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Abstract

As an essential component of fine-tuning, warm-up plays a
crucial role in promoting stability and generalization. Many
studies have examined its underlying mechanisms from dif-
ferent aspects. However, most of the studies focus on in-
corporating these insights into optimizers to reduce the re-
liance on warm-up. Little attention has been paid to address-
ing the inherent limitations of the warm-up itself, which re-
stricts its effectiveness. In this work, we revisit warm-up
from a loss landscape perspective and identify several lim-
itations with existing warm-up, including: (1) susceptibility
to nearby suboptimal traps, (2) sensitivity to hyperparame-
ters and random seeds, and (3) inefficiency during the early
stages of training. To overcome these limitations, we pro-
pose Sensitivity-Aware Warm-Up (SAWU), a lightweight
and adaptive strategy that dynamically leverages learning
sensitivity during warm-up to guide updates toward better
and more stable basins. In addition, SAWU also introduces an
adaptive scheduling mechanism and phase transition strategy
across warm-up, stable, and decay phases to further enhance
robustness and efficiency. Extensive experiments on vari-
ous downstream tasks show that SAWU significantly outper-
forms the vanilla method (e.g., average 3.43% improvement
on RoBerta). Moreover, SAWU can be easily combined with
various optimizers and remains effective even when warm-
up-based methods fail (e.g, it lifts RAdam from 49.46% to
91.78% on qnli). Thanks to its lightweight nature, SAWU in-
troduces minimal overhead and even reduces training time by
over 5% compared to other methods.

Code — https://github.com/JirehChan/SAWU

1 Introduction
Pre-trained language models have achieved remarkable suc-
cess across a wide range of natural language process-
ing tasks (Chang et al. 2024; Raiaan et al. 2024). Fine-
tuning these models on downstream tasks has become the
standard paradigm for adapting them to specific applica-
tions (Parthasarathy et al. 2024; Wu et al. 2025). Among
the fine-tuning process, warm-up (He et al. 2016; Goyal
et al. 2017) has emerged as an essential yet often overlooked
stage. By gradually increasing the learning rate in the early
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iterations, warm-up improves convergence, enhances gener-
alization, and mitigates sensitivity to initialization (He et al.
2016; Goyal et al. 2017; Gotmare et al. 2019; Zhang et al.
2023; Wortsman et al. 2024).

Despite its simplicity, warm-up has attracted increasing
research attention due to its surprisingly strong empirical
benefits across different tasks. A growing body of work
has investigated the underlying mechanisms of warm-up,
offering theoretical and empirical explanations for its ef-
fectiveness. For instance, it has been shown that warm-
up helps models stay in flatter regions of the loss land-
scape, thereby improving generalization (Smith, Elsen, and
De 2020), while also smoothing early updates and miti-
gating the effect of gradient noise (Gilmer et al. 2022).
Building on these findings, several efforts have aimed to
integrate warm-up principles into optimizer design. For in-
stance, RAdam (Liu et al. 2020) explicitly incorporates the
variance rectification mechanism of warm-up into the op-
timizer by introducing a term that corrects the variance of
the adaptive learning rate in the early stages of training. Li-
onA (Kosson, Messmer, and Jaggi 2024a) reduces or elim-
inates the need for warm-up by explicitly normalizing the
update direction, thus embedding warm-up’s effect of limit-
ing large and unstable updates in the early stages of training
directly into the optimizer.

However, existing work has made limited progress in im-
proving the warm-up mechanism itself. In this work, we
revisit warm-up from a landscape perspective, drawing in-
spiration from the concept of the safety basin (Peng et al.
2024; Chen et al. 2025)—a stable and reliable region in pa-
rameter space formed during pretraining, where the model
exhibits aligned and robust behavior. During downstream
fine-tuning, task-specific sub-basins are typically formed on
top of this safety basin. While warm-up heuristics aim to
constrain early updates within this stable region, we ob-
serve that linear schedules often fall short: they may inad-
vertently steer optimization toward nearby suboptimal sub-
basins. This misalignment compromises both generalization
and stability during the critical early stages of training. In
addition, the effectiveness of warm-up is sensitive to hyper-
parameter choices and random seeds, often resulting in un-
stable convergence behavior and inconsistent performance
across runs (Dodge et al. 2020; Halfon et al. 2024; Zhou,
Savova, and Wang 2025). Moreover, due to its static and



heuristic nature, warm-up typically progresses slowly, mak-
ing early training inefficient and consuming unnecessary
computational resources.

To address these limitations, we propose Sensitivity-
Aware Warm-Up (SAWU), a simple yet effective warm-up
strategy designed to improve both stability and efficiency.
SAWU incorporates learning sensitivity into the warm-up
phase by monitoring how loss responds to learning rate
changes, allowing the model to identify and move toward
more stable and generalizable regions in the landscape. In
addition, SAWU further improves fine-tuning by incorporat-
ing an adaptive scheduling mechanism and phase transition
strategy to enhance efficiency and performance. In summary,
our contributions are as follows:

• We revisit the role of warm-up in language model fine-
tuning and analyze how it constrains optimization within
safety regions of the loss landscape. We further identify
key limitations of existing warm-up strategies, including
their tendency to fall into nearby suboptimal basins, sen-
sitivity to hyperparameter settings and random seeds, and
inefficiency caused by rigid learning rate schedules.

• We propose Sensitivity-Aware Warm-Up (SAWU), a
novel method that integrates learning sensitivity into the
warm-up process. Specifically, SAWU utilizes a sensitiv-
ity score in the loss function to enhance the warm-up per-
formance. In addition, SAWU incorporates a sensitivity-
guided learning rate schedule and a phase transition mech-
anism, both designed to improve optimization stability
and efficiency during fine-tuning.

• We conducted extensive experiments across multiple
downstream tasks, demonstrating that SAWU consis-
tently improves generalization (an average improvement
of 3.43% on RoBerta) and training stability over existing
fine-tuning and warm-up baselines.

2 Background and Motivation
In this section, we provide the background of our work and
the motivation behind our approach. We first explain the role
of warm-up in fine-tuning, then discuss its significance from
the perspective of the safety basin. Finally, we point out the
limitations of existing warm-up strategies, which inspired
our proposed method.

2.1 Warm-Up
As a key component of fine-tuning, warm-up plays an im-
portant role in improving tuning generalization and stabil-
ity (Goyal et al. 2017; Wortsman et al. 2024). By gradu-
ally increasing the learning rate at the beginning of tun-
ing, warm-up helps stabilize early optimization and prevent
the model from diverging too quickly. Meanwhile, warm-up
has been shown to improve convergence, reduce sensitivity
to initialization, and enhance generalization across a wide
range of models and tasks (He et al. 2016; Goyal et al. 2017;
Gotmare et al. 2019). Its low cost and ease of use have made
it a standard component in modern fine-tuning pipelines. Re-
searchers have explored the underlying reasons behind the
effectiveness of warm-up from various perspectives, leading

to numerous optimizer improvements inspired by these in-
sights. We provide a more detailed discussion about these
findings and improvements in Section 6.

The most common form of warm-up is linear schedul-
ing, where the learning rate increases linearly from an initial
value ηinit to a target value ηtrgt over a fixed number of steps
Twarm as follows,

ηt = ηinit + (ηtrgt − ηinit)×
t

Twarm
, t ≤ Twarm, (1)

where t represents current step. In this work, we focus on lin-
ear warm-up for clarity. Beyond warm-up, fine-tuning typi-
cally follows a three-phase schedule: warm-up, stable train-
ing, and decay, each governing different learning dynamics.

2.2 Warm-up and Safety Basins
Researchers have studied warm-up from various perspec-
tives to understand its role in model training. Prior work
has explored its impact on gradient smoothness, optimiza-
tion stability, and generalization behavior (Smith, Elsen, and
De 2020; Gilmer et al. 2022). In this work, we revisit warm-
up from a landscape perspective, drawing on the concept of
the safety basin (Peng et al. 2024; Chen et al. 2025)—a re-
gion in parameter space shaped during pretraining where the
model exhibits aligned, stable, and reliable behavior.

To make this perspective concrete, we visualize the loss
landscape along a specific update direction from the pre-
trained RoBerta model, with detailed information in Ap-
pendix A. As shown in Figure 1, we plot the trajectory of
SGD with and without warm-up along this direction. With-
out warm-up, the optimizer tends to take aggressive early
steps, which may push the parameters out of the safety basin
and into unstable regions. In contrast, SGD with warm-up
proceeds more cautiously at the beginning, allowing the op-
timizer to move along a more stable path that remains within
or near the low-loss region.

2.3 Limitations of Current Warm-Up
Although warm-up helps reduce the risk of fine-tuning drift-
ing out of the safety basin and thereby enhances training sta-
bility, it still suffers from several limitations. First, vanilla
warm-up lacks awareness of the surrounding loss landscape,
which may cause the optimizer to settle into nearby subop-
timal basins instead of exploring farther or better regions in
the loss surface. Second, its behavior is highly sensitive to

Figure 1: Fine-tuning trajectories with and without warm-
up over projected loss landscape. The x-axis indicates offset
along a specific update direction.



the setting of hyperparameters such as the warm-up dura-
tion Twarm, the target learning rate ηtrgt, and even the choice
of random seed. This sensitivity can lead to substantial vari-
ability across runs and undermine reproducibility. Third,
warm-up introduces extra training overhead by delaying the
use of a full learning rate in the early phase, which can slow
down convergence and become increasingly costly in large-
scale settings.

3 Our Method: SAWU
To overcome the limitations of the current warm-up, we
propose a novel warm-up strategy called Sensitivity-Aware
Warm-Up (SAWU). Instead of relying on a fixed schedule,
SAWU introduces a sensitivity score that captures how re-
sponsive the loss is to changes in the learning rate. This score
is used to dynamically adjust the entire fine-tuning process
(i.e., warm-up, stable, and decay phases) based on training
dynamics. The overall workflow of SAWU consists of three
components:

• Sensitivity-aware Loss: monitors the model’s respon-
siveness to learning rate changes, helping guide warm-up
dynamics.

• Sensitivity-guided Scheduling: adaptively modulates the
learning rate during both the warm-up and decay phases
based on observed sensitivity.

• Adaptive Phase Transition: automatically determines
when to exit each fine-tuning phase (i.e., warm-up, stable,
and decay) by analyzing training dynamics during tuning.

In the following section, we first elaborate on each compo-
nent and then provide an overview of the complete SAWU.

3.1 Sensitivity-Aware Loss
Vanilla warm-up adopts a simplistic linear increase in the
learning rate, without considering the surrounding loss land-
scape. This lack of local sensitivity may cause the optimizer
to become trapped in nearby suboptimal regions. As a result,
the warm-up phase can underperform and hinder the effec-
tiveness of subsequent fine-tuning. To address this, we pro-
pose a sensitivity score that measures how sensitive the loss
is to changes in the learning rate, enabling more informed
and effective warm-up.

Specifically, we compute the sensitivity score using a
sliding window–based angular metric. After t fine-tuning
steps, we obtain a sequence of learning rates [η0, η1, ..., ηt]
and their corresponding losses [L0,L1, ...,Lt], where Li de-
notes the loss (e.g., cross entropy) after updating with learn-
ing rate ηi. For each step i (i > 2), we define a vector
vi = [ηi − ηi−1, Li − Li−1], and compute the angle θi be-
tween consecutive vectors vi and vi−1. The individual score
si is then calculated as:

si =
1

2
(1− cos θi) =

1

2

(
1− vi−1 · vi

∥vi−1∥ · ∥vi∥+ ϵ

)
, (2)

where ϵ is a small constant added for numerical stability. To
better estimate the overall sensitivity, we average the scores

Figure 2: Warm-up trajectories with and without sensitivity
score over projected loss landscape.

within a sliding window of size w, resulting in the final sen-
sitivity score:

St =
1

w − 2

t−2∑
i=t−w+1

si, (3)

where St ∈ [0, 1]. A small St indicates movement along
flatter and more stable regions (like direction B in Figure 2).
In contrast, a high score suggests the optimizer is entering
sharper or more unstable terrain (direction A), where fre-
quent directional changes show strong sensitivity to learning
rate variations.

SAWU incorporates the sensitivity score into the loss
function during the warm-up phase as,

LSA =

(
1 + α · (St −

1

2
)

)
· Lt, (4)

where α is a hyperparameter controlling the degree to which
sensitivity influences the learning dynamics. This formula-
tion adjusts the magnitude of the loss proportionally based
on how volatile the optimization path is—amplifying the
loss when the optimizer enters unstable regions (i.e., St >
0.5), and down-weighting it when the trajectory is smooth
and consistent (St < 0.5). As a result, it encourages the
optimizer to avoid sharp loss changes, helping it escape nar-
row basins near the start and explore wider, safer valleys far-
ther away. In addition, such loss also makes warm-up more
adaptive and robust, reducing sensitivity to hyperparameter
choices and lowering the risk of unstable updates.

3.2 Sensitivity-Guided Scheduling
While the sensitivity-aware loss helps avoid early conver-
gence to nearby local optima, standard fine-tuning still fol-
lows a fixed three-phase schedule (i.e., warm-up, stable, and
decay) with predetermined step sizes and durations. Such
rigid schedules often lead to inefficient training. To address
this, SAWU introduces a sensitivity-aware scheduler that dy-
namically adapts learning rate in each phase based on the
model’s real-time sensitivity. We now detail the learning rate
control strategy for each training phase.

Warm-up phase. Vanilla warm-up schedules increase the
learning rate linearly, which can be either too aggressive
or unnecessarily slow. Instead, SAWU gradually scales the
learning rate with sensitivity-aware adjustments to better
match the local landscape. Specifically, we update the learn-
ing rate as,

ηt+1 = ηt + γ + α(1− St)γ, (5)



where γ represents the base increment in vanilla warm-up,
e.g., γ = (ηtrgt − ηinit)/Twarm in Equation (1). The weight
α reuses the weighting factor from Equation (4) to main-
tain consistent sensitivity influence across both the loss ad-
justment and learning rate scaling, facilitating coordinated
hyperparameter tuning. This design enables SAWU to ac-
celerate learning rate growth in stable regions for improved
efficiency, while adopting a more conservative increase in
high-sensitivity areas to prevent unstable updates, thereby
helping the model safely navigate the complex landscape.

Stable phase. After the warm-up phase, the learning rate
is fixed, and the sensitivity score St becomes unavailable
due to the lack of perturbations. The model trains at a con-
stant rate to consolidate gains made during the warm-up
phase. Instead of adjust learning rate during the stable phase,
SAWU adaptively determines the end of warm-up to set an
appropriate learning rate for stable training (cf., Section 3.3).

Decay phase. During the decay phase, the learning rate
is gradually decreased with sensitivity-aware adjustments
to balance convergence speed and stability. Specifically, the
learning rate is updated as,

ηt+1 = ηt − γ + α(1− St)γ (6)

This formulation allows the decay to accelerate when the
sensitivity is low (indicating a flatter and more stable loss
landscape) and to slow down when the sensitivity is high,
thus preventing premature reduction that could harm con-
vergence.

Overall, this phase-aware design enables SAWU to ad-
just the learning rate more efficiently, avoiding unnecessary
slow progression. In the following section, we describe how
transitions between these phases are determined using sen-
sitivity and loss-based criteria.

3.3 Adaptive Phase Transition
To ensure efficiency and prevent over-extending phases,
SAWU applies adaptive termination rules for each stage,
based on sensitivity scores or relative loss change.

Warm-up termination. In addition to the adaptive learn-
ing rate increment, SAWU introduces a sensitivity- and
window-based termination criterion to avoid unnecessarily
extending the warm-up phase until reaching the target learn-
ing rate ηtrgt. Instead of relying on a fixed sensitivity thresh-
old—which may be task-dependent and hard to tune—we
monitor the trend of sensitivity over time. Specifically, the
warm-up phase terminates once the absolute change in St

remains below a small threshold β (e.g., 5%) for k consecu-
tive steps:

|Si+1−Si| < β ·min(Si+1, Si), for i = t−k, ..., t−1. (7)

This condition shows the model has entered a stable region
of the loss landscape, making further warm-up unnecessary
and enabling a timely transition to the stable phase.

Stable stage termination. To determine whether to exit
this stage early, SAWU introduces a simple loss-based mon-
itor that detects stagnation in model improvement. Specifi-
cally, we track the relative change in training loss:

∆t =

∣∣∣∣Lt − Lt−1

Lt−1

∣∣∣∣ . (8)

When the loss change remains below a small threshold β
(e.g., 1%) for k consecutive steps,

∆i < β for i = t− k, . . . , t− 1, (9)
the model is considered to have entered a plateau region
where further training at a constant learning rate is unlikely
to yield significant improvements. In this case, the scheduler
transitions into the decay stage.

Decay termination. To determine when to terminate the
decay phase, we monitor the absolute change in training loss
over consecutive steps. Once the loss difference remains be-
low a small threshold ϵ for k steps:

|Li+1 − Li| < ϵ, for i = t− k, ..., t− 1, (10)
the model is considered to have converged sufficiently, and
the decay phase ends. This early stopping criterion avoids
unnecessarily prolonged training, making the schedule more
adaptive and robust without requiring manual tuning.

3.4 Overview of Our SAWU
In this section, we present an overview of our proposed
SAWU. The core procedure of SAWU during the warm-
up phase is outlined in Algorithm 1. For completeness, the
full version of the algorithm—covering the stable and de-
cay phases—is provided in Appendix B. For better readabil-
ity, we omit certain straightforward conditions such as fall-
back behavior when the number of training iterations is in-
sufficient to compute the sensitivity score (i.e., smaller than
the window size). In such cases, the algorithm reverts to the
original loss computation (e.g., cross-entropy) and learning
rate schedule (e.g., linear increase).

Algorithm 1: Basic framework of SAWU.
Input: Training data D, model M , epoch numbers for

each stage [nwarm, nstable, ndecay], batch size bz,
initial LR ηinit, target LR ηtrgt, window size w,
sensitivity weight α, early stop threshold β, max-
imum count k, threshold ϵ.

1 initialize: t← 0,η1 ← ηinit, niter ← |D|
bz , γ ← ηtrgt−ηinit

niter·nwarm
;

/* warm-up phase */
2 for i in [1, nwarm] do
3 t← t+ 1, Lt ← CalLoss(M,D);
4 st ← CalScore(Lt−2:t, ηt−2:t, ϵ); // Eq.2
5 Si ← CalSAScore(st−w:t, w); // Eq.3
6 LSA ← (1 + α(Si − 1

2 )) · Li; // Eq.4
7 M ← UpdateModel(M,LSA, ηi);
8 ηi+1 ← min(ηi + γ + α(1− Si)γ, ηtrgt); // Eq.5
9 if isWarmEnd(S1:t, β, k) then

10 break; // Eq.7
11 end

/* stable & decay phase */
12 detailed in Algorithm 2.

Output: the fine-tuned model M .

During the warm-up phase, SAWU adaptively adjusts the
learning rate by analyzing the sensitivity of the model to re-
cent optimization updates. In each iteration t, it first com-
putes the training loss L (e.g., cross-entropy) on the dataset



D (Line 3). Then, it calculates an individual sensitivity score
st by evaluating how recent changes in the learning rate
ηt−2:t affect the loss Lt−2:t over the last three steps (Line 4).
Based on a sliding window of size w, SAWU further com-
putes a smoothed sensitivity score Si (Line 5), which is then
used to scale the original loss to produce a sensitivity-aware
loss LSA (Line 6). The model M is then updated using this
modified loss (Line 7). Afterward, the learning rate ηt is up-
dated using a rule that increases it adaptively based on the
current sensitivity score Si (Line 8), and an early termina-
tion condition is checked based on the historical sensitivity
trajectory S1:t (Lines 9-10).

After the warm-up phase, SAWU continues to employ a
similar scheduling and early termination mechanism in both
the stable and decay stages. During the stable stage, the
learning rate is fixed at η, but the model continuously mon-
itors the loss to determine whether an early transition to the
decay stage is necessary, as described in Equation 8. In the
decay stage, SAWU resumes sensitivity-aware scheduling:
the learning rate is dynamically adjusted according to the
computed sensitivity score, similar to the warm-up stage,
but following a modified update rule (Equation 6). Early
termination in the decay stage is determined based on loss
changes, as formalized in Equation 10.

4 Discussion
In this section, we analyze key aspects of the proposed
Sensitivity-Aware Warm-Up (SAWU). We first provide a
theoretical explanation of its advantage over linear warm-up
in escaping suboptimal basins. Next, we assess the computa-
tional and memory overhead to show its efficiency. Finally,
we discuss the method’s limitations and future directions.

• Theoretical Insight. We consider a stylized 1D loss land-
scape to simulate the fine-tuning of language model:

L(θ) = oumin
j

{
aj(θ − θj)

2 + bj
}
+c·exp(−(θ−θ0)2),

where each basin (θj) corresponds to a local minimum,
and the final term introduces a perturbation near the ini-
tialization θ0.
Let ηt denote the base learning rate, and St ∈ [0, 1] the
sensitivity score measuring short-term gradient variation.
SAWU defines the effective step as:

δSA
t = ηt · (1 + α(St − 0.5)) · ∥gt∥,

where ∥gt∥ is the Euclidean norm of gradient. In regions
of high gradient volatility, St increases, and δSA

t is adap-
tively amplified. This increases the chance of crossing flat
or narrow basins and prevents early convergence to nearby
suboptimal θj .
In contrast, linear warm-up yields δlin

t = ηt · ∥gt∥, inde-
pendent of gradient dynamics. Hence, for the same ηt and
∥gt∥, we have:

δSA
t > δlin

t if St > 0.5,

which arises in unstable regions. Thus, SAWU adds a
sensitivity-aware bias, improving escape from local min-
ima without losing control.

• Computational and Memory Complexity. SAWU intro-
duces minimal computational and memory overhead. At
each step, computing the sensitivity score St involves only
a sliding window of recent gradients and learning rates,
resulting in constant-time and constant-space complexity,
i.e., O(1) per iteration. The added operations—vector in-
ner products and exponential scaling—are negligible com-
pared to forward and backward passes. Thus, SAWU pre-
serves the overall training efficiency and is scalable to
large models. Moreover, thanks to its early termination
mechanism across phases, SAWU can even reduce the
overall training time in practice.

• Limitations. While SAWU demonstrates strong perfor-
mance in fine-tuning language models, its design is mo-
tivated by the loss landscape characteristics (e.g., safety
basin) commonly observed in such models. Its effective-
ness on other tasks or architectures remains to be thor-
oughly evaluated. In addition, although SAWU introduces
adaptivity through sensitivity-based control, it still builds
upon a linear warm-up backbone and retains reliance on
certain hand-tuned hyperparameters (e.g., target learning
rate ηtrgt and warm-up time Tmax). Further improvements
could explore fully adaptive schedules to reduce depen-
dence on these design choices and enhance generality.

5 Experimental Studies

To investigate the rationality of our method, we first present
overall results across various downstream tasks, followed by
several independent experiments (i.e., method compatibil-
ity analysis, ablation studies, and hyperparameter sensitivity
analysis) to further assess key designs in SAWU. The main
experimental settings are summarized below, with more de-
tailed descriptions in Appendix C.
Datasets. We evaluated SAWU on 6 NLP tasks from Hug-
gingFace (Wolf et al. 2020), including: mrpc, qnli, mnli, qqp,
cola, and stsb.
Models. We used 2 different types of pre-trained NLP model
from HuggingFace (Wolf et al. 2020), including RoBerta-
base and LLaMA-3.2-1B.
Baselines. We compare against several baseline methods, in-
cluding 2 popular optimizers with warm-up schedules (i.e.,
Adam and AdamW) and 5 warm-up-inspired optimizers, in-
cluding RAdam (Liu et al. 2020), LARS (You, Gitman, and
Ginsburg 2017), LAMB (You et al. 2020), RV-AdamW, and
RV-Lion (Kosson, Messmer, and Jaggi 2024b).
Setup. We set the target learning rate ntrgt = 1e−4 and the
initial learning rate ninit = 1e−6, with a total of 10 training
epochs. For Adam, AdamW, and SAWU, we adopt a three-
phase schedule with a warm-up, stable, and decay ratio of 1 :
4 : 5. For warm-up-inspired optimizers that do not include
an explicit warm-up phase, we use a 5 : 5 split between
stable and decay. Unless otherwise specified, SAWU is used
with the Adam optimizer. Each experiment was repeated 5
times with different seeds on a Linux server with a 128-core
2.6GHz Intel Xeon Platinum 8358 CPU and 512GB RAM.



method mrpc qnli mnli qqp cola stsb

vanilla 83.71 50.54 35.45 63.18 0.00 87.75
+decay 84.06 50.54 31.82 67.21 34.56 89.19
+warm-up 85.86 90.24 84.44 85.89 55.75 89.87
AdamW 85.57 90.26 83.85 86.51 53.19 89.71
RAdam 86.55 49.46 81.15 63.18 61.12 90.01
LARS 66.49 86.66 81.84 85.49 48.02 83.26
LAMB 86.03 90.95 86.49 90.23 57.79 88.76
RV-AdamW 66.49 50.59 35.45 63.18 57.21 88.48
RV-Lion 66.49 49.46 35.45 63.18 56.12 88.12
ours 87.59 92.62 87.00 91.01 63.12 90.26

Table 1: Test performance (%) of full fine-tuning RoBerta.

mrpc qnli mnli qqp avg.

Adam 87.72 91.40 88.54 91.21 89.72
AdamW 82.72 91.38 88.53 92.13 88.69
RAdam 81.45 90.55 88.71 90.39 87.78
LAMB 58.96 49.46 80.21 89.71 69.59
ours 88.91 92.14 90.21 93.13 91.10

Table 2: Accuracy (%) of fine-tuning LLaMA with LoRA.

5.1 Overall Experiments
To verify the effectiveness of SAWU, we first conducted
experiments on multiple downstream tasks to compare its
performance with various baselines in this section. Addi-
tional implementation details and experimental results are
provided in Appendix C.

• Accuracy. As shown in Table 1 and Table 2, warm-up
plays a significant role for vanilla optimizer (i.e., Adam)
in fine-tuning pre-trained models. Without it, optimization
can deviate from the safety basin near initialization, lead-
ing to poor performance, particularly on sensitive tasks
such as cola and mnli. Although warm-up-inspired opti-
mizers like RAdam and LAMB can achieve strong results
on certain tasks, their effectiveness is inconsistent across
all tasks and may require a further hyperparameter tun-
ing. For example, RAdam performs well on stsb but fails
on qnli in Table 1. In contrast, SAWU consistently out-
performs all baselines. It achieves the best results on all
RoBerta tasks with an average gain of +1.89%, and im-
proves LLaMA accuracy by +1.38%.

• Time cost. Figure 3 presents the fine-tuning time cost for
each method. While warm-up-inspired optimizers such as
RAdam and LAMB can partially reduce the need for ex-
plicit warm-up, they often introduce significant time over-
head. For instance, RAdam increases total training time
on qnli by +19.2%, and LAMB by +23.6%, compared to
standard Adam. In contrast, the additional overhead intro-
duced by SAWU is negligible. Moreover, benefiting from
the adaptive phase transition mechanism, SAWU even re-
duces training time on some tasks, achieving over 5% time
savings on mrpc and qnli.

Figure 3: Fine-tuning time (sec.) for 8 methods (i.e., Adam,
AdamW, ours, RAdam, LARS, LAMB, RV-AdamW, and
RV-Lion).

Figure 4: Test accuracy (%) across different phases (W:
Warm-up, S: Stable, D: Decay).

• Phase-wise performance. To further understand the dy-
namics behind the performance gains, we visualize the
accuracy trajectory of Adam, AdamW, and our method
across different training phases (warm-up, stable, and fine-
tuning). As shown in Figure 4, our method consistently
identifies better basins during the warm-up phase. For in-
stance, on mrpc, SAWU achieves over 4% higher accu-
racy than the vanilla optimizer at the end of the warm-up,
indicating early convergence to a high-quality region. On
tasks like qnli and mnli, although the warm-up accuracy is
comparable across methods, the basin reached by SAWU
leads to more favorable subsequent optimization, result-
ing in better final performance. These results confirm that
sensitivity-aware warm-up enables safer and more effec-
tive initialization for downstream fine-tuning.

5.2 Independent Experiments
In addition to the overall experiment, we conducted addi-
tional independent experiments to further investigate the ef-
fectiveness and robustness of SAWU, including its com-
patibility with other optimizers, ablation studies of key
components, and an analysis of hyperparameter sensitivity.
All experiments are conducted based on full fine-tuning of
RoBerta, with additional details provided in Appendix C.

• Method compatibility. We evaluate the compatibility of
SAWU with various optimizers, as shown in Table 3.
Overall, SAWU consistently improves performance across
different optimizers, notably enhancing results for warm-
up-inspired methods like RAdam and LAMB by miti-
gating their instability. While a slight drop is observed
with LAMB on mnli, the overall results demonstrate that
SAWU is broadly applicable and optimizer-agnostic.

• Ablation studies. To isolate the effects of the major com-
ponents in SAWU, we perform ablation experiments by



AdamW +ours RAdam +ours LAMB +ours

mrpc 85.57 87.14↑ 86.55 88.00↑ 86.03 86.80↑

qnli 90.26 91.91↑ 49.46 91.78↑ 90.95 92.26↑

mnli 83.85 86.43↑ 81.15 83.19↑ 86.49 86.37↓

qqp 86.51 90.18↑ 63.18 87.34↑ 90.23 90.25↑

Table 3: Test accuracy (%) of fine-tuning w/ and w/o SAWU.

warm-up stable decaymethod acc. time acc. time acc. time

vanilla 76.06 13 84.35 49 85.86 62
+SL 83.01↑ 13 85.14↑ 49 87.51↑ 62
+SS 82.96↕ 12↓ 85.32↑ 49 87.62↑ 61↓

+AP 82.98↕ 10↓ 85.28↕ 48↓ 87.59↕ 60↓

Table 4: Test accuracy (%) of fine-tuning RoBerta.

selectively removing or modifying the sensitivity-aware
loss (“+SL”), scheduling mechanism (“+SS”), and adap-
tive phase transition (“+AP”). As shown in Table 4, the
sensitivity-aware loss contributes the most to performance
improvement, which aligns with our design intuition and
observations. Although the scheduling adjustment slightly
reduces accuracy during the warm-up phase by cutting
unnecessary slow increases, it does not harm subsequent
fine-tuning and can even bring slight gains, along with re-
duced training time. In addition, the adaptive phase tran-
sition cuts time cost without sacrificing performance.

• Hyperparameter sensitivity. To further investigate
SAWU’s sensitivity to hyperparameters, we conducted
experiments varying key parameters, with results shown
in Fig. 5. (1) Window size (w): Smaller window sizes
(3–7) effectively improve warm-up performance by cap-
turing recent learning dynamics more accurately. How-
ever, a larger window (e.g., 9) considers too long a his-
tory, which can impair decision-making and lead to ac-
curacy drops, especially during warm-up. (2) Sensitivity
weight (α): Moderate values around 0.5 achieve the best
balance, maximizing warm-up accuracy (83.12%) and sta-
ble phase performance. Too low or too high α slightly de-
grades results, indicating the importance of tuning this pa-
rameter to properly weigh sensitivity in the loss. (3) Max-
imum count (k): Too small k (e.g., 3) can cause prema-
ture stopping and degrade warm-up accuracy (67.99%),
while larger k values (7 or 9) yield more stable and higher
accuracy. (4) Stop threshold (β): Intermediate values
(0.05–0.1) achieve optimal results across all phases, with
stable and decay accuracies peaking near 86%–87%. Val-
ues too low or too high result in suboptimal transitions and
decreased performance.

6 Related Works
In this section, we provide a brief overview of prior work
related to SAWU, focusing on warm-up strategies and their
integration into optimization design. More comprehensive

Figure 5: Hyperparameter sensitivity experimental results.

discussions can be found in Appendix D.
Warm-up is widely adopted as a simple yet effective tech-

nique in large-scale training, especially in NLP and vision.
Its core idea is to gradually increase the learning rate during
early steps, allowing smoother updates and reducing insta-
bility (He et al. 2016; Goyal et al. 2017). Beyond its success,
many studies have explored warm-up’s mechanisms. Some
link its benefits to better generalization via flatter loss land-
scapes (Smith, Elsen, and De 2020), while others highlight
its role in reducing gradient noise and stabilizing early opti-
mization (Gilmer et al. 2022; Wortsman et al. 2024).

Building on these insights, recent research has incorpo-
rated warm-up principles directly into optimization strate-
gies. Liu et al. (Liu et al. 2020) decouple warm-up from
weight decay to improve training dynamics. Kalra et
al. (Kalra and Barkeshli 2024) design adaptive optimizers
considering warm-up effects, while Kosson et al. (Kosson,
Messmer, and Jaggi 2024a) analyze learning rate ramp-up to
better guide large-scale training. These efforts reflect grow-
ing interest in moving beyond static warm-up heuristics to-
ward more adaptive, optimization-aware designs.

7 Conclusion
In this paper, we introduced Sensitivity-Aware Warm-Up
(SAWU), a lightweight and adaptive fine-tuning framework
that dynamically adjusts warm-up behavior based on learn-
ing sensitivity. SAWU introduces a sensitivity score into
fine-tuning, which monitors how changes in the learning rate
affect the loss and guides adjustments across the warm-up,
stable, and decay phases. By jointly improving the loss de-
sign, learning rate scheduling, and phase transition, SAWU
effectively improves training stability, generalization, and
efficiency. Extensive experiments on various downstream
tasks show that SAWU outperforms vanilla warm-up (e.g.,
+3.43% on RoBerta), integrates well with various optimiz-
ers, and remains effective when others fail (e.g., boosting
RAdam from 49.46% to 91.78% on qnli). Despite its effec-
tiveness, SAWU adds minimal overhead and even reduces
training time by over 5%.
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