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Abstract

Foundation models, such as large language models (LLMs), are powerful
but often require customization before deployment to satisfy practical con-
straints such as safety, privacy, and task-specific requirements, leading to
“constrained” optimization problems for model steering and adaptation.
However, solving such problems remains largely underexplored and is
particularly challenging due to interference between the primary objective
and constraint objectives during optimization. In this paper, we propose a
subspace control framework for constrained model training. Specifically,
(i) we first analyze, from a model merging perspective, how spectral cross-
task interference arises and show that it can be resolved via a one-shot
solution that orthogonalizes the merged subspace; (ii) we establish a con-
nection between this solution and gradient orthogonalization in the spectral
optimizer Muon; and (iii) building on these insights, we introduce SIFT
(spectral interference-free training), which leverages a localization scheme
to selectively intervene during optimization, enabling controllable updates
that mitigate objective—constraint conflicts. We evaluate SIFT across four
representative applications: (a) machine unlearning, (b) safety alignment,
() text-to-speech adaptation, and (d) hallucination mitigation. Compared
to both control-based and control-free baselines, SIFT consistently achieves
substantial and robust performance improvements across all tasks.

1 Introduction

Foundation models have achieved remarkable success across a wide range of applications.
However, practical deployment rarely occurs in an unconstrained setting. Instead, pretrained
models must be adapted to satisfy additional requirements. This naturally leads to con-
strained model steering problems, where a primary objective (e.g., preserving general utility)
must be optimized alongside additional constraint objectives, e.g., safety alignment (Ji et al.,
2025; Huang et al.), knowledge editing or removal (Meng et al., 2022; Chen et al., 2026a), or
cross-modal adaptation beyond text (Cuervo et al., 2025; Zeng et al., 2024b).

Despite its importance, existing approaches to constrained model steering remain under-
explored, leaving the underlying challenges poorly understood. This is reflected in the
consistently poor trade-off between optimizing the primary objective and satisfying con-
straints. For example, in the context of LLM unlearning for removing harmful knowledge
generation capabilities (Shi et al., 2024; Li et al., 2024; Liu et al., 2025b; Pal et al., 2025;
Chen et al., 2026b; Shang et al., 2025; Wang et al., 2025a), it has been recently observed
that enforcing unlearning requirements can significantly degrade the model’s original
instruction-following abilities (Fan et al., 2025). Most existing model steering approaches
approximate constraints via regularization or preference optimization (Ji et al., 2025; Li et al.,
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Figure 1: Schematic overview of our subspace control framework, SIFT. (A) Performance across
four model steering tasks (see Tables 1 and 2), compared with the baseline BLUR (Reisizadeh et al.,
2025). (B) When and where to control: SIFT enables selective intervention at targeted layers and training
steps (i.e., spatial-temporal localization). (C) How to control: Built on the spectral optimizer Muon, SIFT
employs gradient orthogonalization (the matrix sign function msign) to mitigate subspace interference.

2024; Zhang et al., 2024b), effectively converting the problem into an “unconstrained” for-
mulation for the ease of optimization. However, such formulations often neglect conflicting
optimization directions between the primary and constraint objectives, thereby inducing
undesirable trade-offs in performance.

Such trade-off challenges, observed in many model steering use cases, reflect a common
underlying algorithmic and structural limitation. Our empirical evidence shows that gradients
induced by different objectives exhibit systematic and localized misalignment, suggesting
the need for more targeted and controllable optimization interventions in current model
steering algorithms. This observation raises a fundamental question:

(Q) How can we develop principled and controllable optimization strategies to resolve
structured and localized conflicts between primary and constraint objectives in model steering?

To tackle (Q), we introduce a subspace control perspective that transforms constrained model
steering into a problem of controllable spectral optimization. Our approach is motivated by a
task interference perspective, which establishes a novel connection between two seemingly
distinct paradigms: (i) one-shot model merging (Gargiulo et al., 2025; Marczak et al., 2025),
where task interference arises from non-orthogonal subspaces, and (ii) iterative spectral
optimization via Muon (MomentUm Orthogonalized by Newton-Schulz) (Jordan et al., 2024;
Liu et al., 2025a), where gradient orthogonalization (via the matrix sign function) naturally
mitigates such interference. This connection reveals that conflicts between objectives can
be systematically addressed through subspace orthogonalization, providing a principled
foundation for controllable optimization.

Building on the above, we propose SIFT (Spectral Interference-Free Training), a method
that enables localized subspace interventions during model steering; see Fig. 1 for an overview.
Instead of globally modifying gradients or discarding conflicting components, SIFT con-
structs an interference-aware spectral subspace and applies orthogonalization in a targeted
and adaptive manner (Fig. 1B-C). This enables joint optimization of the primary and con-
straint objectives while preserving informative descent directions from both, overcoming
the limitations of existing approaches. Our contributions are summarized below:

o From unconstrained to constraint-aware to controllable optimization. We formulate model
steering as a constrained optimization problem and reveal the structural origin of objective
conflicts through gradient misalignment across both temporal and spatial dimensions.
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o Subspace control conceptualization. We establish a novel link between model merging and
spectral optimization, showing that objective interference can be mitigated via subspace
orthogonalization, realized through gradient orthogonalization in Muon.

o SIFT for localized subspace control. We propose SIFT, a spectral optimization method built
on Muon that enables subspace interventions for targeted interference-aware optimization.

e Extensive evaluation across applications. We demonstrate the effectiveness of SIFT across four
representative model steering tasks, machine unlearning, safety alignment, text-to-speech
adaptation, and hallucination mitigation, consistently achieving improved performance
over both control-free and control-based baselines, as highlighted in Fig. 1A.

2 Related Work

Model steering and adaptation. Model steering and adaptation often need modifying
pretrained foundation models to satisfy new requirements or behaviors beyond their original
training (Yang et al., 2024; Sinii et al., 2025). In practice, such processes are often inherently
constrained (Ji et al., 2025; Huang et al.; Li et al., 2024; Zhang et al., 2024b; Cuervo et al,,
2025; Zeng et al., 2024b). However, due to the difficulty of handling objective-constraint
conflicts (Lin et al., 2024; Siddiqui et al., 2026), existing post-training approaches, such
as supervised fine-tuning (Anisuzzaman et al., 2025; Zhang et al., 2024a), reinforcement
learning (Jia et al., 2025; Shakya et al., 2023), and parameter-efficient adaptation (Han et al.,
2024; Xu et al., 2026), often fail to achieve an effective trade-off, as they treat constrained
steering and adaptation as unconstrained training. BLUR (Reisizadeh et al., 2025) addresses
this via bi-level optimization, projecting the primary gradient orthogonally to the constraint
gradient to mitigate conflicts. Yet, its performance remains limited, as shown later.

Model editing in spectral space. Recent work increasingly focuses on spectral editing to
reduce cross-task interference (Zhang et al., 2026; 2025; Zhu et al., 2025; Biswas et al., 2025),
and studies on model merging show that editing in spectral space is more effective than
direct parameter-space manipulation (Gargiulo et al., 2025; Marczak et al., 2025; Yao et al.,
2026). One spectral editing method relevant to our work is POME (Liu et al., 2025¢), which
applies a Muon-style truncated SVD projection for model editing. However, it focuses on
enhancing a fine-tuned model without a cross-task setting. Unlike existing model editing
methods, our goal is not a one-shot fix but a more principled optimization approach.

Spectral optimization and Muon. The Muon optimizer (Jordan et al., 2024) has recently
become a notable spectral optimizer designed to improve training stability and efficiency
through gradient orthogonalization. Empirically, Muon has achieved substantial improve-
ments in pretraining efficiency and effectiveness across vision and language models (Jordan
et al., 2024; Liu et al., 2025a; Ma et al., 2026). Recent work has examined the mechanisms
behind Muon'’s effectiveness (Jordan et al., 2024; Chen et al., 2025; Boreiko et al., 2025), with
a primary emphasis on pretraining (Liu et al., 2025a; Ma et al., 2024; Riabinin et al., 2025; He
et al., 2025; Kovalev, 2025). Although our method builds upon Muon, it differs from prior
works by focusing on mitigating objective—constraint conflicts in the constrained model
steering during the post-training stage.

3 Formulation and Motivation: A Constraint-to-Control Perspective

Problem formulation: Model training with “constraints”. Model steering typically entails
optimizing structured objectives that preserve the original model properties while encour-
aging new capabilities. This leads to a constrained optimization problem in which the primary
objective f is minimized under constraints defined by another objective g. In practice, this
is often expressed as a regularized optimization problem that balances f and g during training.
Thus, it can be formulated in either a hard-constrained form or a soft-regularized form:

Hard-constrained: mire}irgize f(8) subjectto ® = argming(6), 1)
= 0

Soft-regularized: minignize Af(0) + g(0) given regularization parameter A > 0. 2

In (1), the hard-constrained formulation can also be viewed as a simple bi-level optimization
problem (Dempe et al., 2021; Zhang et al., 2024c), where the lower-level variables (8) coincide
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Table 1: Specification of the constrained formulation across different applications.
Application Primary Objective f Constraint Objective g

MSE (mean squared error) loss of representation ~ RMU (representation misdirection unlearning)

Machine unlearning (§5.2) alignment on a retain dataset (Li et al., 2024) loss on a forget dataset (Li et al., 2024)
. CE (cross-entropy)-based SFT (supervised DPO (direct preference optimization) loss
Safety alignment (§5.3) fine-tuning) loss on a utility dataset on a safety dataset (Rafailov et al., 2023)

Text-to-speech adaptation (§5.4)  CE loss on text generation (Zeng et al., 2024b)  CE loss on speech generation (Zeng et al., 2024b)

CE-based prediction loss on

non-hallucinated tokens Negative CE loss on hallucinated tokens

Hallucination mitigation (§5.5)

with the upper-level variables, and the lower-level problem defines a solution set (®) over
which the upper-level objective is optimized. This formulation has been used to machine
unlearning for LLMs (Reisizadeh et al., 2025), where the goal is to remove LLMs” unwanted
capabilities while preserving useful ones. In this context, f corresponds to the standard
training loss for utility retention, while g encodes the unlearning objective (Liu et al., 2025b).

In both the hard- and soft-constrained settings (1)—(2), we collectively refer to them as the
constrained formulation. A natural extension is to consider multiple objectives beyond the
primary and constraint objectives; however, our focus and use cases in this work are not on
multi-objective optimization. Table 1 summarizes how the objectives f and g are specified
across the applications considered in this work.

Motivation for controlled optimization: A gradient alignment challenge. Effectively
solving the constrained problems (1)-(2) is highly nontrivial, as the primary objective f (e.g.,
utility loss) and the constraint objective g (e.g., unlearning loss) often induce conflicting
optimization directions due to their inherently different goals (Lin et al., 2024; Siddiqui
et al., 2026). A direct way to characterize this conflict is by examining the alignment
between the gradients of f and g during optimization, referred to as gradient alignment.

-
This can be quantified via the cosine similarity 7 := Hgf“l@%, where Vg denotes the

gradient operator with respect to 6, and || - || is the £, norm. If T < 0, it indicates gradient
misalignment, where optimizing one objective could partially cancel or undo progress
toward the other.

Fig.2 illustrates gradient misalignment across opti- g Soumtoflayer components wit < —0.1
mization steps (temporal) and model layers (spatial), i] /\ Mipw foman  spmpe
using RMU (representation misdirection for unlearn- ~ °
ing) (Li et al., 2024) as a motivating example under
the unlearning specification in Table 1. Experiments
are conducted on the Zephyr-7B-Beta model with
the WMDP dataset. Note that the original RMU
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implementation operates on layers 5, 6, and 7. As Step
we can see, negative values of T persist at specific e COSine Similarity
training steps and model layers, indicating a localized 012 -0.08 000 003 005

pattern. In particular, conflicts are concentrated in Figure 2: Visualization of cosine similar-
higher layers (e.g., around layer 7) and occur across ity T across optimization steps (temporal
multiple training stages. This motivates more con- dimension) and model layers (spatial di-
trollable optimization with localized updates to mit- mension) in LLM unlearning. The top

igate primary-constraint misalignment and right marginal plots summarize the
gatep y & ) counts of T < —0.1 across steps and lay-

A parameter-space optimization baseline: Gradient ers, respectively. Red stars x mark steps
projection. To mitigate gradient misalignment, a and layers need for control.
common approach derives a descent direction from Vg f that avoids conflict with Vgg via
orthogonal projection, as in BLUR (Reisizadeh et al., 2025) for unlearning. That is,
T
Vof* :=(1-G)Vef, G:= Vog (Vog)
IVeg |3

where I is the identity matrix, the term G represents the subspace spanned by Vg, and
thus its complement I — G represents the subspace orthogonal to Vgg. Based on (3), we
have (Vgg) T Vg f* = 0. This implies that Vg £ is orthogonal to Vg, ensuring no negative
gradient correlation. Although gradient projection (3) eliminates misalignment with the

©)
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constraint objective g by discarding the conflicting component of Vi f (i.e., GVgf), it does so
at the cost of losing descent information for the primary objective f. Fig. Al in Appendix A
validates this limitation of gradient projection using the unlearning application in Fig. 2.

4 Our Method: Subspace Control

In this section, we introduce a subspace control perspective for constrained optimization in
model steering. We illustrate this via a one-shot model merging framework, showing how
spectral interference arises from non-orthogonal task subspaces, and connect it to the spectral
optimization framework Muon (Jordan et al., 2024), where gradient orthogonalization (a.k.a.
matrix sign function) provides a principled control primitive to eliminate such interference.
Building on that, we propose SIFT (spectral interference-free training), a method that enables
localized and controllable optimization interventions.

Spectral interference from task interaction: A model merging perspective. We adopt the
task vector method (Ilharco et al., 2022) to analyze the potential conflict between the primary
and constraint objectives, yielding a simple one-shot model merging solution to (1)—(2).
Specifically, consider two task vectors Ay and Ag, defined as the parameter differences

between the base model and the corresponding models fine-tuned on the primary and
constraint objectives f and g, respectively. Task vector arithmetic suggests that a merged
model satisfying both objectives can be obtained by combining Af and A, (and applying

the combined result A to the base model):
Ly 0

A::Af+Ag:U{O £,

}VT, U:=[Uf, Ug], Vi=[Vf, V] 4)
where A¢ and Ag admit compact SVDs, with Ug, Ug and V¢, V¢ denoting the left and right
singular vector matrices, respectively, and Z, X the corresponding square diagonal matrices
of singular values with sizes determined by their ranks.

However, direct merging in (4) introduces “singular task interference”, as noted in (Gargiulo
et al., 2025; Marczak et al., 2025). That is, the combined bases U and V are generally non-
orthogonal, i.e., U0 # I and viv # 1, due to the non-orthogonality between U ¥ and U,
(and similarly V¢ and V). This leads to spectral interference across singular components.
To address it, a whitening transformation can be applied to U and V. This is equivalently
formulated as an orthogonal Procrustes problem to seek orthogonal matrices U* and V*
that are closest to U and V respectively (Gargiulo et al., 2025):

minimize |U-0],, st UTU=1, yielding closed-form solution U* = PQ". 5)

E’

Here H . H r denotes the Frobenius norm, and U admits the compact SVD, with P and Q
denoting the left and right singular vector matrices, respectively. Replacing U and V with
U* and V™ in (4) yields a non-interference model merging. The key insight from the above
model merging perspective is that spectral orthogonalization removes subspace interference,
thereby reducing conflicts between the primary and constraint objectives and enabling their
joint optimization in an interference-free subspace.

From model merging to Muon: Gradient orthogonalization as subspace control. Although
model merging does not provide an iterative solver for (1)-(2), a key observation from (5) is
that the whitening transformation for interference mitigation aligns with the matrix sign func-
tion (msign), which serves as the gradient orthogonalization step in the optimizer, Muon. Muon
can be interpreted as a steepest-descent method under a spectral-norm constraint (Bernstein
& Newhouse, 2024), yielding a principled spectral optimization framework that exploits the
matrix-wise spectral structure of descent directions rather than their entry-wise information.
In Muon, given the iterate 0; at iteration ¢, the update to ;1 is given by

0:11 = 0; — iy msign(My), (6)

where M; denotes the current descent direction (e.g., gradient or momentum), and 7; > 0
is the step size. Compared to conventional optimizers such as SGD and Adam, the use of
msign to perform gradient orthogonalization is a distinguishing feature of Muon, defined
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as follows (the iteration index ¢ is omitted for simplicity):

msign(M) = ¥sign(Z)®' =¥®', ?)
where M admits the compact SVDM = ¥YZ® ', with ¥ and ® being the left and right singu-
lar vector matrices, respectively, and X being the square diagonal matrix of singular values
with size determined by its rank, and the function sign(-) operates entry-wise, returning 1
for diagonal singular values and 0 for other entries in X, i.e., sign(X) = I. Although SVD

is used above, in practice msign(M) is typically computed via computationally-efficient
Newton-Schulz iterations (Jordan et al., 2024; Liu et al., 2025a).

Comparing (7) with (5) yields several insights. First, the descent direction M (e.g., momen-
tum in our experiments) can be viewed as a generalized task vector capturing the difference
between consecutive model updates. Second, the role of gradient orthogonalization (i.e.,
msign) in (7) parallels the subspace control in (5), removing spectral interference when M
contains components from the primary and constraint objectives.

SIFT: Localized spectral control via Muon. Connecting model merging and Muon shows
that Muon provides an algorithmic foundation for constrained optimization that mitigates
spectral interference “for free.” Below, we formally introduce our proposed method, SIFT.
The key idea behind SIFT is to construct an interference-free spectral subspace as in model
merging, with interference being naturally mitigated via msign (7). The SIFT procedure is
summarized in the following steps (a)-(d).

(a) We first obtain the momentum matrices M¢; and Mg ; associated with the objectives f
and g along the Muon optimization trajectory at step ¢.

(b) We then extract the top-K spectral components of My ; and Mg+, denoted by Uy ; and
Uy ¢ (and similarly V¢, and Vg ). Similar to (4), these components are combined to form the
expanded spectral subspaces:

U = [Upy, Ugsl, Vi= [V, Vgil. (8)

In our experiments, we find that K can be set much smaller than the matrix dimension for
some applications due to the low-rank structure of the momentum matrix; see Fig. 3 for
validation. Therefore, we treat K as a hyperparameter for subspace curation.

(c) We next apply the msign function in (7) to U; and V;, computed via Newton-Schulz
iterations, to obtain the interference-free subspaces U} and V7, respectively:

Uf = msign(U0;), Vi = msign(Vy). 9)
This step provides the key controlled optimization intervention for mitigating interference
between the primary and constraint objectives f and g in the spectral subspace.

(d) We finally leverage U} and V7 to construct a momentum-orthogonalized descent direc-
tion for updating the model parameters 0 in (6), yielding the SIFT update:

041 =0 — 1 U7 (V) T (10)

The term U} (V}) T can be interpreted as a gradient orthogonalization operator, formed from
the interference-free, orthonormal subspaces of M 1+ and Mg, as established in (8)—(9).

If we compare the SIFT update (10) with the standard Muon (6), SIFT (i) superposes the sub-
spaces of M, and Mg as in (8), and (ii) applies msign to the resulting expanded subspaces
rather than to the overall momentum matrix, in order to mitigate spectral interference. It is
worth noting that, unlike gradient projection (3), which discards conflicting components,
SIFT retains both task subspaces Uy ; and Ug in U (and similarly in V), while eliminating
their interference via msign in (9).

In terms of computation, the SIFT update in (10) introduces additional overhead primarily
due to SVDs in (8). However, this overhead is well justified, as SIFT is coupled with
a localization scheme, as measured by the gradient/momentum alignment score 7. This
localization determines when and where SIFT should intervene as indicated by * in Fig. 2.
We emphasize that localization induces a sparse subspace control pattern, intervening on
fewer than 15% of weights and steps across all applications, as shown in Fig. A2. We refer
readers to Algorithm Al in Appendix C for a detailed description of SIFT.

6
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5 Experiments
5.1 Experiment setups

Data-model-evaluation settings. As shown in Table 2, we provide an overview of the
experimental setups across the applications in Table 1, including the corresponding base
models, datasets, and evaluation metrics. Additional setup details for each application,
along with some basic background, are provided in AppendixD.

Table 2: Overview of experimental setups for different applications.

Applications Training Datasets Base LLM Evaluation
] . Unlearning (|): ES-Bio/Cyber (Yuan et al., 2024), MCQ-Bio/Cyber (Li et al., 2024)
Machine unlearning Forget: WMDP (Li et al, 2024) zephyr-7b-beta Utility (): MMLU (Hendrycks et al., 2021), TruthfulQA (Lin et al., 2021),
Retain: Wikitext (Merity et al., 2016) IFEval (Zhou et al., 2023), GSMSK (Cobbe et al., 2021)

Safety: PKU-SafeRLHF (Ji et al., 2024) Safety (1) (Wang et al., 2025b): Strong Reject, JBB-Behaviors, Wild Jailbreak

Safety alignment Utility: Alpaca (Taori et al., 2023) Llama-2-7b Utility (1): MMLU, GSMSK, IFEval, MNLI (Wang et al., 2019), MRPC (Wang et al., 2019)
o ] Hallucination rate (1) (Niu et al, 2024)
Hallucination mitigation ~ RAGTruth (Niu et al,, 2024) Llama-27B-Chat e O oA, QNLI
ESNLI (Camburu et al., 2018) GLM-4-Voice Test accuracy (1) on ESNLI, COSE, and OpenBookQA under four cross-modal input

Text-to-speech adaptation ~ COSE (Rajani et al., 2019

OpenBookQA (Mihaylov etal., 2018)  (Zeng etal. 2024a)  -output settings: “Audio — Text”, “Audio — Audio”, “Text — Audio”, “Text — Text

Baseline methods. Across all applications, we compare SIFT with four baseline methods
@@ for steering a base model to meet the desired application requirements. Conventionally,
model steering is typically solved as a regularized optimization problem (2) using a standard
(control-free) optimizer such as © AdamW (Loshchilov & Hutter, 2017). Since SIFT builds
upon Muon, we also include the standard @ Muon (Jordan et al., 2024) as a baseline for
solving the regularized problem (2). In addition, we include two baselines with explicit
optimization interventions to handle conflicts between the primary and constraint objectives:
® BLUR (Reisizadeh et al., 2025) and @ POME (Liu et al., 2025c).

Implementation details. To implement SIFT, there exist two key hyperparameters (Algo-
rithm Al): (a) the subspace dimension K used to construct the spectral subspaces in (8),
and (b) the misalignment threshold € < 0. As shown in Algorithm Al. SIFT performs
subspace control when alignment score T < €. Neither K nor € is determined through
extensive trial-and-error tuning; instead, their selection is guided by criteria derived from
the underlying structure of the optimization process. Details are provided in Appendix D.

5.2 Experiment results on LLM unlearning

In this application, we perform LLM unlearning using RMU on zephyr-7b-beta to remove
its sensitive content generation capabilities on the forget set WMDP while preserving its
general utility on the retain set Wikitext.

Table 3: Performance of LLM unlearning for removing hazardous content generation on WMDP. ES-
Bio/Cyber denotes the entailment score (ES) (Yuan et al., 2024; Fan et al., 2025) measuring unlearning
effectiveness via factual consistency with the pre-unlearned model on WMDP Bio and Cyber sets.
MCQ-Bio/Cyber denotes multi-choice question (MCQ) accuracy on the same sets; Model utility is
evaluated on standard benchmarks. Superscripts indicate standard deviations over 10 random trials.

Methods Unlearning Performance (%) Utility Performance (%) Runtime
ES-Bio| ES-Cyber| MCQ-Biol MCQ-Cyber! | MMLU? TruthfulQA+ IFEval? GSMSK* | (min)
Base Model 62.3 +03 46.7 +0.2 64.1 +0.2 44.8 +04 | 582 +03 39.5 +0.2 10.4 +03  35.6+04 | N/A
AdamW 14.6 +03 26.3 +02 31.7 +04 29.4 +03 57.1 +03 40.8 +0.4 9.2 +0.2 33.9 +03 8.8
Muon 14.2 +02 30.5 +03 31.3 0.2 28.6 +0.2 56.4 +0.1 37.9 +02 8.7 £04 34.1 +03 11.8
POME 15.8 +04 29.6 +0.3 29.2 +03 27.5 +02 57.3 +03 38.4 +0.4 9.6 £0.2 34.7 +03 9.9
BLUR 9.3 +0.2 24.8 +02 28.6 +0.3 27.3 +03 57.1 +03 39.2 +0.1 9.1 0.2 33.5+03 9.4
SIFT 5.4 +03 19.7 02 26.8 0.2 26.4 +0.1 56.8 £0.3 38.6 +0.2 10.3 03  33.8 +04 20.2

In Table 3, we present unlearning effectiveness and general utility, comparing SIFT with
the original Zephyr-7B model and baseline methods. As we can see, SIFT achieves the
strongest unlearning performance on both multiple-choice (MCQ) and open-ended (ES) evaluations
while maintaining competitive utility. In particular, it attains 5.4% ES-Bio and 19.7% ES-Cyber,
significantly outperforming BLUR (9.3% and 24.8%), as well as all other baselines. The larger
gains on open-ended ES metrics indicate that SIFT more effectively removes underlying
unwanted knowledge, rather than merely altering answer selection. Importantly, these
improvements do not compromise utility: SIFT remains comparable to BLUR on benchmarks
such as GSMS8K (33.8% vs. 33.5%) and IFEval (10.3% vs. 9.1%).

Compared to POME, which relies on one-shot task-vector-based intervention, SIFT performs

7
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multi-step, localized interference mitigation L
via spectral subspace control, resulting in 180 - E::;:g:g;j Losl k=5 i
much stronger unlearning (e.g., 5.4% vs. 20 B & 5349 fkezs

15.8% on ES-Bio). Notably, SIFT improves & L Ea07] ook

performance at the cost of increased run- o = @ = Ko
time, e.g., roughly doubling that of the stan- 3 32 14 16 18 20 22 24

dard Muon optimizer. Improving its effi- Layer

ciency remains a direction for future work.
Figure 3: Sensitivity analysis of SIFT with respect

A sensitivity analysis on unlearning vs. to the top-K subspace dimension. Left: effective
subspace dimension K. We next analyze rank of momentum matrices. Right: unlearning
the role of the top-K spectral subspace in  and utility performance under varying K.

SIFT via (i) the intrinsic low-rank structure

of momentum and (ii) the performance trade-off under varying K. Using SVD, we measure
the cumulative energy & (K) = =X ; 62/Y.N | 07 and define the effective rank as the smallest
K such that £(K) > . Fig. 3(Left) shows the average effective rank of the momentum
matrices associated with the updated MLP down-projection modules in the selected layers,
averaged across all training steps under SIFT. As we can see, the effective rank is approxi-
mately K ~ 120 at & = 99% energy, far below the full dimension (> 4096 for a 7B model),
confirming a low-rank structure. Furthermore, Fig. 3(Right) shows a clear trade-off with
respect to K: small K (e.g., 64) preserves utility but yields weak unlearning, while increasing
K improves unlearning, peaking at K = 128. Larger K (e.g., > 256) leads to degraded
unlearning and utility due to over-expansion of the intervention subspace.

5.3 Experiment results on safety alignment

We perform safety alignment on Llama-2-7b to improve its safety behavior on the PKU-
SafeRLHF dataset while preserving its general instruction-following performance on Alpaca.

In Table 4, we report safety performance and general utility on LLaMA-2-7B, comparing
SIFT with the original model and baseline methods. SIFT consistently outperforms all baselines
on safety metrics while also improving utility. Specifically, it achieves 42.8% (SR), 31.0% (JBB),
and 56.0% (W]J), surpassing BLUR (35.8%, 29.0%, 54.4%) and others. Importantly, SIFT also
improves utility over BLUR across all benchmarks, including MMLU (39.2% vs. 37.4%),
GSMSK (11.6% vs. 9.8%), IFEval (32.7% vs. 31.3%), MNLI (40.5% vs. 37.6%), and MRPC
(68.4% vs. 65.9%). This advantage stems from their different mechanisms for handling
objective conflict. BLUR removes gradient aligned with the safety objective, but also
discards useful utility information. In contrast, SIFT performs localized spectral interference
mitigation, preserving task-relevant components while removing only their interference.

Table 4: Safety alignment performance across optimization methods. Evaluation metrics are specified
in Table 2 and results format follows Table 3.

Safety Performance (%) Utility Performance (%) Runtime
SRt JBBT W]t |MMLUT GSMSKT IFEval? MNLI1 MRPC{| (Mim)
Base model 19.5+08 14.0+1.2 47.6112\ 413403  14.7+08 34.2+04 42.8+03 69.5102\ N/A
AdamW 33.2+0.6 28.0+1.1 52.8+04 | 36.6+0.5 8.4+09  31.9+03 36.2+02 62.7+03 110.3

Methods

Muon 36.44+03 26.0+1.3 52.0+09 | 36.1+05 9.5+0.7 30.4+04 32.8401 63.3+04 191.2
POME 36.7+06 26.0+1.1 51.6+12 | 38.7+03 9.2+05 31.6+05 32.5+02 62.1+05 115.4
BLUR 35.8403 29.0+05 54.4+09 | 37.4+06 9.840.4 31.3+08 37.6+04 65.9402 114.7
SIFT 42.8406 31.0+04 56.0+1.0| 39.2+0.6 11.6+05 32.7+05 40.5+04 68.4+0.6 215.6

For safety alignment, SIFT shows sparse, localized intervention across steps and components
(Fig. A3), distinct from LLM unlearning patterns (Fig. 2), with conflicts mainly in middle
layers and early steps. Furthermore, consistent with the low-rank observation in Fig. 3,
we find that choosing K = 192, aligned with the intrinsic effective rank, yields improved
performance in both safety and utility; see Fig. A4.

5.4 Experiment results on text-to-speech adaptation

We fine-tune GLM-4-Voice model on the interleaved speech—text data constructed from ESNLI,
COSE, and OpenBookQA (see Appendix G for details). Our goal is to jointly improve its
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generation quality on these tasks across both text and audio modalities while avoiding
cross-modal forgetting (Cuervo et al., 2025; Chen et al., 2024).

Table 5: Test accuracy (1) of the speech LLM trained on interleaved speech—text data constructed from
ESNLI, COSE, and OpenBookQA under four input-output settings (e.g., “Audio — Text” denotes
audio input and text output). Evaluation metrics and result format follow Tables 2 and 3, respectively.

Nt Audio — Text (1) Audio — Audio (1) Text — Text (T) Text — Audio (1) | Runtime
ESNLI COSE ~ OpenBook | ESNLI COSE ~ OpenBook | ESNLI COSE ~ OpenBook | ESNLI COSE ~ OpenBook | (min)
Base 27.2 411 421 +11 126413 | 201421 41.6 +22 11.2 424 | 60.6 05 66.2 0.6 547 408 | 428 415 34515 434418 | N/A
AdamW 703 £1.0 46.7 13 48.6 £12 68.6 £1.7 48.1 +22 27.5 22 789 +05 74.1 +06 68.2 £0.8 741 +18 529 +19 54.2 15 44.6
Muon 73.6 £12 485 £1.1 53.4 +12 715 +24  49.1 21 27.3 +25 79.9 £05  72.8 £06 64.4 £0.9 743 £16 524 £15 53.8 £1.9 47.9
POME 733411 47214 534413 70.6 19 48221 257 425 80.6 05 72305  64.5+09 741415 522+16  53.7 £20 24.7
BLUR 69.6 12 432 +12 471 13 68.6 +24  44.1 +25 20.4 £23 80.1 05 722 +06 63.1 £0.8 77419 53.6 +17 51.5 +1.6 46.1
SIFT 774 +11 563 =+13  57.1+12  77.1+24 534+21 295423 80.4 +05 75206  64.1+£09 79.6 16 53517  54.3 £19 51.3

In Table 5, we report test accuracy across four input-output settings, comparing SIFT with
the base model GLM-4-Voice and baseline methods. As shown, SIFT consistently achieves
superior performance across nearly all datasets and settings. In particular, under audio-input
settings, SIFT significantly outperforms the second-best method (Muon), with average gains
of 5.1% on “Audio — Text” and 4.0% on “Audio — Audio” across datasets. These settings
are more challenging due to the need for accurate semantic extraction from audio, where
SIFT’s ability to mitigate cross-modal conflicts is especially beneficial. In contrast, control

intervention-present methods such as POME per- Count of layers with T < -0.6

form similarly to Muon, while BLUR consistently 1} NV 9
underperforms across most settings, suggesting that 20 — 5
its projection discards gradient components critical = Y
for training speech LLMs. g0 g
Another key observation is that, interference between — § § 5
the primary and constraint objectives is largely confined to Slmme i -
the query, key, and value (QKV) matrices of self-attention 0 4 108 P2 e 208 s
layers. Similar to Fig.2, Fig. 4 visualizes gradient —— o s ”
misalignment on ESNLI. As shown, negative cosine Cosine Similarity

similarity is concentrated in the “QKV” regions, par- Figure 4: Localization patterns un-
ticularly in one layer (layer 38). It is also worth not- %er EﬁNLI' Clompf)nen}’islare grouped by
ing that, unlike Fig. 3 and Fig. A4, SIFT for speech sz?fr-l;tgr?tli%; ggglﬁzc@ al}éeiz%mugr;ﬁ
LLM adaptation (as well as the hallucination mitiga- .o forward module (Fél,,F(,?Z).

tion) does not benefit from reduced dimension K in

subspace control. Instead, using the full dimension yields better performance.

5.5 Experiment results on hallucination mitigation

We fine-tune Llama-2-7B-Chat on RAGTruth (Niu et al., 2024) to mitigate its word-level
hallucinations. Model’s response may contain both hallucinated and non-hallucinated
content; see Appendix H for details.

Table 6: Performance of hallucination mitigation on RAGTruth. Hallucination rate measures the
proportion of responses containing hallucinated content (judged by GPT-5.2); lower is better.

Hallucination Utility Performance (1) Runtime
Methods Rate (}) (min)
MMLU GSMS8K  Truthful QA QNLI MNLI
Base model 73.2 +16 46.5+04 204 +1.1 30.2 +16 68.7 +06 56.2 405 N/A
AdamW 39.1 +19 46.1 04 174 +11 28.9 +1.6 68.3 06  56.2+0.5 8.1
Muon 38.5 +17 46.2 +04 17.8 +11 29.0 +1.5 68.2 +06 56.2 +05 12.0
POME 41.1 +15 46.0 +04 17.8 +11 29.2 +16 68.2 +06 56.1 +05 10.6
BLUR 44.3 £22 46.0 +04 154 +10 27.1 1.6 68.0 +0.6  56.2 £0.5 8.6
SIFT 32.7 +16 46.2 +04 17.8 +11 29.0 +1.6 68.2 +06 56.2 +05 26.4

In Table 6, we report hallucination reduction and model utility across different optimizers.
As shown, SIFT achieves the best trade-off between hallucination reduction and utility retention.
To note, unlike other methods, BLUR exhibits notable drops on utility, e.g., GSM8K (15.4%)
and TruthfulQA (27.1%), compared to SIFT (17.8% and 29.0%). This is expected, as BLUR
discards gradient components important for preserving utility. In terms of hallucination
reduction, SIFT achieves the lowest rate (32.7%), outperforming the next-best Muon (38.5%)
by a clear margin, without compromising utility relative to other baselines. We also provide
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examples in Table A1l to show that the mitigated model using SIFT produces coherent and
meaningful responses, without repetition or degeneration.

Similar to text-to-speech adaptation, interference in hallucination mitigation is largely
confined to the QKV matrices of self-attention layers. Similar to Fig. 4, Fig. A6 in AppendixI
shows that the primary-constraint conflict is concentrated in the QKV regions, particularly
in Layer 27.Q, Layer 27.K, and Layer 28.K between steps 170 and 280.

5.6 Ablation studies

We further conducted additional ablation studies to isolate the contributions of localization,
spectral orthogonalization, and the use of momentum-based control. The results are reported
in Table 7 (text-to-speech adaptation) and Table A2(hallucination mitigation).

Table 7: Ablation of SIFT on speech-text adaptation. We compare SIFT against four variants: SIFT
w/o Loc. (without localization), SIFT w/ Random Loc. (random localization), SIFT w/o Orth. (without
orthogonalization), and SIFT (Gradient) (gradient-based control). Datasets and evaluation metrics
follow Table 5.

Methods Audio — Text (1) Audio — Audio (1) Text — Text (1) Text — Audio (1)
ESNLI COSE OpenBook | ESNLI COSE OpenBook | ESNLI COSE OpenBook | ESNLI COSE OpenBook

Base 27.2 42.1 126 ‘ 20.1 41.6 11.2 ‘ 60.6 66.2 54.7 ‘ 42.8 34.5 43.4
Muon 73.6 48.5 53.4 715 49.1 27.3 79.9 72.8 64.4 74.3 52.4 53.8
SIFT w/o Loc. 69.7 43.1 48.2 70.3 45.6 24.6 78.1 72.0 62.3 74.1 51.9 52.1
SIFT w/ Random Loc. 73.1 47.1 51.6 71.4 48.2 26.7 79.0 723 63.4 74.1 52.2 52.8
SIFT w/o Orth. 73.7 48.5 53.1 71.6 493 274 79.6 72.4 64.2 741 52.3 53.7
SIFT (Gradient) 70.5 439 50.2 70.8 47.5 249 70.8 723 64.1 74.3 52.4 53.8
SIFT 774 56.3 57.1 77.1 53.4 29.5 80.4 75.2 64.1 79.6 53!5. 54.3

Localization. We compare SIFT against (i) SIFT w/o Loc., which applies interventions
to all parameters and optimization steps, and (ii) SIFT w/ Random Loc., which applies
interventions to randomly selected parameters and steps using the same intervention budget
as SIFT. For text-to-speech adaptation, SIFT consistently outperforms both variants, with
average gains of 5.5% and 3.8%, respectively, across four input-output settings and all
datasets. These results demonstrate that the proposed localization mechanism successfully
identifies regions with strong objective conflicts, while indiscriminate or randomly placed
interventions lead to noticeable performance degradation.

Spectral orthogonalization. We evaluate SIFT w/o Orth., which removes the orthogonaliza-
tion step in (9). As shown in Table 7, this variant performs consistently worse than SIFT
across the text-to-speech settings. In particular, under audio-input settings, SIFT achieves
notable improvements over SIFT w/o Orth. with average gains of 5.17% in “Audio — Text”
and 3.9% in “Audio — Audio”. These results confirm that spectral orthogonalization is a
key contributor to the gains achieved by SIFT.

Momentum-based versus gradient-based control. We further evaluate SIFT (Gradient),
which performs subspace control directly on gradients instead of momentum. This variant
consistently underperforms our proposed SIFT approach in Table 7 . This observation is
consistent with the typical Muon setup in (6), which operates on momentum.

Collectively, these ablation results show that SIFT’s improvements are not driven by a single
design choice. Instead, they emerge from the synergy among SIFT’s components, each of
which contributes meaningfully to the final performance. The corresponding results for
hallucination mitigation are reported in Table A2 and exhibit consistent trends.

6 Conclusion

We present SIFT, a subspace-control framework that resolves optimization conflicts in con-
strained model steering. We uncover a novel connection between one-shot model merging
and the gradient-orthogonalized optimizer Muon, and design a localization scheme to
intervene on systematic, localized conflicts between objectives and constraints. We evaluate
SIFT on four model steering applications, including machine unlearning, safety alignment,
text-to-speech adaptation, and hallucination mitigation, and show that it consistently out-
performs both control-based and control-free baselines. Since SIFT uses SVD for subspace
construction, improving efficiency is an important direction for future work.

10
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tion mitigation. These settings are motivated by practical deployment requirements, where
models must satisfy additional constraints such as safety or knowledge removal while
maintaining general utility.

While the proposed method is designed to improve controllability during optimization,
techniques for model steering are inherently dual-use. In the context of unlearning, incom-
plete removal of targeted behaviors may lead to a false sense of safety. In safety alignment,
enforcing constraint objectives may introduce unintended side effects, such as degraded
performance on benign tasks or excessive refusal behavior. More generally, modifying
model behavior through optimization can have unpredictable downstream effects that are
not fully captured by standard benchmarks.

All experiments are conducted on publicly available models and datasets, following their
intended research usage. This work does not involve human subjects or the collection
of new personal data. We do not claim that the resulting models are safe for real-world
deployment. Instead, we view this work as a step toward more controlled and transparent
model adaptation, which should be complemented by careful evaluation, dataset curation,
and application-specific safeguards in practice.
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We provide detailed descriptions of the proposed method, experimental setup, and evalua-
tion protocols to facilitate reproducibility. The paper formalizes constrained model steering
as an optimization problem with primary and constraint objectives, and presents the full
SIFT procedure in Algorithm Al. Key components of the method, including subspace con-
struction, gradient alignment-based localization, and the use of the misalignment threshold,
are explicitly specified.

For each application, we describe the training datasets, base models, and evaluation metrics
used, and follow standard benchmark settings where applicable. We also report key hyper-
parameters, such as the subspace dimension and task-specific threshold values, along with
implementation details including hardware configuration.

In addition, we include sensitivity analyses and qualitative examples in the appendix to
further clarify the behavior of the method. These details are intended to make the proposed
approach and its empirical evaluation reproducible. We will release code and scripts to
support reproduction of our results.
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Appendix
A Limitation of Gradient Projection

Gradient projection (3) eliminates misalignment with the constraint objective g by discarding
the conflicting component of Vyf (i.e., GVyf), it does so at the cost of losing descent
information for the primary objective f. Under the unlearning setting specified in Table 1,
and corresponding to Fig. 2, we compare the model utility loss (encoded by f) across
training steps when using the removed component GVgf, the full gradient Vg f, and the
projected gradient Vgf~ as descent directions, respectively. As shown in Fig. A1, the
removed component GVgf also contributes to reducing the utility loss. This indicates that
discarding gradient components associated with one objective in constrained optimization
wastes useful descent information for the other objective.
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= - Full gradient
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; — Removed gradient
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Figure Al: Utility loss under different descent directions starting from a model at step 35 of the

unlearning process. Multiple update steps are performed along the full gradient, projected gradient,
and removed component, respectively. The unlearning setup is the same as in Fig. 2.

B Sparse localization patterns of SIFT across applications

SIFT is coupled with a localization scheme, as measured by the gradient/momentum align-
ment score T between the primary objective f and the constraint objective g. This localization
determines when and where SIFT should intervene within the standard Muon-based iterative
optimization process, thereby enabling selective application to specific optimization steps
and model components, as indicated by * in Fig. 2. We emphasize that localization informs
a sparse subspace control pattern when applying SIFT across diverse applications. Fig. A2
illustrates this sparsity over both temporal and spatial dimensions for different applications.
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B hallucination mitigation
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Figure A2: Sparse localization patterns of SIFT across applications. Temporal sparsity is the fraction of
all training steps, and spatial sparsity is the fraction of all model components where SIFT is activated.
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C SIFT Algorithm

Algorithm A1 presents the detailed procedure of our proposed method SIFT. At a high level,
our approach treats model parameters in a structured manner and performs optimization
under a constrained subspace to mitigate interference between objectives.

The algorithm proceeds in three main stages. First, we evaluate the alighment between
the gradients of f and g for each parameter block, which serves as a signal for detecting
potential interference. Second, when significant misalignment is detected, we activate a
subspace control mechanism following (8)—(10) that constructs a structured update direction
by selectively filtering gradient components. Otherwise, standard Muon optimization (6) is
applied without modification. Overall, this procedure enables localized and adaptive control
over the optimization process, allowing the model to balance objective alignment while
avoiding unnecessary loss of useful gradient information.

Algorithm A1 SIFT with primary objective f and constraint objective g

1: Input: Subspace dimension K, misalignment threshold € < 0, total steps T, stepsizes {m}th_Ol, and
initialization 6y

2: fort=0,...,T—1do

3:  foreach parameter block/ =1,...,L do

() _ __VAO)Vg(e!)

4: Compute alignment score 7,/ = o 7, where Bil) denotes the Ith block of 6;
IV£(6:)211Vg(6:7) |2
5: if Tt(l) < € then
6: Update 65{21 using SIFT via (8)—(10) / / with subspace control
7: else
8: Update 9521 using standard Muon via (6)
9: end if
10:  end for
11: end for

12: Return: 67

D Experiment setups

In our experiments, the base models and evaluation metrics are associated with the train-
ing datasets, following those specified in the corresponding benchmark releases. Unless
otherwise noted, our applications focus on LLMs. For text-to-speech adaptation, we use
GLM-4-Voice, an open-source speech language model that supports cross-modal input-
output settings; for example, “Audio — Text” denotes audio input and text output. In the
safety alignment case, we use LLaMA-2-7B (rather than its chat variant) as the base model,
as its weaker initial safety alignment makes it well suited for evaluating the effectiveness of
subsequent alignment methods.

Machine unlearning. In this application, we perform LLM unlearning using representation
misdirection for unlearning (RMU) (Li et al., 2024) on the base model zephyr-7b-beta to
remove its sensitive content generation capabilities on the forget set (e.g., WMDP) while
preserving general utility on the retain set (e.g., Wikitext). The specifications of the primary
and constraint objectives, as well as the data—-model-evaluation setups, are summarized in
Table 1 and Table 2, respectively.

Safety alignment. In this application, we align the base model Llama-2-7b with safety
requirements via preference optimization, which introduces an inherent trade-off between
improving safety and preserving general utility. E.g., optimizing for safety often encourages
refusal behaviors, potentially degrading performance on general instruction-following tasks.
We formulate safety alignment as a constrained optimization problem with primary and
constraint objectives f and g, as specified in Table 1. The primary objective f is the standard
cross-entropy loss on a general instruction-following dataset (Alpaca (Taori et al., 2023)),
while the constraint objective g is the Direct Preference Optimization (DPO) loss (Rafailov
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et al., 2023) on the PKU-SafeRLHF dataset (Ji et al., 2024), which contains human preference
pairs over safe and unsafe responses.

Text-to-speech adaptation. In this application, we adapt the base model GLM-4-Voice to
acquire dual text-speech generation capabilities on specific tasks, where the key challenge
of model steering is to jointly improve generation across text and audio modalities without
incurring cross-modal forgetting (Cuervo et al., 2025; Chen et al., 2024). We formulate this
as a constrained optimization problem, as specified in Table 1. Specifically, we fine-tune
the base model on interleaved speech—text data derived from the training sets of ESNLI,
COSE, and OpenBookQA. The construction process of the interleaved speech-text data and
an example can be found in Fig. A5. We evaluate both text and audio generation on their
respective test sets; see Table 2 for the data—model-evaluation setups.

Hallucination mitigations. In this application, we fine-tune the base model Llama-2-7B-
Chat to mitigate its word-level hallucinations. As illustrated in Table A1, the base model’s
response may contain both hallucinated (highlighted in red) and non-hallucinated content.
Our goal is to suppress hallucinated words via the unlearning objective while preserving
non-hallucinated content through the standard training objective. The specifications of
the primary and constraint objectives, as well as the data-model-evaluation setups, are
summarized in Table 1 and Table 2, respectively. We use RAGTruth (Niu et al., 2024) for both
training and evaluation (on its test sets). RAGTruth is a large-scale word-level hallucination
dataset tailored for RAG scenarios, enabling both training and evaluation. RAGTruth
comprises annotated natural responses produced by major open-source and closed source
LLMs. During generation, the model is supplied with retrieved context passages and
explicitly instructed to produce answers grounded solely in the provided information. In
our experiments, we focus on summarization and baseless information hallucinations in the
RAGTruth dataset, where such errors are particularly prevalent.

Selection of the subspace dimension K and misalignment threshold e. (i) The choice of
K is guided by the effective rank of the momentum matrix, with K selected to capture the
dominant spectral energy while maintaining a compact subspace. Thus, K is determined
based on an observable property of the optimization trajectory rather than through extensive
trial-and-error tuning. We empirically validate this criterion in Fig.3 and Fig. A4 . For
machine unlearning and safety alignment, a relatively small K € [64,200] near the effective
rank consistently achieves strong performance. For the other two applications, hallucination
mitigation and text-to-speech adaptation, performance is relatively insensitive to K; in these
cases, even the full-rank subspace achieves strong results. (ii) The choice of € is guided
by a sparsity principle. Our empirical analysis in Fig.2, Fig.4 , and Fig. A6 shows that
severe objective—constraint conflicts are highly localized across both layers and optimization
steps. Accordingly, € is chosen to identify the most conflicting regions, where subspace
control is most beneficial. Consistent with this design, Fig. A2 shows that both spatial and
temporal interventions remain sparse, involving fewer than 15% of regions across all four
applications. Thus, € serves primarily as a sparse localization mechanism that activates SIFT
only in highly conflicting regions, rather than requiring extensive task-specific threshold
search.

Implementation details. For machine unlearning and safety alignment, we set K = 128
and K = 192, respectively, both significantly smaller than the matrix dimension (typically
4096 for 7B LLMs). This choice yields improved performance, consistent with the low-
rank structure of the momentum matrices. In contrast, for text-to-speech adaptation and
hallucination mitigation, we do not observe clear benefits from reducing K, and thus retain
all components by default. As shown in Algorithm A1, the threshold € determines when
SIFT intervenes to mitigate interference between the primary and constraint objectives,
and is chosen case by case due to varying cosine similarity ranges across applications.
Specifically, we set € = —0.1 for machine unlearning and safety alignment; for text-to-
speech adaptation, € = —0.6 (ESNLI), —0.4 (COSE), and —0.5 (OpenBookQA); and for
hallucination mitigation, € = —0.8. All experiments are conducted on 8 x NVIDIA A6000
GPUs with 48GB memory.
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E Localization Patterns of SIFT for Safety Alignment

Fig. A3 presents the gradient alignment pattern under the safety alignment setting, following
the same visualization protocol as Fig. 2. In contrast to the unlearning case, where RMU
operates on a subset of layers, SIFT in safety alignment is applied across all layers. As we
can see, SIFT exhibits sparse and localized intervention patterns across both optimization
steps (temporal) and model components (spatial). Notably, the conflict regions are primarily
concentrated in middle layers and occur at early training stages, which differs from the
unlearning setting where conflicts tend to appear in higher layers.
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Figure A3: Localization patterns of SIFT for safety alignment, similar to Fig. 2.

F Sensitivity Analysis on Safety Alignment vs. Subspace Dimension K

Similar to Fig. 3, we analyze the role of the top-K spectral subspace in Fig. A4 of SIFT under
the safety alignment setting from both structural and performance perspectives. Specifically,
we examine (i) the intrinsic low-rank structure of momentum and (ii) the trade-off between
safety and utility under varying K. Fig. A4(Left) shows the effective rank of the momentum
matrices computed in layers 15, 18, and 22, averaged across training steps. Consistent with
the unlearning setting, the momentum exhibits a clear low-rank structure, where a relatively
small K ~ 200 captures the majority of spectral energy. Furthermore, Fig. A4(Right)
illustrates the sensitivity of SIFT to different choices of K. We observe a similar trade-off
pattern: smaller K (e.g., 64) tends to preserve utility but yields limited safety improvement,
while moderate K (e.g., 192) achieves the best balance. In contrast, larger K (e.g., 512, 1024, or
full-rank) leads to performance degradation in both safety and utility, suggesting that overly
expanding the intervention subspace introduces unnecessary interference. Overall, these
results further validate that an appropriately chosen low-dimensional spectral subspace is
critical for achieving effective and stable safety alignment.

G Interleaved Speech-Text Data Construction

Following (Zeng et al., 2024b; Nguyen et al., 2025), we construct interleaved speech—text
data separately from the text training corpora of COSE, e-SNLI, and OpenBookQA. The
construction procedure follows (Zeng et al., 2024b). Specifically, we first convert text
responses into speech using the Coqui TTS API (Eren & Team, 2021), and then tokenize the
resulting audio with the GLM-4-Voice speech tokenizer to obtain speech token sequences.
We construct interleaved sequences by alternating 13 text tokens with 26 speech tokens,
following the standard output format of GLM-4-Voice. Fig. A5 provides an example of such
interleaved data constructed from COSE’s training set.
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Figure A4: Sensitivity analysis on subspace dimension K in SIFT for safety alignment. (Left) The
effective rank of the momentum matrices computed across SIFI-localized layers (15, 18, and 22) under
different energy thresholds. (Right) Performance of SIFT under varying K, where Safety denotes the
average over all safety metrics, and Utility denotes the average over all utility metrics in Table 4.

[13 text tokens] Answer: D. outside. Explanation: billy

is an animal, <|begin_of audio|> [26 speech tokens]
<laudio_15358|><|audio_9903|>...<|laudio_4037|><|audio_7780]|>
<|end_of_audio|>[13 text tokens] but he is allergic to

trees. He hates them very much. Still, he wants to have

a picnic and can’t <|begin_of_ audio|> [26 speech tokens]
<laudio_4914|><]audio_5137|>...<|laudio_329|><|audio_2429]|>
<|end_of audio|>[left text tokens] stand outside.

<|begin_of_ audio|> [left speech tokens] <|]audio_508]>
<|laudio_9443|>...<|laudio_1089|><|audio_2360|><|end_of_audio|>

Figure Ab5: Example of interleaved speech—text data constructed from COSE’s training set.

H Example Responses from the RAGTruth Dataset

We present an example of word-level LLM hallucination for an input query sampled from
the RAGTruth summarization task in Table Al. The original model’s response may contain
both hallucinated content (highlighted in red) and non-hallucinated content. Our objective
is to suppress hallucinated words through the unlearning objective while preserving the
non-hallucinated content. Furthermore, the response from the mitigated model using SIFT
remain coherent and meaningful, without exhibiting repetitive or degenerate outputs.

Table Al: Example responses from the base model and the SIFT-updated model for an input query
sampled from the RAGTruth dataset. Red text indicates hallucinated content.

Summarize the following news within 161 words: ...Five people
Input were infected and three died in the past year in Kansas from
nput query listeria that might be linked to Blue Bell Creameries products,
according to the CDC...

... This is the third time Blue Bell has taken action due to listeria
contamination, and the company is cooperating with investiga-
Original Model | tions. No illnesses have been reported directly linked to the con-
taminated ice cream, but five people in Kansas have died from
listeriosis in the past year after consuming Blue Bell products.

...This recall follows past listeria outbreaks in Kansas and Texas,
where five people were infected and three died, some after con-
Mitigated model | suming milkshakes made with Blue Bell ice cream. Blue Bell is
cooperating with authorities, emphasizing safety, and other Blue
Bell products are not affected.
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I Localization Patterns of SIFT for Hallucination Mitigation

Similar to Fig. 4, Fig. A6 shows the gradient misalignhment across optimization steps and
model layers on RAGTruth. As observed, the negative cosine similarity is primarily concen-
trated in the QKV regions, particularly in Layer 27.Q), Layer 27.K, and Layer 28.K between
steps 170 and 280. This pattern is consistent with the text-to-speech adaptation setting,
where interference between the primary and constraint objectives during hallucination
mitigation is largely localized to the QKV projections of the self-attention layers.
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Figure A6: In each Transformer layer, “Q”, “K”, and “V” denote the query, key, and value
projection matrices, and “O” denotes the output projection of the self-attention module.
“G”,”U”, and “D” denote the gating, up-projection, and down-projection components of
the feed-forward network.

J Ablation Studies for Hallucination Mitigation

Table A2: Ablation of SIFT on hallucination mitigation. We compare SIFT against four variants: SIFT
w/o Loc. (without localization), SIFT w/ Random Loc. (random localization), SIFT w/o Orth. (without
orthogonalization), and SIFT (Gradient) (gradient-based control). Datasets and evaluation metrics
follow Table 6.

M Hallucination Utility Performance (1)
ethods Rate (})
MMLU GSM8K TruthfulQA OQNLI MNLI

Base model 73.2 46.5 204 30.2 68.7 56.2
Muon 38.5 46.2 17.8 29.0 68.2 56.2
SIFT w/o Loc. 427 46.0 16.7 27.1 68.0 56.0
SIFT w/ Random Loc. 40.1 46.2 17.8 29.0 68.2 56.2
SIFT w/o Orth. 38.6 46.2 17.8 29.0 68.2 56.2
SIFT (Gradient) 42.1 46.0 17.2 27.8 68.0 56.2
SIFT 32.7 46.2 17.8 29.0 68.2 56.2

Localization. For hallucination mitigation, as shown in Table A2, SIFT achieves a hallucina-
tion rate of 32.7%, compared with 42.7% for SIFT w/o Loc. and 40.1% for SIFT w/ Random
Loc. Neither variant improves utility performance.

Spectral orthogonalization. Removing spectral orthogonalization increases the hallucina-
tion rate from 32.7% to 38.6%, without improving utility performance.

Momentum-based versus gradient-based control. SIFT (Gradient) consistently under-
performs SIFT for hallucination mitigation, showing the same trend as in text-to-speech
adaptation.
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