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Abstract

Fine-tuning large language models on do-
main data is a standard practice, yet vanilla
pipelines rely on a costly data mixture sweep to
avoid catastrophic forgetting of general capabil-
ities. We propose Dynamic Anchor Annealing
(DAA), a full-parameter fine-tuning framework
that decouples general and domain learning at
the gradient level rather than at the data level.
DAA estimates a global gradient anchor once
on general data through zero learning rate train-
ing, anchors the domain gradient toward this
anchor during fine-tuning, modulates step sizes
by the cosine similarity between the two gradi-
ents, and combines this with annealing learn-
ing. Under this design, fine-tuning relies solely
on domain data and does not lose general ca-
pability. Across four domains and three base
models, DAA improves the joint domain and
general harmonic mean by 12.5 points on av-
erage over direct fine-tuning and by 3.8 points
over vanilla data mixture fine-tuning, and the
margin widens to 66.9 points on a temporal out-
of-distribution setting where direct fine-tuning
collapses. Our headline 91% reduction in GPU
hours is a workflow level saving from remov-
ing the mixture ratio sweep rather than a per
run speedup, since the per run cost of DAA is
comparable to direct fine-tuning.

1 Introduction

Large Language Models (LLMs) show significant
promise in various applications due to their abil-
ity to understand and generate human-like text.
Fine-Tuning (FT) LLMs on domain-specific tasks
has become a common approach to enhance their
performance in targeted applications (Yang et al.,
2023; Zhou et al., 2024; Chen et al., 2024; Huang
et al., 2023). However, empirical evidence sug-
gests that fine-tuned LLMs frequently demonstrate
significant degradation of their original perfor-
mance (Chen et al., 2020; Luo et al., 2023; Lin
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et al., 2023; Korbak et al., 2022). Therefore, mit-
igating catastrophic forgetting during fine tuning
has become a crucial focus for LLMs. We term
this phenomenon collapse, defined as a sharp drop
in general task accuracy after domain fine tuning
(Tab. 1, row 1).

Method NoData No Repeated Reduce No

Mixture Exps Cost  Collapse
Direct FT v v v X
Vanilla FT X X X v
LoRA-like FT v X v 4
DAA (Ours) v 4 4 4

Table 1: Comparison of methods. Repeated Exps in-
dicates the method requires a per domain search over
data mixture ratios to achieve optimal results; DAA’s
single scalar kj is fixed by a closed form rule and is not
searched per domain. Collapse means losing generaliza-
tion.

Data Mixture (DM) strategy was the basic and
vanilla solution (Wen et al., 2023; Wu et al., 2023;
Zhang et al., 2024a; Wu et al., 2024; Held et al.,
2025) to solve catastrophic problem. It combines
general and domain-specific data in fine-tuning
datasets to mitigate forgetting of general capabil-
ities. Due to the coupling between data from dif-
ferent domains, each fine-tuning requires repeated
experimentation to adjust the data mixture in or-
der to achieve satisfactory performance (Tab. 1,
row 2). As shown in Fig. 1, the effectiveness
of DM heavily depends on the mixing ratio, ne-
cessitating extensive empirical validation to deter-
mine optimal proportions for each domain. Alter-
native approaches, such as Low-Rank Adaptation
(LoRA) (Hu et al., 2021; Yang et al., 2023; Cui
et al., 2023), have demonstrated some success in
preserving general capabilities, yet they face inher-
ent limitations in achieving peak domain-specific
performance (Tab. 1, row 3). This ad-hoc process
of data mixing is not only computationally pro-
hibitive but also lacks scalability, as the optimal
ratio for one domain rarely transfers to another.
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Figure 1: Comparison between vanilla and DAA. [*] is the part that users need to perform in SFT.

Consequently, an ideal fine-tuning framework must
decouple domain adaptation from the costly cycle
of data mixture experiments, while still effectively
balancing specialization with the preservation of
general knowledge.

To address the above challenges, we propose
Dynamic Anchor Annealing (DAA), a stream-
line fine-tuning framework that eliminates the re-
quirement for data mixture and the per domain
mixture ratio sweep it entails. Throughout this
paper, no repeated experiments refers specifically
to removing this per domain sweep. DAA re-
tains a single scalar hyper-parameter kg, which
is set once by the closed form rule kg < 1/T
and transfers across domains and base models
without retuning (Sec. 4.4). First, to effectively
isolating the contributions of general-domain and
domain-specific data, we propose Global Gradi-
ent Anchoring (GGA). Here, Anchoring refers
to augmenting the domain-specific gradient with a
pre-computed global one. This method initially
estimates the global gradient in the general do-
main through zero-learning-rate learning. During
fine-tuning, the global gradient is used as guid-
ance, combined with annealing learning, to miti-
gate catastrophic forgetting. Second, to achieve
global optimal performance in specifics, we pro-
pose a domain similarity-guided Dynamic Correc-
tion (DC) strategy. This adaptive parameter update
strategy modulates the optimization steps based on
the gradient similarity between specific and gen-
eral domains. It is important to emphasize that
the fundamental goal of DAA extends beyond the
reduction of fine-tuning expenses to specifically ad-
dress the mitigation of catastrophic forgetting. The
efficiency of this method emerges as a significant
inherent benefit of its design, as it delivers com-
parable or superior performance while avoiding
the substantial costs associated with data mixture

search. As demonstrated in Tab. 1, DAA achieves
superior performance compared to conventional
fine-tuning approaches, while significantly reduc-
ing workload by eliminating the need for data mix-
ing and repeated experiments. Our contributions
are summarized as follows:

* We explore the impact of data mixture on both
fine-tuning performance and workload, and
propose new fine-tuning schemes.

* We propose DAA, a novel training framework
designed to efficiently fine-tuning by gradient-
based domain decoupling and similarity-
guided adaptation.

* We conduct empirical evaluations across var-
ious tasks, demonstrating that our method
effectively balances domain-specific perfor-
mance while maintaining general capabilities
with low workload.

2 Motivation

2.1 Related Work

Recent fine-tuning approaches (Xie et al., 2023;
Zhang et al., 2023b; Bao et al., 2023; Yue et al.,
2023; Chen et al., 2024; Zhou et al., 2024; Yang
et al., 2023; Cui et al., 2023) aim to balance do-
main adaptation with the mitigation of catastrophic
forgetting. Direct fine-tuning (Xie et al., 2023;
Zhu et al., 2024) is cost-effective but prone to col-
lapsing general capabilities. LoRA (Yang et al.,
2023; Chen et al., 2023; Cui et al., 2023) reduces
computational overhead but often underperforms
full-parameter tuning in specific domains. Vanilla
fine-tuning with data mixtures (Bao et al., 2023;
Yue et al., 2023; Chen et al., 2024; Deng et al.,
2023) offers a balanced performance trade-off;
however, it incurs substantial experimental costs.
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Figure 2: Overview of Dynamic Anchor Annealing. Our approach consists of two stages. In the first stage, global
gradient is estimated in the general domain through zero-learning-rate learning, which serves as an independent
preprocessing stage. In the second stage, the fine-tuning step, global gradient anchors the specific gradient to
preserve general capability, while the similarity between global and specific gradients adaptively determines the
parameter update magnitude. The learning rate with annealing strategy suppresses degradation.

Determining optimal mixing ratios is domain-
dependent (Wen et al., 2023), and the data volume
scales quadratically. Specifically, sweeping ratios
from 1 : 1 through 1 : N results in a complexity
of "N (14 n) = O(N?) relative to the domain
dataset size. This inefficiency necessitates more
scalable methodologies.

To optimize data mixtures, recent studies employ
Reinforcement Learning (RL) (Wu et al., 2024)
or sample-level curriculum learning (Liang et al.,
2025). While effective, these methods introduce
complex online search dynamics or sample-level
granularity. In contrast, DAA adopts a domain-
level Global Gradient Anchor, abstracting the gen-
eral prior into a stable optimization direction. This
approach prioritizes computational efficiency and
facilitates a streamlined Finetune Once workflow.
Furthermore, unlike gradient surgery and gradi-
ent balancing methods such as PCGrad (Yu et al.,
2020), which stores individual task gradients and
thus incurs prohibitive memory costs at LLM scale,
and GradNorm (Chen et al., 2018), which requires
per-task backward passes and an auxiliary opti-
mization over loss weights at every step, DAA uti-
lizes a memory-efficient, pre-computed global an-
chor to mitigate forgetting. DAA is also distinct
from regularization-based anti-forgetting methods
such as L2-SP (Li et al., 2018), which penalizes
the distance to the pretrained weights isotropically
and thus persistently constrains directions that are
useful for domain learning. DAA instead con-
strains only the update direction, engages the an-
chor where the domain and general gradients con-
flict, and anneals its pull to zero, leaving the final

optimum determined by the domain gradient.
Theoretically, our setting aligns with single-task
Continual Learning (CL), where a model adapts to
an instruction task while preserving pre-trained ca-
pabilities. This differs fundamentally from Multi-
Task Learning (MTL). While MTL typically ad-
dresses imbalances between competing specific
tasks or cross-domain transfer (Sener and Koltun,
2018; Liu et al., 2019), DAA addresses the tension
between the massive general prior and the smaller
target dataset. By explicitly regulating this imbal-
ance via the Global Gradient Anchor and decay
coefficient v;, DAA ensures general-to-specific re-
tention, thereby avoiding the negative transfer often
observed in disjoint domain optimization.

2.2 Role of Gradient in fine-tuning

During stochastic optimization, gradient vari-
ance strongly affects convergence and generaliza-
tion (Gurbuzbalaban et al., 2021). High gradient
variance slows the convergence of stochastic op-
timization (Ghadimi and Lan, 2013; Johnson and
Zhang, 2013), and heterogeneous or noisy training
samples are known to be a major source of such
variance (Agarwal et al., 2022; Xia et al., 2024),
which can hinder domain adaptation. We provide
qualitative and quantitative analyses of fine-tuning
across general and specific domains and expose
drawbacks of multi domain optimization.

First, to qualitatively analyze the divergence
in convergence trajectories between general and
specific domains, we visualize the loss landscape
following the interpolation methodology of Lu-
cas et al. (2021), constructing a two-dimensional
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Figure 3: Qualitative and quantitative analysis result of general and specific domain.

slice via orthogonalized interpolation between the
Qwen3-1.7B (Yang et al., 2025) base weights 6,
and the fully fine-tuned weights 6 exhibits a tor-
tuous path characterized by numerous local op-
tima, whereas the specific news QA domain demon-
strates a more stable trajectory with fewer optima,
suggesting that general domain training may im-
pose constraints on domain-specific fine-tuning.

Second, employing stochastic optimization
methodology (Ghadimi and Lan, 2013) to ana-
lyze average gradient norms and the gradient noise
scale (McCandlish et al., 2018) on 1,000 sampled
instances, we observe in Fig. 3 that the general do-
main exhibits nearly twice the noise scale of the
specific domain. Since such disparities and gra-
dient conflicts in multi-domain optimization are
known to degrade efficiency (Yu et al., 2020; Had-
sell et al., 2020; Liu et al., 2021), we draw upon
prior approaches like projection removal (Yu et al.,
2020) and automatic balancing (Liu et al., 2021)
to propose a mechanism that balances specific and
general domain gradients, thereby preserving gen-
eralization while effectively learning specific do-
main distributions.

3 Method

In this section, we formally introduce the Dy-
namic Anchor Annealing (DAA) illustrated in
Fig. 2, which is based on annealing learning. It
is worth to note that DAA is a full-parameter fine-
tuning framework in which decoupling refers to
the optimization-level separation of general and
domain-specific signals within the gradient space
rather than the division of model components. Ini-
tially, the global gradient is independently esti-
mated in the general domain through zero-learning-
rate learning. During the fine-tuning stage, DAA
anchors the gradient to preserve the general capa-
bility. Subsequently, the similarity between the

global gradient and specific gradient adaptively se-
lects the magnitude of parameter update. Finally,
the learning rate with the annealing strategy sup-
presses degradation effectively.

3.1 Global Gradient Anchoring

The global gradient serves as a stable optimization
anchor. Our design is motivated by two key factors.
1) Variance Reduction. g acts as a low-variance
regularizer for the high-variance domain gradient
gD, preventing severe oscillations (see Eqn. 4).
2) Trajectory Smoothing. As shown in Fig. 3, go
points towards regions of good generalization, help-
ing the optimizer bypass poor local optima in the
general domain landscape.

The term Anchoring is metaphorical. We an-
chor or augment the domain-specific gradient at
each step with this pre-computed stable anchor.
This approach is distinct from traditional Gradient
Boosting Machines.

In the joint learning of general and specific do-
mains, the gradient is a weighted sum of the general
gradient and the specific gradient, with weights de-
termined by the data mixing ratio A, that is:

gmt = Aggt+ (1 —N)gps. (1)

We define g¢ as a fixed estimator of g¢ ¢ in joint
training to diminish the volatility of the combined
gradient.

9Bt = Yedc + (1 —Y)gp.ts (2)

where y; is the anchoring magnitude. The expecta-
tion and variance of gp ; are given by

Elgp ] = nic + (1 —v)E[gp ], 3)

E(llgs: — Elgsl?
=(1- ’Yt)QE[HgD,t - E[QD,t]Hz] NG
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By fixed gg, we can significantly mitigate the
randomness of parameter update while maintaining
the regularization effect on optimization.

To estimate the global gradient g, according
to the derivation of Adam (Kingma and Ba, 2015),
when the exponential decay rate for the 1% mo-
mentum estimates $; — 1, the momentum mg ;
approximates the expectation of the gradient.

S

go =Elgei] = 5" ;QG,Z’ = ﬁlllgll ma,s. (5)

To derive the global anchor gg, we process the
general domain with a learning rate of zero and
a decay rate 51 — 1, storing the final momen-
tum after s steps. Crucially, this single anchor is
universally applicable across all target domains.
This methodology aligns with LIMA (Zhou et al.,
2023) by prioritizing data diversity and quality over
quantity. Provided the general dataset possesses
sufficient diversity, the direction of gg stabilizes,
indicating that massive datasets are not strictly nec-
essary for robust anchoring.

We refer to this method as Global Gradient An-
choring (GGA). The stored mg from the general
domain supplies a stable guidance signal during
specific domain optimization and steers updates
toward a joint optimum. As shown in Fig. 4,
GGA markedly reduces gradient norm and loss,
especially early in fine-tuning, which indicates im-
proved training stability on the specific domain
with preservation of general capability.

The anchoring magnitude can be adapted over
training. We set vz = kg (1 — %), so that the
model increasingly emphasizes the specific domain
near the end of fine tuning. Accounting for expo-
nential averaging in Adam (Kingma and Ba, 2015),
the exponential average of vym yields an effective
coefficient a:

t—1 ¢

ar = ko <1 — t>+k051 (1 B+t ; 1)61)
T T(1- B1)(1 - BY)

(6)

The nonlinear term is monotonically increasing
kopr(1—tB] " +(t—1)B%)

T(1-p1)(1-By)

the cumulative contribution of the global gradient

should be comparable across domains, it suffices
to choose kg inversely proportional to 7. With
T > ko, the nonlinear term becomes negligible
and we use the approximation oy ~ kg (1 — %)
This schedule is simple to implement and robust.
Hyperparameter details and sensitivity analyses are
provided in the appendix Sec. A.

. Since

and is bounded by

For deployment efficiency, storing m¢ in 32 bit
precision is memory intensive. We therefore apply
singular value decomposition to m¢ and retain a
rank r = 512 approximation. During training,
we reconstruct the low rank estimate of the global
gradient and add it to each step. This saves memory
and emphasizes the most informative components
of the global signal.

Why a fixed anchor remains valid. The fixed
anchor design is consistent with three established
formulations. First, it aligns with trust region
or shrinking step regularization, as the annealing
schedule ensures that ||§; — 0| < n§T/2. Sec-
ond, it utilizes gradient space anchoring toward a
fixed reference similar to L2-SP (Li et al., 2018).
Third, it incorporates staleness tolerance compa-
rable to SVRG (Johnson and Zhang, 2013) under
Lipschitz V Lg. Furthermore, the annealing weight
v+ — 0 approaching zero attenuates any residual
mismatch in late training. Empirically, the simi-
larity cos(ga, g (0:)) stays above 0.9 throughout
fine tuning, as detailed in the Appendix Sec. L.
Why the anchor does not induce suboptimal con-
vergence. A related concern is whether a fixed
anchor can pull the model into an anchor induced
minimum under a non-convex domain loss. Three
properties make this structurally unlikely. First, the
anchor is a decaying soft bias rather than a hard
constraint: since vz = ko(1 — t/T") — 0, its influ-
ence vanishes near the end of training and the final
descent direction is governed by the pure domain
gradient. Second, the anchor is gated by conflict.
Dynamic Correction (Sec. 3.2) invokes it primarily
where the domain and general gradients disagree,
so descent along non conflicting domain directions
is never blocked. Third, the resulting optimum
is empirically insensitive to the anchor strength:
across ko € [150/7,300/T1, a 2x range, S stays
within 61.98 to 63.76 (Appendix Tab. 5), which
is inconsistent with convergence being steered by
the anchor. We note that worst case guarantees of
this kind are not available for regularization based
alternatives either, as they would require solving a
global non-convex problem.

3.2 Dynamic Correction

While pre-trained language models benefit from
diverse data, they often underperform on private or
temporally distinct domains. Consequently, apply-
ing uniform adaptation strategies across domains
with varying distributions yields suboptimal results.
To address this, we propose a Dynamic Correction
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Figure 4: Comparative results of global gradient anchoring learning.

(DC) mechanism that modulates the magnitude of
parameter updates based on gradient similarity.
Intuition: direction # step size. A counterintu-
itive design choice in DC is that we take smaller
steps when gp; aligns with g and larger steps
when they are nearly orthogonal. The reason is that
the gradient direction tells us where to move in-
stead of how far. Under high alignment in familiar
domains, the domain knowledge is largely covered
by the base model, meaning large updates risk over-
shooting an already good equilibrium. Conversely,
under low alignment in temporal out of distribution
tasks like News QA, genuinely novel knowledge
requires larger steps to acquire. Fig. 5 demonstrates
that similarity for familiar domains is an order of
magnitude higher than for News QA, and DC trans-
lates this gap into adaptive step sizes.

To quantify the alignment between general do-
main and specific domain, we introduce a gradient
similarity metric based on the L2 norm of the nor-
malized projection of specific gradient gp ; onto
the estimation of the global gradient m:

o = o -gcl -
lopall- Il

where gp; denotes gradients for the specific do-
main at time step ¢, and g represents global gradi-
ent of the general domain. Our empirical analysis
encompasses both familiar domains (finance (Yang
et al., 2023), medicine (Wang et al., 2024a), and
law (Fei et al., 2024)) and a temporally restrictive
domain (news QA, details shown in section 4.2).
As shown in Fig. 5, each domain maintains a char-
acteristic similarity range with the general domain.
Notably, familiar domains exhibit similar magni-
tude, while the unfamiliar domain demonstrates
significantly lower similarity values, differing by
more than an order of magnitude.

Figure 5: Norm of gradient projection.

Leveraging this similarity measurement, we in-
troduce a dynamic correction coefficient:

¢t = St + ¢p, ¢))

where ¢y represents a base coefficient that prevents
excessive parameter updates and potential over-
fitting when similarity values are minimal. We set
co = 0.01 in practice. The parameter update rule
incorporating the dynamic correction is:
i
7 Very + e

3.3 Annealing Learning

In the training of MiniCPM (Hu et al., 2024) and
Llama3 (Grattafiori et al., 2024), Annealing Learn-
ing (AL) is applied at the final stage of pre-training.
Using learning rate with minimal initialization and
decay strategy, LLMs can learn downstream task
knowledge from high-quality domain data without
forgetting. Suppose the conventional initialization
of learning rate is 7o, and 7§ for annealing, the
parameter updates for both schemes are:

t m
Ab = —p (1 L)
! 770( T>\/®7+s

t mye
AR =—1pll— =) ——.
! 770< T>\/17t+6

Via a detailed comparative analysis of Eqn. 10,
we can measure the influence of annealing on the
parameter updates:

20, 80t =~ ) (1- %) 2
(11
As shown in Eqn. 11, annealing effectively sup-
presses the learning of specific domains. Smaller
parameter updates thus reduce the risk of catas-
trophic forgetting. Therefore, we use the annealing
learning scheme in DAA. And we set njj = le™”
in the our current experiment.

NG = )

(10)

57595



3.4 Summary

After integrating the above learning strategies, we
obtain the complete parameter update of DAA:

s = (1)

The integration of GGA, DC and AL facilitates
the adaptation to specific domains while simultane-
ously mitigating forgetting.

#' (12)
CtUBt +e

4 Experiments

4.1 Experiment Settings

We evaluate DAA across finance, medicine, and
law within English and Chinese contexts. The
general-domain training data comprises multi-task
corpora detailed in appendix Sec. B, Tab. 6. We
utilize FinGPT (Yang et al., 2023), CMB (Wang
etal., 2024a), and Fuzi-Mingcha (Deng et al., 2023)
for evaluation. To mitigate benchmark contamina-
tion (Schaeffer, 2023; Jain et al., 2024; Zhang et al.,
2024b), we introduce a temporal out-of-distribution
(OOD) benchmark, News QA (Sec. 4.2). We com-
pare DAA with baselines including direct fine-
tuning, vanilla fine-tuning, LoRA (Hu et al., 2021),
DoRA (Liu et al., 2024), and Galore (Zhao et al.,
2024). Inspired by Wen et al. (2023), who sweep
domain-to-general mixture ratios to locate the best
recipe, vanilla fine-tuning employs three represen-
tative data mixture ratios (specific to general: 1:1,
1:3, 1:5), reporting the optimal performance for
each domain. Validations are conducted on founda-
tional models including Llama3.1-8B (Grattafiori
et al., 2024), Phi4-14B (Abdin et al., 2024), and
Qwen3-8B (Yang et al., 2025).

4.2 News QA Benchmark

We build News QA as a temporal out-of-
distribution factual-verification stress test rather
than a general-purpose generative QA bench-
mark. Its purpose is narrow but well-defined,
given that all evaluated base models were re-
leased with pre-training data ending no later than
May 2025 (Grattafiori et al., 2024; Abdin et al.,
2024; Yang et al., 2025), we ask whether a fine-
tuned model can absorb post-cutoff factual knowl-
edge while retaining its general capability. The
benchmark is constructed by extracting news arti-
cles published after May 2025 and using Qwen3-
32B (Yang et al.,, 2025) to generate balanced
True/False factual statements for each headline,

where the model must judge whether each state-
ment holds, see Tab. 2. Positive and negative
statements are produced by identical generation
pipelines to ensure label balance. The dataset con-
tains 30,613 news titles across three categories (Pol-
itics, Economics, and Culture). Before fine-tuning,
Qwen3-8B scores only 31.06% average accuracy
on the test set (Tab. 2, row 3), far below the 50%
random-guess baseline of this balanced binary for-
mat, confirming the temporal-OOD nature of the
task. Because the labels are LLM-generated, we
report a topic and temporal robustness split in Ap-
pendix Sec. H so that potential stylistic artifacts
can be inspected.

Split Politics  Econ  Culture  Total
Trainset 9823 10120 8670 28613
Test set 700 700 600 2000
Sp 29.05  30.70 3343  31.06

Table 2: Details of news QA benchmark. The first two
rows show the data distribution. The third row presents
performance (Sp) of Qwen3-8B on each category.

4.3 Metrics

To evaluate general capabilities, we employ
widely recognized benchmarks including
MMLU (Hendrycks et al., 2021a), MMLU-
Pro (Wang et al., 2024b), GSM8K (Cobbe et al.,
2021), MATH (Hendrycks et al., 2021b), and
M3Exam (Zhang et al., 2023a). These datasets
assess multidisciplinary knowledge and mathemati-
cal reasoning. All raw scores are reported on a 0 to
100 scale, and we compute the aggregate metrics
Sp, Sa, and S without external normalization.
For vertical domains, we select representative
public benchmarks. In the financial domain, we
utilize the average weighted F1 score across the
FPB (Malo et al., 2013), FiQA (Maia et al., 2018),
TENS (Zeroshot, 2024), and NWGI (Yang, 2024)
sentiment analysis datasets. For the medical and
legal domains, we employ the Chinese CMB-
Exam (Wang et al., 2024a) and LawBench (Fei
et al., 2024) respectively. The overall metric design
is structured as follows:

S¢ =Mean({S, | z € X}),
S = HarmonicMean(Sp, Sg),

(13)
(14)

where X includes MMLU, MMLU-Pro, GSM8Kk,
MATH, and M3Exam. Sp is the score of the
model’s vertical domain performance, Sg is the
average score of the model’s general performance.
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Domain Method Llama3.1 Phi4 Qwen3
T Spt Set S*7 T, Spt Set 87T T, Spt Set S7
Direct FT 3.40 80.01 54.69 64.97 6.22 89.72 7792 8341 3.38 85.83 63.74 73.15
Vanilla FT 38.77 79.30 60.50 68.64 71.24 8342 77.71 8046 38.74 8549 71.01 77.58
Finance LoRA 250 7645 61.69 68.28 4.61 87.13 78.27 8246 2.50 81.68 73.21 77.21
DoRA 258 76.12 61.25 67.88 471 8634 7824 82.09 257 82.19 7327 7747
Galore 5.09 77.31 60.78 68.06 9.34 86.23 78.55 82.21 5.09 84.37 74.59 79.18
DAA (Ours) 345 79.84 61.75 69.64 635 87.73 78.50 82.86 3.4l 85.32 7649 80.66
Direct FT 12.39 89.23 52.73 6629 22.78 92.13 7834 84.68 1238 92.67 64.44 76.02
Vanilla FT 141.81 87.32 59.47 70.75 260.58 91.24 79.26 84.83 141.81 81.81 68.74 74.71
Medicine LoRA 9.18 81.76 59.97 69.19 16.87 90.30 79.02 84.28 8.21 84.00 69.51 76.07
DoRA 9.31 81.21 59.07 6840 17.05 90.31 7874 84.13 837 84.74 69.67 7647
Galore 13.68 81.23 58.55 68.05 25.14 9196 7856 8473 13.68 87.57 73.71 80.04
DAA (Ours) 12.54 83.97 60.33 70.22 2290 92.61 78.82 85.16 12.64 92.24 7797 84.51
Direct FT 439 56.81 4894 5258 8.04 42.63 71.06 5329 439 5528 70.13 61.83
Vanilla FT 50.12 5137 53.08 5221 9198 41.82 72.12 5294 50.10 5228 7295 6091
Law LoRA 3.25 46.58 58.06 51.69 597 4187 7338 5332 3.25 5190 76.19 61.74
DoRA 343  46.37 56.05 50.75 624 4198 7236 53.13 336 5191 7630 61.79
Galore 6.13 47.80 56.13 51.63 11.26 40.12 71.53 51.41 6.13 52.76 77.53 62.79
DAA (Ours) 4.53 4993 56.68 53.09 817 4195 73.12 5331 4.60 52.79 79.38 63.41
Direct FT 1.27 82.38 36.34 50.44 2.32 87.38 2640 40.55 1.27 79.37 3.83 7.31
Vanilla FT 1445 80.62 39.73 53.22 16.51 8823 72.11 7936 1445 80.27 5236 63.38
News QA LoRA 0.94 7123 48.04 57.38 1.72 83.12 77.46 80.19 0.93 70.27 67.51 68.86
DoRA 0.99 73.71 50.52 59.95 1.80 83.37 76.68 79.88 099 70.78 67.81 69.26
Galore 202 79.13 53.05 63.52 370 8502 7627 8041 203 80.88 6843 74.14
DAA (Ours) 132 8237 5200 63.76 242 8919 7791 83.17 128 8082 68.52 74.16

Table 3: Performance metrics across different domains and models. Sp is the score of the model’s vertical domain
performance, S¢ is the average score of the model’s general performance, and S is their harmonic mean. 7" is the
GPU hours of a single fine-tuning run, except for Vanilla FT, where T is the workflow cost of the full three-ratio

mixture sweep required to obtain the reported result.

S is the harmonic mean of Sp and S, meaning
the model scores high only if both are large. If fine-
tuning boosts domain performance but reduces gen-
eral capability significantly, .S approaches 0. Con-
versely, if it enhances domain performance while
preserving general capability, S approaches 100.

4.4 Cost Analysis

We distinguish two notions of cost. The per run
cost is the GPU hours for a single fine tuning run.
The total workflow cost is the GPU hours to ob-
tain a deployment ready domain model in prac-
tice. All figures below are read directly off Tab. 3,
using Finance with Llama3.1-8B as the running
example. Per run, DAA matches direct full tun-
ing to within 5% in every cell of Tab. 3 (3.45 vs.
3.40 h here) and is slower than LoRA (2.50 h)
and DoRA (2.58 h), but is consistently better in
joint S. The headline 91% saving is therefore at
the workflow level. As in the standard mixture-
sweep recipe (Wen et al., 2023), vanilla data mix-
ture fine tuning must sweep three ratios (1:1, 1:3,
1:5) before a deployable model is obtained, which
is exactly what the 7" column of Tab. 3 reports

for that row: 38.77 h. DAA replaces this sweep
with a single 3.45 h run plus a one time anchor
pre-computation reused across all domains of the
same base model, giving 38.77—3.45h, a 91.1%
saving; computed cell by cell the saving averages
90.6% over all twelve domain—-model combina-
tions, within +0.7 GB peak VRAM (Appendix
Sec. E). We count the hyper parameter tuning bud-
get of both methods under the same rule. The mix-
ture ratio must be swept once per target domain,
whereas DAA exposes a single scalar kg that is
fixed by the closed form rule kg o< 1/7" and reused
across all four domains and three base models with-
out per domain retuning. Even if a practitioner ig-
nores this heuristic and sweeps five values of kg, the
worst case DAA budget is 5 x 3.45 ~ 17.3 h, still
less than half of a single domain mixture sweep,
and the one time anchor amortises further as the
number of target domains grows.

4.5 Main Results

Tab. 3 demonstrates that DAA consistently achieves
the best balance between domain ability and gen-
eral retention across four distinct domains and
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. Llama3.1-8B Phi4-14B
Variant
Sp Sa S Sp Sc S

AL 74.28 3048 43.22 80.74 53.75 64.54
GGA 8095 4452 5745 8784 67.79 76.52
GGA+DC 81.66 49.89 6194 88.64 75.09 81.31
AL+GGA 77.58 34.63 47.89 8495 5822 69.09
AL+DC 79.47 46.00 58.27 86.20 71.11 77.93
DAA 82.37 52.00 63.76 89.19 7791 83.17

Table 4: Component isolation of Annealing Learning, Global Gradient Anchoring and Dynamic Correction on
News QA. The full DAA row reproduces the corresponding News QA entries of Tab. 3. More experimental results

are provided in Appendix Sec. J.

three base models. On familiar domains (Fi-
nance, Medicine, Law), pre training already cov-
ers most knowledge so the headroom is small and
all methods cluster closely: DAA ranks first or
second on S in every cell, and in the three cells
where a baseline edges ahead the margin is at
most 0.55 points. The largest gains appear on
Qwen3, where Direct and Vanilla fine tuning give
up 5 to 14 points of S to alignment drift, while
DAA preserves Sg and matches them on Sp (Fi-
nance S=80.66 vs. 77.58, Medicine S=84.51 vs.
74.71, Law S=63.41 vs. 60.91). On the tempo-
ral OOD News QA setting, post cutoff facts are
absent from pre training. Direct fine tuning col-
lapses on Qwen3 (55=3.83, S=7.31), whereas
DAA retains S=68.52 at Sp=80.82 (5=74.16);
on Phi4, DAA reaches the highest Sp=89.19 and
S¢=77.91, beating the best baseline by 2.76 points
on S. The gain is most pronounced on temporal
OOD News QA, confirming that DAA enables gen-
uine knowledge acquisition rather than mere style
alignment. Measured against the general score of
the base models before any fine tuning, DAA re-
tains 83 to 98% of the pre-trained general ability
on News QA while direct fine tuning retains only 5
to 58% (Appendix Sec. G). A more detailed Law
analysis is in Appendix Sec. C.

4.6 Ablation Analysis

Tab. 4 shows that on News QA, GGA alone signif-
icantly improves Sg over direct fine-tuning, con-
firming gradient space anchoring as the primary
anti-collapse mechanism. Sequentially adding DC
and AL further boosts .S, proving the gains extend
beyond merely a small effective learning rate. A
comparison against optimization level baselines
(PCGrad, GradNorm) and continual learning base-
lines (EWC, LwF, O-LoRA), together with their
memory and time profiles, is reported in Appendix
Sec. E.

5 Conclusion

We present Dynamic Anchor Annealing, a fine-
tuning method that mitigates catastrophic forget-
ting in LLMs. Using global gradient anchoring
with similarity guided dynamic correction, DAA
improves performance while reducing computation
cost over prior methods. Domain specific LLMs
equip workers with specialized Al in their fields.
We will explore broader applications of DAA to
inspire research on domain specific training.

Limitations

While Dynamic Anchor Annealing demonstrates
robust performance across vertical domains such as
finance and medicine, several limitations warrant
future investigation. First, our current evaluation is
primarily confined to textual modalities and dense
language model architectures. The framework’s
applicability to other modalities, such as computer
vision or speech processing, as well as its effec-
tiveness within reinforcement learning paradigms,
remains unverified. Furthermore, although the
method scales linearly in theory, its stability and
convergence behavior on extremely deep networks
or models with hundreds of billions of parameters
have not yet been empirically tested.

Second, the implementation of Global Gradient
Anchoring introduces a requisite pre-computation
stage involving general domain data. Although this
process eliminates the need for repeated data mix-
ture experiments and the resulting gradient artifact
is reusable, it necessitates initial access to a high-
quality general dataset to derive the stable anchor.
Additionally, as indicated in our cost analysis, the
method incurs a modest increase in peak VRAM
usage during the fine-tuning phase to accommo-
date the sharded gradient anchors. This additional
memory overhead, while minimal compared to the
savings in experimental time, may still present con-
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straints for hardware environments with strictly
limited memory resources.

Ethics Statement

This work utilizes a combination of publicly avail-
able benchmarks and self-constructed datasets
across diverse vertical domains. For specific do-
main evaluations, we employ established datasets
including FinGPT (Yang et al., 2023) for finance,
CMB-Exam (Wang et al., 2024a) for medicine, and
Fuzi-Mingcha (Deng et al., 2023) for legal rea-
soning, alongside standard general benchmarks
such as MMLU (Hendrycks et al., 2021a) and
GSMSK (Cobbe et al., 2021). All public datasets
are used in accordance with their original licenses.
Regarding the self-constructed News QA bench-
mark, data was collected from publicly accessible
news articles published after May 2025 to evalu-
ate temporal out-of-distribution performance. We
conducted an assessment to ensure that the data
used, particularly in the medical and legal domains,
consists of anonymized case studies, standardized
exam questions, or public records, thereby avoid-
ing the exposure of sensitive personal information
or real-world private individuals.

We employ open-source large language mod-
els including Llama3.1-8B (Grattafiori et al.,
2024), Phi4-14B (Abdin et al., 2024), and Qwen3-
8B (Yang et al., 2025), accessed through standard
model repositories. All models are used under
their respective licenses which permit research and
fine-tuning. We have reviewed and complied with
all terms of use for these models. Furthermore,
our proposed method, Dynamic Anchor Anneal-
ing (DAA), is designed to enhance these models’
domain-specific capabilities without compromis-
ing their general knowledge. By mitigating catas-
trophic forgetting, our approach aims to preserve
the safety alignment and reasoning capabilities
present in the pre-trained models that might other-
wise be degraded during aggressive domain adap-
tation. We have not observed the generation of
offensive or harmful content during our evaluation,
though we acknowledge the necessity of continu-
ous monitoring in real-world deployments.
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A Hyper Parameters

Unless stated otherwise, we use the same protocol
for Llama3.1-8B, Phi4-14B, and Qwen3-8B. An-
chor estimation uses g = 0, 81 = 0.999, and a
batch size of 8; only the final momentum is retained
and compressed by rank-512 SVD. Domain fine-
tuning uses AdamW with np = le — 7, 51 = 0.9,
B2 = 0.95, a batch size of 8, one epoch, and linear
decay to zero without warmup. For the anchoring
schedule in Sec. 3.1, we set kg = 200/T", where T'
is the number of domain fine-tuning steps.

Tab. 5 validates the fixed choice kg = 200/7" on
Llama3.1-8B and News QA. Performance plateaus
around this value: within kg € [150/T,300/T], a
2X range, S varies by only about 1.8 points.

B Dataset Details

We obtained validated our proposed method across
a wide range of vertical domains, covering finance,
medicine, law and news QA.

General Data: Since the vertical domain tasks
mainly cover Chinese and English languages and

ko S
50/T 57.23
100/T 60.13
150/T 61.98
175/T 62.92
200/T 63.76
225/T 63.28
250/ T 63.50
275/T 63.12
300/T 63.39

Table 5: Extended sensitivity analysis of hyperparame-
ter ko on the NewsQA benchmark.

include multiple-choice and conversational tasks,
the general data needs to fully cover similar data
patterns. Therefore, we collected Chinese and En-
glish QA data, covering QA, conversations, and
multiple-choice questions. Specifically, the gen-
eral data includes 54,042 Chinese QA conversation
pairs, 65,596 English QA conversation pairs, and
1,881 Chinese multiple-choice questions. Detailed
data sources and quantities are shown in Tab. 6.

Name Source Quantity
Chinese QA Data  Self-built 54,042
English QA Data  Self-built 65,596
Chinese MCQs Self-built 1,881

Table 6: General Data sources and quantities

Finance: We referred to the training data and
testing methods of FinGPT (Yang et al., 2023), se-
lecting its sentiment analysis task as the financial
vertical domain. This task requires the model to
analyze the market sentiment of the input text as
negative, neutral, or positive. According to Yang
et al. (2023), the training data was collected from
FPB (Malo et al., 2013), FiQA (Maia et al., 2018),
TFNS (Zeroshot, 2024), and NWGI (Yang, 2024).
FinGPT designed three types of instructions for
each original data, resulting in a total of 76,772
training samples after filtering. Detailed data
sources and quantities are shown in Tab. 7.

Name Source  Quantity
FPB 12,122
. . FiQA 26,532
English Sentiment Data TENS 12731
NWGI 25,387

Table 7: Finance Data sources and their quantities.

Medicine: We chose the CMB-Exam from
the Chinese medicine Benchmark (CMB) (Wang
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et al., 2024a) as the medical domain. This
dataset includes 280,839 medicine multiple-choice
questions, covering 124,926 physician questions,
16,919 nursing questions, 27,004 medicine tech-
nician questions, 33,354 pharmacist questions,
62,271 undergraduate exam questions, and 16,365
graduate entrance exam questions. We randomly
selected 11,200 questions from each category as
the test set, with a total of 269,359 questions in the
training set. Detailed data sources and quantities
are shown in Tab. 8.

Name Source Quantity
Physician Physician Exam 124,926
Nursing Nursing Exam 16,919
Technician Technician Exam 27,004
Pharmacist Pharmacist Exam 33,354
Undergraduate medicine Exam 62,271
Graduate Entrance ~ medicine Exam 16,365

Table 8: Questions from various Chinese medicine ex-
ams.

Law: We referred to the data summarized by
the Fuzi-Mingcha (Deng et al., 2023) to filter
suitable legal vertical fine-tuning data. The fine-
tuning data composition is as follows: 4,200 recall
data and 5,750 summarization data from CAIL-
Long (Xiao et al., 2021), 35,000 legal QA data
from LawGPT (Zhou et al., 2024), 11,000 legal
QA data from Lawyer Llama (Huang et al., 2023),
32,050 legal QA data and 11,237 syllogistic rea-
soning judgment data independently constructed
by Fuzi-Mingcha (Deng et al., 2023). The total
training data amounts to 99,237 samples. Detailed
data Statistics are shown in Tab. 9.

Name Source Quantity
Fact Recall CAIL-Long 4,200
Case Summarization CAIL-Long 5,750
LawGPT 35,000
Legal QA Data Lawyer Llama 11,000
Fuzi 32,050
Syllogistic Reasoning Fuzi 11,237

Table 9: Law Data Statistics

News QA: The benchmark construction and cat-
egory counts are described in Sec. 4.2. Its training
and test examples are disjoint from the general data
used to estimate the anchor; topic- and time-based
robustness splits are reported in Sec. H.

The above datasets come from diverse sources,
and the characteristics and distributions among the
datasets vary significantly, providing ample and

credible test scenarios for verifying the effective-
ness of the Dynamic Anchor Annealing scheme.

C Performance on the Law Dataset

Task Diversity and Complexity: The Law fine-
tuning data is a highly heterogeneous mixture of
tasks, including not only multiple-choice questions
but also complex generation tasks like Case Sum-
marization and reasoning tasks like Syllogistic
Reasoning. These generative and reasoning tasks
are fundamentally more challenging and diverge
more significantly from the pre-training objectives
than the classification-style tasks that dominate the
Finance, Medicine, and News QA datasets.

Performance Interpretation: While the abso-
lute score on Law is lower across all methods, it
is important to note that DAA still consistently
achieves the best or second-best harmonic mean
score (S) across all three base models (Tab. 3). For
instance, on Qwen3-8B, DAA achieves the highest
S score (63.41), outperforming Direct FT (61.83)
and Vanilla FT (60.91) by better preserving gen-
eral capabilities (S¢). This demonstrates that even
in this more complex, generation-heavy domain,
DAA’s regularization mechanism provides a tan-
gible benefit over baselines by striking a better
balance between domain specialization and knowl-
edge retention.

Conclusion on Generality: The Law dataset
does not necessarily indicate a weakness but rather
highlights DAA’s robust performance on a more
challenging and diverse task mixture. It showcases
that DAA’s benefits are not confined to simple clas-
sification tasks but extend to complex, mixed-task
scenarios.

D Significance Test

As shown in Tab. 10, we conducted a rigorous sig-
nificance test using the News QA benchmark on
Llama3.1-8B. We chose this setup as it represents
a challenging temporal OOD task. We repeated
the experiments for both Vanilla FT (at its optimal
mixture ratio) and DAA using 5 different random
seeds {42, 43,44, 45, 46}.

An independent t-test yields a p-value < 0.001,
confirming that the performance improvement is
significant and robust to random initialization.
DAA also shows lower variance (o = 0.42) com-
pared to Vanilla FT (¢ = 0.76), demonstrating that
the Global Gradient Anchor effectively stabilizes
the optimization process by reducing the impact of
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Method Seed42 Seedd43 Seed44 Seedd45 Seed46 Mean (S) Std Dev (o)
Vanilla FT 53.22 52.15 54.05 52.80 53.75 53.19 0.76
DAA (Ours) 63.76 64.25 63.15 63.88 63.45 63.70 0.42
Table 10: Significance test results on News QA (Llama3.1-8B).
Method Anchor Memory Peak VRAM Parameters Wall-clock GPU Hour
Direct FT - 37.1GB 8B 3.91h 3.40h
DAA 5.5GB 37.8GB 8B 4.20h 3.45h

Table 11: Training overhead comparison on Llama3.1-8B.

initialization randomness.

E Cost Analysis and Optimization-Level
Baselines

All measurements in this section use Llama3.1-
8B on 16 A100 GPUs. Times and memory are
measured on the Finance corpus, the same runs
whose T values appear in Tab. 3; joint scores S
are quoted on News QA, the most forgetting-prone
setting in our study.

Training overhead. As shown in Tab. 11, DAA’s
low-rank gradient anchors occupy 5.5 GB of mem-
ory. Relative to Direct Fine-tuning (FT), DAA
exhibits a modest 0.7 GB increase in Peak VRAM,
due to the sharded gradient anchors and the compu-
tational cost for gradient correction. Owing to the
fact that the anchor gradients are loaded only once,
the wall-clock time increased slightly, from 3.91
h to 4.20 h. Crucially, DAA does not introduce
additional memory or I/O overhead for storage and
repeated use during training steps, as anchors are
pre-loaded into VRAM.

Optimization-level and continual-learning base-
lines. Tab. 12 compares DAA against gradient
surgery methods (PCGrad (Yu et al., 2020), Grad-
Norm (Chen et al., 2018)) and continual learning
methods (EWC (Kirkpatrick et al., 2017), LwF (Li
and Hoiem, 2017), O-LoRA (Wang et al., 2023)).
Gradient surgery roughly doubles the per-run cost,
because it must materialise several task gradients
at every step, and adds more than 5 GB of peak
VRAM. Continual learning methods retain S but
trail on Sp, since their parameter-space constraints
also restrict directions that are needed for domain
adaptation. DAA outperforms the strongest of these
baselines, O-LoRA, by 7.49 points in S, and does
so with a negligible overhead over standard direct
fine-tuning (+0.7 GB peak VRAM and +0.05 h) and

without any explicit gradient projection. Together
with the workflow-level accounting in Sec. 4.4, this
places DAA on a strictly better cost—quality trade-
off than the alternatives we tested.

Method AVRAM T (h) S

Direct FT 0 340 5044
Vanilla FT 0 120 53.22
PCGrad +5.4 GB 6.9 5538
GradNorm +5.6 GB 7.0 55091
EWC +5.2 GB 3.6 54.62
LwF +0.6 GB 477 55.84
O-LoRA 0 3.0 5627
DAA +0.7GB 345 63.76

Table 12: Optimization-level and continual-learning
baselines on Llama3.1-8B. For Vanilla FT, T' is a single
run at its best mixture ratio rather than the full three-
ratio sweep.

F Additional Sensitivity Analysis
F.1 Sensitivity to General Data

The general dataset used in our paper was filtered
from a raw pool of approximately 2.4M samples us-
ing the Platypus (Lee et al., 2023) filtering method.
To evaluate sensitivity, we sampled various ratios
from this 2.4M raw pool before applying the fil-
ter; our default 20% setting is what yields the
121,519 filtered examples listed in Tab. 6. As
shown in Tab. 13, performance (.5') remains remark-
ably stable as the sampled volume increases. This
confirms that g is robust and does not require
massive amounts of raw SFT data to be effective.
This aligns with findings from recent studies like
LIMA (Zhou et al., 2023), suggesting that data
quality and curation strategy outweigh sheer quan-
tity. Once the general dataset achieves sufficient
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diversity to cover broad capabilities, the direction
of g stabilizes, and the marginal utility of adding
more data diminishes. Consequently, the cost of
curating this data recipe is a one-time effort. We
view (g as a standard “Model Artifact” as critical
as model weights, and advocate for developers to
release these gradients to eliminate data collection
costs for end-users.

Sample Ratio 20% (Ours) 40% 60% 80% 100%

S 63.76 63.55 63.68 63.71 63.12

Table 13: Performance sensitivity to general data sample
ratio.

F.2 Anchor Source

Besides the amount of general data, we also vary
its source, since practitioners may not have access
to the same corpus we used. We compare four in-
creasingly general anchor sources: a single-source
instruction set, an open public general corpus, the
general SFT data used in our main experiments,
and post-pretraining data. As shown in Tab. 14,
every source clears Direct FT (S = 50.44) and
Vanilla FT (S = 53.22) by a wide margin, and
the spread across sources is only 3.2 points in S.
The anchor is therefore robust to its data source
as long as the data is reasonably general, and the
S = 63.76 reported throughout the paper is a con-
servative value obtained from readily available SFT
data rather than a privileged corpus.

Performance nonetheless grows with anchor
quality. Deriving gg from post-pretraining data
yields the best result, as these gradients align more
closely with the base model’s intrinsic distribution.
We conducted a preliminary experiment where we
curated 100B tokens of post-pretraining data to
compute g¢, which raises the joint score on News
QA from 63.76 to 65.17. Since a model’s own gen-
eral or SFT data is already a valid anchor source,
no additional data collection is required to apply
DAA, and releasing g alongside model weights is
an optional convenience rather than a prerequisite.

G General-Capability Retention Relative
to the Base Model

Catastrophic forgetting is a degradation relative
to the pre-trained model, so we report the general
score S of each base model before any fine-tuning
as a reference point. Tab. 15 measures Pre-FT Sg
under exactly the protocol of Sec. 4.3, averaging

Anchor Source Sp Sa S

Single-source instruction data  81.90 49.80 61.94
Open public general corpus 82.15 51.20 63.08
General SFT Data (Ours) 82.37 52.00 63.76
Post-Pretrain Data 82.51 53.85 65.17

Table 14: Performance comparison of different anchor
sources on News QA with Llama3.1-8B. For reference,
Direct FT and Vanilla FT reach S = 50.44 and S =
53.22 in the same setting.

over MMLU, MMLU-Pro, GSM8k, MATH and
M3Exam, and compares it with the S retained
after fine-tuning on News QA, the most forgetting-
prone setting in our study. Direct fine-tuning re-
tains only 5-58% of the base model’s general abil-
ity, with Qwen3-8B collapsing almost completely,
whereas DAA retains 83-98% across all three mod-
els. This makes the anti-forgetting claim directly
interpretable: the S values reported for DAA in
Tab. 3 are close to the pre-trained ceiling rather
than merely higher than a degraded baseline.

Base model Pre-FT Direct FT DAA Retention
Llama3.1-8B  62.40 36.34 52.00 83.3%
Phi4-14B 79.60 26.40 77.91 97.9%
Qwen3-8B 80.10 3.83 68.52 85.5%

Table 15: General score S before and after fine-tuning
on News QA. Retention is the ratio of DAA’s S¢ to the
Pre-FT S¢ of the same base model.

H News QA Robustness Splits

To address the concern that gains on News QA may
be artifacts of the LLM-generated label distribution,
we report DAA vs. Direct FT on Llama3.1-8B
over (i) topic splits and (ii) temporal-distance splits
(months elapsed since the May 2025 pre-training
cut-off). As shown in Tab. 16, DAA improves S
uniformly across topics and time bins, indicating
that the gain is not concentrated on a particular
slice.

I Anchor-Staleness Analysis

We empirically validate the claim in Sec. 3.1 that
Ja remains a good first-order approximation of
the time-varying general-domain gradient. Every
200 steps during fine-tuning of Llama3.1-8B on
News QA, we recompute the instantaneous general
gradient g;(6;) on a held-out general batch and
measure its cosine similarity with the fixed anchor
g The similarity stays in [0.91, 0.96] across the
full training run, despite a parameter displacement
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Split Direct FT S DAA S A
Topic split

Politics 49.12 62.38  +13.26
Economics 51.44 64.10 +12.66
Culture 50.81 64.85 +14.04

Temporal-distance split (months since pre-training cut-off)

0-3 months since cut-off 52.07 64.61 +12.54
3-6 months since cut-off 50.32 63.82  +13.50
>6 months since cut-off 49.18 6294  +13.76

Table 16: News QA topic and temporal-distance splits
on Llama3.1-8B. The temporal-distance rows report
the number of months between the article’s publication
date and the May 2025 pre-training cut-off (e.g., “0-3
months since cut-off” covers articles published within
three months after May 2025).

AL GGA DC Sp Sa S

v X X 7550 44.06 55.65
X v X 79.84 56.10 65.92
X v v 8036 6395 71.22
v vV X 78.62 4790 59.53
v X v 7873 5726 66.30
vV Vv v 80.82 68.52 74.16

Table 17: Component-isolation ablation on Qwen3-8B /
News QA.

||0: — 6o|| that grows roughly linearly with ¢. This
is consistent with the SVRG- (Johnson and Zhang,
2013) and L2-SP-style (Li et al., 2018) locality
argument: as long as 6; stays within a bounded trust
region of 6y, §i remains a faithful approximation,
and the multiplier ~y, further attenuates any residual
mismatch.

J Component-Isolation Ablation on
Qwen3 and SVD Rank

Tab. 17 reports the same component-isolation ab-
lation as Tab. 4 on Qwen3-8B / News QA, com-
pleting the per-base-model breakdown referenced
in the main text. Tab. 18 sweeps the SVD rank r
used to compress the anchor: rank 512 is the elbow
point, retaining 99.7% of the spectral energy of
the full-rank anchor and recovering performance
within 0.05 of the uncompressed gradient on .S.
Tab. 19 reports the peak VRAM scaling of the an-
chor up to 70B parameters.

Rank 64 128 256 512 1024 Full

SonNews QA 60.18 6245 63.51
Spec. energy 0.83 0.92 0.97

63.76
0.997

63.79  63.81
0.999 1.00

Table 18: SVD rank sensitivity for the compressed
global anchor (Llama3.1-8B / News QA).

Model Direct FT peak ~ Anchor  Extra peak Extra/Peak
Llama3.1-8B 37.1GB 5.5GB +0.7 GB 1.9%
Qwen3-32B 142.3 GB 148GB  +2.6 GB 1.8%
Llama3.1-70B 310.2 GB 28.6GB  +5.4 GB 1.7%

Table 19: Anchor memory and peak VRAM scaling.
Extra peak VRAM stays below 2% of training peak
even at 70B.

K Raw Experimental Results

As shown in Tab. 20, we provide the raw scores for
experiments on general benchmarks here.
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