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Abstract

We propose SAFE-DRIFT, a data-selection framework for supervised fine-tuning
that explicitly trades off target improvement against unwanted off target drifts
in model behavior. We formalize this objective as a constrained optimization
problem that maximizes alignment with the target gradient, subject to a budget
on off-target drift which we quantify using the Fisher information of a reference
distribution. Under this formalism, the optimal, closed-form update is a damped
natural-gradient step that downweights reference-sensitive directions. To estimate
these high-dimensional gradients and work within the right geometry, we further
derive a scalable algorithm that approximates the Fisher information and the target
gradient in a shared low-dimensional subspace. We evaluate SAFE-DRIFT against
state-of-the-art data selection methods across diverse domains including coding
and medical question answering, yielding competitive target performance while
reducing degradation on specified off-target behaviors.

1 Introduction

Supervised fine-tuning (SFT) is an effective technique to adapt large language models (LLMs) to
specialized tasks. In many of such tasks, a critical bottleneck is the scarcity of high-quality examples
that precisely define the desired behavior. For instance, in medicine, clinician-validated cases may
serve as gold-standard target examples; larger biomedical corpora may provide a much wider but
noisier training pool [1, 2]. Similarly, in law, a small number of expert-annotated examples may
define the target task, while larger collections of legal documents may offer a broader but less aligned
training pool [3–5]. In all of these examples, estimates of the target distribution are high-value and
expensive to label, whereas the available training pool is broader, cheaper, and only partially aligned
with the task of interest. This pool of candidate examples (which we will refer to as the candidate
pool) can provide a useful training signal, but training on all of it is not necessarily safe or effective.
Carefully selected subsets have indeed been shown to outperform training on the full candidate pool
in various settings [6–9] (see Table 2 for additional examples).

At the same time, fine-tuning does not solely affect the capability we intend to improve [10]. Growing
evidence shows that seemingly benign finetuning can weaken safety alignment and degrade behavior
outside the target task [11, 12]. Beyond safety, fine-tuning can also lead to the forgetting of more
general capabilities[13]. We refer to these unintended changes as off-target drifts.
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Figure 1: Trade-offs in data selection: gradient alignment selects candidate gradients aligned with
the task but can cause substantial off-target drift (e.g., movement along a "forbidden dimension",
in red). Diversity targeting can mitigate this but does not reliably prevent off-target drift. SAFE-
DRIFT combines both approaches by constraining updates along the forbidden dimension.

These observations suggest that fine-tuning is not just a matter of collecting more data, but a selecting
the right ones: given a large and noisy candidate pool, we must choose examples that improve
the target task without inducing unnecessary off-target drift. The key question is therefore: which
examples from the candidate pool should we train on in order to improve the target task while
safeguarding other model behaviors?

Existing data selection methods broadly fall into two (and often mutually exclusive) families. The
first selects candidate examples that appear most valuable for the target task, either through explicit
quality proxies [14–17] or through direct influence estimation [6, 18]. The second prioritizes diversity
or distributional coverage of selected candidates to improve generalization [19, 20]. We refer the
reader to [21] for a comprehensive review. None of these methods explicitly constrains the off-target
drift induced by the selected subset, nor do they account for the possible entanglement between
target-improving and reference-sensitive parameter directions [22–25].

If the gradients that yield the largest improvement in the target task overlap with directions associated
with worse performance on a reference task, then aggressively selecting them can induce substantial
off-target drift. Diversity-based selection, on the other hand, can dilute these update antagonisms but
may not deliver the best target performance. Optimal data selection must therefore navigate potential
tensions between target improvement and reference degradation. Here, we propose an algorithm that
explicitly models data selection as a constrained optimization problem to limit unwanted movement
along reference-sensitive directions, as illustrated in Figure 1.

Contributions. We summarize our contributions as follows:

• We introduce SAFE-DRIFT, a new framework to select data for fine-tuning under an explicit
drift budget. We represent drifts via the reference Fisher information, yielding a principled
geometric framework where certain parameter directions incur higher costs because they more
strongly alter a reference model behavior (Section 2).

• A connection between target-aligned and diversity-based selection. We show that the optimal
update under a reference-drift budget is a damped natural-gradient direction. This clarifies when
target-aligned selection cannot safeguard against off-target drift, when diversity can reduce the drift,
and how both arise as limiting or special cases of a single constrained update problem (Section 2.1).

• A scalable low-rank implementation. We build a shared low-rank basis that merges leading
reference-sensitive directions with residual task-relevant directions (Section 2.3), making selection
tractable and enabling diagnostics of target–reference entanglement.

• Experiments demonstrating controllable tradeoffs. Across coding, medical question-answering,
emotional support dialogues, and instruction-following experiments, SAFE-DRIFT achieves com-
petitive target gains while reducing off-target drift on the specified reference behaviors. Ablations
validate the roles of the drift budget and low-rank approximation (Section 3 and Appendix D.4).
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2 Method

Consider a base language model with parameters θ0 ∈ Rd that defines a conditional distribution over
output tokens y ∈ Y given input tokens x ∈ X . Let z = (x, y) denote an input–output pair, and let
ℓ(z; θ) denote the training loss (typically the negative log-likelihood of the output sequence, or of
a single answer token in a multiple-choice setting). We assume that we are given a large candidate
training pool Dtrain = {zi}NC

i=1 and a small target set Dtar = {zj}NT
j=1 with NT ≪ NC that encodes

the capability we wish to improve. We are also given a reference set Dref = {zi}NR
i=1 of prompts from

a reference distributionR over inputs, on which the model’s output distribution should be preserved.
Let the target risk at parameter θ ∈ Rd be defined as:

LT (θ) := Ez∼T
[
ℓ(z; θ)

]
= Ex∼TX

Ey∼qT (·|x)
[
ℓ((x, y); θ)

]
, (1)

where TX is the marginal of the target distribution T on inputs and qT (· | x) denotes the gold-
standard conditional distribution. Our goal is to select a subset S ⊂ Dtrain of size |S| = S such that
fine-tuning on S improves the target LT (θ) while preserving the model’s output distribution onR.

We proceed in two stages. We first characterize the optimal gradient step, which minimizes LT (θ)
while preserving behavior underR. We then identify a subset S ⊂ Dtrain of size S whose aggregate
effect most closely matches the optimal update. The model is finetuned on S in one pass, without
any online reweighting or iterative refinement. The first subsection characterizes the oracle update,
assuming access to the full target and reference populations. We then derive the subset-selection
algorithm and its empirical implementation using the finite datasets Dtrain, Dtar, and Dref .

2.1 Optimal parameter update under a drift budget

We begin with a population-level oracle problem in which both the population gradient of the target
loss gT = E[∇θLT (θ0)] and the reference distributionR are known exactly. Here θ0 ∈ Rd denotes
the base model parameters, and the finetuned model is parametrized by θ = θ0 +∆θ for some update
∆θ ∈ Rd. The oracle question we ask is: what is the optimal parameter update ∆θ that maximally
improves target performance while safeguarding against off-target drift?
Off-target drift on reference distribution. For the finetuned model θ0 +∆θ, define the expected
drift on the reference distribution as the Kullback-Leibler divergence with the base model,

DR(∆θ) := Ex∼R
[
DKL

(
pθ0(· | x) ∥ pθ0+∆θ(· | x)

)]
. (2)

The quantity DR(∆θ) captures the off-target effects of fine-tuning: how much the parameter update
∆θ alters model behavior onR, outside the target task.We note here that DR(∆θ) is defined globally
for any ∆θ. However, because our results consider small fine-tuning updates, it is natural to study the
local behavior of DR(∆θ) around ∆θ = 0. We next show that, to second order, off-target drift is a
quadratic form induced by the Fisher information of the model on the reference distribution.
Definition 1 (Reference Fisher). Let sRθ0(x, y) := ∇θ log pθ0(y | x). The reference Fisher informa-
tion at θ0 is:

FR := Ex∼REy∼pθ0
(·|x)

[
sRθ0(x, y)s

R
θ0(x, y)

⊤]. (3)
Proposition 1 (Local reference behavior). Assume standard smoothness and integrability conditions
so that differentiation may be exchanged with expectation in a neighborhood of θ0. Then, as ∆θ → 0,

DR(∆θ) =
1

2
∆θ⊤FR∆θ + o

(
∥∆θ∥22

)
. (4)

The smoothness conditions and proof are provided in Appendix B.1. Proposition 1 shows that, for
small fine-tuning updates, the cost DR(∆θ) is estimated as a quadratic form with the curvature given
by FR, rather than the classic Euclidean norm ∥∆θ∥22: directions with large curvature under FR
induce larger changes in the model’s output distribution on x ∼ R, whereas directions lying near the
null space of FR do not increase the off-target drift.

Target gain as gradient alignment. Recall the population gradient loss of the target at the base
model θ0: gT := ∇θLT (θ0). Without loss of generality, throughout the rest of this paper, we will
assume gT to have unit norm ∥gT ∥2 = 1. For a small update ∆θ, a first order Taylor approximation
at θ0 gives,

LT (θ0 +∆θ)− LT (θ0) = g⊤T ∆θ + o(∥∆θ∥2). (5)
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It follows that the update providing the steepest decrease in target loss is proportional to gT . However,
this strategy might induce updates in the space spanned by FR, creating a potential tradeoff between
maximizing target accuracy, and minimizing off-target drift.

The oracle update problem. We construct a bridge of data selection by formulating it as a
constrained optimization problem of ∆θ: we maximize the target-side gain −g⊤T ∆θ, while allowing
only a small budget of off-target drift 1

2∆θ⊤FR∆θ on the reference distribution. This leads to the
following oracle problem: among all small parameter updates, choose the one that maximizes target
gain while spending at most ρ, a fixed drift budget:

∆θ⋆ ∈ argmax
∆θ∈Rd

{
−g⊤T ∆θ

}
subject to

1

2
∆θ⊤FR∆θ ≤ ρ, ∥∆θ∥2 ≤ ϵ. (6)

There are two central parameters: ρ, which sets the budget on off-target drift, and ϵ which constrains
the magnitude of the update.

The constraint ϵ serves two purposes: it ensures that ∆θ is small enough for the local approximations
in 4 and 5 to hold, and it regularizes the update in directions where gT lies in the null space of FR.
In practice, we assume ϵ is given. As we show in Appendix B.4, ϵ is determined by the optimizer’s
learning rate η. For stochastic gradient descent, for instance, we have ∥∆θ∥2 ≤ η/

√
S∥G∥op where

S is the selection budget and ∥G∥op is the spectral norm of the candidate gradient matrix, both
quantities that are fixed characteristics of the problem.

Consequently, the sole quantity in 6 that must be specified is ρ, the maximum off-target drift we are
willing to tolerate. To make this quantity interpretable, let Bx ⊆ Y be a set of undesirable outputs for
prompt x, for instance, a set of toxic or stereotyped responses. By Pinsker’s inequality,

[pθ(Bx|x)− pθ0(Bx|x)]+ ≤ |pθ(Bx|x)− pθ0(Bx|x)| ≤
√

1

2
DKL(pθ0(·|x), pθ(·|x) ≤

√
ρ

2

Therefore, for any undesirable output event Bx ⊆ Y , the expected increase in probability of Bx

under the finetuned model relative to the base model (over reference prompts) is bounded by
√
ρ/2.

In practice, we treat ρ as a hyperparameter that requires tuning to efficiently safeguard against
deleterious off-target drifts; we ablate over a range of ρ’s in Section 3. We now provide the optimal
oracle solution of 6.
Proposition 2 (Oracle Update ∆θ∗). Assume the target gradient vector satisfies gT ̸= 0. When both
the drift budget ρ and the norm budget ϵ are active, the solution to (6) is,

∆θ⋆ = −ϵ (FR + αI)−1gT
∥(FR + αI)−1gT ∥2

,

where α is chosen to satisfy 1
2 (∆θ⋆)⊤FR∆θ⋆ = ρ.

The remaining cases, in which one or both constraints are loose, are characterized in Appendix B.2.
In particular, the maximum-gain direction is proportional to the damped natural gradient of the
target objective under the reference distribution.

A complete characterization of all cases, along with proofs and an explicit formula for α as a function
of (ϵ, ρ), is provided in Appendices B.2 and B.3.
Remark 1 (Connection to existing data selection methods). Proposition 2 places existing data
selection methods within a common framework and helps explain the conditions under which each
paradigm is preferred. When ρ → ∞, the drift constraint is never active and the optimal update
reduces to ∆θ⋆ ∝ −gT , recovering pure gradient alignment with the target—the principle underlying
LESS [6]. This connection also reveals when target-aligned selection can be insufficient: if gT has
large components along the leading eigenvectors of FR (“entanglement”), then selecting for gradient
alignment with gT necessarily induces large off-target drift. In this regime, diversity-based selection
can be preferable as the parameter update is not necessarily concentrated along gT and may avoid
off-target-sensitive directions even without explicitly modeling them.

2.2 Algorithm: Safe-Drift Data Selection

Let w ∈ {0, 1}NC denote the selection vector, where wi = 1 indicates that candidate example
i is selected for fine-tuning. Let G ∈ Rd×NC be the matrix of candidate gradient updates. The
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parameter update induced by most gradient-based data selection methods can be summarized as:
∆θ(w) = −ηPGw/|

∑
i wi|, where P ∈ Rd×d denotes the preconditioner induced by the optimizer

and η > 0 is the learning rate. For example, P = Id recovers stochastic gradient descent, while
adaptive methods such as Adam [26] use a diagonal approximation for local curvature. We defer
a further discussion of the choice of P to Appendix B.4. In our setting, the goal is to approximate
the optimal safe update ∆θ⋆ in Proposition 2 that maximizes the target gain while satisfying the
constraint on off-target drift. Accordingly, we aim to construct a subset of exactly S examples by,

w∗ = arg min
w∈{0,1}NC , 1⊤w=S

∥∆θ(w)−∆θ⋆∥2FR+αI, (7)

where ∥x∥2FR+αI := x⊤(FR + αI)x for a vector x ∈ Rd.

To solve (7) in practice, we use a greedy forward selector, following the common use of greedy
matching procedures in sparse approximation [27] and gradient-based subset selection [28]. We
detail the full pipeline in Algorithm 1 below and Algorithm 3 in Appendix C.2.

Remark 2. We carry out the reconstruction within the geometry defined by the reference set, which
enables us to assign higher penalties to reconstructions that have larger components along “costly”
off-target directions. In Appendix D.4.3, we show that this approach yields stronger safeguarding
mechanisms than reconstructions based on the standard Euclidean norm.

First validation on synthetic experiments. To validate our method and gain further intuition, we
validate this model on a synthetic linear regression task where target data follow x ∼ N (0,ΣT )
and y = x⊤βT + ξ with ξ ∼ N (0, σ2), while reference inputs follow x ∼ N (0,ΣR). We test two
regimes: an entangled setting, where −gT has a strong projection on FR, and a disentangled setting,
where this projection is weak (details in Appendix D.1). Figure 5 in the Appendix shows that in the
entangled regime, SAFE-DRIFT must trade off target gradient alignment against off-target budget due
to the coupling between ΣR and −gT . In the disentangled regime, where −gT is mostly low-cost,
SAFE-DRIFT stays closer to the LESS baseline that maximizes target gain.

2.3 Low-rank estimation of Fisher information and gradients

We turn to the problem of estimating the gradients of the candidates and target, as well as the reference
Fisher information required to solve problems (6) and (7). In a very high-dimensional parameter
space, plug-in estimation in the full parameter space is computationally unstable, memory-intensive
and noisy. In particular, the empirical reference Fisher is rank-deficient whenever the number of
reference samples is smaller than the number of trainable parameters. Luckily, prior works have
shown that language-model updates often lie in a low-dimensional subspace or admit a low-rank
update structure [29–31]. Our goal is therefore to construct a low-rank projection, UK ∈ Rd×K

with K ≪ d, that captures the reference-sensitive directions while also retaining the dominant
task-relevant gradient structure.

Raw estimation. Define the estimated gradient by ĝrawi := ∇θℓ(zi; θ0). The target gradient is
then estimated by the sample mean ĝrawtar := 1

NT

∑
zi∈Dtar

∇θℓ(zi; θ0). Let Dref = {xj}NR
j=1 be the

held-out set of reference inputs, and let the score vector for the reference data be denoted:

sRj := ∇θ log pθ0(yj | xj) ∈ Rd, yj ∼ pθ0(· | xj).

Let SR ∈ RNR×d denote the matrix of stacked score vectors.

Estimating the low-rank projection UK . We construct UK in two stages.

Step 1: low-rank approximation of FR. We estimate the leading eigenspace of FR, and retain the
top KR eigenpairs, (ÛKR

, Λ̂KR
), from the raw empirical reference Fisher F̂raw

R = 1
NR

S⊤
RSR

1.
Step 2: low-rank approximation of target and candidate gradients on the residual subspace.

Since the target and candidate gradients may contain informative structure outside this reference

1In implementation, we never form the ambient d× d matrix explicitly. Instead, we work with the smaller NR ×NR

Gram matrix whose nonzero eigenvalues coincide with those of F̂raw
R (see Appendix C.)
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eigenspace, we project them onto its orthogonal complement and extract a residual task basis
from the projected gradients. Let g̃i denote the residualized gradients:

g̃i := (Id − ÛKR
Û⊤

KR
)ĝrawi , ∀i ∈ [NC +NT ]. (8)

Stacking the residualized gradients gives G̃TC ∈ Rd×(NT+NC). We then estimate an additional
residual basis by retaining the top KT left singular vectors of G̃TC , yielding, ÛKT

∈ Rd×KT .

Stacking the two bases yields the final working basis UK , which by construction spans both the
reference-sensitive and task-relevant directions:

UK :=
[
ÛKR

ÛKT

]
∈ Rd×K , K := KR +KT , U⊤

KUK = IK . (9)

We evaluate the effect of the approximation of FR and the gradients under this low rank projection
in Appendix D.1. As expected, the suitability of the approximation depends on the spectrum of
the eigenvalues of FR and the singular values of gT . The selection of K is discussed in Appendix
C.1 and D.4.2. Figure 9 and 10 in the Appendix also show that the random projection (such as for
instance used in LESS [6]) is less effective to capture spectral structure.
Remark 3 (Entanglement diagnostics). Combining the results from Proposition 2 with the low-rank
basis UK provides a insight for us to examine target–reference entanglement by decomposing the
projected target and candidate gradients into reference-sensitive and residual task components. For
example, we record the proportion of target-aligned candidate examples that could induce a drop of
performance in the reference task, denoted as πQent , while we use πQclean

to indicate the proportion
of candidates that carry target signal through residual task directions that are less coupled to the
reference geometry. We provide their definitions and discuss their interpretation in Appendix D.2.

2.4 Safe update ∆̂θ⋆K and selection ŵ in practice.

The target and candidate coordinates in the common basis can be calculated by,

b̂
(K)
i := U⊤

K ĝrawi for all zi ∈ Dtrain

⋃
Dtar, b̂

(K)
tar :=

1

NT

∑
i:zi∈Dtar

b̂
(K)
i . (10)

Given α and the scaling factor µ̂K to satisfy the reference and norm budgets in (6), which we detail
in Appendix C.1, the practical safe update ∆θ∗ using the low rank basis is,

∆̂θ⋆K(α) = − 1

µ̂K

(
diag(Λ̂KR

,0KT
) + αIK

)−1

U⊤
K ĝrawtar ∈ RK . (11)

Define the reduced preconditioner PK := U⊤
KPUK ∈ RK×K , where P is the preconditioner.

Similarly, for the selection vector w ∈ {0, 1}NC with 1⊤w = S, the induced reduced update is,

∆̂θK(w) = − η

S
PKBKw ∈ RK , BK :=

[
b̂
(K)
1 · · · b̂

(K)
NC

]
. (12)

We can now plug in ∆̂θ⋆K(α) and ∆̂θK(w) in (7) to solve for the final selection ŵ. In practice,
we turn the norm objective to a score for each candidate and select the top S points as detailed in
Algorithm 1 and Appendix C.1.

Algorithm 1 SAFE-DRIFT data selection in the low-rank space

Input: Damping parameter α, target update ∆̂θ⋆K(α), preconditioner PK , target gradients BK ,
learning rate η, subset budget S.

1: Form the reduced reference Fisher Mα,K = diag(Λ̂KR
,0KT

) + αIK .
2: Whiten the reduced objective via M

1/2
α,K , and set

∆̃K ← −
η

S
M

1/2
α,KPKBK , ∆̃θ⋆K ←M

1/2
α,K∆̂θ⋆K(α).

3: Compute singleton scores for each sample in Dtrain

si = ⟨∆̃K(i), ∆̃θ⋆K⟩ −
1

2
∥∆̃K(i)∥22, i = 1, . . . , NC .

4: Choose the top S candidates using the forward greedy selector (Algorithm 3 in Appendix C.2).
Output: Selection ŵ, selected subset Ŝ := {i ∈ [NC ] : ŵi = 1}, and the update ∆̂θK(ŵ).
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3 Experiments

We compare SAFE-DRIFT against four established data selection baselines. These include (1) random
sampling; (2) LESS [6], a target-alignment method which leverages LoRA-based low-dimensional
gradient similarity to select data; (3) DSIR [17], a target-alignment method based on hashed n-gram
features; (4) Prismatic Synthesis [19], a diversity-based method that clusters candidate gradients
and samples from underrepresented clusters.2 None of these explicitly controls off-target drift. We
additionally compare against two methods that preserve reference behavior: (a) replay, the standard
method for catastrophic forgetting [32], and KL-regularized fine-tuning, which penalizes divergence
from the base model on reference data.

All experiments use open-weight OLMo-2-7B models (OLMo-2-1124-7B or OLMo-2-1124-7B-
Instruct) [33] as the base model with parameter θ0; the robustness study of Section 3.1 additionally
evaluates two model families across five scales. We compare the trade-off between target gain and
off-target drift, including methods built to preserve reference behavior, and show robustness across
model architectures, the drift cost ρ, and the choice of gradient update. The full experimental protocol
is summarized in Table 1. We have additional results about off-target drifts across the settings in
Table 5.

Setting Candidate
(NC)

Target
(NT )

Reference
(NR)

Base
Model

LoRA
rank

LoRA
alpha

Rank
KR +KT

(ρ, ϵ)
Entanglement
(πQclean

, πQent
)

1 CodeAlpaca
(20K) [34]

HumanEval
(164) [35]

StereoSet
(4.2K) [36] Base 16 16 512 + 128 (1× 10−5, 1) (0.16, 0.31)

2 MedMCQA
(2K) [37]

MedQA
(256) [38]

BBQ (253) [39]
TruthfulQA (256) [40]

Base-
Instruct 16 32 64 + 16 (1, 1) (0.22, 0.77)

3 Empathetic Dialogues
(5K) [41]

ESConv
(100) [42]

GSM8K
(256) [43]

Base-
Instruct 8 16 64 + 16 (0.01, 1) (0.36, 0.08)

4 FLAN
(100K) [44]

IFEval
(42) [45]

MMLU
(285) [46] Base 32 128 128 + 32 (2× 10−5, 2) (0.22, 0.26)

Table 1: Summary of experimental settings. NC: candidate pool size. NT : target set size (used for
ĝtar, validation, and test). NR: reference set size (used for Fisher estimation and off-target drift
evaluation). The definitions of πQclean

and πQent
are defined and illustrated in Appendix D.2 and

Remark 3. All runs use learning rate η = 2× 10−4.

3.1 Main Results

The settings in Table 1 fall into two regimes, depending on whether fine-tuning on the candidate
pool degrades or improves model behavior on the reference task. Settings 1, 2, and 4 fall in the first,
where target gains come at the cost of off-target drift. Setting 3 falls in the second: its entanglement
score πQent = 0.08 (Table 1) is far below that of the other settings, so target-improving candidates lie
largely outside the reference-sensitive directions and the target can be improved at zero off-target cost.
Table 2 reports the target performance and the off-target behavioral drift Dtask across all settings.

Case 1: fine-tuning degrades reference behavior (Settings 1, 2, and 4). In Setting 1, fine-tuning
on CodeAlpaca improves Python programming ability but increases stereotype bias: all baselines
increase the StereoSet score relative to the base model, where a smaller change indicates better
preservation of the base model’s stereotype bias. SAFE-DRIFT achieves competitive pass@1 and
pass@10 rates on HumanEval while producing the smallest ∆StereoSet score among all methods.

Setting 2 illustrates the trade-off more sharply. Although fine-tuning improves MedQA performance,
reference metrics deteriorate for most baselines: accuracy on TruthfulQA and BBQ, which probe
factual reliability and social-bias behavior, drops for random, DSIR, and LESS. SAFE-DRIFT
sacrifices some MedQA accuracy in exchange for substantially smaller losses on off-target drift. The
high entanglement score πQent = 0.77 indicates that most target-improving candidates are entangled
with reference-sensitive directions, explaining why controlling drift necessarily constrains target
performance in this setting.

Setting 4 presents a complementary picture. With πQent
= 0.26 and πQclean

= 0.22, a larger share of
candidates carry target signal in directions decoupled from the reference geometry. SAFE-DRIFT

2Although introduced for synthetic data generation, we adapt it for data selection, motivated by its use of gradient diversity
to capture meaningful variation across data instances.
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Setting Metric Random DSIR LESS Prismatic SAFE-DRIFT

∆ HumanEval pass@1 0.136± 0.005 0.122± 0.015 0.116± 0.003 0.118± 0.016 0.132± 0.004
∆ HumanEval pass@10 0.207± 0.023 0.150± 0.010 0.162± 0.017 0.175± 0.026 0.183± 0.0231 (15%)
∆ StereoSet score 0.537± 0.519 1.162± 0.455 0.999± 0.706 1.012± 0.745 0.148± 0.662

∆ MedQA acc. 0.033± 0.004 0.039± 0.016 0.021± 0.003 0.027± 0.013 0.015± 0.006

∆ TruthfulQA acc. −0.069± 0.023 −0.083± 0.019 −0.062± 0.005 −0.080± 0.022 −0.038± 0.0102 (25%)
∆ BBQ acc. −0.026± 0.036 −0.004± 0.011 0.014± 0.042 −0.071± 0.000 0.007± 0.033

∆ ESConv 0.047± 0.080 0.039± 0.007 0.053± 0.007 0.037± 0.008 0.039± 0.006

∆ GSM8K acc. 0.064± 0.007 0.065± 0.004 0.072± 0.008 0.069± 0.015 0.084± 0.0043 (10%)
∆ MMLU acc. 0.030± 0.007 0.025± 0.008 0.039± 0.004 0.029± 0.006 0.044± 0.010

∆ IFEval prompt acc. 3.530± 2.435 −0.407± 0.665 2.172± 1.545 3.259± 1.090 4.141± 2.145
∆ IFEval inst. acc. 3.728± 1.886 0.877± 1.236 2.632± 1.162 3.158± 1.058 4.649± 1.9114 (5%)
∆ MMLU acc. −0.833± 1.434 −0.667± 0.850 0.500± 0.816 −0.500± 2.828 0.500± 0.408

Table 2: Target gain and off-target drift Dtask across all settings. All values are changes ∆ relative
to the base model. For each setting, target metrics (shaded) are separated by a horizontal rule from
reference metrics (details in Appendix D). Bold denotes the best result per row; underline the second
best. Scores are means ± standard deviation over three random seeds.
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Figure 2: Realized drift DKL vs. target gain (Setting 1). (a–c) Ablation across Qwen2.5 and OLMo-2
base models. (d) Comparison against rehearsal baselines on OLMo-2-7B: each baseline is fine-tuned
with 10% or 20% of replayed reference data, whereas SAFE-DRIFT uses no replay. We plot the mean
and standard deviation across three seeds; upper left is better on the Pareto plots.

achieves the best performance on both target metrics and improve MMLU accuracy, while all
baselines except LESS degrade it, confirming that clean task-relevant signal allows the method to
improve the target without incurring significant off-target drift.

Case 2: fine-tuning improves reference behavior (Setting 3). Setting 3 has by far the lowest
entanglement of the four, πQent

= 0.08 (Table 1): almost no candidate carries its target signal through
reference-sensitive directions, so the drift budget is slack and SAFE-DRIFT can follow the target
gradient nearly unconstrained. The reference metrics improve—emotional support dialogue draws on
broad world knowledge and social reasoning, the same general capabilities probed by MMLU and
GSM8K, so gains transfer rather than trade-off. SAFE-DRIFT matches DSIR and Prismatic on the
target task while achieving the largest gains on both GSM8K and MMLU. Accordingly, selection is
driven almost entirely by target alignment and the selected set includes points whose residual Fisher
cost is not small

Comparison against behavior-preservation methods. We additionally compare against rehearsal
approach applied to above baselines, the standard remedy for catastrophic forgetting (Setting 1,
Figure 2d). To our knowledge SAFE-DRIFT is the first to formulate drift control from a reference
Fisher perspective and to use it to select data under an explicit budget. Rehearsal mixes held-out
reference examples into training at 10% and 20% of the dataset. SAFE-DRIFT attains the largest
target gain compared to any rehearsal-based baselines, with the lowest realized drift, and without
ever training on the reference set. Full numbers are in Appendix D.5.
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Figure 3: Effect of the drift budget ρ on target accuracy and off-target drift under SGD and Adam
preconditioners. Colored markers denote the examples selected by SAFE-DRIFT in Setting 2. What
is u and logC here? Needs explanation.

3.2 Ablation Studies

Ablation across drift budget ρ and gradient update methods. We sweep ρ over
{10−5, 10−2, 100} in Setting 2 (Figure 3). Under the SGD preconditioner (P = I), increasing
ρ moves the selected set from mostly low-cost candidates toward a high-cost, high-entanglement
region, consistent with πQent = 0.77; under Adam the selected set is nearly unchanged between
ρ = 10−5 and 10−2 and enters that region only at ρ = 1, so the preconditioner keeps the effective
update in a low-cost region for longer. Across a larger sweep (Table 5), larger ρ is consistently
associated with higher target accuracy, while its association with reference drift reverses sign between
the entangled and aligned settings. We suggest reading

√
ρ/2 as a rough upper bound on the increase

in probability of any undesirable output under the fine-tuned model, or select it on a validation drift
set (Appendix D.7).

Robustness across model families and scales. We repeat Setting 1 across Qwen2.5 at 1.5B/3B/7B
and OLMo-2 at 7B/13B, at a 15% budget with three seeds (Figure 2a–c; full table in Appendix D.6).
SAFE-DRIFT attains the lowest predicted drift DR in every configuration, reducing DR by 10.2–18%
and DKL by 31.1–60% relative to full data at competitive target gain. Add more details on comparison
across scales.

Computational cost and further ablations. SAFE-DRIFT shares its dominant cost—gradient
construction over the candidate pool—with LESS and Prismatic, so its selection FLOPs are identical
with other gradient-based selectors (Appendix D.11). Ablations on the selection budgets, rank K,
the update geometry, preconditioners, mixture of reference tasks, and the LoRA versus full-SFT
parameterization are provided in Appendix D.4–D.10. Our method is robust across configurations
and extends to references composed of multiple benchmarks, consistently achieving the lowest drift
on protected and unprotected tasks alike.

4 Conclusion

Data selection methods are typically evaluated on target task alone, without accounting for their
impact on model behavior outside the target domain. In this paper, we explicitly formalize this trade-
off between target improvement and off-target drift. Our method, SAFE-DRIFT, enables controllable
off-target drift during targeted data selection. Through systematic experiments across various settings
and domains, we demonstrate the effectiveness of our method. However, our method relies on two
assumptions. First, it requires a well-approximated reference distribution. If the reference set does
not fully cover all the behaviors we want to preserve, such as reasoning ability or domain knowledge,
the observed reference distribution may underestimate the true off-target drift. We believe a future
direction is to study how reference distribution should be constructed, expanded, and adapted rather
than treated as fixed inputs, for example, following related work on broad-coverage evaluation,
red-teaming evaluation, and trustworthiness [47–50]. Second, our analysis is based on a one-step or
local update approximation which is a reasonable assumption for supervised fine-tuning, but it might
not hold for fine-tuning based on reinforcement learning, where parameter updates can grow large
as the policy diverges from initialization. We encourage future work to handle the trade-off in such
settings where drift accumulates across updates.
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made in the paper.
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Justification: We provide the detailed proof in the corresponding section as well as extended
proof in the appendix.
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• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if
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proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
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instructions for how to replicate the results, access to a hosted model (e.g., in the case
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appropriate to the research performed.
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sions to provide some reasonable avenue for reproducibility, which may depend on the
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to reproduce that algorithm.
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the architecture clearly and fully.
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either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
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(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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• While we encourage the release of code and data, we understand that this might not
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• The instructions should contain the exact command and environment needed to run to
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• The authors should provide scripts to reproduce all experimental results for the new
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versions (if applicable).
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rameters, how they were chosen, type of optimizer) necessary to understand the results?
Answer: [Yes]
Justification: The results and appendix provides all necessary experimental details to fully
understand and interpret our results.
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• The answer [N/A] means that the paper does not include experiments.
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• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
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• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error
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• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
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puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We provide information on the compute resources used in the appendix.
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• The answer [N/A] means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,
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experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
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Answer: [Yes]

Justification: Our research fully conforms to the code of ethics.
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• The answer [N/A] means that the authors have not reviewed the NeurIPS Code of
Ethics.

• If the authors answer [No], they should explain the special circumstances that require a
deviation from the Code of Ethics.

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: This paper provides new tools for safeguarding large language models against
unwanted behavioral drift during fine-tuning, helping preserve important capabilities and
reduce unintended misalignment.
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• The answer [N/A] means that there is no societal impact of the work performed.
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• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?
Answer: [N/A].
Justification: There are no risks associated with our paper or code.
Guidelines:

• The answer [N/A] means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We properly attribute all relevant software and datasets used.
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• The answer [N/A] means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The new asset introduced in this paper is the code implementation of our SAFE-
DRIFTalgorithm used in the experiments. We plan to release the code with accompanying
documentation, including instructions for setup, preprocessing, running experiments, and
reproducing the main results.
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• The answer [N/A] means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A].

Justification: There were no human subjects involved in our research.

Guidelines:

• The answer [N/A] means that the paper does not involve crowdsourcing nor research
with human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
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Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A].

Justification: There were no human subjects involved in our research.
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should clearly state this in the paper.
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• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
Answer: [N/A]
Justification: The paper does not involve the use of large language models (LLMs) as an
important, original, or non-standard component of the core methods.
Guidelines:

• The answer [N/A] means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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A Related Work & Notations

A.1 Related Works

Data Selection Data selection aims to find a subset of training examples that induces performance
similar to training on the full dataset. In particular, [21] divide data selection methods in two main
classes: Distribution Matching methods, and Distribution Diversification methods.

Distribution matching methods aim to find samples that closely match the target distribution. In
this setting, a crucial component is to assess the similarity of a given data point with the target data.
A plethora of methods have introduced non-model specific notions of useful data [51] or n-gram
features [17] to perform data selection for pre-training. Because these methods lack the finesse of
detecting “high-quality” data points by solely relying on surface attributes, the general trend in the
literature – particularly in the context of fine-tuning or instruction tuning — seems to have turned
towards using model-specific metrics based on scores like perplexity [52], model embedding [53].
Recent methods have for instance relied on formulating the data selection problem as a multi-armed
bandit, where the utility function is an aggregated reward function of the cosine similarity and
magnitude similarity between gradients of batches from the auxiliary and target datasets. Another
line of recent work relies on model gradients [6, 54] for data selection, and calculate the pointwise
data influence between pair of training and validation instances.

Distribution diversification methods, by contrast, seek to emphasize diversity of instances. These
algorithms aim to efficiently approximate various geometric extent measures over the training set
using a small subset. These include coreset methods [55, 56] and submodular algorithms [57, 58].

Catastrophic Forgetting Catastrophic forgetting [59, 32] happens when adaptation to a new
distribution generally results in a largely reduced ability to capture the old ones. To address this issue,
Existing approaches to remedy this issue can be typically divided into two categories: data-aware
and data-oblivious. Data-aware methods [60, 61] assume access to earlier data distributions to
some extent. In contrast, data-oblivious methods operate solely with the pre-trained model, without
revisiting any prior data. Data-oblivious methods assume access to the pretrained model without
revisiting any prior data. Previous works [62, 7] selectively update a subset of parameters in a
pretrained model to limit interference with previously knowledge.

A.2 Notations.

Throughout the paper, we use bold uppercase letters, such as A, to denote matrices. For a matrix
A ∈ Rd×n, we write A(i) for its i-th column and Aij for its (i, j)-th entry. For a vector a ∈ Rd, we

write ai for its i-th coordinate. Let diag(A,B) denote the block-diagonal matrix
[
A 0
0 B

]
given

matrices A and B. Let 0K ∈ RK×K denote the zero matrix, IK ∈ RK×K denote the identity matrix
for some constant K > 0.

B Technical Appendices

B.1 Proof of Proposition 1

Proof. Assume there exists ρ > 0 such that the following hold in the neighborhood Nρ(θ0) := {θ ∈
Rd : ∥θ − θ0∥2 < ρ}:

(i) For all (x, y) in the support of the joint distribution x ∼ R and y ∼ pθ0(· | x), the map
θ 7→ log pθ(y | x) is three times continuously differentiable in Nρ(θ0).

(ii) There exists an integrable envelope G(x, y) such that

sup
θ∈Nρ(θ0)

∥∥∇3
θ log pθ(y | x)

∥∥ ≤ G(x, y), Ex∼REy∼pθ0
(·|x)[G(x, y)] <∞.

For a fixed x, define
dx(θ) = DKL(pθ0(· | x) ∥ pθ(· | x)) .
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Then,
DR(∆θ) = Ex∼R[ dx(θ0 +∆θ)].

From the definition of KL divergence,

dx(θ) = Epθ0
(·|x)[log pθ0(·|x)]− Epθ0

(·|x)[log pθ(·|x)]

and

∇θdx(θ) = Epθ0
(·|x)[−∇θ log pθ(·|x)], ∇2

θdx(θ) = Epθ0
(·|x)[−∇2

θ log pθ(·|x)].

At θ = θ0,

∇θdx(θ)|θ=θ0 = Epθ0
(·|x)[−∇θ log pθ0(·|x)]

=

∫
pθ0(·|x)

∇θpθ0(·|x)
pθ0(·|x)

= ∇θ

∫
pθ0(·|x)

= 0d

and
∇2

θdx(θ)|θ=θ0 = Epθ0
(·|x)[−∇2

θ log pθ0(·|x)].

By a second-order Taylor expansion around θ = θ0,

dx(θ) = dx(θ0) +∇θdx(θ)|⊤θ=θ0(θ − θ0) +
1

2
(θ − θ0)

⊤∇2
θdx(θ)|θ=θ0(θ − θ0) +Rx(∆θ)

=
1

2
∆θ⊤Epθ0

(·|x)[−∇2
θ log pθ0(·|x)]∆θ +Rx(∆θ),

where Rx(∆θ) is Taylor remainder. We combine with the result from [63],

FR = Ex∼REy∼pθ0
(·|x)

[
−∇2

θ log pθ0(·|x)
]
,

which leads to,

DR(∆θ) =
1

2
∆θ⊤FR∆θ + Ex∼R[Rx(∆θ)].

By Taylor’s theorem, for each fixed x and y there exists θ̃ ∈ [θ0, θ0 +∆θ] such that the third-order
remainder satisfies

|Rx(∆θ)| ≤ 1

6
sup

θ∈Nρ(θ0)

∥∥∇3
θ log pθ(y | x)

∥∥ · ∥∆θ∥32.

Using the envelope assumption, we obtain

|Rx(∆θ)| ≤ 1

6
G(x, y) ∥∆θ∥32.

Taking expectation over x ∼ R and y ∼ pθ0(· | x) gives∣∣∣∣DR(∆θ)− 1

2
∆θ⊤FR∆θ

∣∣∣∣ ≤ ∥∆θ∥32
6

Ex∼REy∼pθ0
(·|x)[G(x, y)].

Since the envelope is integrable,

DR(∆θ) =
1

2
∆θ⊤FR∆θ + o(∥∆θ∥22).

This proves the claim.
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B.2 Proof of Proposition 2

Theorem 1 (Oracle safe update (full)). Let FR ⪰ 0 and let gT ̸= 0. For ρ > 0 and ε > 0, consider

∆⋆ ∈ argmin
∆∈Rd

g⊤T ∆ subject to
1

2
∆⊤FR∆ ≤ ρ, ∥∆∥2 ≤ ε.

Then ∆⋆ is characterized as follows.

1. Loose drift constraint. If
ε2

2∥gT ∥22
g⊤T FRgT ≤ ρ,

then the reference-drift constraint is inactive and

∆⋆ = −ε gT
∥gT ∥2

.

2. Loose norm constraint. Suppose gT ∈ Range(FR) and define

∆R = −
√

2ρ

g⊤T F
†
RgT

F†
RgT ,

where F†
R denotes the Moore–Penrose pseudoinverse. If

∥∆R∥2 ≤ ε,

then the norm constraint is inactive and

∆⋆ = ∆R.

3. Both constraints active. In all remaining nondegenerate cases, both constraints are active.
There exists a unique damping parameter α > 0 such that

ε2

2

g⊤T (FR + αI)−1FR(FR + αI)−1gT
g⊤T (FR + αI)−2gT

= ρ,

and the solution is

∆⋆ = −ε (FR + αI)−1gT
∥(FR + αI)−1gT ∥2

.

Equivalently, every nonzero solution satisfies the KKT representation

∆⋆ = −c (FR + αI)−1gT

for some c > 0 and α ≥ 0, with the conventions that α =∞ corresponds to the Euclidean gradient-
aligned solution in case 1, and α = 0 corresponds to the reference-natural-gradient solution in
case 2.

Proof. Rewrite (6) as a minimization:

min
∆θ∈Rd

g⊤T ∆θ subject to
1

2
∆θ⊤FR∆θ ≤ ρ, ∥∆θ∥22 ≤ ϵ2. (13)

The max objective is linear and both constraints are convex since FR ⪰ 0 and ∥ · ∥2 is convex. Note
here that FR ⪰ 0 always holds since for any v ∈ Rd, v⊤FRv = E

[
(v⊤sθ0(x, y))

2
]
≥ 0. Taking

∆θ = 0 gives 0 ≤ ρ and 0 ≤ ϵ, which is strictly feasible for any ρ, ϵ > 0. Slater’s condition and
strong duality hold. The KKT conditions are necessary and sufficient for a global optimum.

Form the Lagrangian with multipliers σ ≥ 0 and µ ≥ 0:

L(∆θ, σ, µ) = g⊤T ∆θ + σ

(
1

2
∆θ⊤FR∆θ − ρ

)
+ µ

(
∥∆θ∥22 − ϵ2

)
.
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Stationarity. Setting ∇∆θL = 0:

gT + σFR∆θ + µ∆θ = 0 =⇒ (σFR + 2µI)∆θ = −gT . (14)

For any µ > 0, the matrix σFR + 2µI has an inverse regardless of whether FR is singular, and:

∆θ⋆ = −(σFR + 2µI)−1gT . (15)

Complementary slackness.

σ

(
1

2
(∆θ⋆)⊤FR∆θ⋆ − ρ

)
= 0, (16)

µ
(
∥∆θ⋆∥22 − ϵ2

)
= 0. (17)

We consider the three non-trivial cases.

Case 1: σ = 0, µ = 0. Stationarity gives gT = 0, which is trivial. Assume gT ̸= 0, so this case does
not arise.

Case 2: σ > 0, µ = 0 (only KL constraint active). By (17), the norm constraint is inactive. By (16),
the KL constraint is tight:

1

2
(∆θ⋆)⊤FR∆θ⋆ = ρ.

Substituting (15) with µ = 0:

1

2σ2
g⊤T F

†
RFRF†

RgT =
1

2σ2
g⊤T F

†
RgT = ρ,

giving σ⋆ =
√
g⊤T F

†
RgT /(2ρ), and the solution reduces to:

∆θ⋆ = −
√

2ρ

g⊤T F
†
RgT

F†
RgT . (18)

where F†
R is the Moore–Penrose pseudoinverse. Let the decomposition of gT

gT = grange + gnull, gnull ∈ Null(FR),

We note that the solution (18) is valid only when gnull = 0. If there is any direction v ∈ Null(FR)
with g⊤T v < 0, moving along v decreases the objective without changing the off-target cost, making
the optimization unbounded. Thus, if gnull ̸= 0, the norm constraint on ∥∆θ∥2 must be active, so one
must have µ > 0 and the optimal solution cannot be achieved when µ = 0.

Case 3: σ = 0, µ > 0 (norm constraint active). By the slackness condition (17),

∥∆θ∗∥22 =
1

4µ2
∥gT ∥22 = ϵ2

leading to µ∗ = ∥gT ∥2/2ϵ. Thus,
∆θ∗ = − ϵ

∥gT ∥2
gT

When only the norm constraint is active, the optimizer ignores the off-target drift and reduces to a
target gradient-aligned step.

Case 4: σ > 0, µ > 0 (both constraints active). In all cases the solution takes the form (15), which
we write compactly:

∆θ⋆ = − 1

σ∗ (FR + αI)
−1

gT ,

where σ⋆ > 0 scales the overall step size and is determined by whichever constraint is active, and
α ≥ 0 controls the damping of FR by the norm constraint. When the both constraints are active, the
solution is a damped natural gradient with damping coefficient determined by the ratio of the two
Lagrange multipliers.
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Using the active norm constraint (∥∆θ∗∥2 = ϵ, we let σ∗ = ∥(FR+αI)−1gT ∥2

ϵ ), and ∆θ⋆ becomes

∆θ⋆ = −ϵ (FR + αI)−1gT
∥(FR + αI)−1gT ∥2

, (19)

Then, α is chosen to satisfy (16)

1

2(σ∗)2
g⊤T (FR + αI)−1FR(FR + αI)−1gT = ρ (20)

B.3 Characterization of α

Let FR = URΛRU⊤
R with eigenvalues λi and write the target gradient as gT =

∑
i civi in the

same basis. The oracle safe direction is then solved in Proposition 2. Equivalently, α is the positive
root of the scalar equation ϕ(α) = 2ρ/ϵ2, where

ϕ(α) :=

∑
i

λic
2
i

(λi+α)2∑
i

c2i
(λi+α)2

.

Proposition 3. Let ϕ be defined as above. Then ϕ is nondecreasing on (0,∞). If there exist i ̸= j
such that cicj ̸= 0 and λi ̸= λj , then ϕ′(α) > 0 for all α > 0. Consequently, whenever a positive
solution exists, it is unique.

Proof.

N(α) :=
∑
i

λic
2
i

(λi + α)2
, D(α) :=

∑
i

c2i
(λi + α)2

, ϕ(α) =
N(α)

D(α)
.

Since D(α) > 0 for all α > 0, the quotient is well defined. We then differentiate both N(a) and
D(a).

ϕ′(α) =
N ′(α)D(α)−N(α)D′(α)

D(α)2
.

Moreover,

N ′(α) = −2
∑
i

λic
2
i

(λi + α)3
, D′(α) = −2

∑
i

c2i
(λi + α)3

,

so

N ′(α)D(α)−N(α)D′(α) = 2
∑
i,j

λic
2
i c

2
j (λi − λj)

(λi + α)3(λj + α)3
.

Pairing the (i, j) and (j, i) terms gives

N ′(α)D(α)−N(α)D′(α) =
∑
i<j

2c2i c
2
j (λi − λj)

2

(λi + α)3(λj + α)3
≥ 0.

Hence ϕ′(α) ≥ 0 for all α > 0. If there exist i ̸= j such that cicj ̸= 0 and λi ̸= λj , then the
corresponding pairwise term is strictly positive for every α > 0, so ϕ′(α) > 0.

Once the spectrum of FR and the target coefficients are known, α is determined by a one-dimensional
monotone solve. See the Algorithm 2 for details on how to solve for α from (ρ, ϵ) in practice.
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B.4 Choices of the Preconditioner P

The influence function characterizes the implicit parameter change from re-optimization. In practice,
however, fine-tuning uses explicit parameter update algorithms that approximate this implicit change.
We unify these as:

∆θ(w) = −ηPGw,

where P ∈ Rd×d is a preconditioner encoding the geometry of the update algorithm, and w ∈ RNC

≥0

is a non-negative weighting over training examples, and η > 0 is the learning rate. The gain on the
target objective from this update is:

Gain(w) := −g⊤T ∆θ(w) = η g⊤T PGw = η

NC∑
i=1

wi g
⊤
T Pgi.

Different choices of P recover different data selection and fine-tuning methods, as we now describe.

B.4.1 Special Cases of the Preconditioner

SGD: P = I. A single stochastic gradient step on example zi gives:

∆θ(ei) = −η gi,
corresponding to P = I. The gain is:

GainSGD(w) = η g⊤T Gw = η
∑
i

wi g
⊤
T gi,

which is plain Euclidean gradient alignment. This is a first-order approximation to the influence
function that ignores training loss curvature entirely.

Influence / Newton: P = H−1. Let H := ∇2
θ

1
NC

∑NC

i=1 ℓ(zi; θ0) denote the training Hessian at
the base model. Setting P = H−1 recovers the influence function exactly:

∆θ = −ηH−1gi, Gaininf(w) = η
∑
i

wi g
⊤
T H

−1gi.

This corresponds to re-optimizing to convergence after adding the weighted training points, and uses
the training loss curvature H as the geometry.

Adam: P = PAdam. Let gt := ∇θℓ(zt; θ
t) denote the stochastic gradient used at optimization

step t. The Adam optimizer maintains running estimates of the first moment mt ≈ E[gt] and second
moment vt ≈ E[gt ⊙ gt] of this stochastic gradient. At step t, the coordinate-wise update is [26]:

θt+1 − θt = −ηt
mt+1

√
vt+1 + ϵ

,

mt+1 =
β1m

t + (1− β1)gt
1− βt

1

,

vt+1 =
β2v

t + (1− β2)(gt ⊙ gt)

1− βt
2

.

Here β1 and β2 are hyperparameters, and m0 = 0 and v0 = 0.

To connect Adam with our preconditioned-gradient framework, we freeze the coordinate-wise scaling
at the base model θ0. For a candidate example i, recall that g := ∇θℓ(zi; θ0). The effective
per-coordinate scaling applied to this raw gradient is

(∆θ)j = −η
(gi)j√

E[(gi)2j ] + ϵ
.

Thus Adam induces the diagonal preconditioner

PAdam = diag

(
1√

E[(gi)21] + ϵ
, . . . ,

1√
E[(gi)2d] + ϵ

)
∈ Rd×d.
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Geometrically, PAdam is a diagonal approximation to the inverse Hessian H−1: it rescales each
coordinate by the inverse square root of the gradient’s second moment, using elementwise variance
as a proxy for curvature. Directions with high gradient variance are shrunk, and directions with
low gradient variance are amplified. Compared to H−1, which captures all off-diagonal curvature
interactions, PAdam ignores cross-coordinate dependencies but is computationally tractable at the
scale of large language models.

The gain under Adam preconditioning is:

GainAdam(w) = η g⊤T PAdamĜ
raww

= η

NC∑
i=1

wi g
⊤
T PAdamgi

= η

NC∑
i=1

wi

d∑
j=1

(gT )j(gi)j√
E[(gi)2j ] + ϵ

.

This is the coordinate-wise inner product between the target gradient and each training gradient,
normalized by the Adam scaling factor.

In practice, E[(gi)2j ] is estimated from a small reference set during a warm-up phase similar to
LESS [6]. We can aggregate the second moment over the T steps during this warm-up phase:

PAdam = diag

(
1

√
v̄j + ϵ

)
, v̄j =

1

T

T∑
t=1

vtj ,

making the score efficient to compute.

Natural gradient: P = F−1. Replacing H with the Fisher information matrix F =
Ey∼pθ0

(·|x)[∇θ log pθ0∇θ log p
⊤
θ0
] gives the natural gradient update ∆θ = −ηF−1gi, where unit

steps are measured by KL divergence rather than Euclidean distance in parameter space.

C Further details on SAFE-DRIFTdata selector in Section 2.3

C.1 Low-Rank Working Basis

All downstream computation is carried out in a K-dimensional working basis that combines the
retained reference Fisher eigenspace with a residualized target-side subspace.

Estimating gT Given the target sample Dtar = {zj}NT
j=1, we estimate the target gradient by the

sample mean

ĝrawtar :=
1

NT

NT∑
j=1

∇θℓ(zj ; θ0) ∈ Rd. (21)

This is the direct plug-in estimator of the oracle target gradient.

Reference basis The rank-KR reference basis ÛKR
∈ Rd×KR is estimated as the top-KR eigen-

vectors from the dual Gram matrix 1
NR

SRS
⊤
R and satisfies Û⊤

KR
ÛKR

= IKR
and F̂

(KR)
R ÛKR

=

ÛKR
Λ̂KR

.

Residualized task basis Collect the per-example gradients ĝrawi for all i ∈ [NT +NC ] into

ĜTC :=
[
ĝraw1 · · · ĝrawNC+NT

]
∈ Rd×(NC+NT ).

A low-rank approximation of the reference Fisher alone is not sufficient to represent target-side
structure outside span(ÛKR

). We therefore build an additional task block by first residualizing
against the reference subspace:

G̃TC := (Id − ÛKR
Û⊤

KR
)ĜTC .
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On the residualized matrix, we form the dual Gram matrix 1
NT+NC

G̃⊤
TCG̃TC and compute its

top-KT eigenpairs (V̂KT
, Ω̂KT

). We then define the added task basis by

ÛKT
:= G̃TC V̂KT

(
(NC +NT )Ω̂KT

)−1/2 ∈ Rd×KT .

By construction, Û⊤
KR

ÛKT
= 0 and Û⊤

KT
ÛKT

= IKT
.

The motivation for this residualization is as follows. If we were to project all quantities onto ÛKR

alone, the quality of the approximation would depend entirely on how much of the target and
candidate gradient signal lies within the reference eigenspace. When the target task and the reference
distribution are largely disentangled in parameter space, the target and candidate gradients may be
nearly orthogonal to ÛKR

. Projecting onto the reference basis alone would then collapse all gradient
coordinates to near zero, making every candidate look equally uninformative. The residual basis ÛKT

captures the task-relevant directions that survive after the reference subspace is removed, ensuring
that the common working basis spans enough of both the reference geometry and the task gradient
signal for the selection scores to be meaningful.

Common working basis Stacking the two orthonormal bases gives (9). In this basis, the ridge-
regularized metric is,

Mα,K := ÛKÛ⊤
KF̂RÛKÛ⊤

K + αI =

[
Λ̂KR

+ αIKR
0

0 αIKT

]
. (22)

Choosing KR and KT The truncation level KR should be chosen based on how much each
eigendirection modifies (F̂R + αI)−1 relative to the α−1I. Let the nonzero eigenvalues of the
empirical reference Fisher F̂R be λ̂1 ≥ λ̂2 ≥ · · · ≥ λ̂rR > 0, with corresponding orthonormal
eigenvectors û1, . . . , ûrR and rank 0 < rR ≤ min{NR, d}. Then,

(F̂R + αI)−1 = α−1I−
rR∑
j=1

λ̂j

α(λ̂j + α)
ûj û

⊤
j .

The j-th direction contributes through the relative correction factor

rj(α) :=
λ̂j

λ̂j + α
. (23)

When λ̂j ≪ α, we have rj(α) ≈ 0, so this direction behaves almost isotropically after ridge
regularization and may be safely discarded.

Accordingly, in practice, we can choose KR by

Kauto
R := min

{
K :

∑K
j=1 rj(α)∑rR
j=1 rj(α)

≥ 1− δR

}
.

Similarly, let the positive eigenvalues of 1
NT+NC

G̃⊤
TCG̃TC be ω̂1 ≥ · · · ≥ ω̂rT > 0. We then define

Kauto
T := min

{
K :

∑K
j=1 ω̂j∑rT
j=1 ω̂j

≥ 1− δT

}
,

for some constant δT ∈ (0, 1)

Choosing α based on (ρ, ϵ). In practice, we do not have access to those population quantities.
We replace FR by the low-rank estimate as discussed in Section 2.3, replace gT by the sample
mean target gradient, and work in the reduced basis from Appendix C.1. This yields an empirical
counterpart ϕ̂(α) with the same monotonicity (see Proposition 3, so α̂ can be recovered by bisection
on ϕ̂(α) = 2ρ/ϵ2 given by the cost ρ and ϵ. The detailed algorithm is in Algorithm 2.
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Algorithm 2 Computing α̂ from (ρ, ϵ)

Input: Target feature b̂
(K)
tar , eigenvalues of reference fisher λ̂1 ≥ λ̂2 ≥ · · · ≥ λ̂KR

, drift
budget ρ > 0, norm radius ϵ > 0, numerical floor αmin > 0, initial upper guess αhi > 0, cap
αmax > αmin, tolerance τ > 0.
Output: Damping parameter α̂.

1: Compute
ĉj ← [̂b

(K)
tar ]j (j = 1, . . . ,KR).

2: Define

r ← 2ρ

ϵ2
, ϕ(α)←

∑KR

j=1
λ̂j(ĉj)

2

(λ̂j+α)2∑KR

j=1
(ĉj)2

(λ̂j+α)2

, ϕmax ←
∑KR

j=1 λ̂j(ĉj)
2∑KR

j=1(ĉj)
2

.

3: if r ≤ ϕ(αmin) then
4: return α̂← αmin ▷ status← too_strict
5: else if r ≥ ϕmax then
6: return α̂← αmax ▷ status← inactive
7: else
8: ℓ← αmin

9: h← max(αhi, 2αmin)
10: while ϕ(h) < r and h < αmax do
11: h← min(2h, αmax)
12: end while
13: for t = 1, . . . , T do
14: αmid ←

√
ℓh ▷ log-space bisection

15: rmid ← ϕ(αmid)

16: if
|rmid − r|

max(|r|, 10−30)
≤ τ then

17: α̂← αmid

18: break
19: else if rmid < r then
20: ℓ← αmid

21: else
22: h← αmid

23: end if
24: α̂← αmid ▷ status← feasible
25: end for
26: end if

C.1.1 Scaling value for ∆θ∗

For fixed α, we define Mα,K in (22) and F̂R := diag(Λ̂KR
,0KT

). Let the unscaled reduced safe
direction be

∆θK := UKM−1
α,K b̂

(K)
tar .

The practical reduced safe update is then written as

∆̂θ⋆K = − 1

µ̂K
∆θK = − 1

µ̂K
UKM−1

α,K b̂
(K)
tar .

If a reference-cost budget ρ and/or an ℓ2-budget ϵ is imposed, we choose the smallest scaling factor
that satisfies all active constraints:

µ̂K := max

1,

√
1
2∆θ⊤KFR∆θK

ρ
,
∥∆θK∥2

ϵ

 . (24)

Equivalently, the second term is included only when a reference-cost budget ρ is enforced, and the
third term is included only when an ℓ2-budget ϵ is enforced. Thus, for fixed α, the direction is
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determined by M−1
α,K b̂

(K)
tar , while µ̂K provides the minimal global rescaling needed to satisfy the

active budgets.

This practical construction should be contrasted with the oracle formulation ∆θ⋆ =

−ϵ (FR+αI)−1gT
∥(FR+αI)−1gT ∥2

in which α is itself chosen so that the normalized update satisfies the reference-
cost constraint 1

2 (∆θ⋆)⊤FR∆θ⋆ = ρ.

C.2 Selection Algorithm

Recall the practical continuous safe update ∆̂θ⋆K(α) and the subset-induced reduced update ∆̂θK(w)
from (11) and (12), respectively. Define the whitened candidate-update matrix and target update by

∆̃K := M
1/2
α,K

(
− η

S
PKBK

)
∈ RK×NC ,

∆̃θ⋆K := M
1/2
α,K∆̂θ⋆K(α).

Then the matching objective

ŵ ∈ arg min
w∈{0,1}NC

1⊤w=S

1

2

∥∥∥∆̂θK(w)− ∆̂θ⋆K(α)
∥∥∥2
Mα,K

can be rewritten as the whitened objective

ŵ ∈ arg min
w∈{0,1}NC

1⊤w=S

1

2

∥∥∥∆̃Kw − ∆̃θ⋆K

∥∥∥2
2
.

For a singleton subset w = ei, we have

1

2

∥∥∥∆̃K(i)− ∆̃θ⋆K

∥∥∥2
2
=

1

2
∥∆̃θ⋆K∥22 −

〈
∆̃K(i), ∆̃θ⋆K

〉
+

1

2
∥∆̃K(i)∥22.

Since the first term is independent of i, ranking singleton subsets by smaller objective value is
equivalent to ranking them by

si :=
〈
∆̃K(i), ∆̃θ⋆K

〉
− 1

2
∥∆̃K(i)∥22.

Thus, si is exactly the decrease in the whitened quadratic objective obtained by selecting candidate
i alone. Compared with LESS [6], which ranks examples by alignment alone, our selector adds
the quadratic cost term to keep the update in a reference-stable geometry. We provide the complete
selection algorithm in Algorithm 3.

D Experiments

D.1 Synthetic linear experiments

To build better intuition on the performance of our method in simple settings, we begin with a family
of synthetic linear models designed to isolate the two statistical ingredients highlighted by our theory:
the estimation problem (estimating the target gradient gT from few target examples, and estimating
the reference geometry FR from limited reference data) and the optimization problem (finding the
best gradient update under off-target budget).

Linear-Gaussian setup. We first consider a simple linear Gaussian model. For an input x ∈ Rd,
the base model is

pθ(y | x) = N (x⊤θ, σ2), ℓ((x, y); θ) =
1

2σ2
(y − x⊤θ)2.

Target examples are generated by

x ∼ N (0,ΣT ), y = x⊤βT + ξ, ξ ∼ N (0, σ2),

31



Algorithm 3 Forward greedy solver for the whitened reduced objective

Input: Whitened candidate-update matrix ∆̃K = [∆̃K(1) · · · ∆̃K(NC)], whitened target
update ∆̃θ⋆K , subset budget S, shortlist size m ≥ S.
Output: Selected subset Ŝ ⊆ [NC ] with |Ŝ| = S, and selection vector ŵ.

1: For each i ∈ [NC ], compute the singleton score

si ←
〈
∆̃K(i), ∆̃θ⋆K

〉
− 1

2
∥∆̃K(i)∥22.

2: LetMm ⊆ [NC ] be the indices of the top-m scores {si}NC
i=1.

3: Initialize Ŝ ← ∅ and s̃← 0 ∈ RK .
4: for t = 1, . . . , S do
5: Choose

j⋆ ← arg min
j∈Mm\Ŝ

(
1

2
∥∆̃K(j)∥22 +

〈
s̃, ∆̃K(j)

〉
−
〈
∆̃θ⋆K , ∆̃K(j)

〉)
.

6: Update

Ŝ ← Ŝ ∪ {j⋆}, s̃← s̃+ ∆̃K(j⋆).

7: end for
8: Set ŵi ← 1{i ∈ Ŝ} for all i ∈ [NC ].
9: return Ŝ, ŵ.

while reference inputs are drawn from

x ∼ N (0,ΣR).

We set the base point to θ0 = 0. In this model, the per-example gradient and target gradient at the
base point are

gi = ∇θℓ(zi; θ0) = −
1

σ2
yixi, gT = ∇θLT (θ0) = −

1

σ2
ΣT βT ,

and the reference Fisher is

FR = Ex∼R Ey∼pθ0
(·|x)

[
∇θ log pθ0(y | x)∇θ log pθ0(y | x)⊤

]
=

1

σ2
ΣR.

In this synthetic setting, the raw per-example gradient gi is available in closed form; it plays the same
role as ĝrawi in the empirical algorithm. Moreover, unlike the general nonlinear setting where the
quadratic expansion is local, the reference drift is exact here:

DR(∆θ) = Ex∼R
[
DKL(pθ0(· | x) ∥ pθ0+∆θ(· | x))

]
=

1

2σ2
∆θ⊤ΣR∆θ =

1

2
∆θ⊤FR∆θ.

This makes the synthetic setting especially useful for separating optimization and selection effects
from approximation error in the drift model.

Updates and evaluation. Given a selected subset S ⊂ Dtrain of size S, we form the update

∆θ(S) = − η

S
P
∑
i∈S

gi,

where P is the preconditioner associated with the update rule. In particular, we use P = Id for
stochastic gradient descent. We evaluate each selected update using

Gainheld(S) = LT (θ0)− LT (θ0 +∆θ(S)),

Driftheld(S) = DR(∆θ(S)),
and, when the population quantities are known, the directional error relative to the oracle update

∆θ⋆ ∝ −(FR + αId)
−1gT , DirErr(S) = 1− cos

(
∆θ(S),∆θ⋆

)
.
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(a) Results for ΣR parametrized by
(
u v

)
= I2. (b) Results for ΣR parametrized by

(
u v

)
=(

cos(π/6) − sin(π/6)
sin(π/6) cos(π/6)

)
.

Figure 4: Visualization of the optimal gradient updates ∆θ⋆, here varying with the damping parameter
α. In this experiment, ΣT = I2, while ΣR = 20uu⊤ + 0.5vv⊤, for different choices of u, v. The
“forbidden” direction is highlighted in red. The target distribution ΣT and the forbidden space ΣR
have the same span, but ΣR puts a high cost on projections along the red axis, inducing a shift in the
optimal gradient under budget constraints.

Experiment 1: Low-dimensional geometry (d = 2). We first consider a two-dimensional setting
in which the geometry can be visualized directly. We choose

ΣR = Udiag(25, 1)U⊤, ΣT = I2, βT = (1, 1)⊤, σ2 = 1, (25)

where U is a rotation matrix with angle π/6. In this setting, one can plot in the (∆θ1,∆θ2) plane: (i)
level sets of the target gain −g⊤T ∆θ, (ii) ellipses of constant reference drift DR(∆θ), and (iii) the
induced update directions for different methods and damping values α. The results are provided in
Figure 4. This experiment provides a direct geometric picture of how the reference Fisher FR rotates
and rescales the target direction, inducing certain directions (here, the direction parallel to the axis in
red) to have high cost.

We first consider a synthetic linear model where target samples follow x ∼ N (0,ΣT ), y = x⊤βT +ξ
with coefficients βT and noise ξ ∼ N (0, σ2) and reference inputs x ∼ N (0,ΣR), to gain an intuition
of SAFE-DRIFT performance under two settings: an entangled setting where −gT projects strongly
on FR, and a disentangled setting where its projection along FR is weak. Additional details on the
data-generating procedure are provided in Appendix D.1. From Figure 5, we see that SAFE-DRIFT
has to navigate a real tradeoff between target gradient alignment and off-target budget because of the
entanglement of ΣR and −gT . By contrast, in the disentangled regime where the update direction
−gT lies primarily in a low-cost direction, SAFE-DRIFT stays closer to the LESS baseline that aims
to maximize the target gain.

Experiment 2: Finite-pool subset selection in d = 2. To visualize which points each method
would preferentially select, we consider the setting of Experiment 1 (Equation 25) and we generate a
finite candidate pool from a three-component Gaussian mixture:

xi ∼
1

3
N (0,Σ1) +

1

3
N (0,Σ2) +

1

3
N (0,Σ3), yi = x⊤

i βT + ξi, ξi ∼ N (0, σ2), (26)

with

Σ1 = Udiag(9, 0.25)U⊤, Σ2 = Udiag(0.25, 9)U⊤, Σ3 = I2.
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Figure 5: Trade-off between gradient alignment and budget constraints for an “entangled regime"
and a “disentangled regime". The results are averaged over 100 runs. The red line denotes the budget
ρ. SAFE-DRIFT is the only method able to control the drift.

The first component produces candidate gradients aligned with the high-curvature directions of FR,
the second produces gradients aligned with low-curvature directions, and the third supplies isotropic
directions. The raw data — and the corresponding gradients of each point — are shown in Figure 6.
For each method, we visualize the pool of candidate gradients, highlight the selected subset, and plot
the resulting update vector (Figure 7).

Experiment 3: Tradeoffs in Alignment/ off-target drift in d = 2. We visualize the tradeoff
between target alignment and reference drift using the previous experimental setting. Here, we set

βT = (− sin(π/6), cos(π/6)) =
(
− 1

2 ,
√
3
2

)
,

For each selected subset we report both exact and held-out metrics. The exact first-order alignment is

−g⊤T ∆θ,

the exact target improvement is

TI(∆θ) = −g⊤T ∆θ − 1

2
∆θ⊤FR∆θ,

and the exact reference drift is
Drift(∆θ) =

1

2
∆θ⊤FR∆θ.

In addition, we evaluate held-out target improvement and held-out reference drift on fresh synthetic
samples to measure out-of-sample behavior. The main aggregate plots in the appendix average these
quantities over 100 independent random seeds and report standard errors. The default “entangled”
setting uses βT = (1, 1), while the “disentangled” or orthogonal variant uses

βT = (− sin(π/6), cos(π/6)) =
(
− 1

2 ,
√
3
2

)
,

which is nearly orthogonal to the dominant reference direction. This second variant isolates the regime
in which target-relevant directions and reference-sensitive directions are deliberately misaligned.

We report both gradient alignment and held-out reference drift, which together reveal the tradeoff
between aggressive target alignment and robustness to off-target effects. In this case, because of
the entanglement of ΣR and −gT , SAFE-DRIFThas to navigate a real tradeoff between gradient
alignment and budget constraints. By contrast, in the disentangled regime where the update direction
−gT lies primarily in a low-cost direction, SAFE-DRIFTstays closer to the LESS baseline.

Effect of estimating gT . We evaluate subset selection in a synthetic high-dimensional teacher–
student model where the reference and target geometries can have different spectral structure. In
all runs, the ambient dimension is d = 200, the true reference rank is r = 40, the candidate
pool contains NC = 800 examples, the target gradient is estimated from NT = 32 samples,
the reference Fisher is estimated from NR = 300 samples, and the subset budget is S = 40.
We generate the reference Fisher as FR = σ−2URdiag(λ

R)U⊤
R and the target covariance as

ΣT = UTdiag(λ
T )U⊤

T , where UR and UT are independent random orthonormal bases. We sweep
both the reference and target spectra over geometric, linear, and power-law decay, and in a denser
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Figure 6: Visualization of the raw random design (X) distribution (left) in the setting of Experiment
2 (Eq. 26) and the corresponding gradient (normalized to visualize direction, right). Note that in this
setting −gT = 1

σ2ΣT βT = βT , so the black arrow indicates the direction of the update −gT .

variant we sweep power-law exponents (qR, qT ) ∈ {0.5, 0.75, 1.0, 1.5, 2.0}2. For each spectrum pair,
we compare SAFE-DRIFTfull, SAFE-DRIFTlow-rank, SAFE-DRIFTreference-only, SAFE-DRIFTtask-
only, SAFE-DRIFTrandom-K, SAFE-DRIFTdiagonal, LESS, random, and Prismatic over requested
working ranks KR + KT ∈ {10, 20, 40, 60, 80, 120}. All SAFE-DRIFTmethods are run under a
fixed reference-drift budget ρ = 1, and the realized subset update is always the SGD-style average
∆θ(S) = −(η/S)

∑
i∈S gi. We report the exact realized reference drift 1

2∆θ⊤FR∆θ, the exact
target gain, and the absolute regret relative to SAFE-DRIFTfull, averaged over 10 random seeds and 3
target regimes (for a total of 30 instances per spectrum pair), with standard-error bars shown in all
plots.

D.2 Entanglement diagnostics in the working subspace

D.2.1 Entanglement quadrant

A key insight from Proposition 2 is that entanglement between the target gradient and the reference
Fisher geometry determines when drift control is most critical to performance on the target task. To
turn this into practical insights, we use the low-rank basis UK = [ ÛKR

ÛKT
] to measure whether

a selected candidate improves the target task in a way that is entangled with off-target behavior.
Decompose the candidate- and target-gradient coordinates in this basis as,

b̂
(K)
i = U⊤

K ĝrawi =

[
Û⊤

KR
ĝrawi

Û⊤
KT

ĝrawi

]
=

[
b̂Ri
b̂Ti

]
, b̂

(K)
tar = U⊤

K ĝrawtar =

[
U⊤

KR
ĝrawtar

U⊤
KT

ĝrawtar

]
=

[
b̂Rtar
b̂Ttar

]
.

Here, b̂Ri refers to the projection of the candidate gradients along the reference space, while b̂Ti refers
to their projection in the residualized target space. We define two target-alignment scores under the
reference subspace and the residual task subspace, respectively,

dRi = (̂bRi )
⊤(Λ̂KR

+ αIKR
)−1b̂Rtar, dTi = α−1(̂bTi )

⊤b̂Ttar.

Here, dRi > 0 indicates that the candidate gradient aligns target signal in the reference geometry,
while dTi > 0 indicates that the gradient projects on the target signal in directions decoupled from the
reference-sensitive directions. We can thus partition candidates by the signs of (dRi , d

T
i ):

Qref := { zi ∈ Dtrain : dTi ≤ 0, dRi > 0 }, Qclean := { zi ∈ Dtrain : dTi > 0, dRi ≤ 0 },
Qent := { zi ∈ Dtrain : dTi > 0, dRi > 0 }, Qmis := { zi ∈ Dtrain : dTi ≤ 0, dRi ≤ 0 }.

We then measure the proportions of the candidate examples in each quadrant by,

πQ :=
1

|NC |
∑

zi∈Dtrain

1{zi ∈ Q}, Q ∈ {Qclean, Qent, Qref , Qmis}. (27)
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Figure 7: Comparison of data selection methods

These four proportions summarize the entanglement structure of the candidate pool. Specifically, a
large πQent

implies a positive target alignment is strongly tied to reference-sensitive directions, so
target improvement is more likely to come at the cost of off-target drift. A large πQclean

indicates
that many candidates carry target signal through residual task directions that are less coupled to the
reference geometry. In contrast, Qref captures candidates whose target alignment exists only in the
reference-entangled component, and Qmis captures candidates with non-positive alignment in both
components. We provide πQclean

and πQent of our experiments in Table 1.

Importantly, the quadrant percentages in (27) are descriptive diagnostics, not selection rules. SAFE-
DRIFT does not simply select all examples from Qclean: some examples in Qent may carry necessary
target signal when the target gradient is genuinely entangled with the reference geometry, and some
examples in Qclean may be redundant or negligibly small in magnitude. The quadrant percentages,
therefore, explain how the selected subset uses residual versus reference-entangled target signals.

D.2.2 Reference-entanglement diagnostics

Moreover, the decomposition in b̂
(K)
i to b̂Ri and b̂Ti makes entanglement analysis possible in reduced

coordinates. The entanglement analysis asks whether the target-aligned contribution is carried
primarily through the reference-sensitive block b̂Ri or through the residual task block b̂Ti . The former
is more likely to consume reference budget, whereas the latter reflects target improvement with less
direct pressure on reference behavior.
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(a) Entangled regime: −gT projects strongly on the
“forbidden” direction (U1).

(b) Disentangled regime: −gT ∝ U2 projects weakly
on the “forbidden” direction.

Figure 8: Tradeoff between gradient alignment and budget constraints. Results are averaged over 100
independent experiments. Uncertainty is denoted by error bars, which are on occasions smaller than
the size of the markers. The red line at y = 1 denotes the budget. SAFE-DRIFTis the only method
able to control the drift.

Figure 9: Regret for the baselines and different variants of SAFE-DRIFT(colors), per requested rank
(x-axis) as a function of the spectrum of gT and FR.

We use two complementary reference-entanglement diagnostics for a reduced gradient

ρE(b) =
∥bR∥22/KR

∥bR∥22/KR + ∥bT ∥22/KT
, ρsafe(b) =

(bR)⊤ΛRb
R/KR

(bR)⊤ΛRbR/KR + α∥bT ∥22/KT
. (28)

The quantity ρE(b) is a purely geometric measure of how much of the gradient lies in the reference
block versus the residual task block, while ρsafe(b) measures the same allocation under the safe-
update geometry. In this sense, both quantities measure how strongly the gradient is entangled with
the reference-sensitive subspace.

We apply these diagnostics to both the target gradient and the candidate gradients additional to
the quantities in Section D.2.1. For the target gradient, a large reference share indicates that the
target objective itself is entangled with reference-sensitive directions, making aggressive target
alignment inherently drift-prone. For candidate gradients, a large reference share indicates that the
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Figure 10: Off-target drift for the baselines and different variants of SAFE-DRIFT(colors), per
requested rank (x-axis) as a function of the spectrum of gT and FR.

example pushes the model strongly along reference-sensitive directions and is therefore more likely
to contribute to off-target drift. Importantly, these diagnostics are most informative when interpreted
together with target alignment in Section D.2.1. These

Because these quantities are computed in the same structured working subspace used by our selection
algorithm, they are inexpensive to evaluate and directly tied to the update geometry of selection. This
is a key advantage of the structured low-rank basis. Compared to a generic random sketch, our low
rank projection separates reference-sensitive and residual task-relevant directions, making blockwise
entanglement analysis both stable and interpretable.

D.3 Additional details on experiments

All experiments share the following configuration. The candidate pool Dtrain is split into a 3%
warmup subset used to estimate the Adam preconditioner P and a remaining 97% from which
training points are selected. The target set Dtar is divided into three thirds: one for computing the
target gradient ĝT , one for validation, and one as a held-out test set. The reference set Dref is split
evenly between estimating F̂R and evaluating reference drift. Each selected subset is then used for
fine-tuning with the LoRA training recipe in Table 1 using dropout 0.1, target modules {q,k,v,o},
Adam update with learning rate 2× 10−4, 1 epoch, effective batch size 32, and sequence length 4096.
Gradients for selection and model updates are computed over LoRA adapters [30] applied to the
attention modules.

Compute Resources For model fine-tuning, we use Huggingface Accelerate [64] and utilize Zero3
optimizer in DeepSpeed on 2 A100 GPUs.

D.3.1 Baseline selectors

We compare SAFE-DRIFTagainst five baselines. Full finetunes on the entire candidate pool without
selection, and Random uniformly subsamples the pool at the target budget.

All gradient-based methods—LESS, Prismatic Synthesis, and SAFE-DRIFT—operate on the same set
of low-rank projected gradients computed in the shared working basis UK , ensuring that differences
in selection performance reflect the selection criterion rather than gradient featurization. LESS [6]
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scores each candidate by the cosine similarity between its projected gradient and the projected
target gradient, using the low-rank Adam-style preconditioner as the inner product metric. We adapt
Prismatic Synthesis [19] to promote diversity by clustering candidate gradients via k-means and
sampling inversely proportional to cluster size, with the number of clusters set to 10% of the pool
and 20 Lloyd iterations.

DSIR [17] operates on hashed n-gram features rather than gradients, scoring candidates by the
dot product between their hashed n-gram count vectors and the log importance ratio log p− log q,
estimated from a 30% subsample of the pool with 10,000 hash buckets.

D.3.2 Setting 1: Code generation

The goal is to improve Python programming ability while leaving the base model’s behavior on
stereotypes unchanged. The candidate pool is CodeAlpaca [34], a 20K dataset of general-purpose
programming instructions generated via self-instruct [65]. The target set is HumanEval [35], a
benchmark of 164 hand-written Python programming problems; we split these into 109 test, 27
validation, and 28 examples for computing the target gradient ĝT . The reference distribution is
defined by the intrasentence split of StereoSet [36], which presents each prompt with a stereotypical,
an anti-stereotypical, and an unrelated completion. We retain the stereotypical and anti-stereotypical
completions in equal proportion to construct a balanced reference set. This results in 4.21K samples
which we split into half for reference Fisher estimation and for evaluating off-target drift. Since
computing gradients over the full candidate pool is memory-intensive, the task-side basis ÛKT

is
estimated from 4,000 randomly subsampled candidates. We ablate over three low-rank settings:
(KR,KT ) ∈ {(128, 36), (256, 64), (512, 128)} with selection budget 15%; results are reported in
Figure 17 and 18.

Evaluation metrics. For the target task, we evaluate code generation quality via pass@k rates
following the protocol of [35]: for each problem, k candidate solutions are sampled and the problem
is considered solved if at least one passes all unit tests. We report pass@1 and pass@10 (mean and
standard deviation) for all selectors in Table 2. For the reference distribution, we use StereoSet score,
defined as the proportion of prompts for which the model assigns higher average token probability
to the stereotypical completion than to the anti-stereotypical one [36]. A perfectly unbiased model
scores 50; the base model scores 64.9, indicating slight preference for stereotypical associations. We
additionally record the probability margin, the difference in average token probability between the
stereotypical and anti-stereotypical completions. All reference metrics are reported as changes from
the base model.

D.3.3 Setting 2: Improving medical knowledge

The goal of this experiment is to improve medical question-answering ability of a model while leaving
the base model’s broader non-medical behavior unchanged. The candidate pool is MedMCQA [37],
a large collection of multiple-choice medical exam questions. For the target set, we subsample 256
samples from MedQA [38], which consists of medical licensing-style questions. The reference set
combines BBQ [39] and TruthfulQA [40], covering social bias and factual reliability respectively,
forming a non-medical alignment distribution.

Evaluation metrics. We measure fine-tuning performance on the target task using MedQA multiple-
choice accuracy, reporting development accuracy for model selection and held-out test accuracy for
final evaluation. To assess off-target drift, we evaluate the fine-tuned model on several non-medical
benchmarks drawn from the reference evaluation suite. On BBQ [39], we report multiple-choice
accuracy as a measure of robustness to social bias. On TruthfulQA [40], we report token-level F1 to
capture factual reliability under free-form generation. On IFEval [45], we report prompt accuracy
and instruction accuracy, which measure whether the model satisfies explicit formatting and content
constraints.

Additional experiments To further show the importance of finetuning in this context, we compare
the performance of random selection across various pool sizes. The results are shown in Figure 11.
This figure highlights, in particular, that increasing the pool size does not automatically lead to better
performance on the target task (here, MedQA), thereby making a case for the use of data selection in
this context.
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Figure 11: Pool-size effects on MedQA validation accuracy versus BBQ validation accuracy (left)
and TruthfulQA validation token F1 (right) Training uses LoRA rank 16, α = 32.

Figure 12: Pool-size effects on ESConv token F1 versus GSM8K validation accuracy. Training uses
LoRA rank 64, α = 128.

D.3.4 Setting 3: Improving emotional support

We seek to improve emotional-support dialogue performance while leaving the base model’s behavior
on mathematical reasoning unchanged. The candidate pool is EmpatheticDialogues [41], a dataset
of emotion-grounded open-domain conversations. The target set is ESConv [42], a benchmark of
emotional-support conversations. To define the protected reference distribution, we use GSM8K [43],
a dataset of grade-school math word problems that probes multi-step mathematical reasoning.

The histograms of ρE and ρsafe in Figure 13 describe how the mass of a gradient is distributed
across the two subspace. In this setting, most candidate gradients place most of their energy in
the residualized target subspace, while the target gradient places a noticeably larger fraction in the
reference subspace. This indicates that the working basis does achieve a meaningful separation.
This also aligns with the low entanglement score of πQent

= 0.08 in Table 1. Most of the candidate
samples that align with the target do not incur the reference-side effect.

Evaluation metrics. We evaluate target-task performance on ESConv using ROUGE-L F1, which
is better suited than exact match for this open-ended generation setting. To measure drift away from
the reference capability, we report accuracy on GSM8K and additionally on MMLU (zero-shot) as a
broader out-of-domain measure of reasoning and knowledge preservation.

Additional experiments and diagnostics. As for setting 2, we compare the performance of random
selection across various pool sizes. The results are shown in Figure 12. Again, we observe that
increasing the pool size does not automatically lead to better performance on the target task.

We further show the entanglement diagnostics of Section D.2.1.
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Figure 13: Reference-subspace entanglement diagnostics for Setting 3. We draw the density of ρE
and ρsafe from (28) with KR = 64, and K = 80. Values close to 0 indicate that the gradient lies
mostly in the residual task subspace, whereas values close to 1 indicate that it lies mostly in the
reference-sensitive subspace.

D.3.5 Setting 4: FLAN instruction tuning

The goal is to improve instruction-following behavior while preserving the base model’s performance
on an unrelated knowledge-and-reasoning reference task. This setting is deliberately off-target: the
selector is asked to identify useful instruction-tuning examples from a broad FLAN-v2[44] pool
using a small IFEval-derived target set, while the reference geometry is estimated from MMLU.
Thus, unlike settings where the target, candidate, and reference distributions are closely related, this
experiment tests whether a selector can extract target-relevant instruction-following signal without
unnecessarily perturbing models’ factual knowledge. The alpha solved for SAFE-DRIFTgiven (ρ, ϵ)
is 2× 10−4.

Evaluation metrics. For the target task, we evaluate instruction following on the official IFEval
test set [45], which contains 491 prompts. Evaluation is performed with using OLMES [66]. We
report the four standard IFEval accuracies: prompt-level strict, prompt-level loose, instruction-level
strict, and instruction-level loose. Prompt-level accuracy requires every constraint in a prompt to
be satisfied simultaneously, whereas instruction-level accuracy scores each individual constraint
separately and averages over constraints. Thus, instruction-level scores are expected to be higher
than prompt-level scores. Strict scoring applies the original verifier directly, while loose scoring
applies light normalization such as lowercasing, whitespace cleanup, and simple punctuation handling
before verification. The OLMES primary scores for IFEval is prompt-level strict and instruction strict
accuracy, which we use as the main target metric in Table 2.

For the reference task, we evaluate MMLU on a fixed held-out 200-item test slice. The chat-format
mode evaluates MMLU as open-ended generation under the same chat template used during fine-
tuning, making it sensitive to whether the fine-tuned model still emits clean single-letter answers
such as A, B, C, or D. The loglikelihood mode instead compares

Pθ(A | prompt), Pθ(B | prompt), Pθ(C | prompt), Pθ(D | prompt)

and selects the answer with maximum probability. This mode is less sensitive to chat-template format-
ting and provides a cleaner estimate of whether the model’s underlying multiple-choice knowledge
has changed. Since the purpose of the reference task is preservation rather than improvement. Values
closest to zero indicate the least off-target movement from the base model.

D.4 Ablation Studies

D.4.1 Different selection budgets

We provide the results of Setting 4 with two selection budgets: 5% and 15% of the full candidate
pool in Figure 14 for IFEval (target task) and Figure 15 for MMLU (off-target task). Because the
target pool is extremely small, with only about 50 IFEval examples, DSIR is particularly brittle
in this setting. From Table 1, we know only 22% of candidates fall in Qclean and 26% in Qent,
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Figure 14: Relative change of IFEval performance compared to the base model. Bar heights are the
means and error bars indicate one standard deviation across three seeds. The lighter bar corresponds
to a 5% selection budget and the darker bar to a 15% budget.

Figure 15: Relative change of MMLU log likelihood of correct answers on the held-out 200 questions
compared to the base model: Panels show the 0-shot setting (left) and 5-shot setting (right). The
lighter bar corresponds to a 5% selection budget and the darker bar to a 15% budget.

so fewer than half of the FLAN examples have positive target alignment, while the majority are
either reference-only or misaligned. Figure 16 also provides evidence that instruction-tuning on the
candidate pool and target are substantially entangled: many target-beneficial examples also have
positive reference cost (Qent), so improving IFEval comes at the cost of MMLU-sensitive directions.

Under this setting, SAFE-DRIFTconcentrates on the highest-scoring target-beneficial examples at the
5% budget, while at 15%, SAFE-DRIFTselects some weakly target-aligned or reference-entangled
examples, diluting the target update and preserving its behavior on the reference task. Comparing
with LESS, SAFE-DRIFTgives a more favorable target–reference trade-off and attains more target
gains. Random and Prismatic selects a broader subset from the candidate distribution, and they also
select many entangled directions that result in MMLU preservation comparable to SAFE-DRIFT.
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Figure 16: Reference-subspace entanglement diagnostics for Setting 4. We draw the density of ρE and
ρsafe from (28) with KR = 128, and K = 160. The dashed line marks the dimension-ratio baseline
KR/K = 128/160 = 0.8; values above this line indicate stronger-than-uniform concentration in
reference-sensitive directions.

Figure 17: Ablation on the low-rank basis size (KR,KT ) for SAFE-DRIFT on Setting 1. Left and
center panels show change in HumanEval pass@1 and pass@10 relative to the base model; right
panel shows change in StereoSet score relative to the base model.

D.4.2 Different choices of rank KR and KT

We ablate over three low-rank settings (KR,KT ) ∈ {(128, 32), (256, 64), (512, 128)} for SAFE-
DRIFT on Setting 1, with results shown in Figure 17 for selection budget 15%. SAFE-DRIFT is robust
to the choice of (KR,KT ): all three variants achieve competitive HumanEval pass@1 and pass@10
rates, and all produce smaller changes in StereoSet score than most baselines. One thing to note
is that the basis (KR,KT ) = (512, 128) achieves the smallest off-target drift. This suggests that a
larger basis can be beneficial when more candidates are available, but the gains are modest and all
three settings consistently outperform the baselines on the reference metric.

Figure 18 further shows the cumulative reference drift DR and cumulative validation gain over
training steps for all methods at both budgets. SAFE-DRIFT variants achieve lower cumulative
reference cost at (KR,KT ) = (128, 32), (512, 128) than baselines at comparable or higher validation
gain, confirming that the selection criterion successfully trades reference cost for target gain rather
than optimizing either in isolation.

D.4.3 Using reference-induced norm vs Euclidean norm in the selector.

We evaluate the effect of using the reference Fisher-induced norm and the Euclidean norm in the data
selection objective in Eq. (7). We present results for the MedQA and Esconv datasets corresponding
to Setting 2 and 3 (see Table 1). We report metrics on the target and reference tasks with varying
off-target drifts ρ (Figures 21 and 19), and visualize the selected gradients (Figures 22 and 20).
Overall, we see that selecting data points in the Euclidean geometry yields worse performance in
controlling the off-target grid: we consistently see that, in the Euclidean geometry, selected gradients
have high projections along the reference geometry, irrespective of the value of ρ. By contrast,
selecting points in the reference geometry yields a stronger sensitivity to higher off-target costs.
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Figure 18: Cumulative reference drift, DR = ∆θ⊤F̂
(KR)
R ∆θ and cumulative validation gain

−∆θ⊤b̂
(K)
tar over training steps.

Figure 19: MedQA experiment (Setting 2): Geometry. Why is there no MedQA accuracy reported
here? Also, there are added reference datasets—need explanation.

D.4.4 Effect of the optimizer preconditioner

We evaluate the effect of the optimizer-induced preconditioner P. Our framework allows different
choices of P, including the identity preconditioner corresponding to SGD-style updates and an
Adam-style diagonal preconditioner estimated from warm-up gradients. This ablation tests whether
the observed behavior of SAFE-DRIFTdepends critically on using the Adam preconditioner.

Figure 3 and figures 23-25 show that the best preconditioner varies across settings. Adam performs
better in Setting 3, while SGD is more conservative on several Setting 2 reference metrics. This is
expected because the preconditioner changes the effective update induced by each selected example.
Importantly, both variants retain the same qualitative target-reference trade-off, suggesting that
SAFE-DRIFTis not tied to a single optimizer approximation. In practice, we recommend using the
preconditioner that matches the downstream fine-tuning optimizer.
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Figure 20: MedQA experiment (Setting 2): Selected Gradients.

Figure 21: Esconv experiment (Setting 3): Geometry.

D.5 Comparison Against Behavior-Preservation Baselines

[inline]Add comment on table 3 We provide the complementary results of replay-based methods of
DSIR, LESS, and Prismatic of Section 3.1 in Table 3. We additionally experiment with augmenting
the reference KL-divergence penalty to the SFT loss:

LSFT(θ) + λ Ex∼R

[ 1

|x|
∑
t

DKL

(
pθ0(·|x<t)∥pθ(·|x<t)

)]
,

and sweep over λ ∈ [0, 0.01, 0.1, 1] and select the best λ on a validation set using the geometric
mean of target and reference performance.

Rehearsal moves every baseline in the wrong direction on both axes as the replay fraction grows from
10% to 20%: target performance falls while realized off-target drift rises. The KL penalty behaves as
intended—across positive λ, the Spearman correlation with held-out KL DKL is −0.949 and −0.896
for LESS and Prismatic in Setting 2, and −0.949 for both in Setting 3—but stronger regularization
generally reduces or fails to improve target accuracy. In Setting 2 regularized Prismatic preserves
reference accuracy more effectively while SAFE-DRIFTmore than halves the reference drift of DSIR
at comparable target gain, so the two occupy different points on the same trade-off rather than one
dominating the other. In Setting 3 validation selects λ = 0 for both methods, consistent with that
setting’s low entanglement, and SAFE-DRIFTachieves better and more stable reference accuracy.
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Figure 22: Esconv experiment (Setting 3): Selected Gradients.

Figure 23: MedQA experiment (Setting 2), Why is there no MedQA accuracy reported here? Also,
there are added reference datasets—need explanation.

D.6 Robustness Across Base Models

We repeat Setting 1 across two model families and five configurations—Qwen2.5 at 1.5B, 3B and
7B, and OLMo-2 at 7B and 13B—at a 15% selection budget with three seeds. Table 4 reports
the full numbers summarized in Figure 2(a–c), including fine-tuning on the full candidate pool.
SAFE-DRIFTattains the lowest predicted drift DR in every configuration, reducing DR by 10.2–
18.0% and DKL by 31.1–60.0% relative to full-data fine-tuning. Realized drift DKL is less uniform:
SAFE-DRIFTis lowest at Qwen2.5-1.5B and OLMo-2-13B, and competitive but not best elsewhere.
Target performance shows a similar split, with SAFE-DRIFTleading on the smaller Qwen models
but not the larger ones—trading target gain for drift control where the target directions are entangled
with the reference geometry.

D.7 Choosing the Drift Budget ρ

The drift budget ρ is the main user-facing control in SAFE-DRIFT: tighter budgets avoid high-
cost reference directions, looser ones let the selector pursue target gain. Section 3.1 sweeps ρ
over {10−5, 10−2, 100} in Setting 2; Table 5 reports rank correlations over a larger sweep of nine
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Figure 24: Esconv experiment (Setting 3): Selected Gradients.

Figure 25: Esconv experiment (Setting 3): Selected Gradients.

hyperparameter configurations in Setting 2 and eighteen in Setting 3, five seeds each. Increasing
ρ reliably raises target accuracy (Spearman correlation 0.753 and 0.672), but its association with
reference drift reverses sign between settings: 0.483 in Setting 2, where a looser budget costs
reference accuracy, against −0.735 in Setting 3, where it improves both axes at once (Figure 26). ρ is
thus a trade-off parameter, not a universally monotone regularizer. The sweep also confirms that the
surrogate the selector constrains tracks the drift actually incurred as the budget moves: DR and DKL

correlate at ρs = 0.967 and 0.670.

Figure 26: Effect of ρ in ESconv (Setting 3)
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(a) Rehearsal (replay) baselines — Setting 1

Method Replay % ∆ HumanEval@1 ↑ ∆ HumanEval@10 ↑ Held-out KL ↓
DSIR 10 0.0516± 0.0096 0.1362± 0.0040 0.0190± 0.0030
DSIR 20 0.0429± 0.0108 0.1260± 0.0090 0.0223± 0.0007
LESS 10 0.0217± 0.0056 0.0870± 0.0090 0.0152± 0.0017
LESS 20 0.0243± 0.0082 0.0995± 0.0153 0.0181± 0.0028
Prismatic 10 0.0185± 0.0009 0.0793± 0.0060 0.0197± 0.0020
Prismatic 20 0.0134± 0.0038 0.0750± 0.0130 0.0230± 0.0040
SAFE-DRIFT 0 0.115± 0.004 0.264± 0.031 0.0127± 0.0006

(b) KL-regularized selection baselines — Settings 2 and 3

Setting Method Selected λ ∆ test target ↑ ∆ test reference ↑ Eval KL ↓

2

DSIR — +3.59± 2.04 −8.10± 3.58 4.210± 0.528
LESS λ = 0.1 +2.08± 0.60 +0.73± 1.26 1.974± 0.224
Prismatic λ = 1 +2.99± 1.63 +0.89± 2.07 1.534± 0.025
SAFE-DRIFT — +3.36± 1.42 −3.50± 3.24 4.003± 0.467

3

DSIR — +4.65± 1.18 +57.97± 7.15 0.317± 0.025
LESS λ = 0 +6.77± 1.18 +64.58± 7.59 0.368± 0.039
Prismatic λ = 0 +4.55± 0.97 +61.46± 3.85 0.364± 0.023
SAFE-DRIFT — +4.51± 1.10 +65.16± 2.63 0.391± 0.011

Table 3: Comparison against behavior-preservation baselines. (a) Rehearsal: reference examples,
drawn from the Fisher-estimation split and disjoint from the drift-evaluation set, are mixed into
training at 10% and 20% of the budget. SAFE-DRIFT never trains on the reference set. (b) LESS and
Prismatic augmented with a reference KL penalty with λ chosen on validation set by the geometric
mean of target and reference accuracy. We show means and standard deviations of differences from
each setting’s base-model. To me, the benefits of SAFE-DRIFTcompared to baselines are not clear
here. The reference side metrics are generally worse. What do "reference side metrics" mean?

Model Evaluation Random DSIR LESS Prismatic SAFE-DRIFT Full Data

Qwen2.5-1.5B
HumanEval pass@1 ↑ 0.128± 0.023 0.133± 0.003 0.157± 0.083 0.165± 0.018 0.283± 0.020 0.327± 0.010
Ref. Fisher cost ↓ −5.58± 0.04 −5.06± 0.06 −5.48± 0.06 −5.64± 0.04 −6.29± 0.04 −5.60± 0.05
Held-out ref. KL ↓ 0.0049± 0.0001 0.0055± 0.0006 0.0057± 0.0005 0.0044± 0.0001 0.0044± 0.0003 0.0110± 0.0001

Qwen2.5-3B
HumanEval pass@1 ↑ 0.162± 0.028 0.175± 0.032 0.193± 0.017 0.129± 0.049 0.242± 0.053 0.248± 0.026
Ref. Fisher cost ↓ −6.16± 0.03 −5.65± 0.06 −6.13± 0.03 −6.22± 0.01 −6.89± 0.03 −6.25± 0.06
Held-out ref. KL ↓ 0.0031± 0.0003 0.0038± 0.0004 0.0042± 0.0008 0.0031± 0.0001 0.0036± 0.0002 0.0091± 0.0008

Qwen2.5-7B
HumanEval pass@1 ↑ 0.117± 0.041 0.089± 0.045 0.180± 0.055 0.103± 0.053 0.159± 0.044 0.269± 0.040
Ref. Fisher cost ↓ −6.89± 0.02 −6.41± 0.04 −6.81± 0.02 −6.89± 0.02 −7.62± 0.03 −6.88± 0.13
Held-out ref. KL ↓ 0.0038± 0.0003 0.0038± 0.0002 0.0039± 0.0006 0.0030± 0.0004 0.0037± 0.0001 0.0076± 0.0010

OLMo-2-7B
HumanEval pass@1 ↑ 0.130± 0.023 0.148± 0.021 0.117± 0.026 0.135± 0.013 0.125± 0.033 0.123± 0.010
Ref. Fisher cost ↓ −5.98± 0.08 −5.38± 0.06 −5.72± 0.13 −5.90± 0.08 −7.05± 0.15 −5.95± 0.07
Held-out ref. KL ↓ 0.0106± 0.0021 0.0110± 0.0005 0.0098± 0.0006 0.0129± 0.0031 0.0127± 0.0006 0.0209± 0.0021

OLMo-2-13B
HumanEval pass@1 ↑ 0.180± 0.043 0.182± 0.029 0.154± 0.025 0.194± 0.036 0.161± 0.031 0.185± 0.029
Ref. Fisher cost ↓ −6.88± 0.17 −6.23± 0.08 −6.71± 0.06 −6.69± 0.10 −7.95± 0.07 −6.83± 0.07
Held-out ref. KL ↓ 0.0097± 0.0013 0.0097± 0.0027 0.0087± 0.0011 0.0095± 0.0010 0.0084± 0.0013 0.0122± 0.0012

Table 4: Base model ablation (Setting 1). Two model families and five configurations; 15% selection
budget and following configurations in Table 1. We measure reference Fisher cost DR and the
held-out reference KL DKL, each corresponding to predicted and realized off-target drift. Bold
denotes the best selection method per row; “Full Data” is shown for reference and not ranked.

This suggests two ways to set ρ. Under a fixed budget it is read directly as a rough upper bound on the
increase in probability of any undesirable output, and chosen from the drift the practitioner is willing
to accept. Under a data-driven budget it is tuned as an ordinary hyperparameter on validation target
and drift sets, revealing what a given ρ actually buys on that dataset and optimizer. We recommend
the latter whenever a validation drift set is available, since the entanglement of the setting—not the
nominal value of ρ—determines the cost of the budget.
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Setting Optimizer Hyperparam.
configs

Seeds
per cell

ρ vs.
target

ρ vs.
ref. drift

Target vs.
ref. drift

DR vs.
DKL

Setting 2 Adam 9 5 0.753 0.483 0.561 0.967
Setting 3 Adam 18 5 0.672 −0.735 −0.820 0.670

Table 5: Spearman rank correlations for the drift budget ρ. Reference drift in the ρ and target
columns is Dtask, the difference in reference task accuracy between the base and fine-tuned model.
The negative Setting 3 correlations indicate that target and reference accuracy increase together—
consistent with the low target–reference entanglement of that setting. The final column correlates the
predicted drift DR with the realized drift DKL over the same runs.

D.8 Composite Reference Distributions

Composition Method ∆ Target ∆ B ∆ T ∆ K ∆ Ref GM ∆ All-ref GM ∆ KL ↓

B+T

SAFE-DRIFT +0.090 +0.085 −0.105 +0.070 −0.062 −0.032 5.17
Random +0.063 −0.049 −0.107 +0.061 −0.100 −0.065 5.47
DSIR +0.064 −0.054 −0.125 +0.078 −0.117 −0.078 5.49
LESS +0.022 +0.028 -0.100 +0.033 −0.072 −0.049 5.54
Prismatic +0.078 −0.042 −0.107 +0.055 −0.098 −0.065 5.46

B+K

SAFE-DRIFT +0.086 +0.066 -0.093 +0.051 +0.058 −0.031 5.16
Random +0.063 −0.049 −0.107 +0.061 +0.004 −0.065 5.47
DSIR +0.064 −0.054 −0.125 +0.078 +0.009 −0.078 5.49
LESS +0.022 +0.028 −0.100 +0.033 +0.030 −0.049 5.54
Prismatic +0.078 −0.042 −0.107 +0.055 +0.005 −0.065 5.46

T+K

SAFE-DRIFT +0.094 +0.046 −0.103 +0.063 −0.066 −0.041 5.29
Random +0.063 −0.049 −0.107 +0.061 −0.069 −0.065 5.47
DSIR +0.064 −0.054 −0.125 +0.078 −0.083 −0.078 5.49
LESS +0.022 +0.028 −0.100 +0.033 −0.070 −0.049 5.54
Prismatic +0.078 −0.042 −0.107 +0.055 −0.071 −0.065 5.46

B+T+K

SAFE-DRIFT +0.078 +0.038 −0.098 +0.020 −0.048 −0.048 5.13
Random +0.063 −0.049 −0.107 +0.061 −0.065 −0.065 5.47
DSIR +0.064 −0.054 −0.125 +0.078 −0.078 −0.078 5.49
LESS +0.022 +0.028 −0.100 +0.033 −0.049 −0.049 5.54
Prismatic +0.078 −0.042 −0.107 +0.055 −0.065 −0.065 5.46

Table 6: Composite reference distributions (Setting 2). B = BBQ, T = TruthfulQA, K = MMLU
(non-medical knowledge). Each composition names the reference tasks used to construct the SAFE-
DRIFT constraint; omitted tasks are still evaluated but not protected. All compositions optimize the
same target (MedQA accuracy). ∆ Ref GM is the geometric mean of accuracies over the protected
reference tasks; ∆ All-ref GM is the geometric mean over all three. Why are the values for Random,
DSIR, LESS, Prismatic all the same across composition? Because the mixture characterizes the
reference distribution. There is no reference in DSIR, etc

Question—see Table 6 SAFE-DRIFTconstrains drift on a reference distribution that the practitioner
specifies, so it is safe with respect to the failure modes named in that reference rather than universally
safe. A natural question is whether the method degrades when the reference is made more complex.
We therefore rerun Setting 2 with the reference constructed from several benchmarks at once: writing
B for BBQ, T for TruthfulQA and K for MMLU (non-medical knowledge), we protect B+T,
B+K, T+K and all three jointly. Every composition optimizes the same target (MedQA accuracy);
benchmarks omitted from a composition are still evaluated but not protected.

Table 6 reports the results. Across all four compositions SAFE-DRIFTattains the lowest drift on
the protected tasks and the lowest reference KL, and performance is not smothered as the reference
grows: the target gain falls only from +0.090 under the smallest composition to +0.078 under the
largest. The gain also transfers to reference tasks that are not protected, as measured by the geometric
mean over all three benchmarks, suggesting that the reference Fisher geometry estimated from a
subset of benchmarks captures directions shared with the others.
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Setting Block 1 8 32 64 128 256 512 1024

Setting 1 Reference 0.133 0.257 0.414 0.525 0.654 0.794 0.924 1.000
Task/candidate 0.074 0.258 0.488 0.627 0.748 0.823 0.885 0.937

Setting 3 Reference 0.234 0.443 0.685 0.847 1.000 — — —
Task/candidate 0.118 0.279 0.448 0.564 0.704 0.862 0.9999 —

Table 7: Cumulative spectral energy (squared singular-value energy) as a function of rank, mean
over three seeds. The approximation error of the top-K truncation of the reference Fisher and target
gradient is controlled by the spectral tail, so these curves bound the missing reference cost and are
necessarily dataset dependent.

Update Test MedQA accuracy Test reference accuracy

LoRA 44.30%± 1.42% 36.76%± 3.58%
Full SFT 37.50%± 3.87% 38.92%± 2.42%

Table 8: LoRA versus full supervised fine-tuning (Setting 2).

D.9 Quality of the Low-Rank Approximation

The reference Fisher and target gradient are represented in a shared low-rank basis, which is used only
to score and select candidates—it does not constrain the fine-tuning update itself. Its approximation
error is governed by the spectral tail: the missing reference cost after truncating F̂R at rank KR is
bounded by the energy discarded, so the quality of the approximation is dataset dependent.

Table 7 reports cumulative squared singular-value energy as a function of rank, averaged over three
seeds. At the ranks used in the paper, Setting 1 retains 92.4% of reference energy at KR = 512 and
74.8% of task energy at KT = 128. In Setting 3 the target is computed over 128 reference and 512
task/candidate examples, which is why the curves plateau at those ranks. Results are stable to the
truncation: across hyperparameter values in Setting 3, the Pearson correlation between results at the
two rank settings we tested is 0.978 over seed-averaged means, and Appendix D.4.2 shows the same
stability in Setting 1. Consistent with the synthetic study of Section ??, tasks with flatter gradient
spectra require substantially larger rank, while tasks whose spectrum concentrates on a few directions
are almost unaffected by the truncation.

D.10 LoRA Versus Full Supervised Fine-Tuning

LoRA defines the trainable parameter space throughout our experiments, because it has become
the dominant approach to practical parameter-efficient instruction tuning. There is no conceptual
obstacle to running SAFE-DRIFTover a full SFT parameterization—only a computational one, since
per-example gradients must then be formed in the full parameter space.

Table 8 compares the two on Setting 2. The LoRA parameterization yields higher target accuracy
while the full update controls the reference distribution better, which is consistent with the larger
update subspace giving the drift constraint more directions in which to place the update.

D.11 Computational Cost

SAFE-DRIFThas two computational bottlenecks. The first is per-example gradient construction over
the candidate pool, which scales linearly in NC and is equally required by LESS and Prismatic; the
second is the low-rank estimation of the reference Fisher and target gradient, whose marginal cost is
small by comparison. For large candidate pools the pool can be subsampled before selection, and for
large models LoRA keeps the per-example gradients tractable.

Table 9 reports instrumented FLOP counts for every method and setting. Because the gradient
construction is shared, SAFE-DRIFTincurs identical selection FLOPs to LESS and Prismatic; the
drift constraint itself is not what makes gradient-based selection expensive. For all gradient-based
selectors, selection rather than training dominates total compute, accounting for 82.7–97.6% of total
FLOPs across settings.
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Setting Model Method Select FLOPs Train FLOPs Total FLOPs Select share Runs

Setting 1

OLMo-2-7B

Random 0 7.24× 1015 7.24× 1015 0.0% 3
DSIR < 108 4.13× 1015 4.13× 1015 < 0.1% 3
LESS 5.54× 1016 6.05× 1015 6.14× 1016 90.2% 3
Prismatic 5.54× 1016 7.74× 1015 6.31× 1016 87.7% 3
SAFE-DRIFT 5.54× 1016 1.16× 1016 6.70× 1016 82.7% 3

OLMo-2-13B

Random 0 1.39× 1016 1.39× 1016 0.0% 3
DSIR < 108 7.92× 1015 7.92× 1015 < 0.1% 3
LESS 1.06× 1017 1.30× 1016 1.19× 1017 89.1% 3
Prismatic 1.06× 1017 1.48× 1016 1.21× 1017 87.8% 3
SAFE-DRIFT 1.06× 1017 2.19× 1016 1.28× 1017 82.9% 3

Setting 2 OLMo-2-7B-Instruct

Random 0 3.056× 1015 1.122× 1016 0.0% 5
DSIR 4.865× 107 3.560× 1015 1.172× 1016 < 0.1% 5
LESS 1.219× 1017 3.568× 1015 1.337× 1017 91.2% 5
Prismatic 1.219× 1017 3.035× 1015 1.331× 1017 91.6% 5
SAFE-DRIFT 1.219× 1017 1.625× 1015 1.281× 1017 95.2% 5

Setting 3 OLMo-2-7B-Instruct

Random 0 4.420× 1015 1.586× 1016 0.0% 5
DSIR 1.054× 108 2.951× 1015 1.439× 1016 < 0.1% 5
LESS 4.988× 1017 5.405× 1015 5.156× 1017 96.7% 5
Prismatic 4.988× 1017 4.371× 1015 5.161× 1017 96.6% 5
SAFE-DRIFT 4.988× 1017 3.006× 1015 5.108× 1017 97.6% 5

Table 9: Full compute analysis. All runs use Adam with LoRA. “Select share” is the fraction of total
FLOPs spent on data selection.
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