknown

Llama 3.1 8B (Baselines: MD100 = 0.178, MD0 = 0.333)

Increasing Positive (+) 27191 0.191 74.3% P495(16.3%), P17(16.0%), P36(14.8%)
Negative (-) 20649 0.215 87.3% P495(56.5%), P17(10.8%), P36(6.5%)

Decreasing Positive (+) 10007 0.217 79.7% P495(33.7%), P17(19.7%), P131(6.8%)
Negative (-) 21682 0.238 77.7% P495(30.6%), P17(12.6%), P36(9.1%)

Gemma 2 9B (Baselines: MD100 = 0.191, MD0 = 0.360)

Increasing Positive (+) 18360 0.208 76.1% P17 (22.8%), P36 (21.6%), P740 (7.3%)
Negative (-) 5152 0.226 85.1% P495(37.8%), P17(23.7%), P36(13.5%)

Decreasing Positive (+) 5105 0.227 80.7% P17(25.0%), P36(18.6%), P495(16.6%)
Negative (-) 8277 0.213 72.3% P17(19.9%), P36(15.1%), P495(12.4%)

Mistral v03 7B (Baselines: MD100 = 0.157, MD0 = 0.319)

Increasing Positive (+) 41844 0.196 83.0% P495 (38.3%), P17 (14.0%), P36 (8.7%)
Negative (-) 61325 0.218 83.8% P495 (38.4%), P17 (19.9%), P36 (6.5%)

Decreasing Positive (+) 18848 0.206 82.2% P495(38.4%), P17(20.5%), P136(7.3%)
Negative (-) 7859 0.219 77.1% P495 (38.6%), P17 (14.3%), P36 (7.0%)

Table 2: Cross-Model Knowledge Recovery and Relational Attribution via Single-Latent
Steering. Knowledge Recovered RK, represents the fraction of pre-trained accuracy (MD0 ) lost
during fine-tuning (MD100 ) that was successfully restored by the intervention.

Llama 3.1 8B Gemma 2 9B Mistral v03 7B
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↑ Unknown Figure 4: Comparison of steering with the

composite direction δu versus individual
top-performing latents across three mod-
els. δ−

u and δ+
u denote subtracting and

adding the δu direction projected onto the
residual stream via the SAE decoder. δ−u
behaves consistently, while individual la-
tents sourced with MoRFI yield substan-
tially larger improvements.

in hallucinating models, while adding it deteriorates performance (Figure 4). However,
single-latent interventions sourced with MoRFI mostly outperform δ−

u , indicating that the
knowledge-relevant signal within the composite direction is concentrated in a sparse subset
of its components, with the remainder diluting the effect or reversing it. In Appendix G we
plot the cosine similarity of the top-performing latents.

Within-group similarity is generally low (≈0.3), indicating that the top-performing latents
span a distributed subspace at the middle layer rather than clustering along a shared
low-rank structure.

While the intent of steering is to reverse the representational shift from MD0 to MD100 , the
optimal interventions substantially overshoot MD0 activation levels at the middle layer:
negative steering suppresses increasing latents well below their MD0 levels, while positive
steering amplifies decreasing latents well above (Table 13). The steered model achieves
substantial gains from an activation configuration distinct from both MD0 and MD100 , sug-
gesting tolerance to a range of mid-layer perturbations: downstream layers may correct
for imprecise interventions, funnelling different perturbed states towards similar output
configurations from which parametric knowledge can be read out. The variation in optimal
α across latents is consistent with this view, as different directions may align differently
with the tolerant region, with better-aligned components admitting larger corrections before
performance degrades.

✓ Steering gains persist from early stopping to convergence and transfer to the
held-out test set.

Steering the same Table 2 latents at per-checkpoint fitted strengths yields positive gains
already at the early-stop checkpoints in all but one case, growing with continued training
toward the converged gains, and the dev-fitted strengths transfer to the held-out test set
(mean +21.2% vs +23.0% on dev at convergence; Appendix K).
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Comparison with a difference-in-mean baseline Ranking latents by their difference-
in-mean activation between MD0 and MD100 overlaps MoRFI’s selection by only 18–41%.
Steering the disagreements shows that high endpoint magnitude is a poor predictor of
causal effect in both directions, with most of the baseline’s top rejected latents failing to
improve accuracy while five of the twelve Table 2 latents are absent from the baseline’s
top-k altogether (Appendix M).

6 Related Work

Fine-tuning, forgetting, and hallucinations Beyond the behavioral evidence that unfamil-
iar facts induce hallucination (Gekhman et al., 2024; Kang et al., 2024), recent work examines
why fine-tuning degrades factual recall. Kaplan et al. (2026) study why SFT encourages
hallucinations and how to mitigate them. More broadly, Calderon et al. (2026) show that
most factual errors in LLMs reflect recall rather than encoding failures, facts stored but
unreachable. Closer to our perspective, Nishi et al. (2025) show in a synthetic setting that
targeted knowledge edits distort the geometry of entity representations well beyond the
edited fact, while Masip et al. (2026) characterize catastrophic forgetting mechanistically,
as features losing capacity or their readout being disrupted. We chart the analogous rep-
resentational change for supervised fine-tuning on natural QA data, locate it in specific
residual-stream directions, and causally intervene on it.

Sparse autoencoders and their limits SAEs decompose activations into sparse,
monosemantic-leaning latents (Bricken et al., 2023; Cunningham et al., 2023), enabling suites
of pre-trained SAEs (Lieberum et al., 2024; He et al., 2024). A growing critique cautions that
latents need not correspond to model features. SAEs recover structure even from randomly
initialized networks (Heap et al., 2025), embed architectural assumptions (Hindupur et al.,
2025), miss multi-dimensional features (Engels et al., 2025), and interventions on them can
be unreliable (Cui et al., 2026). MoRFI is agnostic on this debate, treating latents as candidate
directions only, retained when their activations track the controlled property and their causal
effect survives validation against non-trending controls. Complementing endpoint model
diffing, Bayazit et al. (2025) track feature emergence across pre-training checkpoints with
crosscoders and Ward et al. (2025) show fine-tuning repurposes existing latents; MoRFI
instead requires monotone, resample-stable trends along a controlled fine-tuning gradient.

Activation steering Steering adds directions to hidden states to control behavior (Turner
et al., 2023; Zou et al., 2023). Arad et al. (2025) show SAE steering succeeds precisely when
latent selection succeeds, Cho et al. (2025) automate selection by correlating activations with
task correctness, Braun et al. (2025) and Taimeskhanov et al. (2026) analyze when and why
it fails, and Casademunt et al. (2025) steer via concept ablation for robust generalization.
MoRFI contributes the selection procedure, identifying which latents to steer and at what
strength, and validating both causally.

7 Conclusion

We introduce a two-stage pipeline that identifies residual-stream directions causally linked
to model behavior. Applied to fine-tuning-induced knowledge degradation across three
architectures, MoRFI shows a large gap between composite and single-latent interventions,
indicating sparse knowledge signals. 72–87% of the facts recovered by steering align with
those accessible to MD0 , the baseline fine-tuned exclusively on known facts, consistent with
these latents mediating access to stored knowledge rather than performance itself. While
steering establishes that the identified directions causally influence knowledge recovery,
with gains persisting on held-out data, it does not establish these directions as the mech-
anism of forgetting, and the optimal interventions do not restore MD0 ’s activation state
(Appendix L). Our results suggest that part of the observed forgetting reflects disrupted
access rather than erasure, with implications for mitigating hallucinations via targeted
inference-time interventions.
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A Fine-tuning and SAE Details

For each group of models MDp for p ∈ P = {0, 10, 25, 50, 75, 90, 100} we ran full fine-tuning
using the same learning rate per group which was picked such that all 7 models converge
within 50 epochs. Full hyper-parameter details are shown in Table 3. The pre-trained SAEs
we used are shown in Table 4.
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Hyperparameter Mistral 7B v0.3 Llama 3.1 8B Gemma 2 9B

Training Dynamics
Learning Rate 5.5× 10−6 2.0× 10−5 4.5× 10−6

LR Scheduler Constant Constant Constant
Attention Dropout 0.2 0.3 0
Total Training Epochs 10-50 10-50 10-50

Batch Configuration
Per Device Batch Size 32 32 32
Gradient Accumulation 4 4 4
Effective Batch Size 128 128 128
Max Seq Length 1024 1024 1024
Packing Strategy BFD BFD BFD

Architecture Details
Hidden Size (dmodel) 4096 4096 3584
Num Hidden Layers 32 32 42
Attention Heads (Q/KV) 32 / 8 32 / 8 16 / 8
Vocab Size 32768 128256 256000
Max Pos Embeddings 32768 131072 8192

Hardware & Precision
GPU GH200 120GB GH200 120GB GH200 120GB
Mixed Precision Bfloat16 Bfloat16 Bfloat16
Optimizer AdamW (Fused) AdamW (Fused) AdamW (Fused)
Optimization Kernels Liger Liger Liger

Table 3: Hyperparameter comparison across model architectures.

Model SAE Release SAE Identifier (ID) dsae

Mistral 7B v0.3 mistral-7b-res-wg blocks.16.hook_resid_pre 65536
Llama 3.1 8B llama_scope_lxr_8x l15r_8x 32768
Gemma 2 9B gemma-scope-9b-pt-res-canonical layer_20/width_32k/canonical 32768

Table 4: SAE configuration and latent dimensionality.
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B Definition of PCorrect

We follow Gekhman et al. (2024) and others (Kadavath et al., 2022; Petroni et al., 2019) in
assessing the acquired knowledge of a model after pre-training using greedy decoding and
sampling to categorize input questions as Known or Unknown. PCorrect is an estimate of how
likely is M to accurately generate the correct answer a to q, when prompted with random
few-shot exemplars and using decoding temperature T.

PCorrect(q, a; M, T = 0) =
#correct_greedy_responses

Nex
, (1)

PCorrect(q, a; M, T > 0) =
#correct_sampled_responses

Nex · Nsampled
. (2)

We use Nex = 10 exemplars with k = 4 demonstrations each. We take Nsampled = 16 samples
with temperature T = 0.5 from top-40.

C Data Statistics

In this work we use the EntityQuestions dataset (Sciavolino et al., 2021), comprising
Ntrain = 81700, Ndev = 10461, and Ntest = 10481 examples. Figure 5 shows the distri-
bution of examples based on PCorrect on the full train set across all models. Tables 6-8 show
the distribution of examples per Wikidata relation as outlined in Table 5.
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Figure 5: Knowledge distribution across models on full train set split.

relation question template

P131 Where is [E] located?
P136 What type of music does [E] play?
P17 Which country is [E] located in?
P19 Where was [E] born?
P26 Who is [E] married to?
P264 What music label is [E] represented by?
P36 What is the capital of [E]?
P40 Who is [E]’s child?
P495 Which country was [E] created in?
P69 Where was [E] educated?
P740 Where was [E] founded?
P800 What is [E] famous for?

Table 5: Question templates used in EntityQuestions dataset (Sciavolino et al., 2021).
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relation HighlyKnown MaybeKnown WeaklyKnown Unknown Total Min

P131 465 2762 3166 1253 7646 465
P136 178 3434 1949 1955 7516 178
P17 4423 2547 444 476 7890 444
P19 700 1500 4100 1621 7921 700
P26 1469 1439 3389 1159 7456 1159
P264 217 1487 3772 1848 7324 217
P36 4696 1162 514 443 6815 443
P40 540 1383 2840 1347 6110 540
P495 4680 1971 612 411 7674 411
P69 383 1106 3293 1939 6721 383
P740 1303 2239 2484 1245 7271 1245
P800 281 364 494 217 1356 217

TOTAL 19335 21394 13914 27057 81700 6402

Table 6: Knowledge distribution across Wikidata relations for Llama 3.1 8B.

relation HighlyKnown MaybeKnown WeaklyKnown Unknown Total Min

P131 496 2279 1278 3593 7646 496
P136 107 2697 2095 2617 7516 107
P17 4147 2690 547 506 7890 506
P19 614 1359 1430 4518 7921 614
P26 1476 1103 1004 3873 7456 1004
P264 209 1316 1666 4133 7324 209
P36 4547 1112 511 645 6815 511
P40 532 1148 1130 3300 6110 532
P495 4818 1675 533 648 7674 533
P69 252 865 1853 3751 6721 252
P740 954 1871 1553 2893 7271 954
P800 275 303 199 579 1356 199

TOTAL 18427 18418 13799 31056 81700 5917

Table 7: Knowledge distribution across Wikidata relations for Gemma 2 9B.

relation HighlyKnown MaybeKnown WeaklyKnown Unknown Total Min

P131 463 2188 1312 3683 7646 463
P136 134 2860 1861 2661 7516 134
P17 3702 3102 553 533 7890 533
P19 560 1367 1562 4432 7921 560
P26 1070 1114 1017 4255 7456 1017
P264 156 1391 1672 4105 7324 156
P36 4062 1429 515 809 6815 515
P40 378 1003 1175 3554 6110 378
P495 4976 1506 444 748 7674 444
P69 221 904 1838 3758 6721 221
P740 1159 1910 1306 2896 7271 1159
P800 274 279 197 606 1356 197

TOTAL 17155 19053 13452 32040 81700 5777

Table 8: Knowledge distribution across Wikidata relations for Mistral v03 7B.
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D Prompts

We use a four-shot prompt to assess base models knowledge with PCorrect (see definition
in Appendix B). We fine-tune and evaluate all base models using the “Fine-tuning prompt”
below. Finally, we collect activations from all positions except the BOS token for all models.
The following example corresponds to Llama 3.1 8B with highlighted tokens being collected.

Prompt for computing PCorrect

Q: Which country was Moxie created in?
A: United States of America
Q: Which country was Jook-sing noodles created in?
A: People’s Republic of China
Q: Which country was You’re My Pet created in?
A: South Korea
Q: Which country was Outta Control created in?
A: United States of America
Q: Which country was Embrace of the Vampire created in?
A:

Fine-tuning Prompt

Answer the following question.
What kind of work does Ron Konopka do?

Activation Extraction Tokens

<|begin_of_text|><|start_header_id|>user<|end_header_id|>

Answer the following question.
Where is Warialda Rail located?
<|eot_id|><|start_header_id|>assistant<|end_header_id|>

New South Wales<|eot_id|>

E Definition of RK

Empirically, RK is calculated as the conditional probability that a fact was originally known
by the initial baseline (MD0), given that it was successfully learned by the steered model
(MD100s ) after being forgotten by the fine-tuned baseline (MD100 ):

RK = P(MD0 = 1 | MD100s = 1, MD100 = 0). (3)

To dissect these gains functionally, we attribute this recovery to specific relations. The global
contribution of a single relation c to the total recovery rate is defined as the joint probability
of the recovery occurring specifically within relation c, conditional on a gross gain occurring
anywhere in the dataset:

RK(c) = P(MD0 = 1, relation = c | MD100s = 1, MD100 = 0). (4)

To ensure statistical relevance, we report relational contributions exclusively for categories
containing at least 50 initial samples (|c| ≥ 50) and exhibiting a minimum of 10 gross
steering gains.
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F Additional Single-latent Steering Results

In Tables 9, 10, 11 and 1. We present single-latent steering results for latents sourced by
MoRFI, across three model architectures, along the ↑Unknown and ↑Epochs directions.

Model: Gemma 2 9B

Direction: ↑Unknown

Increasing Latents Decreasing Latents
Top-10 Positively Steered Top-10 Negatively Steered Top-10 Positively Steered Top-10 Negatively Steered

# Acc. α # Acc. α # Acc. α # Acc. α

18360 ↑9.03 20.8 0.75 5152 ↑18.46 22.6 0.60 5105 ↑19.02 22.7 0.50 8277 ↑11.54 21.3 0.45
4781 ↑8.83 20.7 0.55 29477 ↑12.95 21.5 0.70 22788 ↑11.99 21.3 0.55 26862 ↑9.28 20.8 0.70
17451 ↑8.58 20.7 0.55 19753 ↑12.74 21.5 0.75 17606 ↑11.94 21.3 0.45 25130 ↑8.73 20.7 0.50
11676 ↑6.82 20.4 0.45 19424 ↑9.68 20.9 0.35 29990 ↑10.64 21.1 0.65 21907 ↑6.57 20.3 0.60
5378 ↑6.82 20.4 0.75 2050 ↑9.23 20.8 0.35 32248 ↑10.24 21.0 0.60 16333 ↑6.42 20.3 0.60
18071 ↑6.62 20.3 0.50 16328 ↑8.73 20.7 0.40 13604 ↑10.24 21.0 0.70 21602 ↑5.92 20.2 0.55
20711 ↑6.22 20.2 0.50 2546 ↑8.73 20.7 0.75 14523 ↑9.68 20.9 0.55 16312 ↑5.42 20.1 0.40
6267 ↑5.67 20.1 0.65 6012 ↑8.38 20.6 0.60 793 ↑9.58 20.9 0.75 7406 ↑5.12 20.0 0.35
15778 ↑5.27 20.1 0.45 13092 ↑8.03 20.6 0.40 27604 ↑8.33 20.6 0.35 18342 ↑5.12 20.0 0.55
7393 ↑5.12 20.0 0.55 15457 ↑8.03 20.6 0.45 13641 ↑8.13 20.6 0.65 12469 ↑4.52 19.9 0.65

Direction: ↑Epochs

Increasing Latents Decreasing Latents
Top-10 Positively Steered Top-10 Negatively Steered Top-10 Positively Steered Top-10 Negatively Steered

# Acc. α # Acc. α # Acc. α # Acc. α

5105 ↑19.02 22.7 0.50 13038 ↑17.46 22.4 0.75 15720 ↑6.32 20.3 0.55 18632 ↑16.96 22.3 0.75
20769 ↑13.35 21.6 0.60 29477 ↑12.95 21.5 0.70 8722 ↑5.27 20.1 0.65 17517 ↑7.33 20.4 0.65
22788 ↑11.99 21.3 0.55 18284 ↑10.99 21.1 0.65 921 ↑4.47 19.9 0.65 17337 ↑6.62 20.3 0.75
19121 ↑10.39 21.0 0.75 17249 ↑10.44 21.0 0.55 28438 ↑4.01 19.8 0.70 16333 ↑6.42 20.3 0.60
10585 ↑9.33 20.8 0.65 26670 ↑10.04 21.0 0.75 1663 ↑3.91 19.8 0.40 12742 ↑4.26 19.9 0.35
22963 ↑7.83 20.5 0.50 18953 ↑9.53 20.9 0.40 12708 ↑3.81 19.8 0.30 12770 ↑4.21 19.9 0.65
20637 ↑7.23 20.4 0.50 1027 ↑9.13 20.8 0.50 14077 ↑2.96 19.6 0.35 4196 ↑3.16 19.7 0.70
5012 ↑7.18 20.4 0.60 543 ↑9.03 20.8 0.45 27077 ↑2.51 19.5 0.50 21681 ↑2.76 19.6 0.20
24898 ↑7.07 20.4 0.45 27644 ↑8.23 20.6 0.45 28389 ↑2.26 19.5 0.50 27612 ↑2.21 19.5 0.30
6704 ↑6.42 20.3 0.65 13092 ↑8.03 20.6 0.40 20573 ↑2.26 19.5 0.20 22617 ↑2.16 19.5 0.60

Table 9: Impactful latents for Gemma 2 9B in both directions (unknown and epochs). Gains
relative to baseline: 19.1. All relative gains in green are in percentages.
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Model: Mistral 7B v0.3

Direction: ↑Unknown

Increasing Latents Decreasing Latents
Top-10 Positively Steered Top-10 Negatively Steered Top-10 Positively Steered Top-10 Negatively Steered

# Acc. α # Acc. α # Acc. α # Acc. α

41844 ↑24.91 19.6 0.75 61325 ↑39.16 21.8 0.55 18848 ↑31.24 20.6 0.55 7859 ↑39.77 21.9 0.75
31953 ↑13.15 17.8 0.50 37181 ↑31.61 20.7 0.35 59897 ↑26.13 19.8 0.70 18948 ↑24.60 19.6 0.75
17552 ↑12.00 17.6 0.45 42562 ↑29.54 20.3 0.50 49882 ↑25.88 19.8 0.65 38455 ↑21.32 19.0 0.75
14493 ↑11.14 17.4 0.45 48212 ↑29.05 20.3 0.75 21258 ↑22.35 19.2 0.50 32593 ↑19.31 18.7 0.50
8648 ↑11.02 17.4 0.40 46283 ↑28.93 20.2 0.60 31715 ↑20.40 18.9 0.40 63016 ↑18.64 18.6 0.70
16786 ↑10.54 17.4 0.65 24790 ↑27.77 20.1 0.60 47277 ↑19.61 18.8 0.50 49380 ↑18.39 18.6 0.70
3671 ↑9.68 17.2 0.40 5203 ↑26.92 19.9 0.55 53776 ↑19.55 18.8 0.50 2883 ↑15.35 18.1 0.45
34318 ↑9.14 17.1 0.55 55675 ↑26.61 19.9 0.50 26746 ↑19.55 18.8 0.65 4989 ↑13.89 17.9 0.70
57732 ↑8.89 17.1 0.25 57875 ↑25.94 19.8 0.40 5674 ↑19.24 18.7 0.50 50124 ↑13.09 17.8 0.45
43093 ↑8.28 17.0 0.45 65491 ↑24.36 19.5 0.45 24894 ↑19.24 18.7 0.70 50727 ↑13.09 17.8 0.75

Direction: ↑Epochs

Increasing Latents Decreasing Latents
Top-10 Positively Steered Top-10 Negatively Steered Top-10 Positively Steered Top-10 Negatively Steered

# Acc. α # Acc. α # Acc. α # Acc. α

46105 ↑22.41 19.2 0.65 25922 ↑34.41 21.1 0.60 9646 ↑28.50 20.2 0.50 61325 ↑39.16 21.8 0.55
43123 ↑21.38 19.1 0.45 48212 ↑29.05 20.3 0.75 5387 ↑27.47 20.0 0.70 13089 ↑35.93 21.3 0.65
7990 ↑19.91 18.8 0.75 48172 ↑21.99 19.1 0.50 41844 ↑24.91 19.6 0.75 42562 ↑29.54 20.3 0.50
43991 ↑16.08 18.2 0.30 13512 ↑21.25 19.0 0.75 22642 ↑24.18 19.5 0.60 6634 ↑23.51 19.4 0.75
33778 ↑15.04 18.1 0.45 51982 ↑14.92 18.0 0.50 25600 ↑23.39 19.4 0.50 62464 ↑19.31 18.7 0.55
53702 ↑14.98 18.0 0.55 2567 ↑14.25 17.9 0.45 44213 ↑22.84 19.3 0.55 49380 ↑18.39 18.6 0.70
12362 ↑14.74 18.0 0.50 51906 ↑13.95 17.9 0.50 45825 ↑20.83 19.0 0.55 34854 ↑18.09 18.5 0.65
8644 ↑14.56 18.0 0.45 27411 ↑13.76 17.9 0.50 2989 ↑19.12 18.7 0.60 43955 ↑17.90 18.5 0.55
25464 ↑12.85 17.7 0.30 6232 ↑13.15 17.8 0.75 64057 ↑17.84 18.5 0.60 47101 ↑16.26 18.2 0.75
14493 ↑11.14 17.4 0.45 34121 ↑12.91 17.7 0.50 54468 ↑17.78 18.5 0.70 36392 ↑15.71 18.2 0.75

Table 10: Impactful latents for Mistral 7B v0.3 across both directions (unknown and epochs).
Gains relative to baseline: 15.7. All relative gains in green are in percentages.

Direction: ↑Epochs

Increasing Latents Decreasing Latents
Top-10 Positively Steered Top-10 Negatively Steered Top-10 Positively Steered Top-10 Negatively Steered

# Acc. α # Acc. α # Acc. α # Acc. α

18915 ↑9.43 19.5 0.45 1705 ↑7.87 19.3 0.60 5796 ↑8.84 19.4 0.45 32589 ↑4.61 18.7 0.35
8842 ↑8.14 19.3 0.40 25557 ↑7.66 19.2 0.40 27191 ↑7.12 19.1 0.50 15177 ↑3.59 18.5 0.65
6032 ↑3.64 18.5 0.30 9628 ↑5.78 18.9 0.45 17666 ↑5.14 18.8 0.70 332 ↑2.25 18.2 0.25
11033 ↑3.00 18.4 0.30 340 ↑3.70 18.5 0.35 20884 ↑3.59 18.5 0.20 15105 ↑1.12 18.0 0.20
27676 ↑2.79 18.3 0.55 29538 ↑3.05 18.4 0.25 26381 ↑3.32 18.4 0.35
14571 ↑2.04 18.2 0.15 23472 ↑2.79 18.3 0.35 30382 ↑3.21 18.4 0.35
17177 ↑1.87 18.2 0.15 17281 ↑2.68 18.3 0.35 32309 ↑2.79 18.3 0.20
11205 ↑1.77 18.2 0.50 15229 ↑2.52 18.3 0.20 11134 ↑2.41 18.3 0.35
9834 ↑1.50 18.1 0.30 19538 ↑2.46 18.3 0.20 5094 ↑2.36 18.3 0.30
30670 ↑1.45 18.1 0.60 31426 ↑2.41 18.3 0.25 2378 ↑2.09 18.2 0.30

Table 11: Impactful latents for Llama 3.1 8B in the epochs direction. Gains relative to baseline:
17.8. All relative gains in green are in percentages.
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G Latent Similarity

In Figures 6-8 we plot the cosine similarity of the top-performing latents, across all three
models.
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Figure 6: Cosine similarity of the top-10 performing latents for both directions (unknown
and epochs) sourced by MoRFI on Llama 3.1 8B.
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Figure 7: Cosine similarity of the top-10 performing latents for both directions unknown
and epochs) sourced by MoRFI on Gemma 2 9B.
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Figure 8: Cosine similarity of the top-10 performing latents for both directions (unknown
and epochs) sourced by MoRFI on Mistral v03 7B.
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H Control Groups

In Figures 9, 3, 10, 11, 12 and 13, we present Dev accuracy gains relative to the unsteered
checkpoint (first two columns) versus the control group performance (last column) for all
models.
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Figure 9: Dev accuracy change from single-latent steering on Llama 3.1 8B along the epochs
dimension vs control group.
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Figure 10: Dev accuracy change from single-latent steering on Gemma 2 9B along the
unknown dimension vs control group.

26



Published as a conference paper at COLM 2026

13
03

8
29

47
7

18
28

4
17

24
9

26
67

0
18

95
3

10
27 54

3
27

64
4

13
09

2
−10

−5

0

5

10

15

20

∆
D

ev
A

cc
ur

ac
y

(%
)

Neg. Steering: Top Increasing Epochs

18
63

2
17

51
7

17
33

7
16

33
3

12
74

2
12

77
0

41
96

21
68

1
27

61
2

22
61

7
−10

−5

0

5

10

15

20
Neg. Steering: Top Decreasing Epochs

16
71

0
54

52 0
16

70
0

16
67

6
54

43
54

49
54

50
16

71
2

16
66

9
−10

−5

0

5

10

15

20
Control: Non-Trending Epochs (Neg.)

51
05

20
76

9
22

78
8

19
12

1
10

58
5

22
96

3
20

63
7

50
12

24
89

8
67

04
−10

−5

0

5

10

15

20

∆
D

ev
A

cc
ur

ac
y

(%
)

Pos. Steering: Top Increasing Epochs

15
72

0
87

22 92
1

28
43

8
16

63
12

70
8

14
07

7
27

07
7

28
38

9
20

57
3

−10

−5

0

5

10

15

20
Pos. Steering: Top Decreasing Epochs

16
66

9
54

50
16

71
2

54
49

16
67

6
54

43
16

70
0 0

16
71

0
54

52
−10

−5

0

5

10

15

20
Control: Non-Trending Epochs (Pos.)

Positive Impact Negative Impact

Figure 11: Dev accuracy change from single-latent steering on Gemma 2 9B along the epochs
dimension vs control group.

61
32

5
37

18
1

42
56

2
48

21
2

46
28

3
24

79
0

52
03

55
67

5
57

87
5

65
49

1
−20
−15
−10
−5

0
5

10
15
20
25
30
35
40

∆
D

ev
A

cc
ur

ac
y

(%
)

Neg. Steering: Top Increasing Unknown

78
59

18
94

8
38

45
5

32
59

3
63

01
6

49
38

0
28

83
49

89
50

12
4

50
72

7
−20
−15
−10
−5

0
5

10
15
20
25
30
35
40

Neg. Steering: Top Decreasing Unknown

25
96

9
26

60
7

25
99

0
25

96
2

25
96

7
59

66
0

25
97

6
25

96
1

25
96

0
59

66
5

−20
−15
−10
−5

0
5

10
15
20
25
30
35
40

Control: Non-Trending Unknown (Neg.)

41
84

4
31

95
3

17
55

2
14

49
3

86
48

16
78

6
36

71
34

31
8

57
73

2
43

09
3

−20
−15
−10
−5

0
5

10
15
20
25
30
35
40

∆
D

ev
A

cc
ur

ac
y

(%
)

Pos. Steering: Top Increasing Unknown

18
84

8
59

89
7

49
88

2
21

25
8

31
71

5
47

27
7

53
77

6
26

74
6

56
74

24
89

4
−20
−15
−10
−5

0
5

10
15
20
25
30
35
40

Pos. Steering: Top Decreasing Unknown

59
66

5
25

96
7

25
96

9
25

97
6

25
96

2
25

96
1

25
99

0
26

60
7

25
96

0
59

66
0

−20
−15
−10
−5

0
5

10
15
20
25
30
35
40

Control: Non-Trending Unknown (Pos.)

Positive Impact Negative Impact

Figure 12: Dev accuracy change from single-latent steering on Mistral v03 7B along the
unknown dimension vs control group.
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Figure 13: Dev accuracy change from single-latent steering on Mistral v03 7B along the
epochs dimension vs control group.
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I Additional Algorithms

We present Algorithms 2 and 3 and brief explanations of the main tensor operations used
by them in Table 12. Algorithm 2 identifies the top-10 most impactful latents based on
input from Algorithm 1, while Algorithm 3 selects features that minimally change across
data-mixtures to compare against the ones sourced by MoRFI.

Function Signature (A 7→ B) Operation / Definition

MaskedMeanFold (Z, B) ∈ RN×S×dsae × {0, 1}N×S×1 7→ Z̄ ∈ RN×dsae
(

∑S
k=1 Z:,k,: ⊙ (B:,k,:1⊤dsae

)
)

/
(

∑S
k=1 B:,k,:1⊤dsae

)
Computes the mean of sparse representations Z over the tokens where the boolean mask B is active.

MeanFold A 7→ Ā ∈ Rd1×···×dX−1×dX+1×···×dm Āi1,...,im = 1
dX

∑dX
x=1 A...,x,...

Collapses dimension dX by computing the mean of its elements.

SampleUniform ∅ 7→ I ∈ {a, . . . , b}d1×···×dm Ii1,...,im ∼ U{a, b} i.i.d.

Generates uniformly distributed resampling indices.

BootstrapFold A 7→ M∗ ∈ Rd1×···×R×···×dm M∗...,r,... = ∑dX
x=1Wr,x A...,I∗r,x ,...

Generates a bootstrapped replicate tensor M∗ folding A over dX .

SpearmanFold A 7→ ρ∗ ∈ Rd1×···×dX−1×dX+1×···×dm ρ∗i1,...,im = SpearmanR(A...,:,..., v)

Computes Spearman rank correlation coefficient between tensor slices and a reference vector v.

MKFold A 7→ τ∗ ∈ Rd1×···×dX−1×dX+1×···×dm τ∗i1,...,im = MKTest(A...,:,...)

Folds the specified dimension to Kendall’s tau (τ).

TopKIndices A 7→ L ∈ {0, . . . , dX − 1}d1×···×k×···×dm L...,x,... = argsort(A...,:,...)x for x < k

Extracts the specific indices that correspond to the k largest values.

IndexCount L ∈ {0, . . . , D− 1}d1×···×dm 7→ C ∈ND Cd = ∑d1
i1=1 · · ·∑

dm
im=1 I(Li1,...,im = d)

Computes frequencies for each component of L.

Table 12: Definitions of the tensor operations used in MoRFI. For operations applied along
a named dimension X of size dX, the tuple (i1, . . . , im) denotes the arbitrary indices of
the remaining dimensions. The notation A...,x,... indicates indexing at position x along
dimension X. Bn,k,1 = I(bn < k < bn + cn) ∀n ∈ {1 . . . N}, k ∈ {1 . . . S} corresponds to a
boolean mask filtering out BOS tokens.
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Algorithm 2 Identification of High-Impact Latents via Activation Steering

Require:
1: S: Sequence of candidate latent indices (e.g., from S↑ or S↓)
2: c ∈ {−1, 1}: Steering direction (−1 for suppression, +1 for amplification)
3: Φ ∈ RF×dmodel : SAE dictionary of feature directions
4: Ddev: Reference dataset for evaluation
5: ℓ = ⌊L/2⌋: Target injection layer for the L-layer model, though applicable to any layer
6: M: Base model; M(· ⊕ℓ v) denotes M with hidden states shifted by v at layer ℓ
7: Abase ∈ [0, 1]: Baseline accuracy of unsteered model M on Ddev
8: sℓ ∈ R+: Layer-wise activation scaling factor
9: αinit ∈ R+: Initial steering magnitude (0.4)

10: Λ: Search space for steering magnitudes ({0.05, 0.10, . . . , 0.75})
Ensure:
11: Sfinal: Ranked list of top-10 impactful latents with optimal steering parameters
12: 1. Initial Screening (Fixed Magnitude)
13: for each k ∈ S do
14: Ak ← Evaluate(M(· ⊕ℓ (c · αinit · sℓΦk)),Ddev)
15: end for
16: C ← {k ∈ S | Ak > Abase}
17: Let Lscreen be the sequence of indices in C sorted by Ak descending
18: Stop40 ← Lscreen[0 : 39]

19: 2. Hyperparameter Optimization (Grid Search)
20: for each k ∈ Stop40 do
21: α∗k ← arg maxα∈Λ Evaluate(M(· ⊕ℓ (c · α · sℓΦk)),Ddev)
22: A∗k ← Evaluate(M(· ⊕ℓ (c · α∗k · sℓΦk)),Ddev)
23: end for

24: 3. Final Ranking
25: Let Lfinal be the sequence of indices in Stop40 sorted by A∗k descending
26: Sfinal ← [(k, c · α∗k , A∗k ) for k ∈ Lfinal[0 : 9]]
27: return Sfinal
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Algorithm 3 Selection of Control Group (Non-Trending)

Require:
1: A ∈ RT×P×F×N : Full activation tensor
2: X ∈ {T, P}: Aggregation dimension; let Y ∈ {T, P} \ {X} be the trend dimension
3: vY ∈ RY: Reference vector for trend dimension
4: Ncontrol ∈N: Number of control features to select (10)
5: αsig ∈ (0, 1): Significance threshold (0.05)

Ensure:
6: Scontrol: List of stable, non-trending control feature indices
7: Define set of all feature indices Ω = {0, . . . , F− 1}
8: 1. Global Aggregation
9: Fold prompt dimension: Mmean ∈ RT×P×F ← MeanFold(A, dim = N)

10: Fold aggregation dimension: M̄ ∈ RY×F ← MeanFold(Mmean, dim = X)

11: 2. Trend Identification
12: ρ, Pρ ∈ RF ← SpearmanFold(M̄, dim = Y, vY)

13: τ, Pτ ∈ RF ← MKFold(M̄, dim = Y)
14: Compute joint significance mask Sig ∈ {0, 1}F:
15: Sig← (Pρ < αsig) ∧ (Pτ < αsig)

16: Compute directional validity masks ∈ {0, 1}F:
17: V↑ ← Sig ∧ (ρ > 0) ∧ (τ > 0)
18: V↓ ← Sig ∧ (ρ < 0) ∧ (τ < 0)
19: Define global trending set: T ← { f ∈ Ω | V↑d = 1∨V↓d = 1}
20: 3. Stable Latents Selection
21: Compute global magnitude vector δ ∈ RF:
22: δ← |M̄[Y− 1, :]− M̄[0, :]|
23: Mask trending features out of δ to force them out of the stable selection:

24: δ̃d =

{
δd if d /∈ T
+∞ otherwise

25: Extract stable indices ∈ {0, . . . , F− 1}Ncontrol :
26: Scontrol ← TopKIndices(δ̃, dim = F, largest = False, k = Ncontrol)
27: return Scontrol

Exclude
features
with
significant
trends

Select
features
with
minimal
activation
change
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J Qualitative Analysis of Top Latents

For one top latent of each model we show a single example fact, all for relation P17 (country).
Each card gives the latent’s per-token SAE activation over the prompt (background shading)
and the predicted answer for the pre-trained baseline MD0 , the fine-tuned model MD100 ,
and the steered model M∗D100

(gold-accented row), with a check or cross marking each
prediction against the gold answer. In each case a fact MD100 answers incorrectly is restored
by single-latent steering. The remaining M∗D100

rows steer the model’s other top latents and
are shown only for comparison.

#8998 P17 — country  gold: Italy

#8929 P17 — country  gold: India

#9137 P17 — country  gold: Germany

M_D0

no steering

<|start_header_id|> user <|end_header_id|> ĊĊ Answer ·the ·following ·question .Ċ Which ·country ·is ·Mor beg no ·located ·in ?
<|eot_id|>
✓ PRED Italy

M_D100

no steering
<|start_header_id|> user <|end_header_id|> ĊĊ Answer ·the ·following ·question .Ċ Which ·country ·is ·Mor beg no ·located ·in ?
<|eot_id|>
✗ PRED Switzerland

M_D100*

dec / + · L10007 α=0.50
<|start_header_id|> user <|end_header_id|> ĊĊ Answer ·the ·following ·question .Ċ Which ·country ·is ·Mor beg no ·located ·in ?
<|eot_id|>
✓ PRED Italy

M_D100*

inc / + · L27191 α=0.50
<|start_header_id|> user <|end_header_id|> ĊĊ Answer ·the ·following ·question .Ċ Which ·country ·is ·Mor beg no ·located ·in ?
<|eot_id|>
✗ PRED Switzerland

M_D100*

inc / − · L20649 α=0.35
<|start_header_id|> user <|end_header_id|> ĊĊ Answer ·the ·following ·question .Ċ Which ·country ·is ·Mor beg no ·located ·in ?
<|eot_id|>
✓ PRED Italy

M_D100*

dec / − · L21682 α=0.70
<|start_header_id|> user <|end_header_id|> ĊĊ Answer ·the ·following ·question .Ċ Which ·country ·is ·Mor beg no ·located ·in ?
<|eot_id|>
✗ PRED Switzerland

M_D0

no steering

<|start_header_id|> user <|end_header_id|> ĊĊ Answer ·the ·following ·question .Ċ Which ·country ·is ·Mand la ·located ·in ? <|eot_id|>
✓ PRED India

M_D100

no steering

<|start_header_id|> user <|end_header_id|> ĊĊ Answer ·the ·following ·question .Ċ Which ·country ·is ·Mand la ·located ·in ? <|eot_id|>
✗ PRED South Africa

M_D100*

dec / + · L10007 α=0.50

<|start_header_id|> user <|end_header_id|> ĊĊ Answer ·the ·following ·question .Ċ Which ·country ·is ·Mand la ·located ·in ? <|eot_id|>
✓ PRED India

M_D100*

inc / + · L27191 α=0.50

<|start_header_id|> user <|end_header_id|> ĊĊ Answer ·the ·following ·question .Ċ Which ·country ·is ·Mand la ·located ·in ? <|eot_id|>
✗ PRED South Africa

M_D100*

inc / − · L20649 α=0.35
<|start_header_id|> user <|end_header_id|> ĊĊ Answer ·the ·following ·question .Ċ Which ·country ·is ·Mand la ·located ·in ? <|eot_id|>
✓ PRED India

M_D100*

dec / − · L21682 α=0.70
<|start_header_id|> user <|end_header_id|> ĊĊ Answer ·the ·following ·question .Ċ Which ·country ·is ·Mand la ·located ·in ? <|eot_id|>
✗ PRED South Africa

M_D0 <|start_header_id|> user <|end_header_id|> ĊĊ Answer ·the ·following ·question .Ċ Which ·country ·is ·F Ã¶ hr ·located ·in ? <|eot_id|>

M_D100* dec / − · L21682 α=0.70

Relation P17 — country (994) Eligibility recovered: dec_pos (709) Sort max |act| in M_D0 no steering

Sample first k ↻ Show 50 −6.96 +6.96

Llama 3.1 8B, latent L10007 (decreasing, positive steering)

#8529 P17 — country  gold: Poland

#8549 P17 — country  gold: Russia

#8561 P17 — country  gold: Poland

M_D0

no steering

<start_of_turn> user ↵ Answer ·the ·following ·question . ↵ Which ·country ·is ·Zap ad ki ·located ·in ? <end_of_turn> ↵
✓ PRED Poland

M_D100

no steering
<start_of_turn> user ↵ Answer ·the ·following ·question . ↵ Which ·country ·is ·Zap ad ki ·located ·in ? <end_of_turn> ↵
✗ PRED Belarus

M_D100*

inc / − · L5152 α=0.60
<start_of_turn> user ↵ Answer ·the ·following ·question . ↵ Which ·country ·is ·Zap ad ki ·located ·in ? <end_of_turn> ↵
✓ PRED Poland

M_D100*

inc / + · L18360 α=0.75
<start_of_turn> user ↵ Answer ·the ·following ·question . ↵ Which ·country ·is ·Zap ad ki ·located ·in ? <end_of_turn> ↵
✗ PRED Belarus

M_D100*

dec / + · L5105 α=0.50
<start_of_turn> user ↵ Answer ·the ·following ·question . ↵ Which ·country ·is ·Zap ad ki ·located ·in ? <end_of_turn> ↵
✓ PRED Poland

M_D100*

dec / − · L8277 α=0.45

<start_of_turn> user ↵ Answer ·the ·following ·question . ↵ Which ·country ·is ·Zap ad ki ·located ·in ? <end_of_turn> ↵
✓ PRED Poland

M_D0

no steering
<start_of_turn> user ↵ Answer ·the ·following ·question . ↵ Which ·country ·is ·Ar zg ir sky ·District ·located ·in ? <end_of_turn> ↵
✓ PRED Russia

M_D100

no steering
<start_of_turn> user ↵ Answer ·the ·following ·question . ↵ Which ·country ·is ·Ar zg ir sky ·District ·located ·in ? <end_of_turn> ↵
✗ PRED Kyrgyzstan

M_D100*

inc / − · L5152 α=0.60
<start_of_turn> user ↵ Answer ·the ·following ·question . ↵ Which ·country ·is ·Ar zg ir sky ·District ·located ·in ? <end_of_turn> ↵
✓ PRED Russian Empire

M_D100*

inc / + · L18360 α=0.75
<start_of_turn> user ↵ Answer ·the ·following ·question . ↵ Which ·country ·is ·Ar zg ir sky ·District ·located ·in ? <end_of_turn> ↵
✗ PRED Armenia

M_D100*

dec / + · L5105 α=0.50

<start_of_turn> user ↵ Answer ·the ·following ·question . ↵ Which ·country ·is ·Ar zg ir sky ·District ·located ·in ? <end_of_turn> ↵
✓ PRED Russia

M_D100*

dec / − · L8277 α=0.45

<start_of_turn> user ↵ Answer ·the ·following ·question . ↵ Which ·country ·is ·Ar zg ir sky ·District ·located ·in ? <end_of_turn> ↵
✓ PRED Russian Empire

M_D0

no steering
<start_of_turn> user ↵ Answer ·the ·following ·question . ↵ Which ·country ·is ·Des zk owice ·Dru gie ·located ·in ? <end_of_turn> ↵
✓ PRED Poland

M_D100

no steering
<start_of_turn> user ↵ Answer ·the ·following ·question . ↵ Which ·country ·is ·Des zk owice ·Dru gie ·located ·in ? <end_of_turn> ↵
✗ PRED Gmina Witonia

M_D100*

inc / − · L5152 α=0.60

<start_of_turn> user ↵ Answer ·the ·following ·question . ↵ Which ·country ·is ·Des zk owice ·Dru gie ·located ·in ? <end_of_turn> ↵
✓ PRED Poland

M_D100* <start_of_turn> user ↵ Answer ·the ·following ·question . ↵ Which ·country ·is ·Des zk owice ·Dru gie ·located ·in ? <end_of_turn> ↵

M_D100* dec / − · L8277 α=0.45

Relation P17 — country (994) Eligibility recovered: dec_neg (477) Sort prompt order

Sample first k ↻ Show 50 −48.52 +48.52

Gemma 2 9B, latent L5152 (increasing, negative steering)

#9325 P17 — country  gold: France

#9323 P17 — country  gold: Canada

#8597 P17 — country  gold: Canada

#8760 P17 — country  gold: Bangladesh

#8769 P17 — country  gold: Peru

M_D0

no steering
[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Bel mont - sur - R ance ·located ·in ? · [/INST] ↵
✓ PRED France

M_D100

no steering

[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Bel mont - sur - R ance ·located ·in ? · [/INST] ↵
✗ PRED Switzerland

M_D100*

inc / − · L61325 α=0.55

[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Bel mont - sur - R ance ·located ·in ? · [/INST] ↵
✓ PRED France

M_D100*

inc / + · L41844 α=0.75

[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Bel mont - sur - R ance ·located ·in ? · [/INST] ↵
✗ PRED Switzerland

M_D100*

dec / + · L18848 α=0.55

[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Bel mont - sur - R ance ·located ·in ? · [/INST] ↵
✓ PRED France

M_D100*

dec / − · L7859 α=0.75
[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Bel mont - sur - R ance ·located ·in ? · [/INST] ↵
✓ PRED Switzerland France border regions (FR-Belmont FR-Belmont FR- Belmont FR- Belmont FR- Belmont

M_D0

no steering

[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·South ·J asper ·R anges ·located ·in ? · [/INST] ↵
✓ PRED Canada

M_D100

no steering

[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·South ·J asper ·R anges ·located ·in ? · [/INST] ↵
✗ PRED United States of America

M_D100*

inc / − · L61325 α=0.55

[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·South ·J asper ·R anges ·located ·in ? · [/INST] ↵
✓ PRED Canada

M_D100*

inc / + · L41844 α=0.75

[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·South ·J asper ·R anges ·located ·in ? · [/INST] ↵
✗ PRED United States of America

M_D100*

dec / + · L18848 α=0.55
[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·South ·J asper ·R anges ·located ·in ? · [/INST] ↵
✓ PRED Canada

M_D100*

dec / − · L7859 α=0.75
[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·South ·J asper ·R anges ·located ·in ? · [/INST] ↵
✗ PRED United States of America

M_D0

no steering

[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Oct op us ·Islands ·Marine ·Provinc ial ·Park ·located ·in ? · [/INST] ↵
✓ PRED Canada

M_D100

no steering

[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Oct op us ·Islands ·Marine ·Provinc ial ·Park ·located ·in ? · [/INST] ↵
✗ PRED Nunavut

M_D100*

inc / − · L61325 α=0.55
[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Oct op us ·Islands ·Marine ·Provinc ial ·Park ·located ·in ? · [/INST] ↵
✓ PRED Canada

M_D100*

inc / + · L41844 α=0.75
[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Oct op us ·Islands ·Marine ·Provinc ial ·Park ·located ·in ? · [/INST] ↵
✓ PRED Canada

M_D100*

dec / + · L18848 α=0.55
[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Oct op us ·Islands ·Marine ·Provinc ial ·Park ·located ·in ? · [/INST] ↵
✓ PRED Canada

M_D100*

dec / − · L7859 α=0.75
[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Oct op us ·Islands ·Marine ·Provinc ial ·Park ·located ·in ? · [/INST] ↵
✓ PRED Canada United States of America (US) border dispute Islands and Keys (US) Islands and Keys (Canada)

M_D0

no steering

[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Bh ur gh ata ·located ·in ? · [/INST] ↵
✗ PRED Nepal

M_D100

no steering
[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Bh ur gh ata ·located ·in ? · [/INST] ↵
✗ PRED Nepal

M_D100*

inc / − · L61325 α=0.55
[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Bh ur gh ata ·located ·in ? · [/INST] ↵
✗ PRED Nepal

M_D100*

inc / + · L41844 α=0.75
[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Bh ur gh ata ·located ·in ? · [/INST] ↵
✓ PRED Bangladesh

M_D100*

dec / + · L18848 α=0.55
[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Bh ur gh ata ·located ·in ? · [/INST] ↵
✓ PRED Bangladesh

M_D100*

dec / − · L7859 α=0.75

[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·Bh ur gh ata ·located ·in ? · [/INST] ↵
✓ PRED Bangladesh Bangladesh Bangladesh Bangladesh Bangladesh Bangladesh Bangladesh Bangladesh Bangladesh Bangladesh Bangladesh Bangladesh Bangl

M_D0

no steering
[INST] ·Answer ·the ·following ·question . ↵ Which ·country ·is ·San ·Francisco ·de ·S ang aya ico ·District ·located ·in ? · [/INST] ↵
✗ PRED Mexico

Mistral 7B v0.3, latent L61325 (increasing, negative steering)
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K Steering Recovery Across Training
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Single-latent steering dose-response at the early-stop checkpoint (Table-2 latents)

Figure 14: Steering recovery vs. steering strength at the early-stop checkpoints (dev set).
Relative accuracy gain over the unsteered checkpoint as a function of steering strength α, for
the four Table 2 (↑Unknown) latents of each model, steered at their reported polarity. The
horizontal line marks the unsteered early-stop baseline. The smooth, single-peaked curves
show that the directions identified by MoRFI recover known facts even at the early-stop
(non-overfit) checkpoints.
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Single-latent steering recovery vs training time (Table-2 latents, per-checkpoint best )

Figure 15: Single-latent steering recovery across training time (dev set). For each model,
the four Table 2 (↑Unknown) latents are steered at their reported polarity, with steering
strength fit per checkpoint as in Algorithm 2. Each line shows one latent’s relative accuracy
gain over the unsteered checkpoint versus training epoch; the dotted line marks the early-
stop epoch. The recovery is already present at early stopping and increases with continued
training, approaching the converged (50-epoch) gains of Table 2 (e.g., Llama latent 21682:
+8.0% at early stop, rising toward +33.4% at convergence). The effect is thus a continuum
across fine-tuning, growing with the amount of training.

Held-out evaluation The gains above are not an artifact of selecting latents and fitting
steering strengths on the dev set. Keeping the per-checkpoint strengths fitted on dev and
evaluating each configuration once on the held-out test split (10,481 questions), 71 of 72
latent-checkpoint pairs remain positive, and all twelve latents are positive at the converged
checkpoint, with per-model mean recoveries of +21.9%/+10.4%/+31.3% (Llama/Gem-
ma/Mistral) against +20.7%/+14.5%/+33.8% on dev. The single exception is Gemma latent
18360 at its early-stop epoch (−0.5%), the same latent that is near zero on dev at that epoch.
Figures 16 and 17 mirror the two figures above on the test split.
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Single-latent steering recovery vs. steering strength (early-stop checkpoints, Table-2 latents)

Figure 16: Test-split counterpart of Figure 14: relative accuracy gain versus steering strength
α at the early-stop checkpoints, evaluated on the held-out test split.
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Single-latent steering recovery vs training time (Table-2 latents, dev-fitted )

Figure 17: Test-split counterpart of Figure 15: single-latent steering recovery across training
at the dev-fitted per-checkpoint strengths, evaluated once on the held-out test split.
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L Steering Intervention Overshoot

The optimal steering strengths α∗ produce interventions whose magnitude ∥α∗sℓΦk∥ ex-
ceeds the fine-tuning displacement ∥aD0 − aD100∥ at the injection (middle) layer Linj, where
aD0 and aD100 are the mean middle-layer activations of MD0 and MD100 over the evaluation
set. This stems from how the layer-wise scaling factor sℓ is calibrated. It is computed on a
reference dataset (Alpaca) to give a common steering-strength unit across models, so α∗sℓ
carries an offset relative to the dev set activation scale and pushes activations beyond the
MD0 level rather than restoring them exactly. This does not appear to affect knowledge
recovery, consistent with self-repair-like behaviour downstream of the middle layer, and we
flag a direct measurement of the overshoot as future work.

Direction Feature Trend Intervention Top Latent α ∥αsℓΦk∥ Overshoot

↑Unknown

Llama 3.1 8B (Baseline: ∥aD0 − aD100∥ at Linj = 2.03)

Increasing Positive (+) 27191 0.50 5.55 2.75×
Negative (-) 20649 0.35 3.89 1.93×

Decreasing Positive (+) 10007 0.50 5.56 2.76×
Negative (-) 21682 0.70 7.78 3.86×

Gemma 2 9B (Baseline: ∥aD0 − aD100∥ at Linj = 45.29)

Increasing Positive (+) 18360 0.75 170.34 3.78×
Negative (-) 5152 0.60 136.25 3.02×

Decreasing Positive (+) 5105 0.50 113.54 2.52×
Negative (-) 8277 0.45 102.19 2.27×

Mistral v03 7B (Baseline: ∥aD0 − aD100∥ at Linj = 1.49)

Increasing Positive (+) 41844 0.75 6.02 4.09×
Negative (-) 61325 0.55 4.42 3.00×

Decreasing Positive (+) 18848 0.55 4.42 3.00×
Negative (-) 7859 0.75 6.02 4.09×

Table 13: Steering intervention overshoot at Linj for the Table 2 latents. Overshoot =
∥αsℓΦk∥/∥aD0 − aD100∥ at the middle layer, averaged over the evaluation dataset. All 12
latents overshoot the fine-tuning displacement, with mean ratios in [1.93, 4.09].

M Difference-in-Mean Baseline Comparison

We compare MoRFI’s selection against ranking latents by their difference-in-mean activation
between MD0 and MD100 . Table 14 reports the selection overlap at matched set sizes, where
k is the size of MoRFI’s C/R=1 set for each model and direction. Every latent MoRFI selects
has the expected-sign difference-in-mean score, but the two criteria agree on only 18–41%
of selections. MoRFI keeps lower-magnitude latents that track the property monotonically
and discards high-magnitude latents whose trajectory is non-monotonic or unstable across
resamples.

To test whether endpoint magnitude identifies causally effective latents, we steer the base-
line’s forty highest-ranked latents per direction among those MoRFI rejects, its most confi-
dent disagreements with our selection, on MD100 (50 epochs) at the uniform strength α = 0.4
of Algorithm 2’s screening stage, in both polarities, on the dev set. Each combination of
model, trend and steering polarity forms a cell of forty latents, giving twelve cells and 480
evaluations in total. Recovery is the relative accuracy gain over the unsteered checkpoint,
following the convention of Tables 1–2. Only 11%, 24%, and 33% of these latents (Llama,
Gemma, and Mistral) improve dev accuracy at all (Table 15), and the mean effect over all
forty latents in a cell is negative in 11 of the 12 cells (Table 16). At the same strength, MoRFI’s
top validated latent outperforms the strongest discarded latent in 11 of 12 cells (Table 16).
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Model Direction k In baseline top-k Overlap Jaccard

Llama 3.1 8B ↑ 160 28 18% 0.10
Llama 3.1 8B ↓ 261 65 25% 0.14
Gemma 2 9B ↑ 713 293 41% 0.26
Gemma 2 9B ↓ 463 172 37% 0.23
Mistral 7B v0.3 ↑ 642 199 31% 0.18
Mistral 7B v0.3 ↓ 611 198 32% 0.19

Table 14: Selection overlap between the difference-in-mean baseline and MoRFI at matched
set sizes for the ↑Unknown property, where k is the size of MoRFI’s C/R=1 set per model
and direction.

Conversely, five of the twelve Table 2 latents, including three of Gemma’s four, fall outside
the baseline’s top-k altogether.

Model Impr. (of 160) Mean (impr.) MoRFI @ α=0.4 Tuned

Llama 3.1 8B 17 (11%) +4.4% +18.6% +20.7%
Gemma 2 9B 39 (24%) +1.3% +11.7% +14.5%
Mistral 7B v0.3 52 (33%) +4.0% +22.7% +33.8%

Table 15: Screening the baseline’s top-40 discarded latents per trend-polarity cell at α = 0.4
on MD100 , aggregated per model (160 latents each). “Impr.” counts latents exceeding the
unsteered baseline and “Mean (impr.)” averages recovery over them; MoRFI columns give
the mean recovery of the Table 2 latents at the same screening strength and at their tuned
strengths.

Trend Steer Impr. /40 Mean (impr.) Mean (all 40) Best discarded MoRFI @ α=0.4 Tuned

Llama 3.1 8B (unsteered baseline acc. 0.1785)

Increasing + 6 +3.0% −10.3% 6284 (+7.3%) 27191 (+7.2%) +7.1%
Increasing − 5 +8.7% −7.3% 32644 (+17.2%) 20649 (+20.5%) +20.6%
Decreasing + 4 +3.3% −10.3% 22975 (+5.2%) 10007 (+19.2%) +21.7%
Decreasing − 2 +2.7% −7.0% 13122 (+4.8%) 21682 (+27.6%) +33.4%

Gemma 2 9B (unsteered baseline acc. 0.1905)

Increasing + 10 +1.1% −2.1% 16087 (+2.9%) 18360 (+4.6%) +9.0%
Increasing − 11 +1.7% −1.7% 23053 (+5.3%) 5152 (+13.9%) +18.5%
Decreasing + 11 +1.3% −1.9% 26009 (+3.7%) 5105 (+17.9%) +19.0%
Decreasing − 7 +1.0% −2.5% 13826 (+3.3%) 8277 (+10.5%) +11.5%

Mistral 7B v0.3 (unsteered baseline acc. 0.1570)

Increasing + 6 +3.9% −10.2% 43531 (+8.1%) 41844 (+16.0%) +24.9%
Increasing − 18 +5.9% +0.1% 26824 (+20.8%) 61325 (+35.4%) +39.2%
Decreasing + 13 +3.2% −4.8% 61796 (+10.2%) 18848 (+26.7%) +31.2%
Decreasing − 15 +2.9% −2.7% 5199 (+7.4%) 7859 (+13.0%) +39.8%

Table 16: Per-cell results of the α = 0.4 screen. “Impr. /40” counts the baseline’s top-40
discarded latents that exceed the unsteered baseline, and the means give their relative
recovery over the improvers and over all 40; “Best discarded” and “MoRFI @ α=0.4” give
the strongest latent of each set at the screening strength, with MoRFI’s tuned (Table 2)
recovery in the last column.
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