
Beyond First-Order: Training LLMs with Stochastic
Conjugate Subgradient and AdamW

Di Zhang, Yihang Zhang and Suvrajeet Sen
Department of Industrial and System Engineering

University of Southern California
Los Angeles, CA 90089

Abstract

Algorithms based on Stochastic Gradient-based Descent (SGD), have long been
central to training large language models (LLMs). However, their effectiveness can
be questionable, particularly in large-scale applications where empirical evidence
suggests potential performance limitations. In response, this paper proposes a
stochastic conjugate subgradient method together with adaptive sampling tailored
specifically for training LLMs. The method not only achieves faster convergence
per iteration but also demonstrates improved scalability compared to traditional
SGD techniques. It leverages several fundamental concepts including adaptive
sample complexity analysis, an adaptive method to choose learning-rate, as well
as a stochastic conjugate subgradient approach to determine search directions
and utilizing an AdamW-like algorithm to adaptively adjust learning-rate. This
approach preserves the key advantages of first-order methods while effectively
addressing non-smoothness inherent in training LLMs. Experimental results show
that the proposed method not only maintains, but in many cases surpasses, the
scalability of traditional SGD techniques, significantly enhancing both the speed
and accuracy of the optimization process.

1 Introduction

1.1 Problem Setup

Large Language Models (LLMs) are widely used to predict the next token in a sequence, given
the preceding tokens [3, 8, 17]. The training objective is defined as minimizing the Negative Log-
Likelihood (NLL) of the training data. Given a dataset D = {(x(i), y(i))}Ni=1, where x(i) is the input
text sequence and y(i) is the target token sequence, the objective function can be written as:

L(θ) = −
N∑
i=1

Ti∑
t=1

logPθ(y
(i)
t | y

(i)
1:t−1) (1)

where Ti is the length of the i-th sequence, y(i)1:t−1 represents the tokens preceding token y
(i)
t and Pθ

is the model’s predicted probability distribution over the vocabulary, parameterized by θ.

To train the LLMs, many stochastic gradient-based descent (SGD) algorithms have been proposed such
as Adam and AdamW. SGD methods dominate the field for convincing reasons: low computational
cost, simplicity of implementation, and strong empirical results. However, despite the advantages,
there are also many limitations: a) SGD methods are not known for their numerical accuracy
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especially when the functions are non-smooth and b) establishing rigorous convergence guarantees is
challenging because of the non-smooth and non-convex nature of the objective function.

1.2 Contributions

Instead of relying solely on the SGD approaches, this paper considers a stochastic conjugate subgra-
dient (SCS) [21, 20, 19] approach, together with an adaptive sampling strategy [7, 4, 23]. Originating
from [16], this method not only accommodates the curvature of objective functions, but also inherits
the spirit of momentum methods by utilizing sample complexity analysis to reduce computational
burden. This combination enhances the power of SGD approaches without the additional burden
of second-order approximations. In other words, our method shares the spirit of Hessian-Free (HF)
optimization, which has gained attention in the machine learning community [11, 1, 24]. As our
theoretical analysis and computational results reveal, the new method provides a “sweet spot" at the
intersection of speed, accuracy, and scalability of algorithms. Our main contributions include:

• Addressing challenges posed by non-smoothness of LLMs, while extending the non-smooth
SCS method [16, 19] to training LLMs. The SCS method exhibits behavior that is similar
to higher-order methods but avoids the significant computational overhead associated with
maintaining a Hessian matrix at each iteration. To the best of our knowledge, this is the first
attempt to apply an almost-higher-order optimization technique to training LLMs. (Note that
a true higher-order-method would entail Hessian-approximation updates which we avoid.)

• While a straightforward application of [16] to LLMs using sample average approximation
(SAA) [13] might be considered, our focus is on solving LLMs with extremely large datasets.
Consequently, we employ an adaptive sampling strategy over a deterministic finite sum
approximation. By leveraging the sample complexity analysis, we propose an adaptive
sampling strategy which dramatically reduces the computational burden associated with
training LLMs.

• The computational results demonstrate that, from an optimization standpoint, the solutions
produced by SCS yield lower objective function values compared with SGD methods. More
crucially, the efficiency and accuracy of our algorithm surpasses those of algorithms such as
Adam and AdamW, which are specialized SGD algorithms for training LLMs.

• The proposed algorithm integrates several disparate notions such as adaptive sampling,
decomposition, conjugate subgradients, and dynamic learning-rate as in Adam and AdamW.
We demonstrate that this amalgamation effectively approximates solutions for LLMs with
extremely large datasets.

2 The Method

The stochastic conjugate subgradient + AdamW (SCSAdamW) algorithm is a hybrid optimization
method which integrates the AdamW optimizer with a conjugate subgradient approach to improve
convergence. The method combines adaptive learning-rates (AdamW) with conjugate subgradient
updates, allowing for better handling of curvature information while maintaining stability and
convergence properties. A summary of the major steps of the algorithm is provided below:

• Sequential adaptive sampling At any iteration k, we depart from classic LLMs (which use
an ”all-in-one“ optimization problem), by randomly sampling |Nk| subproblems. This is
similar to using sample average approximation (SAA) to approximate function L using Lk,
where

Lk(θ) = −
Nk∑
n=1

Ti∑
t=1

logPθ(y
(i)
t | y

(i)
1:t−1), (2)

and |Nk| will be determined by using a recommendation provided by using concentration
inequalities.

• Direction finding The idea here is inspired by non-smooth conjugate subgradient method
[15] which uses the smallest norm of the convex combination of the previous search direction
(dk−1) with the current subgradient (gk). More specifically, we first solve the following
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one-dimensional QP

λ∗
k = argmin

λk∈[0,1]

1

2
||λk · dk−1 + (1− λk) · gk||2

= Π[0,1]

( − ⟨dk−1, gk⟩+ ||gk||2

||dk−1||2 − 2⟨dk−1, gk⟩+ ||gk||2
)
,

(3)

where Π[0,1] denotes the projection operator on [0, 1]. We set the new search direction as

dk = λ∗
k · dk−1 + (1− λ∗

k) · gk, (4)

Clearly if one fixes λk = 0, then the search direction reduces to that of the subgradient
method.

• Dynamic learning-rate SCS-AdamW leverages an adaptive learning-rate, meaning each
parameter has its own learning-rate. This is achieved by normalizing the conjugate sub-
gradient updates using second moment estimates. The term η√

v̂k+ε
ensures that the update

magnitude adapts to the scale of the gradients, preventing large updates in high-gradient
regions (i.e., ∥gk∥ is relatively large) and avoids vanishing updates in low-gradient regions.

• Decoupled weight decay In standard Adam (without decoupled weight decay), L2 reg-
ularization is applied inside the subgradient update, meaning the weight decay term is
included in the computation of gk. However, this can interfere with the adaptive learning
rate mechanism of Adam, making weight decay behave inconsistently across different pa-
rameters.AdamW enforces this by subtracting ηλθk−1 after the Adam update step, ensuring
that: (a) Weight decay acts as a separate force reducing parameter values without altering
gradient estimates. (b) Improved generalization: Since weight decay is applied consistently
across parameters, thus avoiding interference with Adam’s adaptive updates.

• Termination criteria The algorithm concludes its process when ||dk|| ≤ ε. A diminutive
value of ||dk|| indicates a small norm of the subgradient gk, fulfilling the stationary point
condition for an unconstrained non-convex optimization problem.

Algorithm 1 Stochastic Conjugate Subgradient + AdamW (SCSAdamW) Algorithm

Require: Parameters θ, learning-rate η, decay rates β2, weight decay λ, small constant ζ.
1: Initialize m = 0, v = 0, d = 0, k = 0.
2: while ||dk|| > ε do
3: k ← k + 1
4: Compute gradient gk = ∇Lk(θk).
5: if k > 1 then
6: Compute conjugate subgradient direction dk by (4).
7: else

dk = gk

.
8: end if
9: Update estimated second moment: vk = β2vk−1 + (1− β2)∥gk∥2.

10: Bias correction: d̂k = dk/[1− (λ∗
k)

k], v̂k = vk/(1− βk
2 ).

11: Update parameters: θk = θk−1 − η√
v̂k+ζ

d̂k.

12: Apply decoupled weight decay (AdamW): θk ← θk − ηλθk−1.
13: end while

3 Experiments

The experiments aim to compare the performance of different optimization algorithms on training
LLMs based on LSTM (widely used in many different areas ([2, 5, 6, 14, 18])). The optimizers
are Adam, AdamW and SCSAdamW. The comparison is conducted by training the language model
Wikitext-2 [12],PennTreebank [10], ag-news [22] and imbd [9], measuring the loss across multiple
epochs, and analyzing the convergence behavior of each optimizer. The training process is conducted
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over 200 epochs for each optimizer. To ensure a fair comparison, each optimizer is configured with
a learning-rate of 0.001 and a weight decay of 0.001. The hidden states of the LSTM are reset
and detached at each epoch to prevent gradient explosion. Throughout training, the loss values
are recorded for each epoch, and performance is evaluated by comparing the loss curves across
optimizers. The algorithms of this paper were implemented on NVIDIA H100 GPU. The code used in
this research was written in Python and is available at the following GitHub repository: SCSAdamW
(accessed on April 24, 2025), and the computational results are shown in Figure 1.

Figure 1: Objective function values for different algorithms.

(a) Wikitext-2 (b) PennTreebank

(c) Ag-news (d) Imdb

Remark: Note that obtaining true optimality when training LLMs is usually too demanding. For
this paper, we limit computations to only 200 epochs. With this limited computational budget, the
SCSAdamW method usually converges faster than any of the other methods (i.e., attains lowest
objective values).

4 Conclusion

This paper introduced SCSAdamW, an optimization algorithm which can be used for training LLMs.
Our approach presents several key innovations compared to conventional SGD-based benchmark
algorithms: (a) It employs a stochastic conjugate subgradient direction, as opposed to standard
subgradient directions; (b) It maintains a computational resource requirement comparable to that of
standard SGD methods; (c) It dynamically adjusts the sample size during training. This adaptive
approach can offer improved robustness and efficiency compared to traditional training paradigms that
rely on fixed sample sizes throughout optimization. Our preliminary computational results highlight
the algorithm’s strong empirical performance across several test instances. On these benchmarks,
SCSAdamW demonstrated faster convergence and achieved lower objective function values compared
to widely used optimizers such as Adam and AdamW. Given the broad applicability of LLMs, we
believe that our algorithm will prove valuable in a wide range of practical scenarios.
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