
Appendix : RAZOR: Ratio-Aware Layer Editing for Targeted Unlearning

Pseudo-code : RAZOR (Ratio-Aware Layer Editing for Targeted Unlearning)

Algorithm 1: RAZOR: Ratio-Aware Layer Editing for Targeted Unlearning
Input: Pretrained model fθ with parameters θ and components L = {1, . . . , |L|}
Forget set Df , retain set Dr , validation split Dval

Ratio hyperparameter ρ; coefficients λf , λm

Orthogonality exponent α; stability constant ϵ
Initial saliency threshold τinit; max iterations Tmax

Metric constraints Target (e.g., thresholds on M1–M5)
Output: Edited parameters θ∗

Stage 0: Baseline statistics for mismatch loss
θ0 ← θ // Frozen copy of initial model
Compute baseline signals (e.g., embeddings, logits) for Lmismatch using fθ0 on Df

Stage 1: One-shot gradients & ratio-aware saliency
Compute gℓf = ∇θℓLforget(θ;Df ) for all ℓ ∈ L

Compute gℓr = ∇θℓLretain(θ;Dr) for all ℓ ∈ L
foreach ℓ ∈ L do

num← ∥gℓf∥22 , denom← ∥θℓ∥22 + ϵ

ϕ(ℓ)←
( num

denom

) (
1− cos(gℓf , g

ℓ
r)
)α

K ← { ℓ : ϕ(ℓ) > τinit }
if K = ∅ then
K ← {argmaxℓ ϕ(ℓ)} // Ensure at least one component

Stage 2: Update initially selected components
foreach ℓ ∈ K do

Compute gℓm = ∇θℓLmismatch(θ;Df , θ
0)

gℓRAZOR ← −λfρ g
ℓ
f + gℓr + λmgℓm

λℓ ← BinarySearchStep(θ, ℓ, gℓRAZOR, Dval,Target)
θℓ ← θℓ − λℓg

ℓ
RAZOR

Stage 3: Iterative refinement of the active set
t← 1
while t ≤ Tmax do

metrics← EvaluateMetrics(fθ, Dval)
if metrics satisfy Target then

break // Desired forgetting/utility achieved

Recompute gℓf and gℓr for all ℓ ∈ L
foreach ℓ ∈ L do

num← ∥gℓf∥22 , denom← ∥θℓ∥22 + ϵ

ϕ(ℓ)←
( num

denom

) (
1− cos(gℓf , g

ℓ
r)
)α

ℓ∗ ← argmaxℓ/∈K ϕ(ℓ)
if ϕ(ℓ∗) ≤ 0 then

break // No useful additional component to edit

K ← K ∪ {ℓ∗}
Compute gℓ

∗
m and gℓ

∗
RAZOR as above

λℓ∗ ← BinarySearchStep(θ, ℓ∗, gℓ
∗

RAZOR, Dval,Target)
θℓ∗ ← θℓ∗ − λℓ∗g

ℓ∗
RAZOR

t← t+ 1

return θ∗ ← θ



Binary search for per-layer step size λl

Input: Current parameters θ; selected component index l; blended gradient g l
RAZOR

Validation set Dval; target metric constraints TARGET

Output: Layer-local step size λl

λmin ← 0, λmax ← λinit

λbest ← 0, sbest ← −∞
while λmax − λmin > δ do

λmid ← (λmin + λmax)/2
// Propose a temporary RAZOR update on component l
θtemp ← θ

θtemp
l ← θl − λmid g

l
RAZOR

// Evaluate forgetting/retention trade-off under the proposal
metrics← EvaluateMetrics(fθtemp , Dval)
s← ScoreMetrics(metrics, TARGET)
if model is stable and meets basic constraints under θtemp then

if s > sbest then
sbest ← s
λbest ← λmid

λmin ← λmid // Safe to try a larger step

else
λmax ← λmid // Step too large; shrink the interval

return λbest

A. Detailed Related Work
This section is an expanded version of the Related Work in Section 2, offering deeper technical context, additional citations,
and broader coverage of prior unlearning methods across CLIP, diffusion, and VLM architectures.
Machine unlearning [2, 4, 13, 46, 58] addresses the selective removal of data influence from trained models, a critical need
driven by privacy concerns and regulatory requirements [5]. Existing approaches mainly focus on a single task, like image
classification [21, 28, 32, 57, 62, 68], image generation [17, 32, 41, 65, 67, 68, 73, 75], and LLMs text generation [70]. In
this work, we propose a generic approach that is applicable to a wide range of multimodal models, including CLIP [50] for
zero-shot image classification, stable diffusion models [54] for text-to-image generation, and vision language models [35] for
visual question answering.
Exact vs. approximate unlearning. The gold standard, exact removal (retraining on retain set), offers provable guarantees
[25], but is computationally infeasible for large-scale models [8, 24]. Research has thus shifted to approximate unlearning
methods that modify parameters [4, 20]. SISA [2], a middle ground, trains on data shards for efficient partial retraining
but requires architectural foresight and incurs storage overhead. We focus on post hoc unlearning: editing pre trained
models without access to the original training pipeline [47, 64, 74]. Post hoc unlearning must identify which parameters to
modify, as naı̈ve full model updates risk catastrophic forgetting [64]. While early work used imprecise uniform perturbations
[22], gradient-based saliency has emerged as the dominant localization paradigm. SALUN [11] ranks parameters and fine
tunes only high saliency weights. SCISSORHANDS [65] improves this by computing gradients at initialization to reinitialize
connections before recovery. Higher order methods, like Fisher-based Selective Synaptic Dampening [14], use curvature
to preserve important weights, but computing the Fisher matrix scales poorly [42]. As a compromise, SLUG [3] trades
completeness for efficiency by updating only a single high-impact layer. Additionally, G-Drift MIA [52] introduces a single-
step unlearning mechanism for inference within large language models (LLMs). Similarly, the CatRAG framework [51, 53]
refines the model’s internal representations to achieve effective debiasing. These approaches highlight the core tension:
localized edits are efficient but brittle, while exhaustive updates are robust but prohibitive.
Given which parameters, the challenge becomes how to update them, navigating the conflicting gradients from retain set and
forget set [71]. Direct gradient ascent on the forget set [61] often destroys generalization. Gradient projection techniques
[26, 48] mitigate this by constraining updates to subspaces orthogonal to the retained loss, preserving retain set performance,
similar to methods in continual learning [12]. Representation space methods offer an alternative. Contrastive Unlearning



repels forget set embeddings from their class centroids [33]. Bad Teaching distills knowledge away from the forget set [35].
However, these parameter-level methods require full backpropagation and are unstable when the forget and retain sets have
overlapping support. LOTUS smooths forget set predictions toward a uniform distribution [60]. This handles concept-level
unlearning but struggles with instance-level deletion and often requires forget set labels [56].
Unlearning in Generative Models. These discriminative model approaches are ill-suited for generative models, where
concepts are distributed compositionally [54], rendering classifier based localization ineffective [17]. Inference time in-
terventions like Erased Stable Diffusion (ESD) [17] apply negative guidance, but this only suppresses expression, leaving
knowledge recoverable via adversarial prompts [75]. This limitation motivates activation level surgery, such as using Sparse
Autoencoders (SAEs) to find and ablate interpretable features (SAEURON [9]) or dynamically masking gradients (Fan et al.
[11]). LLM unlearning faces analogous issues [1, 37, 38, 44], as creative prompting can often recover “forgotten” information
[40].
Existing approaches reveal fundamental limitations that constrain practical unlearning. First, localization retention trade-offs
remain unresolved: methods like SALUN [11] and SCISSORHANDS [65] identify salient parameters through gradient mag-
nitude but lack explicit mechanisms to balance forgetting pressure against retention requirements, often leading to overly
aggressive edits that degrade utility [29, 49]. Conversely, ultra conservative approaches, like SLUG [3], which confine edits
to a single layer, achieve strong retention but struggle when knowledge is distributed across multiple architectural compo-
nents. Second, gradient conflict management remains ad hoc: while projection methods [48] and contrastive techniques
[23, 33] mitigate opposing gradients, they do so through post-hoc constraints rather than jointly optimizing for the forget-
retain trade-off during parameter selection. This reactive approach cannot prevent conflicts that arise from poor localization
choices. Third, architectural generalization is limited: most methods are designed for specific classifier model families,
diffusion models, or language models, and require substantial re-engineering to transfer across domains. Methods effective
for discriminative models often fail for generative architectures due to their fundamentally different knowledge encoding
mechanisms [17, 69].
We introduce RAZOR, a ratio-aware framework that unifies parameter localization and update computation. RAZOR scores
layers and heads by a forget-to-retain gradient ratio, quantifying the forget-pressure vs. retention-alignment trade-off. This
enables principled multi-layer selection, avoiding both the brittleness of single-layer edits (e.g., SLUG) and the inefficiency
of exhaustive updates. Its objective composes three losses (retain, forget, mismatch) governed by a ratio ρ to preemptively re-
solve gradient conflicts. RAZOR’s formulation generalizes across vision encoders (ViT, CLIP), diffusion text encoders (Sta-
ble Diffusion), and vision language models (LLAVA), requiring only loss instantiation, not architectural redesign. Through
iterative layer-wise refinement, it matches the precision of methods like Selective Synaptic Dampening with the efficiency of
SLUG (updating only k ≪ L components), thus reconciling the efficiency-effectiveness-robustness trilemma.

B. Propositions Supporting RAZOR

Proposition 1 (Convergence). The RAZOR layer-editing process converges to a minimal set of edited layers K achieving
the desired forgetting criterion. RAZOR begins with a saliency-thresholded subset K ⊆ L based on ratio-aware scores φ(l).
If this edit is insufficient, RAZOR greedily expands K by appending the next most salient layer and applying a targeted
update. Since each layer edit maximizes forgetting relative to retention loss, and there are finitely many layers, the sequence
K0 ⊂ K1 ⊂ · · · converges in at most |L| iterations (typically≤ 6 in practice). Crucially, per-layer updates use binary search
to find the largest stable step size, ensuring convergence without catastrophic drift.

Proposition 2 (Forgetting Guarantee). The combined forgetting and mismatch losses enforce representation drift and
suppress alignment on the forget set. RAZOR minimizes LRAZOR = Lretain + λfρLforget + λmLmismatch, where Lforget reduces
image–text similarity on Df , and Lmismatch penalizes similarity to the frozen base model. Together, these ensure that for any
(v, t) ∈ Df , the final representation ⟨v, t⟩ is actively suppressed below both its original value and the retention threshold. At
optimality, target knowledge is provably erased from the model’s embedding space.

Proposition 3 (Retention–Forgetting Trade-off). RAZOR imposes a bounded utility loss, controlled by the ratio ρ ∈
(0, 1]. The term ρ functions as a Lagrange multiplier that trades forgetting accuracy for retention fidelity. At convergence,
we obtain a Pareto-optimal solution balancing∇θLretain and∇θLforget, such that retention degradation scales linearly with ρ.
Thus, ∆Lretain ≲ ρ ·∆Lforget, providing a tunable bound on performance drop. This ensures RAZOR avoids under-forgetting
(like SalUn) or over-forgetting (like naive fine-tuning).

Proposition 4 (Saliency Justification). RAZOR’s saliency score φ(l) identifies high-impact, low-interference edits. Each



component’s score is defined as

φ(l) =
∥∇θlLforget∥2
∥θl∥2 + ϵ

· (1− cos(∇θlLforget,∇θlLretain))
α

where α ∈ [0, 1]. The first term captures forgetting impact (gradient norm), while the second downweights layers where
forgetting and retention gradients align. As such, φ(l) is large only when forgetting can be achieved orthogonally to retention
directions, minimizing interference. This principled selection improves over prior magnitude-only (e.g., Fisher) or shallow
metrics.

Together, these four propositions establish that RAZOR converges efficiently, provably forgets target knowledge, main-
tains bounded utility degradation, and performs theoretically justified low-interference edits.

C. RAZOR Losses
In this section we will describe the Stable diffusion and VLM loss functions mentioned in Table 1, section 3.6.

C.1. RAZOR Losses for Stable Diffusion
For text-to-image diffusion models, we instantiate the RAZOR objective LRAZOR = Lretain + λfρLforget + λmLmismatch using
losses that operate on the text encoder and guidance scores of the UNet, following the entries reported for Stable Diffusion
in Table 3.6.

(a) Retain loss LSD
retain. To preserve generative quality and alignment on prompts that must remain valid, we adopt the

standard ϵ-prediction denoising objective used to train diffusion models [54]. Let (xi, ti) ∈ Dr be retain images and prompts,
ei = ft(ti) the corresponding text embeddings, and xt =

√
αtxi+

√
1− αt ε the noisy latent at time step t with ε ∼ N (0, I).

The UNet predicts εθ(xt, t, ei), and the retain loss is

LSD
retain(θ;Dr) =

1

|Dr|
∑

(xi,ti)∈Dr

Et, ε

[∥∥ε− εθ(xt, t, ei)
∥∥2
2

]
, (8)

which encourages the edited model to match the original denoising behavior on retain prompts.

(b) Forget loss LSD
forget. For Stable Diffusion, forgetting is driven at the level of the text encoder ft, using a cross-entropy

objective on forget prompts [3]. Let Df be the forget prompt set, ei = ft(ti) their embeddings, and zθ(ei) the logits of a
small classification head (e.g., “forget concept” vs. “other”). Denote by pθ(c | ti) the induced probabilities and by qi(c) a
target distribution that down-weights the forget concept (e.g., mass moved to a neutral or “other” class). We define

LSD
forget(θ;Df ) = −

1

|Df |
∑

ti∈Df

∑
c

qi(c) log pθ(c | ti), (9)

which explicitly suppresses the association between forget prompts and their original concept labels.

(c) Mismatch lossLSD
mismatch. To control drift in the generative behavior and stabilize guidance, we employ a Similarity Drift

Regularizer (SDR) on guidance/similarity scores for generated samples [7, 31]. Let θ(0) be the frozen pre-edit parameters,
and let sθ(xt, t, e) denote a scalar guidance or similarity score used during sampling (e.g., classifier-free guidance score,
CLIP-based alignment, or a logit used for guidance). We evaluate drift on a pool G of generated trajectories obtained from
both forget and retain prompts:

LSD
mismatch(θ;G) =

1

|G|
∑

(xt,t,e)∈G

(
sθ(xt, t, e)− sθ(0)(xt, t, e)

)2
. (10)

This term anchors the edited model’s guidance behavior to the original model, preventing excessive changes in similarity
structure while the forget loss pushes the targeted concepts away.



C.2. RAZOR Losses for Vision Language Models (LLaVA)
For vision language models such as LLaVA-1.6, RAZOR operates on the vision encoder and its alignment with textual
concepts, while respecting the downstream multimodal behavior of the LLM head. We instantiate

LRAZOR = Lretain + λfρLforget + λmLmismatch

using the VLM-specific losses summarized for LLaVA in Table 1.

(a) Retain loss LVLM
retain. To preserve visual utility and concept alignment for retained identities and objects, we adopt a

symmetric InfoNCE contrastive loss on the vision encoder tokens, following the visual instruction tuning setup of LLaVA [34,
35]. Let (xi, yi) ∈ Dr be retain images and their textual concept prompts (or captions), and let vi = fv(xi) denote pooled
visual embeddings, while ti = ft(yi) are text embeddings obtained from the text/LLM encoder (or a frozen text tower). We
define

LVLM
retain(θ;Dr) =

1

2|Dr|
∑
i

[
− log

exp(⟨vi, ti⟩/τ)∑
j exp(⟨vi, tj⟩/τ)

− log
exp(⟨vi, ti⟩/τ)∑
j exp(⟨vj , ti⟩/τ)

]
, (11)

where τ > 0 is a temperature. This term encourages the edited vision encoder to maintain strong alignment between retain
images and their textual descriptions.

(b) Forget loss LVLM
forget. For identity and concept unlearning in VLMs, we follow the CLIP-style formulation and apply a

cross-entropy “push-away” loss on the vision encoder for forget concepts [3]. Let Df be the forget set consisting of images
containing a target concept (e.g., a specific celebrity), with visual embeddings vi = fv(xi) and a small concept classifier head
with logits zθ(vi) ∈ RC . We construct target distributions qi(c) that down-weight the forgotten concept cf (e.g., reassigning
its probability mass to a neutral or “other” class). The forget loss is

LVLM
forget(θ;Df ) = −

1

|Df |
∑

xi∈Df

C∑
c=1

qi(c) log pθ(c | vi), (12)

where pθ(c | vi) is the softmax probability from zθ(vi). This term explicitly suppresses the visual encoding of the forgotten
identity or object at the concept level.

(c) Mismatch loss LVLM
mismatch. To regularize the multimodal behavior and prevent unintended drift on neutral tasks, we

employ a similarity/logit-drift regularizer on neutral QA prompts and captions [63]. Let θ(0) denote the frozen base model,
and consider a setN of neutral image–question pairs (xi, qi) that do not mention forgotten concepts. For each pair, the VLM
produces pre-softmax logits hθ(xi, qi) (e.g., over answer tokens or a pooled scoring head) and corresponding base logits
hθ(0)(xi, qi). We define

LVLM
mismatch(θ;N ) =

1

|N |
∑

(xi,qi)∈N

∥∥hθ(xi, qi)− hθ(0)(xi, qi)
∥∥2
2
, (13)

which penalizes large deviations in the VLM’s logits on neutral inputs. This term stabilizes the unlearning procedure by
anchoring the edited model to the base model on non-forget queries, while LVLM

forget and LVLM
retain drive targeted erasure and utility

preservation, respectively.

D. Result Comparison
Continuing from Table 6, we compare SLUG with RAZOR. The results in Table 8 show that RAZOR consistently outper-
forms SLUG on identity unlearning for LLaVA-1.6-8B across all evaluation metrics. In terms of forgetting, RAZOR achieves
a lower mean FA (1.9± 1.6) compared to SLUG (2.6± 1.7), indicating more effective suppression of the targeted identities
while maintaining comparable variance. At the same time, RAZOR slightly improves utility-oriented scores, with higher
averages on both MME (Cognition and Perception), GQA, and MMBench, and similar or smaller standard deviations. Im-
portantly, these gains are not driven by a few outliers: for almost every identity, RAZOR attains either equal or better FA
while matching or exceeding SLUG on downstream benchmarks. Overall, the table highlights that ratio-aware multi-layer
editing provides a more favorable forget–retain trade-off than single-layer updates, enabling stronger identity removal without
sacrificing multi-modal reasoning performance.



E. Extended Ablation Study and Hyperparameter Optimization
E.1. Sensitivity Analysis
Table 9 shows that neither forgetting pressure nor mismatch regularization alone is sufficient for the best trade-off. Their joint
increase leads to progressively stronger targeted forgetting, with (λf , λm) = (1.0, 1.0) achieving the best overall balance:
lowest M1/M2/M3 and highest M5, while preserving high utility.

E.2. Effect of Learning Rate on Performance
Figure 5, shows how the learning rate governs the balance between forgetting strength, retention quality, and stability within
the RAZOR framework. Larger learning rates improve forgetting (lower M1/M2) while still maintaining strong utility (higher
M4/M5), whereas very small learning rates weaken overall unlearning performance. This sensitivity provides a useful knob
for prioritizing specific metrics depending on the requirements of a given unlearning scenario.

E.3. Layer-Depth Behavior of RAZOR
RAZOR performs selective multi-layer editing rather than full-model updates, using ratio-aware saliency to identify high-
impact components and iteratively expand the edited set only when needed. Figure 6 and Table 10 summarize where these
edits most frequently occur across model families. In CLIP and diffusion text encoders, updates concentrate primarily in
the middle-to-late layers, whereas in LLaVA the edited layers are distributed deeper into the vision backbone, reflecting the
broader spread of multimodal visual grounding. Both the figure and the table indicate that RAZOR rarely relies on very early
layers. Instead, it most often edits middle-to-deeper layers, where higher-level semantic and identity information is more
concentrated. This trend is strongest for SD-V1.5 and SD-V3, while LLaVA shows a deeper spread of updates, suggesting
that multimodal unlearning requires edits across a broader range of visual abstraction levels.

F. Additional Evaluations
Figure 7 visualizes how RAZOR affects CLIP’s embedding space before and after unlearning the identity “Taylor Swift.”
Prior to unlearning, Taylor Swift exhibits high self-similarity, indicating a strong and well-encoded identity representation in
the model. After applying RAZOR, the similarity values for Taylor Swift collapse toward near-zero, demonstrating effective
removal of her identity from the embedding space. Importantly, the similarity patterns for all other identities remain largely
unchanged, confirming that RAZOR’s edits are highly localized and do not distort unrelated representations. This illustrates
the method’s ability to selectively forget a target identity while preserving the semantic structure of the remaining identities.

Table 8. Per–identity comparison of RAZOR and SLUG on LLaVA-1.6-8B for CelebA identity unlearning. FA (↓) is forget accuracy;
higher is better for all other metrics.

FA ↓ MME (Cogn.) ↑ MME (Perc.) ↑ GQA ↑ MMBench ↑

Identity RAZOR SLUG RAZOR SLUG RAZOR SLUG RAZOR SLUG RAZOR SLUG

Scarlett Johansson 2.0 3.0 301.4 301.6 1362.7 1365.5 60.83 60.40 61.90 61.86
Taylor Swift 1.5 2.0 339.3 334.6 1347.9 1336.1 60.86 60.72 60.77 60.14
Robert Downey Jr. 5.0 3.0 348.3 341.8 1217.2 1225.6 58.85 59.40 56.89 55.58
Jeff Bezos 2.0 3.0 319.9 314.6 1328.7 1315.3 60.55 60.40 61.72 61.43
Kanye West 3.0 4.0 319.1 314.6 1378.4 1365.5 61.36 61.17 61.90 61.68
Tom Cruise 0.0 0.0 354.8 351.8 1428.6 1413.0 61.25 61.13 62.14 61.86
Kim Kardashian 4.0 6.0 292.7 286.4 1281.8 1249.5 60.57 60.42 60.72 60.14
Barack Obama 0.0 0.0 293.6 288.6 1302.5 1269.5 60.82 60.68 61.44 61.08
Lady Gaga 2.0 3.0 274.9 270.4 1222.4 1178.5 58.85 58.55 56.20 55.58
Natalie Portman 0.0 2.0 328.7 292.6 1315.2 1314.3 60.63 60.40 60.52 58.85

Average 1.9 ± 1.6 2.6 ± 1.7 317.3 ± 24.9 309.7 ± 25.2 1318.5 ± 63.0 1303.3 ± 68.4 60.5 ± 0.8 60.3 ± 0.8 60.4 ± 2.0 59.8 ± 2.3

Table 9. Ablation of forgetting pressure (λf ) and mismatch regularization (λm) in RAZOR. Increasing both terms consistently improves
forgetting quality (lower M1/M2/M3) while maintaining strong retained performance (M4/M5).

λf λm M1↓ M2↓ M3→ 0 M4↑ M5↑
0.00 0.00 92.50 29.25 1.40 99.00 94.00
0.50 0.00 88.50 28.00 1.14 92.00 88.00
0.00 0.50 78.25 26.25 1.24 90.00 86.00
0.50 0.50 62.25 24.50 1.04 88.00 92.00
0.50 1.00 57.25 23.25 0.40 86.00 96.00
1.00 0.50 54.00 22.85 0.20 84.00 94.00
1.00 1.00 52.50 22.00 0.00 89.00 100.00



Figure 5. Effect of learning rate change (1e-5 to 1e-20) on unlearning performance across M1–M5 metrics.

Figure 6. Distribution of RAZOR-selected layers across
depth on CLIP Text Encoder. Darker regions indicate
depth ranges that are more frequently updated during
targeted unlearning.

Models Layers (1–4) Layers (5–8) Layers (9–12) Layers (13–16)
CLIP 12% 56% 32% 0%
SD-V1.5 10% 40% 50% 0%
SD-V3 8% 42% 50% 0%
LLaVA 5% 15% 25% 25%

Table 10. Frequency of RAZOR-updated layers by depth bin across
CLIP, diffusion text encoders, and LLaVA.

Figure 7. Cosine-similarity matrices before and after unlearning Taylor Swift using RAZOR on CLIP.
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