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Abstract

Training large language models (LLMs) relies almost exclusively on dense adaptive optimizers with
increasingly sophisticated preconditioners. We challenge this by showing that randomly masking
parameter updates can be highly effective, with a masked variant consistently outperforming the
corresponding dense optimizer. Our analysis shows that random masking induces a curvature-
dependent regularization term that penalizes sharp update directions. Motivated by this finding, we
introduce Momentum-aligned gradient masking (Magma), which modulates the masked updates
using momentum-gradient alignment. Across extensive LLM pre-training experiments up to 1B
parameters, Magma improves a broad range of optimizers—including Adam, Lion, Muon, and
SOAP—in 14 out of 16 cases for dense architectures, and successfully improves both Adam and
Muon in sparse mixture-of-experts (MoE) architectures. Our analysis shows that alignment-based
masking can widen the stable optimization regime by damping noisy, high-curvature blocks while
preserving descent direction.

1. Introduction

This work focuses on autoregressive LLM pre-training, where the availability of dense gradients
from a single backward pass [40] enables efficient simultaneous parameter updates. This efficiency
has made dense adaptive optimizers like Adam [20] the de facto standard in this setting. In contrast,
the reliance on dense gradients creates a structural mismatch with sparse update strategies such as
coordinate descent [30, 32, 55]. Consequently, despite their strong performance on highly nonsmooth
optimization problems common in LLM training, sparse methods are rarely used in this setting.
We challenge the prevailing dense-update paradigm with a counterintuitive empirical finding:
randomly masking gradient updates can substantially improve optimization performance. We first
study SkipUpdate, a masked variant of RMSProp described in Algorithm 1 that samples Bernoulli
masks over parameter blocks, skips the corresponding parameter updates, and rescales the surviving
updates while still updating moment estimates densely. Classical convergence analysis suggests
that such masking should degrade performance by adding stochastic noise (cf. Appendix A.2). Yet,
despite discarding half of the updates, SkipUpdate consistently outperforms dense optimizers across
model scales. At the 1B scale on C4 [38], SkipUpdate—a masked version of RMSProp—reaches a
perplexity of 13.71, outperforming Adam by 18% and SOAP [48] by 5%, although SOAP is a more
sophisticated matrix-preconditioned optimizer designed to exploit richer update geometry (Figure 1).
One might attribute these gains to a reduced effective update dimension in the peculiar optimiza-
tion landscapes of LLM pre-training. Indeed, Adafactor [42] and GaLore [62] also simplify dense
optimizer trajectories through factored moment statistics or low-rank gradient projections. However,
neither reproduces the gains from stochastic update masking: at the 1B scale, they reach perplexities
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Algorithm 1 SkipUpdate and Magma . Both meth- 35 - —s— Adam
ods randomly mask block-wise optimizer updates. 304 : igﬁ;ctor
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si” =095, +0.15"  (Magma) Figure 1: Pre-training performance on C4.
m{” ~ Bernoulli(0.5) Despite discarding half of updates, SkipUp-
d@%& = 0" — s{"m{" A" date (masked RMSProp) yields substantial
end 1or

improvements over dense optimizers.

of 15.00 and 15.64, respectively, far behind SkipUpdate’s 13.71 (Figure 1). This suggests that the
SkipUpdate’s benefit comes from stochastic sparsification of the realized parameter update itself,
rather than from constraining updates to a simpler subspace.

To explain the effectiveness of the random masking, we show in §2 that it induces an implicit
curvature-dependent regularizer that penalizes updates aligned with sharp directions of the loss. This
provides a mechanism by which masking can suppress sharp update directions and provides an im-
plicit bias toward flatter regions of the loss landscape, which are associated with better generalization
[14, 17, 19]. Importantly, this regularization emerges implicitly from stochastic noise in the update
rule, rather than from explicit curvature computation.

We next ask whether SkipUpdate’s homogeneous masking rule can be improved for LLM training.
Transformer parameter blocks differ substantially in loss curvature and gradient statistics [33, 60],
suggesting that masked updates can benefit from adapting to each block’s optimization geometry. We
use momentum-gradient alignment to modulate masked updates, since weak or negative alignment
can indicate rapidly changing, noisy, or locally ill-conditioned directions [3, 36, 39]. To this end,
Momentum-aligned gradient masking (Magma) replaces SkipUpdate’s fixed scaling with a block-
wise cosine similarity between the stochastic gradient and first-moment estimate (cf. Algorithm 1).
A convergence analysis in Appendix A.2 reveals that alignment-based masking can widen the stable
optimization regime by damping noisy high-curvature blocks while preserving descent direction. Em-
pirically, Magma improves adaptive optimizers such as Adam and matrix-preconditioned optimizers
such as Muon and SOAP (cf. §4) across model sizes up to 1B parameters and across both dense and
sparse mixture-of-experts (MoE) architectures. Notably, the gains grow with model size, suggesting
that larger models benefit more from this stronger regularization and stabilized optimization.

2. Update Masking as a Regularization

Notation. Let {075”)}{?:1 denote parameters at iteration ¢ partitioned into B disjoint blocks. Let
Vl(6) denote the block gradient with respect to #(), and assume [ is three times continuously
differentiable near the optimization trajectory. The stochastic gradient of [(-) at ¢ is denoted by
g = {ggb)}le. Hyy (6;) denotes the (b, b') block of V21(6;). We let (F;)>0 be a filtration such that
0 is Fi-measurable and E;[-] £ E[-|F;]. We let A; = {Agb)}le be a block-wise update direction
from a base optimizer, computed by g; and optimizer state such as preconditioning statistics.
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Main result. Given a block update direction from a base optimizer, SkipUpdate incorporates
(b)

independent Bernoulli random variables {mﬁb)}g?:l, where m; ’ ~ Bernoulli(p) with survival

probability p € (0, 1]. Then, stochastic block-wise masking is applied to each update Agb) as

Agb) = Sgb)mgb)Agb)v b= 17 s 7B7 (1)

yielding A; £ (Agl), s AgB) ). We set sgb) = 1/p to make the masked update unbiased; that is,
E,; [Agb)] = Agb). Importantly, masking mechanisms only modify the realized update A(b), leaving
the base optimizer state, including dense moment estimates, unchanged. Thus, SkipUpdate and
Magma can be applied as generic optimizer wrappers.

At first glance, randomly skipping the updates in (1) seems unlikely to explain the strong gains
observed in Figure 1, since it appears to increase only gradient noise while maintaining the expected
update direction. The key point, however, is that this noise is highly structured, and it changes the
second-order behavior of the optimization dynamics.

As shown in Proposition 1 in Appendix A, SkipUpdate induces a curvature-dependent regulariza-
tion term in the expected post-update loss, providing a mechanism that links the simple masking rule
in (1) to the empirical gains in Figure 1. Specifically, the expected loss with A, satisfies

B
- 1—
E, [Z(et - At)] ~ 10— M)+ :%(A@)TH%@)A?). 2)
b=1

The quadratic term (Agb))Tbe(Gt)Agb) acts as a geometric regularizer, measuring local curvature

along the block update direction. Large positive values of (Agb))Tbe(Gt)A,(:b) indicate high local

curvature along the update Agb). Therefore, across training, the quadratic penalty term biases the

optimization trajectory away from directions where small perturbations would lead to sharp loss
increase. This connects to the flat-minima and sharpness-based perspectives studied in prior work
[10, 14, 19]. In practice, we use block-wise masking by treating each individual parameter as a block,
and discuss the effect of masking granularity on performance in Appendix F.2.

3. Momentum-Aligned Update Masking

Because transformer parameters exhibit substantial block-wise heterogeneity in curvature and gra-
dient statistics [33, 60], we consider a block-adaptive alternative to SkipUpdate’s homogeneous
masking rule. In stochastic optimization, directions that remain consistent across iterations are
more likely to carry reliable descent signal, whereas rapidly fluctuating directions often reflect
noise [3, 36, 39]. Since momentum tracks such temporal consistency, weak or negative momentum-
gradient alignment can indicate noisy, abrupt, or ill-conditioned block behavior. We therefore use
momentum-gradient alignment to modulate potentially destabilizing updates during LLM training.
Based on this idea, we propose Magma, which uses block-wise momentum-gradient alignment
to control the masking process. Specifically, Magma computes an alignment score .§£b) € (0,1) as
égb) = sigm(cossim(,ugb), ggb))/r), for each block b at iteration ¢, 3)
where uib) = 51/17@1 +(1—- Bl)gib) is the first-moment estimate, 7 > 0 is a temperature parameter,
cossim(+, -) is the cosine similarity, and sigm(x) £ 1/(1+exp(—=z)) is the sigmoid function. Cosine



ON THE SURPRISING EFFECTIVENESS OF MASKING UPDATES IN LLM TRAINING

similarity is adopted for its scale-invariant property, which is particularly effective in LLM training
where gradient norms vary substantially across both parameter blocks and iterations [15, 53].

Magma scales each masked block update using an EMA-smoothed alignment score, sgb) =

0.95@1 + O.1§§b), which results in a scaled random masked update

Agb) = sgb)mgb) Agb), with mgb) ~ Bernoulli(p). 4)

(0)

Magma maintains coherent updates with large s; ’ and suppresses oscillatory updates with small

sgb). Proposition 2 in Appendix A shows that Magma preserves the block-wise curvature-dependent

regularization from stochastic masking, applied to the alignment-scaled direction sgb)Agb).
Although Magma introduces bias through alignment-based damping, the convergence analysis in
Appendix A.2 suggests why this bias can be beneficial. In particular, Theorem 6 shows that Magma
changes the effective block smoothness from L(®) to E§b) = (pib) /p)L®), where p,gb) captures how
much alignment scaling reduces the block-wise gradient second moment. This is beneficial when
weak alignment occurs in noisy or high-curvature blocks. For example, in a high-curvature block,

small parameter changes can substantially rotate the local gradient, making gﬁb) disagree with ugb);

similarly, high-variance blocks can produce noisy ggb) that are poorly aligned with ,uib). In such
cases, Magma reduces the corresponding curvature-weighted noise term, yielding a smaller error
floor in stochastic optimization and a wider stable stepsize range. This provides one explanation for
Magma’s improved performance over dense and uniformly masked baselines, and is consistent with

the broader stable learning-rate regime observed in Figure AS.

Closely related work. Momentum-gradient alignment has also been used in Cautious Optimiz-
ers [24] and MGUP [4], which attenuate updates through element-wise hard filtering: Cautious
Optimizers keep only coordinates whose update and gradient agree in sign, while MGUP upweights
top-ranked aligned coordinates and downweights the rest. RPROP [39] similarly adapts step sizes
using temporal consistency of gradient signs. In contrast, Magma uses block-level soft alignment
scores and couples them with structured stochastic masking, inducing the curvature-dependent
geometric regularization in Proposition 2. Appendix E provides a broader discussion of stochastic
perturbations, curvature-aware optimization, and LLLM training stabilization.

4. Experiments
4.1. Pre-Training Llama

We present Llama 2 pre-training results on the C4 dataset [38] across model sizes of 60M, 130M,
350M, and 1B, following the standardized experimental setup by Zhao et al. [62] described in
Appendix D.1. For all experiments, we use 7 = 2 and apply Magma only to attention and MLP
layers; ablations in Appendix F show this setting is robust.

We examine effectiveness of Magma on four base optimizers, including diagonal adaptive
optimizers (Adam and Lion [5]) and matrix-preconditioned optimizer (Muon and SOAP). In Table
1, across all 16 optimizer—scale settings, Magma improves over the corresponding base optimizer,
and achieves the best result within its optimizer family in 14 out of 16 cases. For instance, at 1B
scale, Magma improves Adam by 14.1% and Lion by 11.6%. Notably, Magma also improves Muon
and SOAP, showing that it is compatible with matrix-preconditioned optimizers. While matrix
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Table 1: Effect of Magma across optimizers
and model scales; validation perplexity is

reported for four model sizes, with lower | ' —— Muon |
3.9F ——e—— Muon + Magma |
values better. See Table A1 for full results. —— Adamw
3.8F AdamW + Magma
e C-AdamW
Method 60M 130M 350M 1B s |
Adam 31.15 2542 19.18 16.82 § I
C-Adam 30.58 2435 1833 16.44 336 I
Adam+Magma 30.55 23.04 1698 1445 i |
Lion 37.16 2743 2498 18.07
C-Lion 3341 2564 1937 16.30 34r l
Lion+Magma  33.59 25.26 19.00 15.97
3.3F -
Muon 2843 21.81 16.58 13.29 L L L L L 1
C-Muon 28.64 2189 1652 13.44 0 10000 20000 39000 40000 50000
Muon+Magma 2847 21.76 16.21 13.22
SOAP 3038 2358 17.72 1447 Figure 2: Optimization trajectories of pre-training
SOAP+Magma 28.65 22.12 16.57 14.07 the Nano MoE model on OpenWebText.

preconditioners refine the update geometry, Magma regularizes the realized block-wise updates,
making it a complementary wrapper rather than a competing optimizer design. Magma also scales
favorably with model size: averaged across all seven base optimizers, its relative perplexity reduction
grows from 3.6% at 60M to 5.4% at 130M, 10.0% at 350M, and 9.8% at 1B. As larger models
exhibit increasingly irregular and nonsmooth loss landscapes, this trend supports the interpretation of
random masking as an effective form of geometric regularization.

Table 1 also compares Magma against Cautious optimizer [24] on Adam, Lion, and Muon, which
shares the similar mechanism of momentum-gradient alignment. While Cautious (C-) optimizer
variants generally provide reliable improvements over base algorithms, Magma demonstrates a
distinct and more scalable advantage. In particular, at the 1B scale, Magma outperforms its cautious
counterpart for every optimizer. The dominance of Magma over Cautious optimizer highlights the
effects of the geometric regularization by structural random masking.

4.2. Pre-Training Nano MoE

We also evaluate Magma on sparse MoE pre-training using Nano MoE [54] on OpenWebText [11],
following the standard setup described in Appendix D.2. MoE architectures, with dynamic load
balancing, sparse token-to-expert routing, and non-uniform gradient flow, induce highly nonsmooth
optimization landscapes [9, 43, 63], making them an effective testbed for optimizer robustness.

Figure 2 shows that Magma consistently improves performance of both Adam and Muon in
the MoE setting. When applied to Adam, Magma exhibits slower convergence during intermediate
training but ultimately achieves superior final performance. Consistent with Llama pre-training,
Magma also significantly outperforms the Cautious Optimizer. The improvement on Muon is
particularly encouraging, as it shows that Magma remains effective even when sparse MoE training
is paired with strong matrix-preconditioned updates.

Robustness in LLM Pre-Training. Controlled experiments in Appendix C isolate two defining
challenges of the LLM training regime—heavy-tailed gradient noise and heterogeneous blockwise
eigenspectra—and demonstrate that Magma remains highly robust and effective under these con-
ditions. These results show that Magma is particularly well matched to the distinctive demands of
LLM pre-training.
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Appendix A. Additional Theoretical Results
A.1. Geometric regularization in SkipUpdate and Magma

In Proposition 1, we show that SkipUpdate induces a curvature-dependent regularization term in the
expected loss decrease.

Proposition 1 Conditioned on F; with Ay = (AE”, ce AEB)), the expected loss of SkipUpdate is
B

By 106 — A0 = 16— A1) + Z 5 ) Hu@)AY + 0T IAY). ®)
b=1

Proof Cogdition on F¢, under which 0; and A; are deterministic. A second-order Taylor expansion
of [(6; — A;) around 6, yields

B B
1 _ - _
6, — Ar) = 1(6) - AP+ 23S A Hy @AY + Ba(B)), (6

b:l b=1b'=1
where g; = VI(6;), Hyy (6;) is the (b, b') Hessian block, and the remainder satisfies |Rao(A;)| =
B A
O (S 1A0)P)
By construction of the masked update and conditioning on (6;, A;),

~ 1
EAY | 6, A = ;E[mﬁb)mb) =al. (7)

Moa

—_
o

Moreover, using independence of {mgb) 1B,
) (A TH (0)A"), b1,
E Q") Hw (0)A" 6, A =3 " (8)
E(At ) Hpp(0)A;7, b=V
Taking conditional expectations in (6) and regrouping terms, we obtain

B
~ 1— -
E[1(0: — Do) | 0, A = 100 — D) + > Wp(Aib))Tbe(@)Agb) +E[R(Ay) | 6, A 9)

Finally, since EHAEb) I = O(HAEb) |3) for each b, the expected remainder term is of order
@) (Ele |A®) H3> completing the proof. |

Next, we show that the curvature-dependent regularization effect in Proposition 1 also holds for
the scaled masking scheme used by Magma. The difference is that the regularizer is applied to the
alignment-scaled update direction.

Proposition 2 Conditioned on F; with Ay = (A(l) A(B)) let s; = (sgl), . (B)) be the
block-wise Magma alignment scores, and define the alignment-scaled update A(b) 5 st for

b=1,...,B. Then, the expected loss of Magma is

B B ()3
- 1—
E: [l(et - 8] = 105180+ Y S P PAL)  Hu6) AL+ (Z BN H3> .
b=1 b=1
(10)

11
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Proof Condition on F3, 6%, A4, and s; are deterministic, and the only remaining randomness is the
_ ~ (b) _
Bernoulli mask. For notational simplicity, write Agb) = sgb)A,gb) and Agb) = %Agb).

Similar to Proposition 1, a second-order Taylor expansion of (6; — At) around 6; gives

B
10— A) = 1061) = > (g TAY + - ZZ ) Hyy (0)AY) + Ry(Ay),  (11)

b=1 b 1v=1

where g; = VI(6;), Hyy (6;) is the (b, b') Hessian block, and |Ra(Ay)| = O (Zb " ||A || )
First, the masked update is unbiased for the alignment-scaled update:

O DA _ & (b
E AP = I;E[mg NAP) = ALY, (12)
Therefore, the expected first-order term in (11) coincides with the first-order term of the deterministic
update A;.
Next, consider the second-order terms. If b # ¥, independence of the Bernoulli masks gives

~ ~ (B! 1 / _ — (B
B (A7) Ty (00 A" | = 8 [mimi | (A7) 00 A (13)
= (AP)TH,, (0) A", (14)

For the diagonal terms, using (m (b)) = mgb), we obtain

E; (Agb))Tbe(et)AEb)} =5E [(mgb))ﬂ (AP TH,,(6,) A (15)

(AP TH,,(6,)AP. (16)

Now compare this with the Taylor expansion of the deterministic alignment-scaled update:

B B B
1 _ _
10— D) = 100) = (o)A + 5 3 ST A Hu (008" + Ra(B). (17)
b=1 b=1bv'=1

The first-order terms agree by (12). The off-diagonal second-order terms also agree. The only
additional second-order contribution comes from the diagonal blocks, where masking inflates the
second moment by a factor of 1/p. Hence, we get

B
Eofl(0— A)] = m—AmZ% @ - 1) (AP THy (0) AL + B [Ro(A0)] - Ra(Ay). (18)
b=1

Since % ( % — 1) = 12;;7, the desired curvature term follows.
It remains to bound the remainder. For each block, we have

(b) 3
myzo| | _ L 3 A3
' AP | = B [ 1801 = SIAPIE a9)

< (b
EJAY|P = & .
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Because Agb) = s§b) Agb), this becomes

~ors_ 15PB s
Ee|| A ZPTHAt % (20)

Also, we have HA@ |2 = \sgb) |3||A§b) ||2. Therefore, we get

B
Et[Ra(A)] — Ra(Ar) = O <Z ’S; " 1A} H3> 1)

b=1

Substituting Aib) = sgb) A%b) gives the equivalent expression in terms of A; and s;, completing
the proof. |

A.2. Convergence Analysis & Discussion

Setup. We analyze the effect of scaled random masking in Magma through the lens of classical
optimization theory. Consider # = (01, ... #(B)), where (") ¢ R and Bd' = d. We assume
that the objective is lower bounded, i.e., I, £ infy1(f) > —oo. For a vector g = (g1, ..., gP)),

(b)
define the scaled masking operator M;(g)®) £ mng(b). For the block-wise alignment scores

s = (sgl),. sgB)) write S; = s, ® Iy where ® is the Kronecker product. For clarity, we

analyze constant-stepsize SGD, 6,11 = 6; — ng;, and Magma 0,1 = 0; — n.S;M(g;) as its masked
counterpart. This isolates how alignment-dependent masking changes the descent and curvature
terms that control stochastic optimization. Proofs are deferred to Appendix B.

We assume a block-wise smoothness condition and regularity conditions for stochastic gradients.

Assumption 3 There exist constants L'Y) > 0 such that, for all 0 and all block perturbations
A= (ADLAB) 10+ A) <UO) + X2 (Vel(0), AD) + LS8 LO| A2, Also, for
all 6 and b € [B], E[g®) (0)] = Vl(6) and E[lg (6)]* < ||V41(0)]2 + o2

The assumption captures the empirical heterogeneity of transformer loss landscapes, where dif-
ferent blocks may have substantially different local curvature. We write ||g||2 £ 5:1 LO)||g®)|]2.
Further, it assumes unbiased stochastic gradient with bounded block-wise second moment.

One-step descent. The following lemma shows how masking changes the standard descent lemma.

Lemma 4 Under Assumption 3, Magma satisfies B[l(0111)] < 1(0:)—nE¢[g, SiVI(0)]+L E[|| Sege?]
forall t.

In Lemma 4, E,[g, S;VI(6;)] measures how much descent is preserved after the alignment
scaling, and E;[||S;g¢||] is the curvature penalty. To make the latter explicit, define the block—wise

- (0) & Eflsi”ai”| 2 21 _ 2B ol 2
second-moment scaling factor p, = ?Eﬁg(bt”Q - Then, we have o E¢[|| Seg: 7] = 45 >0y ;) LOE, Hg H .
7® : 70 2 p” 1)

Thus Magma replaces the block smoothness constants L'*’ by the effective constants L, = fp L\"%).

We also define Hg||2 = Zf 1L(b lg®||? and 02 = Zf 1L )
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Convergence analysis. The descent lemma depends on E;[g,’ S;VI(6;)]. Since a stochastic block
direction may occasionally have negative correlation with the true gradient, the lower bound must
account for such events. The next lemma shows that alignment scaling preserves a conservative
fraction of the first-order descent, up to a variance-level penalty.

Lemma 5 Under Assumption 3, suppose sgb) € [s_,sq] forallbandt (eg. s— = sigm(—1/7)
and s = sigm(1/7) for Magma). Then, E;[g;' S;V1(6;)] > s_||VI(0,)[|> — == e of.

Combining Lemma 4 with Lemma 5 gives the following stationarity guarantee.

)

Theorem 6 Under Assumptions 3 and a a’etermmzsnc constant Lmax such that L(b < Lpax for all

2
t and b almost surely (e.g., LmaX = ? maxye(g) L ®)), it holds that

160) — 1) 20% 10> -
—ZIEHVZ )12 < ((UE)T )+ §C+ SL, for stepsize n € (0,5_/Liax),  (22)

A sy—s- B 2 ~2 A 1 \T-1 2
where 02, = 2= %" | o7 and 0% =% Yo E[O’Zt].

Theorem 6 has the standard form of a constant-stepsize nonconvex SGD bound. The important
difference is that the stochastic error floor depends on the effective curvature-weighted noise 5%. For
vanilla SGD (i.e., p = 1 and S; = 1), the bound reduces to % Zt S E|VI6)? < % +
naL, forn < ﬁ, where L. = maxy L(® and O'L = Zfil L® O'b. The quantity 0% =

le L(b)ag shows that the stationary neighborhood of SGD is controlled by curvature-weighted
gradient noise. Hence blocks with large L(b)og highly impacts the error floor. This observation is
particularly relevant in ill-conditioned and heterogeneous transformer landscapes, where stability
is often constrained by a relatively small set of high-curvature or high-variance blocks [1, 33, 35].
Therefore, it is highly beneficial to attenuate these blocks by masking or scaling. In that case, the

7(0)

effective constants L, ’ reduce both the effective noise term 5% and the effective smoothness envelope

Emax, yielding a smaller stationary error floor and a larger admissible stepsize range.

SkipUpdate vs Magma. This perspective separates the roles of random masking and alignment-
dependent scaling. Under SkipUpdate (i.e., sgb) = 1 for all b), pgb) = 1 and Lgb) = %L(b).

Consequently, the convergence bound becomes + ST EVIG)]? < % + ga%, for
n < £.—- Thus, in this worst-case analysis, the pure random masking does not reduce the curvature-
weighted noise; rather, the scaled mask inflates it by 1/p and shrinks the certified stepsize range by a
factor of p. Random masking may still provide useful regularization, but it does not, by itself, target
the blocks that dominate the optimization bound.

However, Magma differs by making the effective smoothness alignment-dependent; that is,
IEtHS< ) (b )||2 L(b

E, Hg(b) 12

precisely on blocks with large curvature—welghted noise. The intuition from §3 suggests why this

correlation is plausible. To see this, recall that momentum summarizes a recent history of stochastic
gradients. If the block curvature is large, then even a small displacement over the momentum window

can substantially change the local gradient: V,L(0;) — Vi L(0;—1) =~ Hpp(6;) (Hﬁb) — Qg)k). Thus,

~ (b)
L,(fb) = prL( ) = . Its benefit therefore arises when the alignment score is small
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larger L®) is likely make the current gradient less consistent with the historical gradients encoded
in momentum. At the same time, large stochastic variance injects minibatch-specific components
into g,gb) that may be orthogonal or opposite to the accumulated direction. Consequently, blocks
with both sharp curvature and high gradient noise are exactly the blocks where momentum-gradient
alignment is expected to be weak.

This explains the role of Magma in the convergence bound. Specifically, when gﬁb) disagrees

with the smoothed descent direction ,ugb), the score reduces pib) and therefore attenuates that block’s

~ (b)
effective contribution Lgb)o—g = %L(b)ag . Therefore, unlike uniform masking in SkipUpdate,

Magma can reduce the dominant curvature-weighted noise terms when low-alignment blocks coincide
with large L(b)ag. This explains how alignment-dependent masking can widen the stable optimization
regime, being consistent to the wider stable learning-rate regime observed empirically in Figure AS.

Appendix B. Proofs of Claims
B.1. Proof of Lemma 4

Proof
Under Assumption 3, for any 6 and any multi-block A = (A(l), cee A(B)), it holds

10+ A) <1(0) +ATVI(6) + %HAH%. (23)

Applying (23) with A = —nS; M, (0) yields

2
(6r1) < U(6:) — n(S:Mu(g0) VU6 + TS Mi(g) 7. 4

By the independence between mgb) and g§b), we have

Ei[(SiMi(gr) " VI(0,)] = Elg, SiVI(6,)], (25)

and
1
Ee[[| SeMe(gr)|3] = ];Et[HStgtH%]' (26)

Therefore, taking conditional expectation E.[-] on both side of (24) yields the desired result. W

B.2. Proof of Lemma 5

Proof We prove the result conditionally on F;. For each block b € [B], define hl(fb) £ Vul(6;) and
Xt(b) = (ggb))ThEb). Let s_ = sigm(—1/7) and s, = sigm(1/7). Since sgb) € [s—, s4], for every
real number x we have

Ve >s_a— (s —s_)x_, r_ £ max{—z,0}. (27)

st
Therefore, we have

B (s (gi") 0] = s B[ X)) (51— s )E((X) ). (28)
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By conditional unbiasedness of the stochastic gradient, it holds that
b b b b
E[X,"] = Edl(g:") ") = 10”1 (29)

Now, it remains to bound the negative part of Xt(b). If hib) = 0, then Xt(b) = 0 and the claim is
immediate. Otherwise, let A, = th(tb) > > 0. For every x < 0, it holds that

(.f — Ab>2
< X ) 30
TS 4, (30)
since this inequality is equivalent to (z + Ap)? > 0. Therefore, we get
x®
®) (X" = Ap)?
X)) < — 31
and taking conditional expectations gives
(0) 2
E (X7 — A
B (x®)_) < P _Z A (32)

44,

Moreover, since we have Xt(b) — A4 = ((gt(b) - hgb)))ThEb), applying Cauchy—Schwarz and
Assumption 3 gives

E (X" — 4)%) < |y PE]lg” — n”|? (33)
= 1712 (Bellg ™1 — 1n” 1) (34)
< 11”203 (35)
Thus, we get
2
E[(x")-] < 2. (36)
Combining (28), (29), and (36) yields
b b b b Sy — S_
Ee|st” (9") 0" | = s 0|2 = Z=a?. (37)
Finally, summing over b € [B] gives the desired result:
B S+ — S
Eilg, S;Vi(6;)] Z{s Vol(6:)])? — 1 ag}. (38)
|
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B.3. Proof of Theorem 6
Proof By the definition of ||S:g:||%, we have

B

b
fEtnstgtHL ZL Edllgt” 12 < S LV (IV6l(60)]1% + o2),
b=1

where the inequality comes from Assumption 3. Then, applying Lemma 5 to Lemma 4 yields

2
Ei[l(0,1)] < 1(6:) — nEilg/ SiVI(6,)] + "—Etmstgtn%]

B
N b
< 1(0) = s V1O + ot + D7 L (IVul @) + 7).
b=1

Rearranging the gradient terms gives

B _ 2
B[l (0141)] < U6) =Y (5= = JL ) VoL@ + o+ Lo?,.
b=1

Since Egb) < Lpaxandn < s_/ f/max, we have s_ — giff’) > %’ Therefore, we have

775— 2 n”?
Ell(001)) < U0 — 910+ no+ o7

Taking total expectation and summing (43) from ¢ = 0 to T" — 1 yields

T-1 9 T—1
ns— n
"5 S EIVIOOIP] < i60) = BU6r)] + b + 7 3Bl

Since [(07) > L., we get

T-1 9 T'—1
S_
= ST ENVIO ) < 160) — b+ nTo%+ T S Elo?
t=0 t=0
and dividing by ns_T'/2 gives
T-1 T-1
1 W) L) 20 .
— E[||Vi(o E[o% .
T tz; IV ns_T s T =

Finally, using the definition of 6% completes the proof.
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Appendix C. Additional Experiments

Table Al: Effect of Magma across optimizers and model scales. Validation perplexity is reported
for four model scales (60M to 1B). Lower is better. Gray rows denote Magma variants. C- denotes
Cautious Optimizer, evaluated only on a subset.

Method 60M 130M 350M 1B

Adafactor 29.84 2352 17.71 15.00
C-Adafactor 29.65 23.15 1699 14.67
Adafactor+Magma 29.16 2222 1643 13.12
Adam 31.15 2542 19.18 16.82
C-Adam 30.58 2435 18.33 16.44
Adam+Magma 3055 23.04 1698 14.45
LaProp 31.27 23.82 1943 17.44
LaProp+Magma 3025 22.87 16.89 14.18
Lion 37.16 2743 2498 18.07
C-Lion 3341 2564 1937 16.30
Lion+Magma 33.59 2526 19.00 1597
RMSProp 30.28 2346 1748 14.69
RMSProp+Magma 29.59 22.38 16.52 13.51
Muon 2843 21.81 1658 13.29
C-Muon 28.64 21.89 16.52 13.44
Muon+Magma 28.47 21.76 1621 13.22
SOAP 30.38 23.58 17.72 1447

SOAP+Magma 28.65 22.12 1657 14.07

C.1. Magma under Heavy-Tailed Gradient Noises

A salient feature of training autoregressive language models is the presence of heavy-tailed stochastic
gradient noise [21, 58]. To isolate and study the effect of heavy-tailed noise on optimization dynamics,
we evaluate Magma using the controlled benchmark proposed in Ahn et al. [1], which provides an
abstraction of transformer training while faithfully reproducing key empirical phenomena observed
in practice, including the performance gap between Adam and SGD for LLM pre-training. The
benchmark considers training a simplified linear transformer to solve a random linear regression
task in a meta learning format [2, 12, 47]. In this benchmark, we consider two data regimes, namely,
light-tailed and heavy-tailed settings. Under the heavy-tailed setting, we modify the input sampling
distribution to amplify tail behavior in the covariates, thereby inducing heavy-tailed stochastic
gradient noise during optimization. We refer to Appendix D.4 for full experimental details.

Figure Al (top) compares the optimization trajectories of Adam and Adam + Magma under
normal and heavy-tailed covariates. While both methods perform similarly under normal noise,
Magma significantly outperforms Adam in the heavy-tailed setting, offering insight into its strong
empirical performance in LLM pre-training, where heavy-tailed data is ubiquitous [1, 21]. Notably,
this result is appealing given Adam’s known robustness to heavy-tailed distributions.

To further analyze this behavior, Figure A1 (bottom) reports the robust condition number along
training trajectories [18]. Under heavy-tailed noise, Magma consistently attains substantially smaller
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Figure Al: Magma on light-tailed and heavy-tailed distributions. Top: Optimization trajectories
for Adam and Adam + Magma. Botftom: Robust condition number defined as the ratio between the
maximum and median eigenvalues of the loss Hessian.

condition numbers, indicating that its updates remain confined to well-conditioned regions of the
loss landscape. This reflects the curvature-dependent geometric regularization induced by scaled
random masking, which selectively suppresses curvature- and noise-dominated directions, thereby
enhancing robustness to extreme gradient fluctuations.

C.2. Magma on Heterogeneous Quadratics

To further validate the effectiveness of Magma in heterogeneous landscapes, we evaluate Magma on
a controlled quadratic benchmark adopted in recent works [33, 60]. The benchmark consists of two
quadratic objectives with identical eigenspectra but different block-wise curvature structure. In both
cases, the loss takes the form [(w) = %wTH w, where H has eigenvalues spanning three orders
of magnitude. The key distinction lies in how these eigenvalues are arranged: in the homogeneous
setting, eigenvalues of similar scale are grouped within blocks, whereas in the heterogeneous
setting, each block mixes eigenvalues with vastly different magnitudes, inducing strong curvature
misalignment. Despite its simplicity, this heterogeneous structure qualitatively mimics the loss
geometry observed in autoregressive transformers, in contrast to the more scale-separated curvature
typical of CNNs. Full details are provided in Appendix D.3.

Figure A2 (top) presents optimization trajectories for both Hessian structures. On the homo-
geneous problem, AdamW + Magma and AdamW exhibit comparable performance, with Magma
converging slightly faster in the early stages. However, in the heterogeneous problem, while AdamW
is known to substantially outperform non-adaptive methods such as SGD [33, 60], AdamW + Magma
achieves faster convergence and a lower final loss than AdamW. This mirrors the gains observed in
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Figure A2: Magma on homogeneous and heterogeneous quadratics. Top: Optimization trajectories
for AdamW and AdamW + Magma on quadratic objectives with identical eigenspectra but different
block structures. Bottom: Average gradient—-momentum alignment per block.

the pre-training experiments (cf. Table 1), suggesting that Magma is particularly effective in regimes
where curvature is both ill-conditioned and misaligned across parameter subspaces. Consistent
with the scope of this paper, we do not expect this advantage to transfer uniformly to architectures
whose optimization geometry is closer to the homogeneous setting. For example, when applied to
ResNet-50 on CIFAR-10 classification, Magma does not consistently improve over AdamW (94.46%
vs. 93.82% test accuracy after 100 epochs under carefully tuned configurations). This supports our
view that Magma is not a universal optimizer enhancement, but is most relevant to transformer-like
regimes characterized by heterogeneous, ill-conditioned, and misaligned curvature.

Figure A2 (bottom) analyzes the average gradient—-momentum alignment within each block for
AdamW and AdamW + Magma. As expected, the homogeneous Hessian exhibits higher alignment
across all blocks, reflecting its more benign conditioning. Notably, although Magma explicitly
suppresses updates that conflict with accumulated momentum, it does not significantly increase the
alignment score itself. This indicates that Magma’s gains arise not from altering momentum statistics,
but from enforcing consistency between instantaneous gradients and long-term descent directions.

Appendix D. Experimental Details

D.1. C4 Pre-Training Benchmark Setup

We follow the setup introduced in Zhao et al. [62]. Specifically, we use a fixed batch size of 512 and
a max sequence length of 256 with a search grid of [Se-5, le-4, 3e-4, Se-4, 1e-3, 3e-3, Se-3, le-2,
3e-2, Se-2, le-1] for the learning rate. We find that Magma typically performs best when its learning
rate is 5-30x larger than the base learning rate due to the scaled random masking. For learning
rate scheduling, we implement an initial warm-up for 10% of the total steps, followed by a cosine
annealing that decays the learning rate to 10% of the peak value. We run 10K, 20K, 60K, and 100K
iterations for the 60M, 130M, 350M, and 1B models, respectively, and report the final evaluation
perplexity from the run with the best learning rate.
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D.2. Nano MoE Pre-Training Benchmark Setup

We follow the default setup presented in Wolfe [54]. Specifically, we use a GPT2 [37]-style
transformer with 124M number of parameters. Further for MoE configuration, the model uses
8 experts per MoE layer, with top-2 routing such that each token is dynamically dispatched to
two experts. Further, the MoE layers are applied with a stride of 2, with dense and MoE layers
alternating. The model also includes a number of training stabilization techniques, such as auxiliary
load-balancing loss and switch transformer [9]-style initialization. Refer to Wolfe [54] for full details.
Finally, the model is trained for SOK iterations on 8xA100 GPUs using the default configuration: a
batch size of 12, gradient accumulation of 40, a sequence length of 1024 tokens, a minimum learning
rate of Se-6, a weight decay of 0.1, and a grad clip norm of 1.0.

D.3. Heterogeneous Quadratic Benchmark Setup

We provide full details of the quadratic benchmark used in Orvieto and Gower [33]. The setup
consists of two quadratic optimization problems in R?, each defined by a Hessian matrix with an
identical eigenspectrum and a 3 x 3 block-diagonal structure. Concretely, we consider losses of the
form L(w) = %wTHw, where the eigenvalues of H are {1,2,3,99,100, 101, 4998, 4999, 5000}.
While both problems share this eigenspectrums, they differ substantially in how the eigenvalues are
arranged across blocks.

In the homogeneous Hessian, eigenvalues are grouped by scale within each block: {1,2,3},
{99,100, 101}, {4998, 4999, 5000}. In contracst, the heterogeneous Hessian interleaves eigenvalues
of vastly different magnitudes within each block: {1,99,4998},{2,100,4999}, {3,101, 5000}.
This structural difference is intended to mimic qualitative distinctions between loss landscapes of
autoregressive language models and those of more shallow architectures such as CNNs.

The Hessian H is constructed by first forming diagonal matrices with the specified eigenvalues
for each 3 x 3 block and then applying an independent random rotation to each block. Stochasticity
is introduced by defining a design matrix X = H'/2 and, at each iteration, subsampling a random
subset of rows of X to form a stochastic approximation of the loss and its gradients.

D.4. Heavy-Tailed Gradient Noise Benchmark Setup

We adopt the controlled linear-transformer benchmark introduced by Ahn et al. [1]. In this benchmark,
each input sequence corresponds to a distinct linear regression task. Specifically, an input takes the

form z = ((-’;1) ) <:;:2> A <§n> ) <w76+1>>,wheremei =y;fori =1,...,n+1and
1 2 n

the latent regression vector w ~ AN (0, I) is independently sampled for each sequence. The learning
objective is to predict y,, 11 from the context {(«;, y;)}/_;, and training minimizes the mean squared
prediction error. Following Ahn et al. [1], we use dimension d = 5 and context length n = 20.
This setting has been extensively used to study in-context learning and optimization dynamics of
transformers in a simplified yet faithful regime [2, 12, 47].

To study the impact of heavy-tailed stochastic gradients, we consider two covariate distributions.
In the light-tailed setting, covariates are sampled as @; ~ N (0, I). In the heavy-tailed setting, we
sample x; uniformly from the unit sphere S*~! and scale each sample by an independent heavy-tailed
random variable |/T'g 1 109, where I'j, 9 denotes the Gamma distribution with shape k and scale 6.
This construction significantly amplifies tail behavior in the covariates, thereby inducing heavy-tailed
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gradient noise during optimization and enabling a controlled evaluation of optimizer robustness
under extreme stochastic fluctuations.

Appendix E. Literature Review

Stabilizing LLM training. A line of recent work addresses instability in LLM training by explicitly
constraining optimizer updates in unstable regimes. The method most closely related to Magma is
Cautious Optimizer where an update for each parameter is masked when its gradient has an opposite
direction to its first-moment estimate for ensuring a descent direction update under a small step size.
However, it lacks the structured random masking that promotes flatter optimization trajectories, unlike
Magma. More broadly, peculiar optimization landscape of LLM training is known to be unstable due
to loss spikes and gradient explosions [6]. Therefore, prior work has explored gradient clipping with
a periodic momentum reset to address negative impacts of gradient spikes [15], initialization methods
for stable training dynamics [31, 45], and architectural interventions that reshape gradient propagation
[8, 49, 56]. Despite this wide exploration, the direction of inducing geometric regularization through
stochastic perturbations of the optimization process remains relatively underexplored.

Geometry-aware and trust-region methods. A large body of work improves optimization by
incorporating local geometry through curvature-aware updates [7, 13, 26, 57] or trust-region con-
straints [10, 22]. The former direction aims to approximate second-order structure by tractable
preconditioners, recently extending to efficient eigen-decomposition for LLM training [48]. On
the contrary, the latter trust-region—flavored methods, such as SAM and its recent variants [23, 28],
bias optimization toward flatter regions by optimizing robustness to parameter perturbations, albeit
at the cost of additional gradient evaluations. Instead of computing explicit curvature matrices or
adversarial perturbation, Magma penalizes sharp curvature along its own block-wise update directions
via stochastic masking, offering a lightweight alternative to flatness-seeking optimization.

Stochastic perturbation and noise injection. Stochastic perturbation is a well-established strategy
in machine learning, ranging from random gradient masking in meta-learning [46] and federated
learning [51] to the annealed Gaussian noise used in Bayesian inference [29, 52]. A prominent
example is Dropout [44] that randomly masks hidden units, which has been shown to induce a
data-dependent weight-space regularizer that promotes model stability [27, 50, 61]. In modern
LLMs, this principle has evolved into embedding-space perturbations, injecting structured noise into
token embeddings during instruction fine-tuning [16]. However, the impact of structured and stateful
perturbations on optimization dynamics remains relatively under-explored. Magma operates directly
on parameter updates and their alignment with local curvature for regularizing the optimization
dynamics, highlighting a role for stochastic perturbation particularly suited to LLM training.

Appendix F. Ablation Studies

We conducted ablation studies on a 130M-parameter Llama model trained on the C4 dataset with
RMSProp+Magma, following the setup in § 4.1.

F.1. Masking Component

We investigated the efficacy of Magma applied to specific transformer sub-modules (Attention vs.
MLP) compared to a global masking strategy. As shown in Table A2, applying masking exclusively
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Table A2: Validation perplexity ({.) for different masking components.

Baseline Attn Only Attn + MLP

All

Eval Perplexity ~ 22.64 21.92 21.65

21.94

Table A3: Validation perplexity ({) for different masking granularities using Uniform vs. Momentum-
Gradient Alignment-based sampling schemes (with and without damping). The baseline (RMSProp)

excluding both sampling and damping achieves the perplexity of 22.64.

Method Element Row Column Block
Uniform Sampling 21.73  21.76 21.78 21.81
Damping 2197 2195 2191 21.92
Uniform Sampling + Damping 21.58 21.62 21.61 21.65
Momentum-Gradient Alignment-based Sampling 21.77 21.78 21.75 21.78
Momentum-Gradient Alignment-based Sampling + Damping 21.63 21.60 21.61 21.65

to attention blocks improves model performance, reducing validation perplexity from a baseline
of 22.64 to 21.92. We observe a synergistic effect when masking is applied to both attention and
MLP simultaneously; this configuration achieves the lowest perplexity of 21.65, surpassing the
most comprehensive setting (21.94). These findings indicate that targeted regularization of specific
sub-modules yields superior performance compared to uniform masking strategies.

F.2. Masking Granularity

Table A3 summarizes the validation perplexity across four masking granularities (Element, Row,
Column, and Block) using different sampling and damping configurations.

Robustness Across Granularities We found that changing the masking granularity has very little
impact on stability. For example, with Uniform Sampling, the score varies only slightly—from 21.73
(Element) to 21.81 (Block). This indicates that while fine-grained masking provides a small edge,
block masking is preferable for its efficiency—it saves significant memory for cosine similarities
with minimal loss in accuracy. We conjecture that the near-equivalence reflects the limited ability
of diagonal preconditioning in RMSProp to exploit dense within-block curvature, rendering finer-
grained masking of marginal practical benefit.

Effectiveness of Damping and Sampling The results in Table A3 highlight the synergistic effect of
combining sampling schemes with damping. While damping alone yields a perplexity improvement
over the RMSProp baseline from 22.64 to around 21.92, it does not outperform standalone uniform
sampling. However, integrating damping with sampling strategies consistently unlocks the lowest
perplexity scores. Uniform sampling + damping achieves the minimum perplexity of 21.58 (Element-
level masking), improving upon the standalone uniform sampling by approximately 0.15. On the
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Figure AS: Sensitivity analysis of learning rate on evaluation perplexity. Unlike Adam and C-
Adam, which exhibit narrow optimal windows, Adam+Magma maintains consistent performance,
demonstrating stability across a significantly wider hyperparameter range.

other hand, momentum-gradient alignment-based sampling, which utilizes the masking probability,

does not outperform uniform sampling.

F.3. Sampling Ratio and Damping Temperature

To identify the optimal sampling ratio p and damping temperature 7, we experimented with p €
{0.25,0.5,0.75} and 7 € {0.5,1.0,2.0,4.0}. As Figure A3 demonstrates, p = 0.5 outperforms other
values across all temperatures. On the other hand, the results are not very sensitive to temperature, so
we proceed with 7 = 2.0 in all our experiments.
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F.4. Sparse vs. Dense Momentum Update

The dense momentum update in SkipUpdate contrasts with subspace optimization methods [25, 34,
62], in which parameters and auxiliary states are updated only on selected coordinates. For example,
GaLore [62] selects coordinates via leading gradient singular vectors and updates them over fixed
batch intervals. While this reduces optimizer memory, it repeatedly optimizes a suboptimal coordinate
subset, contrary to classical coordinate descent insights [30, 32]. Moreover, significant memory
savings are not guaranteed in modern LLM training, where memory consumption is dominated by
activations rather than parameters or optimizer states [41, 59].

Further, SkipUpdate effectively yields a variance-reduced estimator of the true momentum due to
the lazy update scheme, resulting in more stable search directions. Consequently, as shown in Figure
A4, the dense momentum updates yield greater stability with improved generalization, compared to
the sparse momentum updates as in the memory-efficient subspace optimizers.

For empirical verification, we consider four different settings with a learning rate of 0.001.
The results indicate a critical disparity between dense and sparse update methods. As shown in
Figure A4, the dense baselines—regardless of damping—consistently maintain robust convergence
and achieve the lowest perplexity. In contrast, the sparse momentum update without damping exhibits
severe instability, characterized by a sharp increase in perplexity that remains high throughout the
20,000 iterations. Although the introduction of damping stabilizes the model, its trajectory still
underperforms dense update baselines.

F.5. Sensitivity to Learning Rate

As Figure A5 demonstrates, Adam+Magma exhibits superior robustness to learning rate variations
compared to baseline optimizers. While C-Adam and Adam are sensitive to the learning rate—with
perplexity spiking when the learning rate deviates from approximately 0.001-0.003—Adam-+Magma
maintains stability across a broader spectrum. In particular, it remains effective at rates up to 0.05,
a region where other optimizers fail to converge. This suggests Adam+Magma reduces the need
for precise hyperparameter tuning, offering greater reliability for resource-constrained experimental
setups.
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