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Motivation

• Different optimizers are suitable for different training states.

• Transitioning between optimizers during training can enhance both
convergence speed and model generalization.
• We propose Dynamic Optimizer Interleaving Training (DOIT), a novel
framework that adaptively selects the suitable optimizer during training.
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DOIT performs well across diverse parameter landscapes.



Our Method: surrogate model

• Weighted random sampling: collect diverse experience trajectories.

• Surrogated selection: predict performance of candidate optimizers.
Input. Key model parameters VEC! + HP 𝜆!.

Output. Performance score 𝑠 = tanh 𝜇" + Δ#$$%& + Δ'()%& /3 + 𝛼𝜎" .

Training process of our proposed DOIT.



Our Method: acquisition function

• Consideration of variance.

𝐴𝐶𝑄 𝑠! , 𝑠" = 𝑠! + 𝛼𝑠".

• Consideration of transferability.

𝐴𝐶𝑄 𝑠! , 𝑠" , 𝜔# = 𝑠! + 𝛼 1 − 𝜔# 𝑠" .

where 𝜔# is the transferability score.
• Consideration of training process.

𝑒 = sigmoid(𝑠! + 𝛼 1 − 2$⌊&/(⌋ ⋅ 𝜔# 𝑠").



Our Method: surrogate model

• Accuracy. Achieving superior accuracy by unlocking novel optimization
paths through multi-strategy synergy.

• Time Cost. predict performance of candidate optimizers.
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optimizer overhead also remains within the normal range of the candidate optimizers. We further
discuss convergence behavior and memory cost in Appendix B-C.

Table 1: Time cost analyze with ResNet18.

forward gradient optimizer transferability surrogate acquisition

FLOPs 2.2⇥1016 4.4⇥1016 0.2 ⇠ 2.0⇥1013 2.2⇥1013 5.3⇥1014 1.0⇥1014

Proportion 33.3% 66.7% quite small 0.3‰ 8.0‰ 1.5‰

5 EXPERIMENTAL STUDY

To investigate the rationality of DOIT, we first present overall results across various models and
tasks, followed by case studies analyzing its switching behavior and selection preferences. In ad-
dition, several independent experiments are presented to assess key designs in DOIT. The main
experimental settings are summarized below, with more detailed descriptions in Appendix D.

Datasets. We evaluated DOIT on 6 CV classification datasets (i.e., usps, mnist, stl10, cifar10, ima-
genet, imagenet-a) and 2 NLP datasets (i.e., mrpc and qqp), along with 3 additional tasks: machine
translation (wmt14), regression (eunite), and object detection (coco).

Models. We used 4 ImageNet pre-trained models available from PyTorch (i.e., ResNet18,
ResNet152, MobileNet V2, and ViT) and a pre-trained NLP model from HuggingFace (i.e.,
RoBerta). For other tasks, we used OPUS, TabNet, and Faster R-CNN, respectively.

Baselines. We used 9 optimizers (i.e., SGD, SGDM, Adagrad, RMSProp, Adam, ASGD, AdamW,
Nadam, and Adamax) and 4 hybrid optimizers (i.e., SWATS, Padam, AdaBound, and AGD). In
addition, we also compared DOIT with optimizer using learning rate schedulers.

Setup. We set initial learning rates to [0.1, 0.01, 0.001] and training epochs to 100. For DOIT, we
used nini = 50, a switch cycle of ⌧ = 25 iterations, and an optimizer space of [SGD, SGDM,
Adagrad, RMSprop, Adam]. 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.

5.1 OVERALL PERFORMANCE OF DOIT

We first present the comparison results between DOIT and commonly used methods on classification
tasks, including full training and PEFT. We then broadened the evaluation to additional models and
tasks, further comparing DOIT with other approaches to demonstrate its effectiveness.

Table 2: Test accuracy (%) of full and PEFT training with ViT and RoBerta.

full training PEFT
usps mnist stl10 cifar10 imagenet usps stl10 mrpc qqp

SGD 97.46±0.70 99.50±0.04 97.83±0.22 97.53±0.03 78.73±0.38 94.42±0.21 97.75±0.16 85.21±0.35 82.13±0.52

SGDM 97.68±0.11 99.65±0.04 96.61±0.04 97.58±0.04 78.36±0.12 95.67±0.14 98.37±0.10 85.54±0.69 83.30±0.63

Adagrad 93.40±0.04 98.24±0.50 78.66±2.54 60.95±0.62 77.59±0.03 95.37±0.21 98.34±0.09 84.94±0.59 83.47±0.79

RMSprop 95.25±0.04 98.14±0.09 88.62±4.45 78.09±0.92 74.01±0.08 94.64±0.53 97.91±0.07 84.09±0.76 82.09±0.63

Adam 93.26±0.78 99.01±0.08 82.26±1.16 75.23±0.92 73.96±0.11 94.47±0.49 98.36±0.03 86.52±0.71 82.27±0.71

SWATS 94.00±1.23 98.73±0.13 88.03±0.44 66.15±4.74 76.93±0.19 95.12±0.21 98.38±0.10 86.27±0.62 80.79±0.81

Padam 97.58±0.11 99.66±0.04 90.81±0.06 96.03±0.03 77.47±0.16 95.72±0.42 98.38±0.10 80.64±0.32 73.04±0.91

AdaBound 87.64±0.84 97.54±0.13 86.33±2.39 70.91±4.35 75.93±0.13 95.42±0.11 98.30±0.14 68.38±0.59 78.64±0.49

ours 97.81±0.21 99.71±0.02 98.21±0.19 98.04±0.03 79.98±0.01 96.12±0.10 99.01±0.09 87.99±0.13 85.57±0.14

Experiments on full training and PEFT. We first compared DOIT with optimizers from its search
space and hybrid methods on classification tasks, as shown in Table 2. For CV tasks, we used ViT
(head fine-tuning (Poojary & Pai, 2019) for PEFT), and RoBerta with LoRA (Hu et al., 2021) for
NLP. Experimental results show that DOIT often achieves higher accuracy (i.e., 1%-3% improve-
ment) and lower variance. Meanwhile, existing hybrid methods perform poorly on some complex
datasets (e.g., qqp), whereas DOIT adapts effectively to different datasets. To investigate the con-
vergence of DOIT, we recorded the convergence time (i.e., the change of loss is less than 1⇥ 10�4
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Experiment Results

• Enhanced Accuracy & Stability.

• 1%- 3% improvement across most benchmarks.

• Lower variance, ensuring more robust training sessions.
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optimizer overhead also remains within the normal range of the candidate optimizers. We further
discuss convergence behavior and memory cost in Appendix B-C.
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Experiment Results

• Efficient Convergence.

• Speedup in convergence with minimal computational overhead.



Selection Preference

• As training progresses, the selection becomes more stable.
• In early phase, there is a tendency to select faster optimizers (e.g.,
Adam), later tends to select more stable optimizers (e.g., SGD).
• DOIT’s selection preference is more apparent in a large dataset.
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