WISCA: A Lightweight Model Transition Method to Improve LLM
Training via Weight Scaling

Jiacheng Li', Jianchao Tan' *, Zhidong Yang’, Pingwei Sun', Feiye Huo!, Jiayu Qin'
Xiangyu Zhang?, Maoxin He*, Guangming Tan?, Weile Jia?, Xunliang Cai!, Tong Zhao’ *,
'Meituan, Beijing, China
ZUniversity of Chinese Academy of Sciences, Beijing, China
*Hong Kong University of Science and Technology, Hong Kong SAR, China
4Xiamen University, Xiamen, China
{lijiachengl4, tanjianchao02}@meituan.com
{jiaweile, tongzhao.zhaot}Ogmail.com

Abstract

Transformer architecture gradually dominates
the LLM field. Recent advances in training
optimization for Transformer-based large lan-
guage models (LLMs) primarily focus on archi-
tectural modifications or optimizer adjustments.
However, these approaches lack systematic op-
timization of weight patterns during training.
Weight pattern refers to the distribution and
relative magnitudes of weight parameters in a
neural network. To address this issue, we pro-
pose a Weight Scaling method called WISCA
to enhance training efficiency and model qual-
ity by strategically improving neural network
weight patterns—without changing network
structures. By rescaling weights while preserv-
ing model outputs, WISCA indirectly optimizes
the model’s training trajectory. Experiments
demonstrate that WISCA significantly improves
convergence quality (measured by generaliza-
tion capability and loss reduction), particularly
in LLMs with Grouped Query Attention (GQA)
architectures and LoRA fine-tuning tasks. Em-
pirical results show 5.6% average improvement
on zero-shot validation tasks and 2.12% av-
erage reduction in training perplexity across
multiple architectures.

1 Introduction

The weight pattern is defined as the arrangement
and scaling of parameters across layers in a neural
network, which plays a pivotal role in the conver-
gence of neural networks. For example, although a
two-layer fully connected network theoretically can
approximate any function (universal approximation
theorem) Barron (1993), its performance on com-
plex tasks is often suboptimal due to poorly struc-
tured weight patterns. In contrast, modern archi-
tectures (e.g., CNNs, GNNs, RNNs, Transformers)
achieve superior results by implicitly optimizing
weight patterns for specific tasks. These architec-
tures reduce optimization complexity and enhance
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Figure 1: The comparisons of average zero-shot evalua-
tion results at different training steps using WISCA and
original methods on llama-moe-5B-A0.8B. All metrics
can be seen in Appendix.

representational capability through structured de-
signs (e.g., local receptive fields in CNNs LeCun
et al. (2002), attention mechanisms in Transform-
ers Vaswani et al. (2017)), demonstrating that an
effective weight pattern is a key factor in their suc-
cess.

A typical example of a poor weight pattern in
a neural network that leads to suboptimal model
performance is the sharp minimum problem. As
demonstrated in Keskar et al. (2016), training with
excessively large batch sizes increases the like-
lihood of converging to sharp minima. Models
trapped in sharp minima exhibit significantly worse
generalization on test datasets compared to those in
flat minima. This discrepancy arises from the bias
between the training and test sets: Firstly, the loss
landscapes computed on training and test datasets
diverge significantly due to their distributional dif-
ferences. Secondly, because of the distributional re-
lationship between the two datasets being close, the
losses of them exhibit relatively similar but inconsis-
tent trends in parameter spaces. The loss landscape
curves of them are parallel but non-overlapping tra-
jectories. Thus, the side impact of sharp minima on
generalization is apparent. It amplifies sensitivity
to outliers in the dataset and weakens the model’s
robustness as a result.
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In non-convex optimization, rugged convergence
paths, characterized by sharp minima and highly
curved regions in the loss landscape, pose signif-
icant challenges to gradient-based optimization.
Such paths force the optimizer to wander through
narrow valleys and saddle points, leading to prema-
ture convergence to suboptimal solutions with poor
generalization (e.g., sharp minima). In contrast, a
smooth, flat convergence path allows the gradients
to guide parameters in approaching a wider mini-
mum, where small perturbations in the weights have
minimal side-impact on the loss. This stability in-
herently improves generalization, as models in flat
regions are less sensitive to outliers in the dataset.
This difference highlights the critical role of loss
landscape geometry in successfully converging to
a wider minimum.

From the perspective of optimizing weight pat-
terns to improve neural network training trajecto-
ries in the loss landscape and the results of conver-
gence, we propose the Equivalent Model Theory
and an optimization strategy for weight patterns
(WISCA). Equivalent Model Theory gives the defi-
nition of equivalent models. Consider two models;
if they have the same architecture and derive the
same output with the same input despite the dif-
ferences in weight configurations of them. Such
two models can be regarded as equivalent models.
During training, models can transition to equiv-
alent models, and the training process will con-
tinue. WISCA introduces a systematic strategy to
guide such transitions to superior weight patterns,
thereby indirectly reshaping the training process
dynamically. By prioritizing weight configurations
that align with smoother optimization landscapes,
WISCA enhances the likelihood of converging to a
flat minimum with superior generalization perfor-
mance.

Our contributions can be summarized as follows:

* We propose the Equivalent Model Theory,
which establishes a theoretical foundation
for enhancing model training performance
through weight pattern optimization.

* Based on the proposed theory, we propose a
novel model transition strategy called WISCA,
which enables Transformer-based models and
LoRA architectures to dynamically adjust their
weight patterns to more optimal configurations
during training while remaining equivalent to
the unadjusted model.

» Extensive experimental results show that our
WISCA can improve model performance
through dynamically adjusting weights by find-
ing equivalent models.

2 Theory

2.1 Sharp Minima leads to Worse
Generalization

Theorem 1 (Generalization Gap of Sharp vs. Flat
Minima). Let 61 and 0y be two models with iden-
tical training 10ss Lygin(01) = Lyain(02) = L.
If 01 resides in a sharp minimum (defined as
I N (€),for Ve € N (), where |le| — 0, L(6; +
€)—L(61) > L(62+¢) — L(02)), then the expected
validation loss satisfies:

E[Lya(61)] > E[Lya(62)] ()

Proof. The proof proceeds in five steps:

Taylor Expansion of Loss Landscape: For a
small perturbation € € RY, the loss at 6 + € is
approximated by:

1
u9+@szy+?THwk 2)
where H(0) = V2L() is the Hessian matrix. At
minima (V L(0) = 0), the first-order term vanishes.
Sharpness Characterization: The sharpness
condition implies that for all e:

€ H(01)e>e H(b)e = H(0)) > H(b)

3
where = denotes the positive semi-definite order-
ing.

Modeling Validation Loss: Assume valida-
tion data introduces a Gaussian perturbation ¢ ~
N(0,02%I) to the parameters. The validation loss
is approximated as:

1
MM@z%+§EH@5 4)

Expectation Calculation: Taking expectation
over 0:

BlLa(0)] = Lo+ STHHO) )

where Tr(H (0)) is the trace of the Hessian.
Inequality Derivation: Since H(0;) = H(62),
it follows that Tr(H (61)) > Tr(H (03)). Thus:

E[Lval(el)] - E{Lval(GQ)] (6)
2
= % (Tr(H(61)) = Te(H(6)) > 0
]
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2.2 Equivalent Model

Definition 1 (Equivalent Models). Let F denote a
neural network architecture subject to parameter
space ©, input space X, and output space ). Two
parameter configurations 01,02 € O are called
equivalent models if they satisfy:

1. Architectural Consistency: 01 and 05 belong
to the same architecture F.

2. Functional Equivalence: For all inputs X €
Xy
F(X; 01) = F(X; 92) (7)

where F(-;0) denotes the function of forward
propagation for architecture F with parame-
ters 0.

3. Parameter Distinction: 0, #* 0 (i.e., their
weight patterns differ).

Equivalent models represent distinct points in
the parameter space © that map to the same func-
tional behavior in the output space ). This concept
enables optimization strategies (e.g., our proposed
WISCA) to transition between equivalent models
during training, effectively reshaping weight pat-
terns without altering functional outputs.

For example, consider a two-layer fully con-
nected network where:

1. Layer [ uses ReLU(+) activation with zero
bias,

2. Parameters are (w(), wl*+1) and
(aw® o~ twlHD) for o > 0.

For any input x, the outputs are:

0, witDReLU (w(l)x) (8)
0y: o 'wlHDReLU (aw”)x) 9)

Since ReLU(az) = aReLU(z) for o > 0, 6 sim-
plifies to:

o twl*.qReLU (W(l)x) = wl*DReLU (w(l)x>

which matches 6 exactly.
Thus, 6; and 6> are equivalent models (Defini-
tion 1):

* Identical architecture and outputs for all inputs

« Distinct weight patterns (w() % aw(®))

Equivalent Models
Search

¥y  Traditional Method's
eckpt

X Equivalent Models

O final

Figure 2: Optimization via Equivalent Model Tran-
sition. In the ideal case, the global optimum 6, can
be achieved through this strategy. Key notations: 8;p;
(initialized model), 6, (final checkpoint under conven-
tional optimization), 61, .. ., 0,, (all equivalent models
explored globally), fg,. (global optimum). After identi-
fying equivalent models, the optimal candidate (e.g., 61)
is selected for continued training based on convergence
potential. Theoretically, convergence to 6y, is guaran-
teed if all equivalent models are evaluable.

An ideal implementation of the equivalent model
strategy for optimizing neural network training tra-
jectories consists of the following steps:

Escape from Local Minima: When a first-order
optimizer (e.g., SGD, Adam) becomes trapped in a
sharp local minimum 6y with poor generalization,
systematically explore the set of equivalent models
[01, 62, ...,0,] (as defined in Definition 1).

Model Selection: From the candidate set
[01, 602, ..., 0,], select a model 0, that lies in a "flat-
ter” region of the loss landscape, since such regions
are empirically linked to better generalization.

Training Transition: Resume training from 6,
instead of 6, leveraging the functional equivalence
of the models to maintain task performance while
improving optimization dynamics.

Theoretically, if one can identify all equivalent
model strategies for a neural network architecture,
the model can converge to the global optimum.
However, it is quite challenging to implement in
practice. We propose a strategy named WISCA,
model transition during training that identifies par-
tial equivalent models, which have demonstrated
outstanding performance in extensive experiments.

3 WISCA

For an input sequence X € R"*%mosel with n to-
kens and dpoqe1-dimensional embeddings, the self-
attention operation is formulated as follows:

(Q.K, V) =X(Wg, Wi, W) (10)
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QK'
Vi

Att(Q, K, V) = softmax < ) v (1D

Output = Att(Q, K, V)W, (12)

For the f-component (6 = {W,,Wy}), we
model its loss landscape as:

L(Q,K)=(QK—- )%, CeRf. (13
where, C represents the ideal value of QK (e.g.,
C' = 1 for normalized attention).

Under the assumption of perfect equivalent
model strategies, parameters can traverse any point
on the contour lines of £(Q, K) = const (Figure 3).
On the contour lines of the loss landscape, the re-
gion where Q = K exhibits the flattest geome-
try. This is reflected in the top-down contour lines,
where the distance between adjacent contour lines
reaches the maximum when Q = K.

We assume that flatter regions of the loss land-
scape are of higher quality than sharper, more
rugged regions at the same loss level. This superior-
ity manifests not only in generalization performance
but also in the efficiency of continued training. The
core idea of WISCA is to adjust the Q and K values
by scaling in Transformer-based architectures to
satisfy Q = K while preserving the QK”' product.

As illustrated in Figure 3, WISCA modifies the
initialization by enforcing Q = K, leading to funda-
mentally different optimization dynamics compared
to random initialization. SGD-M-WISCA exhibits
smoother and more stable convergence, avoiding
sharp minima with WISCA-adjusted initialization.

WISCA can be applied not only during initial-
ization but also at any iteration of the training pro-
cess. Since the WISCA-adjusted model remains
functionally equivalent to the original model (Defi-
nition 1), training can seamlessly resume from the
transformed parameters.

Next, we will introduce the proposed WISCA in
detail. The design of WISCA starts with vanilla
self-attention in Transformer. To ensure similarity
between Q and K while preserving the QK prod-
uct, we devise the following adjustment for IV, and
W in WISCA:

Wil1
W' =w,. | (14)
! VN IWlh
Wl
W/ — W . || q 15
AT ()

—s— SGD Path
—— SGD-WISCA Path

© SGD-M Start Point
©  WISCA Start Point 350
Y SGD-M End Point
Y WISCA End Point
—-= QK=c

Figure 3: Comparison of SGD-M Bottou and Bous-
quet (2007) and SGD-M-WISCA Optimization Paths.
Red: Optimization trajectory of SGD with momen-
tum (5 = 0.9) starting from a random initialization.
Green: Trajectory using WISCA-adjusted initialization
(Q = K). Both methods minimize L = (QK — 1)
with learning rate = 0.01 and loss threshold € = 1072,
Observations: 1. The WISCA path (Green) converges
in 7 iterations with a smooth, flat trajectory, while the
random initialization (Red) requires 25 iterations with
oscillatory behavior. 2. All equivalent models on the
same contour line (QK = (') exhibit slower conver-
gence except at @ = K, where the flattest region enables
faster stabilization. This demonstrates WISCA’s ability
to identify high-quality initializations aligned with flat
minima, accelerating convergence without architectural
changes.

where || - ||; denotes the L1-norm of a matrix (sum
of absolute values of its elements).

Why does the convergence become stable after
using WISCA? Here is an intuitive explanation.
Considering the landscape f(Q, K) = (QK — 1)?
and the current checkpoint is (Q, K), the gradi-
entis 2(QK — 1)(K, Q). After updating the pa-
rameter along the negative gradient direction with
learning rate n = m, the next checkpoint is
(Q —eK, K — eQ). Now the gradient at this check-
pointis 2((Q—eK)(K—eQ)—1)(K—eQ,Q—eK).
We hope the gradient direction varies as small as
possible. Therefore, we have % = ?{_feg and ob-
tain K2 = 2, which means |Q| = |K]|.

The proposed scaling strategy is also valid for
consecutive linear layers, even when activation
functions (e.g., ReLU, LeakyReLLU Xu et al. (2015))
are used. Similarly, it is also valid for w,, and w, in
transformer.

To ensure ||W)/||1 = ||W/]|1 while preserving the
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output Output = (attention_score - V') - W,, we
define:

[Wollx

= v 16
Wo=Wo\ [ |1, (16)
Woll1
W =W, - W, 17
° AR a7

In classical Transformer architectures, W, and
W} typically share the same dimensionality. Un-
der Gaussian initialization, their L/Lo-norms be-
come approximately equal as the parameter count
grows, rendering naive WISCA adjustments negli-
gible (Appendix Theorem 2).

Another essential application of WISCA is for
the GQA-based architectures Ainslie et al. (2023)
(e.g., g query heads sharing one key/value group),
W, has gx more parameters than I}, leading to
a significant WISCA scaling ratio of \/% For
GQA, we propose group-averaged normalization:

* Loss Flatness Principle: For £ = (QK—1)2,
flatness is maximized when Q = K.

¢ GQA Simulation:

Q=[Q1,Q,...,Qy],
K=K, Ky,...,Ki],

L=[K1Y, Qi — 1)

Optimal flatness occurs when K1 = >_7_, Q;,
not Ky = Q1= Q2=+ = Q.

Conclusion: WISCA adjustments for GQA en-
force ||Wy|[1 = [|Wk||1 x g, yielding larger scal-
ing effects than in MHA. Similarly, WISCA can
be extended to matrix multiplication with unequal
matrices, such as the A and B matrices of LoRA.

We have demonstrated both theoretically and em-
pirically that WISCA achieves its goals through
core principles in Transformer architecture: Adjust
Wl = [ Wil and [ W[y = [, 1. while pre-
serving model outputs. The impact of WISCA is
more pronounced in architectures with imbalanced
parameter groups, such as Grouped Query Atten-
tion (GQA), where scaling (e.g., \/%) leads to
significant tuning.

In experiments, we implement two WISCA vari-
ants:

* Tensor-wise WISCA: Global scaling applied
to entire weight matrices (Equations 14-17).

* Channel-wise WISCA: A finer-grained vari-
ant that applies scaling at the channel level,
enhancing flexibility in parameter optimiza-
tion.

4 [Experiments

We designed tensor-wise and channel-wise WISCA
for W,/W}, and W,,/W,, and conducted pre-training
comparative experiments on open-source Llama,
Qwen, and popular Mixture-of-Experts (MoE) ar-
chitectures (Jacobs et al., 1991). The experiments
evaluated the training convergence and downstream
task performance of different WISCA strategies
compared to the original approach. Results demon-
strate that WISCA significantly improves model
training performance across all tested architectures.

4.1 Tensor-wise and Channel-wise WISCA

We implement four WISCA variants targeting dif-
ferent components of the attention mechanism: (1)
adjustments on W,/W), for attention score compu-
tation, covering tensor-wise (Figure 4) and channel-
wise (Figure 5) optimizations; and (2) adjustments
on W,/W, for output projection, also including
tensor-wise (Figure 6) and channel-wise (Figure 7)
variants.

ol
il \

] Muitiy

Figure 4: Comparison of Attention Score Computa-
tion Methods. Original attention mechanism (top-left),
tensor-wise WISCA (bottom-down), and channel-wise
WISCA (top-right) on W,/W}, adjustments. All methods
produce identical attention scores but exhibit distinct
weight patterns.

As shown in Figure 4, both QK-WISCA vari-
ants retain the original attention scores while re-
distributing weight magnitudes, with channel-wise
scaling offering finer-grained control than tensor-
wise. Similarly, Figure 6 shows that W, /W, adjust-
ments preserve self-attention outputs despite altered
weight patterns, mirroring the pattern observed in
attention-score optimization.

For Grouped Query Attention (GQA) archi-
tectures, we further validate the adaptability of
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channel-wise WISCA. Figures 5 and 7 demonstrate
that GQA’s dimensional asymmetry requires group-
aware scaling in channel-wise WISCA.

W %z W %
I'q k a k
co
-

H=
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[ muttia
] Mutiy

FE #H

Figure 5: Channel-wise WISCA in GQA Architec-
ture. Comparison between original attention (left) and
channel-wise WISCA (right) for W /W, adjustments in
Grouped Query Attention (GQA). Both methods pro-
duce identical attention scores but exhibit distinct
weight patterns. GQA introduces dimensional asymme-
try between W, and W, requiring channel-wise WISCA
to adapt to group-wise scaling (tensor-wise WISCA re-
mains identical to MHA, omitted here).

Channel-wisa T
WISCA GQA

4.2 Convergence Effect on Mainstream LLMs

To validate WISCA’s effectiveness in real train-
ing scenarios, we conduct pre-training experiments
on three architectures (TinyLlama (Zhang et al.,
2024), Qwen2-1.5B (Team, 2024b), and Qwen1.5-
MOoE (Team, 2024a)) using the TinyStories (Eldan
and Li, 2023) dataset. We compare tensor-wise
WISCA strategies (O QK_TEN and @ VO_TEN
shown in Figure 4 and Figure 6) against the origi-
nal training approach, with WISCA applied every
250 iterations while maintaining identical hyperpa-
rameters (learning rate, optimizer, batch size, etc.)
across all experimental groups. Training loss and
test perplexity (PPL) results are summarized in Ta-
ble 1.

Table 1: Training losses and test PPL scores for different
strategies on various models

MODEL STRATEGY TrAIN Loss  Test PPL
ORIGIN 1.3193 3.78
TINYLLAMA ® QK_TEN 1.2849 3.66
@ VO_TEN 1.3123 3.75
D+@ 1.2749 3.62
ORIGIN 1.355 3.96
@® QK_TEN 1.3417 3.91
QWEN2-1.5B 5 vo TEN 1.3507 3.94
D+@ 1.3336 3.88
ORIGIN 1.5497 4.76
® QK_TEN 1.519 4.62
QWENLS-MOE 4 U0 TEN 15408 472
@+@ 1.5141 4.60

Across all pre-training tasks, the experimen-
tal results demonstrate that WISCA consistently
improves model convergence behavior. Notably,
the combined application of QK-WISCA and VO-
WISCA yields superior performance compared to
individual module adjustments, exhibiting a syn-
ergistic effect on the target dataset. This improve-
ment pattern remains consistent across all tested
architectures.

4.3 Evaluation Results on LLMs

To evaluate WISCA’s zero-shot generalization capa-
bilities, we trained a 1.1B-parameter Llama model
from scratch on 1.4B tokens from Wikipedia.en,
followed by comprehensive evaluation using the
EleutherAlI LM Evaluation Harness (Gao et al.,
2024).

Table 2: Evaluation Metrics of llama-1.1B Trained on
1.4B Tokens from Wikipedia.en. Performance compar-
ison of different attention optimization methods. All
metircs seen in table 6

VERSION BooLQT ARC-cT PIQAT WINOGT AvGT

ORIGIN 0.3838 0.1741 0.5288 0.5004 0.3968
@ Qk_TEN 03810 0.1843 0.5332 0.4807 0.3948
@qQk_row 0.3887 0.1817 0.5370 0.5091 0.4041
@ vo_TEN 04015 0.1852 0.5294 0.4957 0.4030
@ vo_row 03817 0.1749 0.5386 0.4988 0.3985
O+® 0.5214 0.1869 0.5413 0.4980 0.4369
@+® 0.4483  0.2014 0.5305 0.5059 0.4215
O+® 0.4226  0.1783 0.5310 0.5075 0.4099
@+®@ 0.3994  0.1724 0.5430 0.5170 0.4080
@+@(nNIT) 04703  0.1860 0.5299 0.4964 0.4207
@+®0nNIT) 0.3960 0.1792 0.5386 0.5036 0.4044
@+@(nN1T) 04312 0.1766  0.5308 0.4949 0.4083
@+@®(anN1T) 03917  0.1817 0.5337 0.5043 0.4029

In the end-to-end evaluation experiments, we val-
idated both tensor/channel-wise WISCA strategies
and their four combinatorial variants. Given the
pronounced impact of initial WISCA adjustments
on model positioning within the loss landscape, we
additionally evaluated strategies where WISCA was
applied only at initialization (marked as ”(init)” in
Table 2).

The evaluation experiments demonstrate that
combinatorial WISCA strategies (D+®, etc.) sig-
nificantly outperform individual optimizations,
with the best combination achieving a 10.1% aver-
age improvement over the baseline (Table 2), high-
lighting synergistic effects between QK-WISCA
and VO-WISCA adjustments.

While initialization-only WISCA retains an aver-
age of 97% of the full combinatorial performance,
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it suggests that periodic adjustments provide incre-
mental refinements to weight patterns. For resource-
constrained scenarios, initialization-only WISCA
offers a computationally efficient alternative (no
training overhead) while preserving most perfor-
mance gains.

Table 3: Zero-shot evaluation results on different train-
ing steps on llama_moe-5B-A0.8B.All metircs seen in
table 7

STEPS METRICS AVGT PPL(WIKITEXT?2)
(TOKENS) ORIGIN @®+® +(%) ORIGIN @+® +(%)
1.43B 35.56 37.07 4.25 7093 68.11 3.98
2.86B 37.88 3823 0.92 48.17 46.25 3.98
4.29B 39.28 3949 0.53 40.72 39.17 3.82
5.72B 39.83 40.68 2.13 3548 3485 1.77
7.15B 40.13 4033 0.50 3329 3277 1.56
8.58B 40.31 40.69 094 31.16 30.80 1.15
10.0B 39.39 40.72 3.38 2945 29.21 0.82

To analyze WISCA’s impact across training
stages, we train a Llama-MoE-5B-A0.8B model for
10B tokens, evaluating seven intermediate check-
points. Zero-shot performance metrics and perplex-
ity scores are reported in Table 3, demonstrating
WISCA’s consistent optimization benefits through-
out training.

The results demonstrate that, due to the extensive
tuning of WISCA during initialization, the most sig-
nificant improvements are achieved early in training,
when the model’s loss graph smoothness undergoes
the largest shift.

While metric fluctuations occur across train-
ing steps (e.g., 0.50-3.38% accuracy variations),
WISCA consistently outperforms the baseline in all
evaluations. The sustained positive trends—partic-
ularly the average 1.81% metrics improvement and
2.44% perplexity reduction across 10B tokens—val-
idate its robustness as a general optimization strat-

egy.
4.4 Benefits on LoORA

Low-Rank Adaptation (LoRA) (Hu et al., 2022) is
a parameter-efficient fine-tuning (PEFT) paradigm
widely adopted for large language models (LLMs).
The core hypothesis posits that weight updates
(AW) during model adaptation exhibit a low in-
trinsic rank, implying they can be approximated
by low-dimensional structures rather than full-rank
matrices.

Given a pre-trained weight matrix W € R™*",
LoRA introduces two trainable low-rank matrices
A € R™*" and B € R"™*", where r < min(m,n).

The adapted weight is computed as:

W =W+AW =W+ A-B (18)

During fine-tuning, only A and B are updated,
while the original W remains frozen.

When m # n, the parameter counts of matrices
A and B become imbalanced. In standard LoRA,
the B matrix is initialized as zero (|| 4| # || B|)),
enabling dynamic WISCA operations during train-
ing. We fine-tuned the DeepSeek-V2-Lite-Chat
model on the Alpaca and MetaMath datasets us-
ing LoRA, PISSA (Meng et al., 2024), and RS-
LoRA (Kalajdzievski, 2023) strategies via Llama-
Factory (Zheng et al., 2024), comparing vanilla
fine-tuning with WISCA-enhanced training (Table
4). Results validate its universal optimization ca-
pability in parameter-efficient fine-tuning (PEFT)
scenarios.

The Alpaca (Taori et al., 2023) dataset is a
widely-used benchmark for instruction tuning, gen-
erated by fine-tuning LLaMA on self-instruct-style
human-AlI interactions to improve language mod-
els’ ability to follow diverse commands. Meta-
Math (Yuetal.,2023) is a specialized mathematical
reasoning dataset containing 8.4k problem-solution
pairs across arithmetic, algebra, and geometry, de-
signed to evaluate and enhance models’ multistep
reasoning capabilities.

Table 4: Training Loss Comparison: Vanilla vs.
WISCA enhanced SFT fine-tuning for DeepSeek-V2-
Lite-Chat (DeepSeek-Al, 2024) on Alpaca and Meta-
Math. All experiments were trained with 3 epochs.

ALPACA METAMATH
METHOD
ORIGIN WISCA ORIGIN WISCA
LoRA 0.8602 0.8532 0.0779 0.0770
PISSA 0.6227 0.6176 0.0692 0.0688
RS-LoRA 0.6773 0.6760 0.0744 0.0726

Since the B matrix in vanilla LoRA is initialized
as a zero matrix, WISCA cannot be applied during
initialization. In our experiments (Table 4), WISCA
operations were performed at one-third of the total
training iterations.

4.5 Benefits on Eagle

EAGLE (Li et al., 2024) is a state-of-the-art specu-
lative sampling framework that significantly accel-
erates LLMs’ inference. It employs a draft model
(typically a small neural network) to generate can-
didate token sequences, which are then validated in
parallel by the target LLM.
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We implement EAGLE by training a draft model
for LLaMA 3.1 Instruct 8B (Grattafiori et al.,
2024). The draft model architecture consists of
a single Transformer layer with self-attention, in-
corporating our proposed WISCA strategy during
training to optimize weight patterns.

Dataset: We use the ShareGPT dataset, a col-
lection of 90K high-quality human-Al conversa-
tions spanning diverse domains (e.g., coding, rea-
soning, open-ended dialogue). Each example con-
tains multi-turn interactions, making it suitable for
training instruction-following draft models.

Table 5: EAGLE-1 Performance: Average Accepted
Tokens and Training Metrics. Tree/Chain modes use
depth=6/top-k=10 and depth=>5, respectively.

ORIGINAL WISCA

METRIC

TREE CHAIN TREE CHAIN
MT-BENCH 3.001 1.528  3.009 1.593
GSMSK 3.234 1.818 3.271 1.809
HuMANEvAL 3.708 2.103  3.715 2.110
ALPACA-EVAL 2.874 1.462  2.900 1.478
TrRAIN Loss 0.7168 0.7113
VAL Loss 0.7359 0.7312
TRAIN Acc (%) 79.28 79.49
VAL Acc (%) 77.03 77.11

In experiments with the EAGLE draft model
(Table 5), we applied tensor-wise WISCA to the
[wg, wg] and [w,, w,] modules. The results show
that WISCA consistently improves training effi-
ciency, with the WISCA-enhanced model outper-
forming the baseline in end-to-end evaluations in
both tree and chain generation modes. This vali-
dates the generalizability of WISCA’s weight pat-
tern optimization in speculative sampling frame-
works.

5 Related Work

Loss Landscape Optimization. Sharpness-Aware
Minimization (SAM) (Foret et al., 2020) explic-
itly minimizes loss sharpness, albeit at the cost
of approximately double the computation per pa-
rameter update. Stochastic Weight Averaging
(SWA) (Izmailov et al., 2018) improves general-
ization by weight averaging, but requires extensive
training. WISCA implicitly smooths the loss land-
scape through weight pattern adjustments , achiev-
ing efficiency gains with minimal overhead.
Weight Balancing and Normalization. Query
key normalization (QKN) (Henry et al., 2020) im-
proves the stability of transformer training by apply-
ing L2 normalization to the query (Q) and key (K)

matrices, transforming their dot products into co-
sine similarities. Weight normalization (Salimans
and Kingma, 2016) reparameterizes weights to de-
couple direction and magnitude. Unlike these meth-
ods, WISCA enforces functional equivalence while
balancing weight norms, enabling dynamic transi-
tions between equivalent models without architec-
tural changes.

Model Equivalence and Weight Patterns. The
Lottery ticket hypothesis (Frankle and Carbin,
2018) identifies performant sparse subnets, whereas
permutation symmetry reveals equivalence under
weight permutations. WISCA leverages these in-
sights to navigate the loss landscape via equivalent
model transitions, prioritizing flat minima for en-
hanced generalization.

Parameter-Efficient Fine-Tuning (PEFT).
Low-Rank Adaptation (LoRA) (Hu et al., 2022)
reduces trainable parameters by decomposing
weight updates into low-rank matrices. Recent
variants like PiISSA (Meng et al., 2024) further
improve efficiency by adapting only the principal
singular values and vectors of the weight matrices,
achieving faster convergence than LoRA. WISCA
can be integrated with PEFT methods such as
LoRA and PiSSA to optimize weight patterns in
their low-rank matrices, enhancing both training
stability and task-specific adaptation without
introducing additional parameters.

Speculative Decoding. EAGLE (Li et al., 2024)
accelerates LLM inference through a small draft
model. Our work improves EAGLE by applying
WISCA to the draft layer training, improving token
acceptance rates through better weight patterns.

6 Conclusion

In this work, we introduced WISCA, a training
optimization strategy that reshapes weight pat-
terns to enhance model robustness without architec-
tural changes. WISCA improves generalization by
achieving flatter minima through equivalent model
transitions. Experiments across various architec-
tures, such as GQA, MoE, and LoRA, demonstrated
WISCA’s effectiveness in reducing training perplex-
ity, enhancing zero-shot performance, and increas-
ing inference efficiency. This approach suggests
potential for broader application and future explo-
ration of equivalent model strategies across differ-
ent neural networks.
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7 Limitations

Despite the promising results, WISCA has several
limitations that warrant further investigation:

Architectural Constraints: While WISCA effec-
tively optimizes weight patterns in Transformer-
based architectures, its applicability to other neu-
ral network structures, such as convolutional or re-
current networks, remains unexplored. Further re-
search is needed to adapt WISCA to diverse archi-
tectures.

Experimental Scope: The experiments con-
ducted focus primarily on specific datasets and
model configurations. The generalizability of
WISCA across different data domains and larger-
scale models requires comprehensive evaluation.
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A Norm Convergence in Classical
Transformers

Theorem 2. For Gaussian-initialized matrices
W,, Wi € R™¥" with i.i.d. entries N'(0,0?), the
L1- and Lo-norms satisfy:

Wl »

[Wqll2 »
=1 and
[Well1

-1
Wil

where 2 denotes convergence in probability.

Proof. 1. Lo-Norm (Frobenius Norm): Let

W3 = =i j W For Gaussian entries:

E[[|W|i3] = mno®,  Var(|[W||3) = 2mno™.
By Chebyshev’s inequality:

2mnot 2

W 2
mno? (mno?€)?  emn

Thus, [Wqll2/[Wkll2 — 1.
2. L;-Norm: Let |W||; =
Wij ~ N(O,U2)Z

BIWs0 = oy 2, Var((W, ) = o* (1-2).

Summing over mn terms:

2
E[| W] = mna\f,
v

2
Var(|W||1) = mno? (1 - > .
Vs

Zi,j ‘W2J| For

Again by Chebyshev:
A% 1-2
oY TR B DO T
mno+/2/m ermmn
Hence, |Wq||1/|[|Wk|l1 — 1. -

B Appendix figures

In this Appendix, we present the WISCA strategy
for the wv and wo components of the transformer
block, which were not exhibited in the main text.
Figure 6 illustrates the matrix perspective of tensor-
wise WISCA and channel-wise WISCA for a gen-
eral attention module. Similarly, Figure 7 provides
a schematic representation for the attention module
with GQA.

] Muttia
] Muriy

[
|
wise
} }o} WISCA softmax( B}) = B}

Figure 6: Comparison of Output Projection Meth-
ods. Original output projection (left), tensor-wise
WISCA (middle), and channel-wise WISCA (right) on
Wo/W, adjustments. All methods produce identical
self-attention outputs but exhibit distinct weight pat-
terns.
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Figure 7: Channel-wise WISCA for Output Projec-
tion in GQA. Comparison between original output
projection (left) and channel-wise WISCA (right) on
Wy /Wo in Grouped Query Attention (GQA). Both
methods yield identical self-attention outputs but with
distinct weight patterns. GQA’s dimensional asymme-
try requires channel-wise WISCA to adapt group-aware
scaling, while tensor-wise WISCA remains equivalent
to MHA (omitted here).
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C Summary of All Metrics

In the experimental section, we conducted pre-
training tasks using the tinyllama and llama-moe
models. While the main text includes a streamlined
table focusing on zero-shot evaluation metrics, this
appendix provides a complete overview of all eval-
uation metrics for thorough analysis.

The following tables provide detailed metrics
gathered from our comprehensive evaluations. Ta-
ble 6 breaks down the individual performance met-
rics across various tests, highlighting the compara-
tive effectiveness of different attention optimization
strategies applied to the Llama model. We addition-
ally explore the impact of WISCA at various stages
of training in Table 7, showcasing the zero-shot eval-
uation results for the llama_moe-5B-A0.8B model
across different checkpoints and training steps.

These results underscore the efficacy of our ap-
proaches. By presenting all metrics here, we aim
to furnish a deeper understanding of the evalua-
tion outcomes in the context of our experimental
framework.

C.1 Proof of Convergence

Why does the convergence become stable after us-
ing WISCA? Here is an intuitive explanation. Con-
sidering the landscape f(Q,K) = (QK — 1)?
and the current checkpoint is (@, K), the gradi-
entis 2(QK — 1)(K, Q). After updating the pa-
rameter along the negative gradient direction with
learning rate n = m the next checkpoint is
(Q — €K, K — eQ). Now the gradient at this check-
pointis 2((Q—eK)(K—eQ)—1)(K—eQ, Q—eK).
We hope the gradient direction varies as small as
possible. Therefore, we have % = I%:[Q( and ob-
tain K2 = Q?, which means |Q| = | K|.

Here are the details for above. Consider the min-
imal analytic example:

L(Q,K) = 3(QK - C)?, C > 0.

a) Hessian and sharpness The Hessian and its
trace are

H:{g;( %ﬂ, Tr(H) = Q2 + K2

On the contour QK = C, Tr(H) is minimized
when |Q| = |K| = v/C, giving the flattest region.
b) One-step SGD stability Update rules:

Q1= Qo — 1 (QoKo — C) Ko

K1 =Ko —n(QoKo — C) Qo
Let g) = [K1; Q1] be the next gradient direction.

A first-order expansion gives

cos § = 1-1 (QoKo—C)(Q3—K5)*/llgl*+O(n?)

Hence cos§ = 1 if and only if |Qo| = |Ko], i.e.,
no directional oscillation.
¢) Guaranteed sharpness reduction After rescal-

ing to |Q'| = |K'| = VC,
ATr(H) = Qf + K§ — 20 = (|Qol — [Ko|)* > 0

which guarantees a deterministic drop of curvature
before any gradient step.
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Table 6:

All metrics of table2

VERSION  BooLQT ARC-cT ARC-ET PIQAT WINOGT HELLAST OBQAT CEVALT AvVGT
ORIGIN 0.3838 0.1741 0.3274 0.5288 0.5004 0.2650 0.1300 0.2437 0.3192
®ok_TEN 0.3810 0.1843 0.3228 0.5332 0.4807 0.2617 0.1280 0.2511 0.3179
@ Qk_row 0.3887 0.1817 0.3102 0.5370 0.5091 0.2617 0.1280 0.2533 0.3212
®vo_TeN 04015 0.1852 0.3081 0.5294 0.4957 0.2653  0.1380 0.2585 0.3227
@ vo_row 0.3817 0.1749 0.3178 0.5386 0.4988  0.2629 0.1500 0.2548 0.3224
O+® 0.5214 0.1869 0.3165 0.5413 0.4980 0.2634 0.1340 0.2585 0.3400
@+ 0.4483 0.2014 0.3165 0.5305 0.5059 0.2656 0.1320 0.2578 0.3323
O+® 04226 0.1783 0.3199 0.5310 0.5075 0.2645 0.1260 0.2377 0.3234
@+® 0.3994 0.1724 0.3224 0.5430 0.5170 0.2621 0.1340 0.2377 0.3235
@+O®(nN1T) 0.4703 0.1860 0.3182 0.5299 0.4964  0.2637 0.1300 0.2623 0.3321
@+@®(nN1T) 0.3960 0.1792 0.3207 0.5386 0.5036  0.2652 0.1120 0.2355 0.3189
O+®(iN1T) 04312 0.1766  0.3203 0.5308 0.4949  0.2644 0.1220 0.2541 0.3243
@+@®(iN1T) 03917 0.1817 0.3199 0.5337 0.5043  0.2631 0.1240 0.2311 0.3187

Table 7: Zero-shot evaluation results on different training steps on llama_moe-5B-A0.8B.

METRIC | 1w 2w 3w 4w 5w 6w Tw
TRAINED TOKENS \ 143B 2.86B 4.29B 5.72B 7.15B 8.58B 10B
BASELINE

ARC-c 19.28 18.69 17.66 19.11 20.22 19.20 20.73
ARC-E 32.74 3754 4133 4280 4343 4356 4457
BooLQ 48.10 60.06 60.55 62.05 61.13 61.07 49.36
H-Swac 26.80 27.32 27.86 2847 2897 2944 29.84
OPENBQ 11.80 12.80 13.80 13.40 14.00 16.00 15.60
PIQA 57.73 58.60 60.39 61.53 6240 63.11 62.89
Wino 5249 50.12 5335 5146 5075 49.80 52.72
AVG 3556 37.88 39.28 39.83 40.13 4031 39.39
PPL(WIKITEXT2) 7093 48.17 40.72 3548 3329 31.16 29.45
0K

ARC-c 1826 1843 18.60 17.83 1877 1834 20.22
ARC-E 33.00 37.58 39.86 42.68 44.19 4529 4478
BooLQ 49.11 6223 62.08 62.17 61.87 61.80 61.41
H-Swac 26.65 27.34 28.17 28.57 2895 2943 29.74
OPENBQ 12.00 14.00 14.60 1500 16.00 15.00 14.60
PIQA 5713  59.63 60.88 6235 63.00 63.66 64.31
Wino 50.67 5241 50.75 51.85 5051 52.88 5249
AVG 3526 38.80 39.28 40.06 40.47 4091 41.08
METRIC.GAIN(%) | -0.84  +2.43 0.00 +0.58 +0.85 +149 +4.29
PPL(WIKITEXT2) 69.44 47.12 3974 3497 3286 3099 29.19
PPL.GAIN(%) +2.10 +2.19 +242 +143 +1.29 +0.54 +0.85
QKVO

ARC-c 17.58 18.60 18.09 19.97 1877 2039 18.77
ARC-E 3540 3822 40.74 43777 4394 4482 44.19
BooLQ 60.70 61.80 60.09 61.74 61.68 61.80 59.79
H-Swac 26.75 2749 2812 28.69 28.89 2940 29.89
OPENBQ 1140 13.00 1640 1560 1640 1540 17.80
PIQA 58.38 5941 6126 62.68 62.62 63.11 63.60
Wino 49.25 49.09 51.70 5233 50.04 49.88 50.99
AVG 37.07 3823 3949 40.68 4033 40.69 40.72
METRIC.GAIN(%) | +4.25 +0.92 +0.53 +2.13 +0.50 +0.94 +3.38
PPL(WIKITEXT2) 68.11 4625 39.17 3485 3277 30.80 29.21
PPL.GAIN(%) +398 +398 +3.82 +1.77 +1.56 +1.15 +0.82
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