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Abstract

Multi-head latent attention (MLA) is designed to optimize KV cache memory
through low-rank key-value joint compression. Rather than caching keys and
values separately, MLA stores their compressed latent representations, reducing
memory overhead while maintaining the performance. While MLA improves
memory efficiency without compromising language model accuracy, its major
limitation lies in its integration during the pre-training phase, requiring models to
be trained from scratch. This raises a key question: can we use MLA’s benefits
fully or partially in models that have already been pre-trained with different
attention mechanisms? In this paper, we propose X-EcoMLA to deploy post
training distillation to enable the upcycling of Transformer-based attention into
an efficient hybrid MLA variant through lightweight post-training adaptation,
bypassing the need for extensive pre-training. We demonstrate that leveraging the
dark knowledge of a well-trained model can enhance training accuracy and enable
extreme KV cache compression in MLA without compromising model performance.
The experimental results show that our proposed method can effectively compress
the KV cache while preserving the performance on the benchmarks; specifically,
for Llama3.2-1B-Instruct baseline, a 6.4x compression achieves the same average
score by using only 3.6B training tokens and 70 GPU hours on AMD MI300,
whereas a 10.6x compression have less than 0.1% average score drop with 7B
training tokens and 140 GPU hours. The code for this work is available at https:
//github.com/AMD-AIG-AIMA/AMD-Hybrid-Models.

1 Introduction

Large language models (LLMs) have become ubiquitous, revolutionizing both academic research
and industrial applications Brown et al. (2020); OpenAl (2023); Chowdhery et al. (2022); Liu et al.
(2024a); Guo et al. (2025). Their success largely stems from pre-training and instruction tuning on
vast amounts of data, the power of self-attention in Transformer architectures, and the computational
capabilities of GPU accelerators.

Despite their widespread adoption, Transformers face two major challenges in their self-attention
mechanism: quadratic computational complexity and high memory demands for KV cache storage,
particularly when processing long sequences. Significant efforts have been made to mitigate these
challenges by: (a) replacing self-attention with new sub-quadratic architectures such as state-space
models (SSMs) Gu & Dao; Dao & Gu (2024); Poli et al. (2024); (b) enhancing the efficiency of
existing Transformer self-attention mechanisms Arora et al. (2024); Ainslie et al. (2023); Zhang
et al. (2024b); Yang et al. (2024); Qin et al. (2024); and (c) developing hybrid solutions that combine
the advantages of both quadratic and sub-quadratic models Lieber et al. (2024); Dong et al. (2024);
Wang et al. (2025); Bick et al. (2024). Among these approaches, the second category is particularly
appealing, as it requires minimal architectural changes while capitalizing on existing hardware
optimized for Transformers. This work focuses on improving the efficiency of existing self-attention
mechanisms within this category.

Multi-head attention (MHA) is a fundamental mechanism in Transformer architectures. However,
during inference, MHA requires the saving of large amount of key-value (KV) cache, resulting in high
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Figure 1: X-EcoMLA with Different Teacher Sizes: [Right] Our results show that using Llama3.2-1B, 3B,
and 8B teacher models enables KV cache compression of Llama3.2-1B by 1.9x%, 3.6x, and 6.4x using 3.6B
tokens respectively, without compromising average accuracy across multiple tasks on the LM Harness Evaluation
benchmark. [Left] With 7B training tokens, we can further compress the KV cache to 10.6x and 12.8x, while
maintaining competitive accuracy.

memory consumption. To address this challenge, DeepSeek (Liu et al., 2024a;b) recently proposed
multi-head latent attention (MLA), a novel approach that compresses the KV cache while maintaining
the performance of LLMs. The mainstream training paradigm for ML A has relied on pre-training
from scratch using vast amounts of data and computational resources. For example, pre-training the
Deepseek-v3 model required 2.664M GPU hours on Nvidia H800 clusters. This highlights a major
challenge: developing models with a new attention mechanism demands significant computational
resources during pre-training. Given the substantial effort already invested in training Transformer
models, a natural question arises—can we transfer the rich pre-training knowledge from trained
LLMs into more efficient MLA models without training them from scratch?

Existing approaches showcase strong evidence supporting the feasibility of knowledge transfer with
architectural adaptations for LLMs, such as MambalnLlama (Wang et al., 2025), MOHAWK (Bick
et al., 2024), and HedgeHog (Zhang et al., 2024b). Inspired by these solutions, we introduce X-
EcoMLA, a cost-effective knowledge transfer approach designed to upcycle pre-trained multi-head
attention into MLA. In X-EcoMLA, we initialize MLA from its corresponding pre-trained attention
blocks using our static or dynamic SVD approach, followed by distillation from a well-trained teacher
model. By leveraging the dark knowledge of a high-quality model, we enhance training accuracy
and achieve extreme KV cache compression in MLA without sacrificing performance. Our results
demonstrate that an 8B teacher model enables 6.4x KV cache compression of the Llama3.2-1B-
Inst baseline while preserving 100% of its average score across multiple tasks on the LM Harness
Evaluation benchmark. This requires only 3.4B training tokens and about only 70 GPU hours on
AMD MI300, while pre-training the Llama3.2-1B model requires 370K GPU hours'. Furthermore,
we achieve a 10.6x compression with 7B training tokens and around 140 GPU hours, with less than
0.1% average score drop. We summarize our major contributions as follows:

* We propose a lightweight post-training approach to upcycle pre-trained attention to MLA,
significantly reducing computational costs by eliminating the need for training from scratch.

* We develop static and dynamic SVD-based initialization techniques to improve the conver-
gence and accuracy of MLA adaptation.

* We demonstrate that leveraging a larger teacher model enables extreme KV cache com-
pression while maintaining model performance, achieving up to 10.6x compression with
minimal accuracy loss. (see Fig. 1).

* We validate the effectiveness of our approach through extensive experiments on the LM
Harness Evaluation benchmark, showcasing its efficiency across various settings and LLM:s.

Uhttps:/huggingface.co/meta-Llama/Llama-3.2-1B
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2 Related Work

This section gives a brief overview of related work; a detailed version is available in Appendix A.1.

KV Cache Management in Transformers Transformers store key-value (KV) vectors for each
token and each layer during auto-regressive generation, leading to high memory requirements during
inference, especially for long sequences. Several methods have been proposed to reduce the KV
cache size in Transformers, broadly divided into training-based and post-training approaches Shi
et al. (2024). Post-training techniques are easier to apply but may degrade performance due to
information loss. These include KV eviction (e.g., Heavy Hitter Zhang et al. (2023)), sliding window
attention Arora et al. (2024); Beltagy et al. (2020), low-rank projection approach for KV-cache
compression Chang et al. (2025), and quantization Kang et al. (2024); Zhang et al. (2024a). Some
strategies, like Attention Sink Xiao et al. (2023) and KV merging Wang et al. (2024), aim to mitigate
information loss while keeping memory usage low. This paper, however, focuses on training-based
solutions, which tend to offer a better trade-off between efficiency and accuracy.

Training-based KV Cache Management Training-based methods modify attention mechanisms
to reduce memory use during inference. Multi-query attention (MQA)Shazeer (2019) and grouped-
query attention (GQA)Ainslie et al. (2023) reduce KV cache size by sharing keys/values among heads.
YOCO Sun et al. (2024) reduces redundancy with a shared KV cache across layers. DeepSeek-V2 Liu
et al. (2024a) introduces multi-head latent attention (MLA), which compresses hidden states via
low-rank projection, reducing cache size while outperforming standard MHA. Inspired by MLA’s
efficiency, this work explores adapting MLA to pre-trained model and we try to address this question:
Can we upcycle pre-trained models to their MLA counterparts without costly retraining?

Upcycling Attention Upcycling refers to upgrading pre-trained models with minimal computa-
tion Komatsuzaki et al. (2022). In attention upcycling, existing attention blocks are adapted into
efficient forms like MLA without full retraining. GQA Ainslie et al. (2023) and Hedgehog Zhang
et al. (2024b) achieve this via light fine-tuning or distillation. Hybrid models like MambalnL-
lama Wang et al. (2025) and MOHAWK Bick et al. (2024) distill knowledge from Transformer
attention into Mamba layers. MHA2MLA Ji et al. (2025) introduces a data-efficient fine-tuning
approach for converting MHA to MLA via partial RoPE removal and joint SVD-based low-rank
approximation. In contrast, X-EcoMLA adopts a unified RoPE design with a shared Key-RoPE
vector across all heads (similar to DeepSeek MLA), and employs structured initialization along with
knowledge-distillation-based efficient training to enable effective ML A-based upcycling.

3 Background

In this section, we formalize the mathematical framework of MHA and MLA, following the notation
from the original DeepSeek-V2 technical report Liu et al. (2024a) with some slight modifications.

3.1 Multi-Head Attention (MHA)

MHA projects the input hidden state H into three distinct spaces using learned weight matrices:
Q=HWR, K=HWK v=HW, (D

where H € R'*“ is the input sequence representation with [ being sequence length and d internal
hidden state dimension, and WQ, WK, WYV € R4 gre the learnable projection matrices where
ny, is the number of attention heads, and d, is the head dimension. The attention scores and final
outputs are computed as:

T
A = Softmax (QK> , O=AVWO 2)

Vd

where WO € IR%*4 is the output transformation matrix. During inference, MHA requires caching K
and V for all past tokens, leading to a storage requirement of 2n,dy,[.

3.2 Multi-Head Latent Attention (MLA)

MLA introduces a low-rank joint compression strategy for keys and values, reducing the KV cache
size. Instead of caching K and V, MLA compresses them into a lower-dimensional latent representa-
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tion CKV:

CKV — gWPKV, 3)
where WPKV ¢ Rk is the down-projection matrix, and ry, < dpny, is the compressed dimension
for keys and values. The keys and values are then reconstructed from CXV using:

KC = CKVWUK € — cKVpyuv, (4)

where WUK € R >k and WUV ¢ R7*Mdi are the up-projection matrix for keys and values.
Notice that in this paper we consider a more flexible setting where the queries and keys could have
different dimensionality qu other than dj,. During inference, the learned matrices can be absorbed

into the existing projection layers: WYX and WUV can be merged into W< and WO respectively.

In the meantime, such low-rank compression can be also applied to the queries to reduce the memory
usage while training:

CQ = HWPQ, Q€ = clwue, 5)
where CQ € RY*7s represents the compressed latent vector for queries, r; denotes and query

compression dimension, WPRQ ¢ R**74 is the down-projection matrix and WUQ ¢ R’ gk

denotes the up-projection matrix.

However, such low-rank KV compression is not compatible with Rotary Position Embedding (RoPE)
as it breaks the matrix absorbing mechanism. As a result, the authors in Liu et al. (2024a) propose
decoupled Rotary Position Embeddning where additional multi-head queries QR and a shared key
KR are applied to carry RoPE, which can be expressed as:

QR = RoPE(COWSRR), KR = RoPE(HWKR), (6)

where WQR e R7s*"dr and WKR ¢ R7g>dr represent the matrices to produce the decoupled keys
and queries. Then, the RoPE embeddings QR, KR and Non-RoPE (NoPE) embeddings QF, K€ are
concatenated to perform the attention operation:

Q=[Q%0Q"], K= [KS;repeat(KX)], )

where repeat(.) denotes duplicating KR for each head. After concatenation, the same attention
operation is applied as in Equation 2. During inference, MLA requires caching only CXV and KX,
reducing the storage requirement to (74, + d,)! which is significantly smaller than the standard MHA
cache size.

4 Methodology of X-EcoMLA

We begin with a pre-trained Transformer model referred to as the "base model”. Our methodology in
this paper concerns upcycling the attention modules in the base model into MLA modules to save
the KV cache memory while remaining minimum training efforts and performance degradation. To
achieve that, we first propose our SVD-based weight initialization approach to better inherit the
knowledge from the pre-trained model. Additionally, our initialization approach offers both static
and dynamic rank selection. After initialization, we adopt the knowledge distillation training process
in MambalnLlama Wang et al. (2025), which includes: end-to-end knowledge distillation, and direct
preference optimization (DPO).

4.1 SVD-based Weight Initialization

As introduced in Section 3.2, the MLA module comprises several key parameters: WP, WUQ,
WOR WDKV WKR UK and WUV Correct initialization of these matrices is crucial to ensure a
smooth transition and to preserve as much of the original model’s knowledge as possible. For other
parameters such as the output transformation matrix WO and the feedforward module, we directly
copy them from the pre-trained base model as initialization.

Although MLA and MHA are fundamentally different, MLA closely approximates a low-rank version
of MHA if we disregard the positional embedding and intermediate layernorms. Based on this
observation, we propose an SVD-based initialization method that initializes the MLA weights using
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SVD-decomposed low-rank matrices derived from the pre-trained attention weights. Our method
is simple and can be illustrated within few lines of pseudocode as shown in Algorithm 1. As
demonstrated in our experiments, such straightforward initialization could significantly enhance the
knowledge distillation performance compared to random initialization.

For simplicity, we assume the pre-trained attention block employs MHA with weight matrices
W, WK WV e R?*dui . However, our method can be readily extended to MQA Shazeer (2019)
and GQA Ainslie et al. (2023) by duplicating the key and value weight matrices to align with the
total number of attention heads. Our approach supports varying query and key dimensions under the
constraint dgy = dr < dj,. For the value dimension, we assume that the MLA and MHA modules

share the same dimensionality dj,.

To initialize WPQ, WUQ and WRR, we begin by performing SVD on the pretrained weight matrix
W to obtain:

We =U,%,v/, 8)
where U, € R4%7q, ¥, € R"7*", and V; € R %7y For the down-projection matrix WP Q. we
directly set WPQ = Uj. For the up-projection matrices, we first compute X4 VqT and reshape it to

—+UQR .. . . . . S
W Q € R"7*™>4_Then we partition it along the last dimension to derive the two up-projection
matrices: WUYQ for the first qu elements and WQR for the last d,. This can be expressed as:

wlQ — reshape(WuQR[:, Lodge]), WR = reshape(WuQR[:, s, —d, 1)), ©)
where reshape(.) denotes the reshape function that merges the last two dimensions of the input tensor.

For the remaining MLA weight matrices associated with keys and values, we first perform a joint
SVD on the concatenated WX and WV:

(WX WY] = Uk Zio Vi (10)
where Uy, € R, ¥ € R*7, and Vi, € R <7 For the down-projection matrix
WDPKV we directly set WPKV = U1;,. To derive the up-projection matrix WYY, we set it equal to
the last d,n;, columns of Xy, Vk/v‘ For the up-projection matrix for keys WYUK, we first extract the
first dj,nj, columns of ¥,V and reshape them into wHk € R7*™ >4 Subsequently, we select
the first qu elements along the last dimension of WUK and reshape it back to obtain WYX which
can be expressed as:

WHK — reshape(WUK[:, L dgg]). (1)

Lastly, for the RoPE key embedding matrix WXR we employ a different initialization strategy as
all attention heads share the same RoPE key embedding in MLA. We first compute the average key
projection matrix WK € RR?*% across all attention heads. Then, we extract the last d, columns

avg
from it to initialize WXR, which can be expressed as:
KR K
WEE = Wape s, —dr 2. (12)

Clearly, it is crucial to determine the rank values 74 and 7y, for the Q and KV matrices. We propose
two methods for the rank selection: (i) Fixed Rank Selection, where constant rank values are used
across all transformer blocks. (ii) Dynamic Rank Selection, which determines rank values based
on two predefined energy thresholds &;, 6, € (0,1]. Taking W as an example, we use SVD to
decompose it and obtain the singular values:

0j, j € [min(d, nydy,)], whereo; > 0jq (13)

To determine the optimal rank, we define the cumulative energy based on the squared singular values.
The rank rg, for the i-th transformer block is selected as follows:

R min(d, nhd;,)
2 _ 2
1(7]- > %E}, where E = 21 o (14)
= ]:

rq; = arg mRin {
]

This approach ensures that the selected rank captures at least §, fraction of the total energy E. The
same energy-based dynamic rank selection process can be applied to the KV weight matrix as well.
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4.2 Training Process

End-to-End Knowledge Distillation The primary training stage involves an end-to-end distillation
using a Supervised Fine-Tuning (SFT) dataset introduced in Wang et al. (2025). During this stage,
the goal is to minimize the KL divergence loss between the outputs of the student model (i.e.,
X-EcoMLA) and the teacher model, which can be expressed as:

T
‘69 = 2KL[P('Wl:trx/GT)‘|p(“y1:t1x19)]' 15)
t=1

where 6 is the trainable parameters of the student model and 67 is the parameters of the teacher model,
which is kept frozen while the distillation process. Such distillation step is crucial for transferring the
rich, pre-trained knowledge from the teacher model. In Section A.5.1, we show that this distillation
process is more effective than plain cross-entropy loss. Note that the teacher model can be any
strong, pre-trained model—even one that is different from the base Transformer model that is used to
construct the student model.

Direct Preference Optimization (DPO) In the final training stage, we perform DPO which is a
binary cross entropy loss to adjust the preference of the student model. Following Wang et al. (2025),
we set the distilled student model itself as the reference model as it makes the training much stabler
and produces a sufficient performance gain, which can be observed from the experiments section.

S Experiments
5.1 Experimental Setup

Model In this paper, we primarily focus on SmolLM-series models > (SmolLM-135M-Instruct,
SmolLM-360M-Instruct, SmolLM-1.7B-Instruct) and Llama 3-series models > (Llama3.2-1B-Instruct,
Llama3.2-3B-Instruct, Llama3.1-8B-Instruct) as our base models which span a variety of scales.
All the models employ GQA as their attention module. For MLA, we utilize the same number of
attention heads and the same head dimension for values. We tried multiple 74, 74, and qu(dr) while
maintaining a similar amount of parameters as the base model.

As mentioned earlier, we employ knowledge distillation, transferring knowledge from teacher models
to the base model. In our experiments, we explore the impact of different teacher model sizes,
including Llama3.2-1B-Instruct, Llama3.2-3B-Instruct, and Llama3.1-8B-Instruct Grattafiori et al.
(2024). This approach allows us to analyze how the varying sizes of the teacher model impact the
performance and efficiency of the distilled student model.

Training procedure Our approach begins with a pre-trained model, so we focus primarily on
post-training rather than pre-training the base model again. We use a two-stage training procedure.
Specifically, in the first stage (knowledge distillation), our X-EcoMLA model is trained with SFT
using the KL loss between the output of the base model and the teacher model. We use AdamW
optimizer with = (0.9,0.98) and set the training batch size at 96. We use the same dataset as
used in the paper Wang et al. (2025). It is constructed by aggregating and reformatting data from
multiple publicly available sources, including OpenHermes-2.5 Teknium (2023), GenQA Chen et al.
(2024), and Infinity-Instruct of Artificial Intelligence (BAAI). For the second stage (DPO), based
on finetuned models, we use the combination of three datasets for DPO preference tuning: Llama3-
ultrafeedback Wang (2024), orca_dpo_pairs Lian et al. (2023), and ultrafeedback_binarized Cui et al.
(2023). We set the training batch size at 64 and still use AdamW as the optimizer. We unfreeze all
parameters in our X-EcoMLA model and train them for one epoch for both SFT and DPO.

5.2 Results

Similar to MambalnLlama Wang et al. (2025), we adopt the LM Harness Eval benchmark Gao et al.
(2023) (branch big-refactor) to perform zero-shot evaluation on 9 different tasks: ARC-Challenge
(ARC) Clark et al. (2018), ARC-Easy (ARE) Clark et al. (2018),HellaSwag (HS) Zellers et al. (2019),
MMLU (MM) Hendrycks et al. (2020), OpenBookQA (OBQA) Mihaylov et al. (2018), PIQA Bisk

Zhttps://huggingface.co/collections/HuggingFace TB/smollm-6695016¢cad7167254ce15966
3https://huggingface.co/collections/meta-Llama/Llama-32-66448ffc8c32f949b04c8cf
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Model and Setting Init. Method KV-Size ARC ARE HS MMLU OBQA PIQA PBMD RA WG Avg.
SmolLM135M-Inst Base Model 100% 27.39 43.64 4191 2411 33.80 6730 5580 32.06 5122 4191
IXEoMLA  Random(r, —160) | S0% | 2105 3068 2527 2095 2500 5354 5520 2287 957 3403
1X-EcoMLA + DPO  Random (ry, = 160) 50% 21.59 3056 25.17 2295 2620 5397 5520 2297 4933 3422
1X-EcoMLA Fixed (¢, = 160) 50% 27.05 4331 40.10 2451 31.80 6697 5540 3139 5130 41.31
1X-EcoMLA + DPO  Fixed (ry, = 160) 50% 28.24 4533 4026  26.20 33.60 6589 5560 3263 5036 42.01
1X-EcoMLA Dynamic (0, = 0.85)  49.5% 2688 43.52 39.84 24.50 31.80 67.08 5500 31.87 51.62 41.35
1X-EcoMLA + DPO  Dynamic (0k, = 0.85)  49.5%  27.99 4529 4046 2584 3340 6551 5520 3273 50.28 41.86
SmolLM360M-Inst Base Model 100% 3276 56.10 52.74 2437 37.00 70.51 5540 3359 54.06 46.28
CXEoMLA  Random(ro —288)  S0% | 2210 3636 2672 2022 2500 5560 3520 235 4838 3509
1X-EcoMLA + DPO  Random (ry, = 288) 50% 22,61 35.61 27.12 23.19 26.60 5626 5480 23.64 49.57 3549
1X-EcoMLA Fixed (1, = 288) 50% 33.11 5455 50.77  23.26 36.60 71.06 5540 3196 54.14 45.65
1X-EcoMLA + DPO  Fixed (1, = 288) 50% 3439 5577 5193  25.68 38.60 69.37 5520 3388 5335 4646
1X-EcoMLA Dynamic (0, = 0.88)  49.3%  32.85 5438 5096 2347 3740 7111 5540 31.67 5462 45.76
1X-EcoMLA + DPO  Dynamic (0k, = 0.88)  49.3%  34.64 5497 5175 2545 38.80 69.59 5520 33.88 54.06 46.48
Llama321B-lnst___ BuseModel ] 100% _ 37.97 3516077 4609 3500 TA3] 6020 3800 967 5285
1X-EcoMLA Random (ry, = 512) 53.1% 3532 6048 54.03 27.77 3520 7198 5580 3388 55.01 47.72
1X-EcoMLA + DPO  Random (7, = 512) 53.1% 3899 6271 5620 28.04 36.80 7339 5640 3627 5620 49.44
1X-EcoMLA Fixed (1, = 512) 53.1% 3695 63.89 5888  43.40 36.00 74.16 5820 3732 60.30 52.12
1X-EcoMLA + DPO  Fixed (ry, = 512) 53.1% 3993 6389 60.73  42.39 37.80 7492 5880 40.77 60.54 53.31
1X-EcoMLA Dynamic (0, = 0.95)  54.7%  37.12 63.64 58.87 4326 3440 73772 60.00 3751 6022 52.08
1X-EcoMLA + DPO  Dynamic (6, = 0.95)  54.7% 4121 64.86 6096 42.86 37.60 7443 58.60 39.23 5833 53.12
Uama323B-Ins___ BaseModel ______ ] 100% _ 4590 6776 70366046 3620 7557 €960 4077 6717 5931
1X-EcoMLA Random (ry, = 816) 43% 41.64 6734 65.11 4697 36.40 7524 61.6 39.04 63.69 5523
1X-EcoMLA + DPO  Random (ry, = 816) 43% 4480 69.78 67.01  47.37 38.80 76.01 62.60 40.00 64.80 56.80
1X-EcoMLA Fixed (ry, = 816) 43% 43.09 67.76 69.54  56.96 37.00 7584 66.00 4134 6748 5833
1X-EcoMLA + DPO  Fixed (ry, = 816) 43% 4821 7045 7224 5742 3840 7655 66.80 4622 68.59 60.54
1X-EcoMLA Dynamic (Jg, = 0.95) 43% 4275 6641 69.59 5747 36.80 7546 67.60 4230 68.03 5849
1X-EcoMLA + DPO  Dynamic (6, = 0.95) 43% 48.46 6999 7226 57.73 39.40 75779 6840 4632 6590 60.47

Table 1: Zero-shot evaluation of self-distilled X-EcoMLA with different initialization methods (random, SVD
with fixed/dynamic rank selection) and base models on the LM Harness Eval benchmark across nine tasks: ARC-
Challenge (ARC), ARC-Easy (ARE), HellaSwag (HS), MMLU, OpenBookQA (OBQA), PIQA, PubMedQA
(PBMD), RACE (RA), and WinoGrande (WG). (T denotes upcycling the ”Base Model”.)

et al. (2020), PubMedQA (PBMD) lJin et al. (2019), and RACE (RA) Lai et al. (2017), WinoGrande
(WG) Sakaguchi et al. (2021).

Self-distillation Evaluation Table 1 shows the benchmark performance of our proposed X-
EcoMLA when we use the base models themselves as the teacher model, which we refer to as
self-distillation. We evaluate three different initialization settings: (i) Fixed rank selection with
random initialization, (ii) Fixed rank selection with SVD initialization, and (iii) Dynamic rank se-
lection with SVD initialization. For all experiments, we set qu = d, = 32 and adjust g, Tkos (Sq,
and Jy, accordingly to achieve around 50% KV cache compression while ensuring the total number
of parameters after the MLA upcycling remain roughly the same. For each scenario, we evaluate
training with the full dataset (6.8B tokens for SFT and 0.2B tokens for DPO) and it is observed
that DPO significant boosts the distillation performance. For fixed rank selection schemes, it is
evident that SVD initialization significantly enhances distillation performance compared to random
initialization, yielding 22.8% and 30.91% improvements for SmolLM models and 8.1% and 6.5%
improvements for Llama 3.2 models. Such observation demonstrates the necessity of applying our
SVD initialization method to inherit the knowledge from the pre-trained targe models. For dynamic
rank selection schemes, we observe similar performance as the fix rank selection in most experiments,
which demonstrates its effectiveness. Note that our X-EcoMLA + DPO could always achieve better
performance than the pre-trained base models with only 43% — 54.7% KV cache sizes.

Extreme KV Cache Compression with Larger Teacher Table 2 presents the impact of KV
Cache compression on model accuracy across various benchmarks. For more details, please refer to
Appendix A.4.4 and Table 11. We adopt Llama3.2-1B-Instruct as the base model and progressively
reduce the KV cache size of our X-EcoMLA from 53.1% to 7.81%. With the same base model as our
teacher, we observe a consistent accuracy drop across most evaluation tasks, which demonstrates the
trade-off between reducing memory consumption and maintaining model accuracy.

However, our results reveal that such performance degradation from extreme KV cache compression
can be mitigate if we utilize larger teacher models such as Llama3.2-3B-Instruct and Llama3.1-
8B-Instruct. For instance, when reducing the KV cache to 15.6%, using Llama3.1-8B-Inst as the
teacher recovers 1.56 of the average score (52.94 vs. 51.38) when trained with half of the dataset
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Model and Setting Teacher Param Tokens ARC ARE HS MMLU OBQA PIQA PBMD RA WG  Avg.
Llama3.2-1B-Inst - 1.24B - 3797 63.51 60.77  46.09 3500 7437 6020 38.09 59.67 52.85
100% MLA Layers (rg, = 512, rg = 864, dg = 32) - KV Size: 53.1%

1X-EcoMLA + DPO  Llama3.2-1B-Inst 1.23B  3.6B 3993 6351 60.52 41.58 3720 7399 5980 40.48 60.38 53.04
1TX-EcoMLA + DPO  Llama3.2-3B-Inst 1.23B 3.6B 4275 64.81 62.04 43.88 3740 7372 5920 4144 6148 54.08
1X-EcoMLA + DPO  Llama3.1-8B-Inst 1.23B  3.6B  44.03 68.86 6349 43.81 3740 73.94 6140 4182 6140 5513

100% MLA Layers (ry, = 256, ry = 1184, dg = 32) - KV Size: 28.1%

1X-EcoMLA + DPO  Llama3.2-1B-Inst 1.23B  3.6B  40.02 63.26 5874  39.79 3640 7280 55.60 40.19 60.38 5191
1TX-EcoMLA + DPO  Llama3.2-3B-Inst  1.23B 3.6B  40.70 6435 60.10 41.77 3720 7383 57.80 3923 61.17 5291
1X-EcoMLA + DPO  Llama3.1-8B-Inst 1.23B  3.6B 4198 6646 6133 41.78 3720 7427 59.00 40.00 60.69 53.63

100% MLA Layers (ry, = 128, 74 = 1344, d[]k = 32) - KV Size: 15.6%

1X-EcOMLA + DPO  Llama3.2-1B-Inst  1.23B  3.6B  39.16 61.83 5727 37.85 3620 7345 5640 40.19 60.06 51.38
tX-EcoMLA +DPO  Llama3.2-3B-Inst 1.23B  3.6B 3942 62.88 5841 3945 3720 7339 5800 39.71 5975 52.02
1X-EcOMLA + DPO Llama3.1-8B-Inst  1.23B  3.6B 4130 65.61 59.64 3947  37.60 7427 5920 39.52 59.83 52.94

" 1X-EcoMLA +DPO  Llama3.2-1B-Inst  1.23B 7B 40.10 62.88 58.17 3970  37.80 7350 56.60 39.33 59.67 5197
1X-EcoMLA +DPO  Llama3.2-3B-Inst  1.23B 7B 3933 64.86 58.92 41.86 3740 73.83 5880 39.71 59.59 52.70

1X-EcoMLA + DPO  Llama3.1-8B-Inst  1.23B 7B 4249 67.13 60.58 42.51 36.60 73.99 5940 4038 5943 53.61
100% MLA Layers (ry, = 64, ry = 1424, d g = 32) - KV Size: 9.4%

1X-EcoMLA + DPO  Llama3.2-1B-Inst  1.23B 7B 39.16  62.63 56.04 3490 3640 7285 5640 3770 5833 50.49
1TX-EcoMLA + DPO  Llama3.2-3B-Inst  1.23B 7B 3797 6355 5695 37.54 3540 7274 57.00 38.66 59.27 51.01
1X-EcoMLA + DPO  Llama3.1-8B-Inst  1.23B 7B 39.85 67.13 5845 3851 3740 73.83 5800 39.81 59.27 52.47

100% MLA Layers (rx, = 48, r; = 1440, qu = 32) - KV Size: 7.81%

1X-EcoMLA + DPO  Llama3.2-1B-Inst  1.23B 7B 3848 61.66 5532  30.62 3520 7236 56.60 37.99 5943 49.74
1X-EcoMLA + DPO  Llama3.2-3B-Inst  1.23B 7B 36.18 6221 5582 3641 3560 72.03 57.00 38.09 60.06 50.38
1X-EcoMLA + DPO  Llama3.1-8B-Inst  1.23B 7B 3771 6532 5732 3627 36.80 7296 5820 38.76 58.80 51.35

Table 2: Impact of KV-cache compression and teacher model size on performance. Reducing the KV-cache
size lowers accuracy, but larger teacher models help recover performance. DPO further improves alignment and
accuracy. (T denotes upcycling the base model.)

(3.6B tokens). With the larger teacher, our X-EcoMLA achieves even better performance than the
pre-trained base model with only 15.6% KV cache size and 3.6B training tokens. As we increase
the training tokens to 7B, we could even push the KV cache compression ratio to 9.4% without
significant performance degradation compared to the pre-trained base model (52.47 vs. 52.85). These
results highlight the effectiveness of leveraging larger teachers and preference tuning to resolve the
adverse effects of extreme KV cache compression while maintaining strong accuracy across multiple
NLP benchmarks.

Scalability to Larger Models We have extended X-EcoMLA to two 8B-parameter models (Llama3-
8B and Llama3.1-8B). The results in Table 3 demonstrate that even under aggressive KV cache
compression, X-EcoMLA maintains performance very close to the full-scale baseline. Notably, at
KV-size 10.94%, performance remains nearly on par with the full model.

Model KV-size Avg. ARC ARE HS MM OBQA PIQ PM RA WG
Llama3-8B-Inst (Base) 100% 6578 56.66 81.61 7581 6382 4260 78.62 7500 46.03 71.90
1X-EcoMLA (Ours; 1, = 256) 15.63% 65.16 54.69 81.02 7569 59.20 4440 7791 7480 4804 70.72
Llama3.1-8B-Inst (Base) 100% 6663 5486 7955 7923 68.13 4300 8090 7540 4469 73.88

1X-EcoMLA (Ours; 1y, = 160) 10.94% 6585 57.17 8035 7757 60.13 43.00 79.16 7620 4785 71.19

Table 3: Performance of X-EcoMLA with 8B models under aggressive KV cache compression

System-Level Inference Metrics We evaluate system-level performance in terms of throughput
(sequences/sec) and peak GPU memory usage (GB) for both the baseline model (Llama3.1-8B)
and our proposed model, X-EcoMLA-8B (r, = 128, 10.67 x KV compression), across a range of
batch sizes. All experiments are conducted on identical hardware (single AMD MI300 GPU) under
consistent settings. As shown in Fig. 2, X-EcoMLA-8B achieves approximately 1.7 X to 2x higher
throughput than the baseline across all batch sizes. In terms of memory efficiency, X-EcoMLA-
8B substantially reduces peak memory consumption. For instance, at batch size 128, Llama3.1-8B
consumes 143 GB of memory and fails to run larger batches, whereas X-EcoMLA-8B requires only 28
GB—representing a 5 x reduction. These results demonstrate that X-EcoMLA-8B not only maintains
strong model accuracy but also delivers significant system-level improvements—achieving higher
throughput and dramatically lower memory usage. This makes it well-suited for latency-sensitive and
memory-constrained deployment scenarios.
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Figure 2: System-level inference performance for Llama3.1-8B and X-EcoMLA-8B on 8 x AMD MI300 GPUs.
X-EcoMLA enables higher throughput and drastically reduced memory usage across batch sizes. Llama3.1-8B
runs out-of-memory (OOM) beyond batch size 128, while X-EcoMLA scales smoothly up to batch size 1024.

Comparison with Existing Post-Training Low-Rank Methods We conducted experiments to
compare our solution with two of the most recent SOTA methods — MHA2MLA Ji et al. (2025) and
PALU Chang et al. (2025) — and to clarify how X-EcoMLA improves upon these approaches.

1. Comparison with MHA2MLA Baseline Setup To more comprehensively evaluate the effec-
tiveness of X-EcoMLA, we compare it against MHA2MLA Ji et al. (2025) under both continual
pretraining and supervised fine-tuning (SFT) settings using the SmolLM 1.7B model. As SmolLM is
originally built with MHA-based attention, this evaluation also demonstrates that X-EcoMLA can be
seamlessly integrated into existing MHA-based architectures.

In the continual pretraining setting, we evaluate X-EcoMLA on the SmolLM 1.7B base model using
a 12.5% KV cache size, following the same 6B-token training budget as the released MHA2MLA
checkpoint*. We compare four configurations: (1) the full-attention baseline (100% KV cache), (2)
MHA2MLA continually pretrained, (3) X-EcoMLA pretrained without a teacher, and (4) X-EcoMLA
with self-distillation. Table 4 (top) summarizes the results where X-EcoMLA without a teacher
achieves an average score of 51.94, slightly outperforming MHA2MLA (51.69) by +0.25. When
using self-distillation, the accuracy improves to 52.87, reducing the gap to the full-attention baseline.

In the supervised fine-tuning setting, we use identical SFT data and compare performance under two
KV compression ratios: 12.5% and 50%. We use SmolLLM 1.7B-Instruct as both student and teacher
for X-EcoMLA, and follow the joint-SVD + Sp;¢, variant for MHA2MLA. As shown in Table 4
(bottom), X-EcoMLA outperforms MHA2MLA across both compression levels. At 12.5% KV size,
X-EcoMLA achieves 49.34 vs. 48.19 (+1.15), and at 50%, it reaches 50.15 vs. 49.79 (+0.36).

We attribute this performance gain to a key architectural difference: the RoPE (Rotary Position
Embedding) design. MHA2MLA stores separate Key-RoPE vectors per head. Under a fixed budget
(e.g., 32 dimensions per token), each head receives only % ROPE dimensions. In contrast, X-

EcoMLA adopts the unified RoPE approach used in DeepSeek MLA, where all heads share a single
Key-RoPE vector. This allows each head to fully leverage all 32 dimensions, offering 8 X more
positional encoding capacity in an 8-head setup—crucial for preserving performance under aggressive
compression.

2. Comparison with PALU PALU Chang et al. (2025) represents a recent state-of-the-art approach
for low-rank KV-cache compression. It decomposes the linear projection layers into low-rank
matrices, caches the compressed intermediate states, and reconstructs the full keys and values on the
fly during inference. To evaluate the effectiveness of X-EcoMLA, we compare X-EcoMLA against
PALU using the Llama3-8B-Instruct model.

Following the experimental protocol described in Section 4.2 of the PALU paper, we evaluate
zero-shot performance on the used subset of the LM Harness Eval benchmark using PALU’s best-

“https://huggingface.co/fnlp/SmolLM-1B7-MLA-d_kv_8
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Method KV Size Avg. Ace. ARC ARE HS MM OBQA PIQA PM RA WG
SmolLM 1.7B (Base) 100% 54.67 46.42 7348 6574 2773 4200 76.06 62.60 37.03 60.93
MHA2MLA Ji et al. (2025) 12.5% 51.69 4155 69.57 6143 2463 39.00 7470 6020 3569 5841
1X-EcoMLA-pretrain (ry, = 480)  12.5% 51.94 40.19 6936 6252 2379 40.00 7530 61.40 3589 59.04
1X-EcoMLA (ry, = 480) 12.5% 52.87 4241 7214 62.84 2555 4140 7519 6140 3627 58.64
SmolLM 1.7B-Ins (Base) 100% 50.49 3771 6296 60.81 2586 39.80 7350 60.80 36.17 56.83
MHA2MLA (SFT) 12.5% 48.19 35.07 6094 56.18 2336 3640 7236 57.20 34.83 57.38
1X-EcoMLA (SFT, ry, = 480) 12.5% 49.34 3729 6296 59.05 23.68 38.00 7252 59.80 34.64 56.12
MHA2MLA (SFT) 50% 49.79 37.63 6229 59.60 24.09 3820 74.05 6040 3435 57.46
1X-EcoMLA (SFT, ry, = 2016) 50% 50.15 3797 6406 60.23 2489 39.00 7334 60.20 3493 56.75

Table 4: Comparison between X-EcoMLA and MHA2MLA a under both continual pretraining (top) and
supervised fine-tuning (bottom) settings on the SmolLM 1.7B model.

performing configurations: G-LRD and J-LRD, both operating at a 50% KV compression ratio.
Reported PALU results are taken directly from their paper. The results, summarized in Table 5,
show that X-EcoMLA achieves an average accuracy of 67.34 at only 15.63% KV cache size. This
performance is nearly on par with the full model (67.87) and clearly outperforms both PALU-J-LRD
(66.19) and PALU-G-LRD (64.45), with respective gains of +1.15 and +2.89 points—despite using
approximately 3 x less KV storage.

Model KV-Size AvgAcc. ARC ARE HS OBQA PIQA WG
Llama3-8B-Inst (Base) 100% 67.87 56.66 81.61 7581 42.60 78.62 71.90
PALU-J-LRD 50% 66.19 51.96 79.63 73.20 4340 7650 7245
PALU-G-LRD 50% 64.45 4899 7630 7036 4260 76.06 72.38

1X-EcoMLA (Ours) 15.63% 67.34 54.69 81.02 75.69 4440 77.53 70.72

Table 5: Comparison between X-EcoMLA and PALU baselines on Llama3-8B. Despite operating at a signifi-
cantly lower KV size (15.63%), X-EcoMLA matches or outperforms 50%-KV SOTA methods.

Expanded Discussion and Experimental Details The Appendix provides additional context and
supporting results that complement the main paper. In Section A.1, we present a more detailed
discussion of related work on KV cache compression, training-based memory-efficient architectures,
and upcycling techniques. Section A.2 outlines the pseudocode for our proposed SVD-based ini-
tialization strategy for MLA layers. Hyperparameter for both fixed and dynamic rank selection are
reported in Section A.3, helping to guide practical configurations. Section A.4 includes supplementary
evaluations: long-context benchmarks on LongBench (Section A.4.1); comparisons with H20 as an
alternative KV cache compression method (Section A.4.2); hybrid MLA variants that combine atten-
tion and MLA layers (Section A.4.3); and detailed results from our extreme KV cache compression
experiments (Section A.4.4). In Section A.5, we present ablation studies, analyzing the impact of
distillation loss versus direct supervision (Section A.5.1), the role of LayerNorm (Section A.5.2), and
the trade-off between larger teacher models and longer training (Section A.5.3). Collectively, these
sections provide deeper insights into the design choices and empirical robustness of X-EcoMLA
across diverse settings and compression budgets.

6 Conclusion

In this work, we introduced X-EcoMLA, a lightweight post-training adaptation approach that enables
the upcycling of pre-trained Transformer attention into an efficient MLA or hybrid variant. By
leveraging dark knowledge from a well-trained teacher model and employing SVD-based initializa-
tion, our method significantly reduces KV cache memory requirements without sacrificing model
performance. Our results show that using an 8B teacher model allows us to compress the KV cache
size of the Llama3.2-1B-Instruct baseline by 6.4x while preserving 100% of its average score across
multiple tasks on the LM Harness Evaluation benchmark. This is achieved with only 3.6B training
tokens and about 70 GPU hours on AMD MI300 GPUs. Alternatively, we can compress KV cache
by 10.6x using 7B training tokens over approximately 140 GPU hours, while maintaining 99.8% of
the average score. These findings highlight the potential of X-EcoMLA as a practical and scalable
solution for integrating MLA into existing LLMs, paving the way for more memory-efficient and
deployable models without the need for costly retraining from scratch.
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A Appendix

A.1 Related Work

KV Cache Management in Transformers Several approaches have been proposed to reduce or
compress the KV cache size of Transformers, which can be broadly categorized into training-based
and post-training solutions Shi et al. (2024). Training-based methods involve modifying the model
architecture and pre-training it, typically yielding better performance, whereas post-training methods
are easier to apply and do not require retraining.

A variety of post-training KV cache management solutions have been explored in the literature. One
common strategy is KV cache eviction, such as Heavy Hitter (H,O) Zhang et al. (2023), which
defines an eviction policy based on the observation that only a few tokens contribute to the highest
attention scores. This method retains the most recent and most significant tokens while discarding
the others. Another approach is sliding window attention Arora et al. (2024); Beltagy et al. (2020),
which restricts attention to a fixed number of recent tokens (or predefined patterns) to maintain a
bounded KV cache size. Attention Sink Xiao et al. (2023) builds on this by retaining initial tokens
in the KV cache to improve performance. Quantization-based KV cache compression Kang et al.
(2024); Zhang et al. (2024a) reduces memory usage by storing KVs in a lower-precision format,
while KV cache merging Wang et al. (2024) minimizes information loss by merging KV entries
instead of discarding them. Although post-training solutions are computationally efficient, they often
lead to performance degradation due to information loss. In contrast, training-based methods offer a
better balance between memory efficiency and model accuracy. This paper focuses on training-based
solutions, which we review in the following.

Training-based KV Cache Management Training-based solutions modify the attention mecha-
nism or replace it with alternative architectures in Transformer models to reduce KV cache memory
requirements. For instance, multi-query attention (MQA)Shazeer (2019) shares keys and values
across all attention heads, reducing the KV cache size by a factor of n compared to a multi-head
attention (MHA) model with n KV heads. However, sharing a single KV across n query heads can be
too restrictive. To address this, grouped-query attention (GQA)Ainslie et al. (2023) divides query
heads into groups, allowing each group to share a single set of key and value heads, making a balance
between memory efficiency and performance. Another notable approach is YOCO Sun et al. (2024), a
decode-decoder model that consists of a self-decoder and a cross-decoder module. Instead of storing
KV vectors for each layer and token, the self-decoder module provides a shared global KV cache
to the cross-decoder layers, significantly reducing memory overhead. Multi-head latent attention
(MLA), introduced in DeepSeek-V2 Liu et al. (2024a), is another KV-cache efficient variation of
MHA. MLA reduces KV cache size by projecting input hidden states into a compressed latent space
through low-rank projection, leading to a substantial reduction in memory usage. DeepSeek-V?2
demonstrated that ML A can outperform standard MHA while maintaining efficiency.

Motivated by MLA’s strong performance and efficiency, we focus on adapting MLA for already
pre-trained models. However, training-based solutions typically require full pre-training from scratch
or extensive continual training. This raises a fundamental question: Can we upcycle pre-trained
models to their MLA counterparts without costly retraining? In the following section, we review
existing solutions for model upcycling that can be leveraged for this purpose.

Upcycling Attention In Komatsuzaki et al. (2022), model upcycling is defined as “upgrading an
existing model with a relatively small additional computational budget.” This term has primarily
been used to describe the conversion of dense models into mixture-of-experts (MoE) models in
an efficient manner Komatsuzaki et al. (2022); He et al. (2024). In this paper, we focus on the
concept of attention upcycling, which involves adapting pre-trained attention blocks in a Transformer
into more efficient forms, such as ML A, without requiring full re-training from scratch. There are
several examples of attention upcycling in the literature. For instance, in GQA, Ainslie et al. (2023)
propose replacing MHA blocks with GQA and performing light continual pre-training for adaptation.
Similarly, HedgehogZhang et al. (2024b) introduces an upcycling method that converts pre-trained
attention into linear attention using knowledge distillation.

A notable line of work focuses on leveraging the duality between Transformer self-attention and alter-
native architectures. MambalnLlama Wang et al. (2025) demonstrates this by replacing some attention
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Algorithm 1 Python-like pseudocode of the proposed SVD initialization for MLA.

eights: W_Q, W_K, W_V

2 # MLA ights: W_DQ, W_UQ, W_QR, W_DKV, W_UK, W_KR, W_UV

t # Initialization of W_DQ, W_UQ, and W_QR
5 U_g, sigma_g, V_g = svd(W_Q)
6 W_DQ = U_qg

7 W_UQR_bar = (sigma_g @ V_qg).view(r_g, n_h, d_h)
8§ W_UQ = W_UQR_bar[:, :, :d_gk].view(r_g, n_hxd_gk)
9 W_QR = W_UQR_bar[:, :, -d_r:].view(r_g, n_hxd_r)

11 # Initialization of W_DKV, W_UK, W_KR, W_UV

12 U_kv, sigma_kv, V_kv = svd(torch.cat ((W_K, W_V), -1))
13 W_DKV = U_kv

14 W_K_avg = W_K.view(d, n_h, d_h).mean (1)

15 W_KR = W_K_avg[:, —-d_r:]

17 W_UKV = sigma_kv @ V_kv

18 W_UK_bar = W _UKV[:, :d_h*n_h].view(r_kv, n_h, d_h)
19 W_UK W_UK_bar([:,:,:d_gk].view(r_kv, n_hxd_gk)

20 W_UV W_UKV[:, d_h*n_h:]

layers in pre-trained models with Mamba layers, initializing them from their corresponding attention
layers, and then fine-tuning using end-to-end knowledge distillation. Similarly, MOHAWK Bick et al.
(2024) follows a knowledge distillation-based approach for training hybrid attention-Mamba models.
However, MOHAWK differs from MambalnLlama in some aspects: (a) It does not initialize the
student sub-quadratic model from the Transformer attention layers; (b) It incorporates intermediate
layer distillation in addition to end-to-end distillation.

A.2 Algorithm

Our simple method for initializing the MLA weights using SVD approach applied to the pre-trained
attention weights is summarized in the pseudocode in Algorithm 1.

A.3 Hyper-parameter Selection

In Table 6 and 7, we present the model performance with different hyperparameters for fixed
rank selection and dynamic rank selection, respectively. In Table 6, we evaluate three KV ranks
(ryy = 512,256,128) and two head dimensions (qu = 32,64). We adjust r; accordingly to make
sure all configurations have approximately the same number of parameters. The results indicate
a significant performance loss as the KV rank ry, decreases. With the same KV rank, qu =64
generally provides better performance. However, such advantage is more obvious with ry,, = 128,256
where 7y is relatively large. When ry,, = 512, both head dimensions provides similar performance.
In Table 7, we explore two thresholds (90% and 95%) for r; and ry, and two head dimensions
(qu = 32, 64) for dynamic rank selection. When training with a small portion of the dataset (1.6B),
we notice that the performance is mainly influenced by the KV rank ry,. Although setting qu =64
leads to more parameters, it does not necessarily translate to performance improvement, even when
trained with the full dataset.

A.4 Supplementary Results

A.4.1 Long Context Evaluations

We evaluated our MLA-optimized models on the LongBench benchmark, which covers a range of
long-context understanding tasks such as LCC, Qasper, QMSum, Multi-News, and SamSum. Table 8
reports the results under various KV-cache size for both Llama3.2-1B and Llama3.2-3B models.
Notably, X-EcoMLA 3B models achieves a score of 60.03 on LCC, significantly outperforming the
full-sized Llama3.2-3B baseline (52.11), despite using only 43% of the KV cache. Across other tasks
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Configuration Param 74 Tk dge KV Size Tokens Avg Score

Base Model: Llama3.2-1B-Inst
1X-EcoMLA +DPO 1.23B 864 512 32 53.1% 3.6B 53.04
1X-EcoMLA +DPO 1.23B 480 512 64 56.3% 3.6B 53.14
1X-EcoMLA +DPO 1.23B 1184 256 32 28.1% 3.6B 51.91
1X-EcoMLA +DPO 1.23B 736 256 64 31.3% 3.6B 52.38
1X-EcoMLA +DPO  1.23B 1344 128 32 15.6% 3.6B 51.38
1X-EcoMLA +DPO 1.23B 864 128 64 18.8% 3.6B 51.60

Table 6: Hyperparameter selection for the internal dimensions of the X-EcoMLA block under a fixed setting
with 100% MLA layers, without LayerNorm, and using an identical teacher model as the base.

Configuration Param 74 "o dgx KV Size Tokens Avg Score

Base Model: Llama3.2-1B-Inst
1X-EcoMLA +DPO  1.22B  90% 90% 32 42.7% 1.6B 51.26
TX-EcoMLA +DPO  1.25B 90% 90% 64 45.9% 1.6B 51.31
TX-EcoMLA +DPO 1.23B  95% 90% 32 42.7% 1.6B 51.36
1X-EcoMLA +DPO 1.27B 95% 90% 64 45.9% 1.6B 51.21
TX-EcoMLA +DPO  1.23B 90% 95% 32 54.7% 1.6B 52.18
IX-EcoMLA +DPO 1.26B 90% 95% 64 57.9% 1.6B 51.51
1X-EcoMLA +DPO 1.24B  95% 95% 32 54.7% 1.6B 52.40
TX-EcoMLA +DPO  1.28B 95% 95% 64 57.9% 1.6B 52.16
1X-EcoMLA +DPO 1.23B  90% 95% 32 54.7% 7.0B 53.22
1X-EcoMLA +DPO 1.26B 90% 95% 64 57.9% 7.0B 53.23

Table 7: Hyperparameter selection for the internal dimensions of the X-EcoMLA block under a dynamic setting
with 100% MLA layers, without LayerNorm, and using an identical teacher model (Llama-3.2-1B) as the base.

such as Qasper, Multi-News, and SamSum, our compressed models match or even slightly exceed the
performance of their full-cache counterparts. These results indicate that our method scales well to
long-sequence scenarios and is particularly effective in memory-constrained environments.

Model KV-Size Avg. Acc. lcc  repobench-p qasper qmsum multinews samsum
Llama3.2-1B-Inst (Base) 100.00% 30.805 35.47 40.12 22.92 21.65 25.68 38.99
1X-EcoMLA (ours) 53.13% 30.77 38.73 40.36 21.13 20.50 25.76 38.11
1X-EcoMLA (ours) 28.13% 30.66 38.74 40.54 21.21 20.61 25.62 37.26
Llama3.2-3B-Inst (Base) 100.00% 40.01 52.11 54.16 40.42 23.63 26.51 43.21
1X-EcoMLA (ours) 42.91% 39.29 60.03 56.24 29.94 21.08 27.54 40.93
1X-EcoMLA (ours) 25.00% 39.11 59.59 53.94 31.75 20.93 27.19 41.26

Table 8: Long-context evaluation on the LongBench benchmark across varying KV cache sizes. All the
X-EcoMLA models are trained with Llama3.1-8B-Inst as the teacher model

A.4.2 Comparison with other KV Cache Compression Techniques

We compare X-EcoMLA with the widely used H20 method Zhang et al. (2023), using the same
base model (Llama3.2-1B-Instruct) and identical KV cache sizes. The evaluation is conducted on
the Im-eval-hardness benchmark to assess performance under increasingly aggressive memory
constraints. As shown in Table 9, X-EcoMLA consistently outperforms H20 across all compression
levels—both in terms of average accuracy and on most individual tasks. Notably, at a KV size of
9.4%, X-EcoMLA achieves an average accuracy of 50.49%, compared to 45.05% for H20, with
particularly large gains on ARC, ARE, and PIQA. Even at 6.25% KV size, X-EcoMLA maintains
a strong lead, indicating its robustness under extreme compression. These results demonstrate that
X-EcoMLA achieves significantly better accuracy under the same memory budget, making it a strong
candidate for memory-efficient inference.
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Model KV-size Avg. Acc.. ARC ARE HS MM OBQA PIQ PM RA WG
H20 15.6% 50.30 3771 57.41 5991 4083 31.60 71.11 60.40 3799 55.80
1X-EcoMLA (ours)  15.6% 51.97 40.10 62.88 58.17 39.70 37.80 73.50 56.60 39.33 59.67
H20 9.4% 45.05 30.03 43.01 57.79 3325 29.60 6496 5880 36.08 51.93
1X-EcoMLA (ours) 9.4% 50.49 39.16 62.63 56.04 3490 3640 72.85 56.40 37.70 58.33
H20 6.25% 41.30 26.54 34.68 5275 2695 28.60 59.03 58.60 3426 50.28

1X-EcoMLA (ours)  6.25% 49.74 3848 61.66 5532 3062 3520 7236 56.60 37.99 5943

Table 9: Comparison of X-EcoMLA and H20 Zhang et al. (2023) across various KV cache sizes. X-EcoMLA
consistently outperforms H20, especially under aggressive compression.

A.4.3 Hybrid MLA Models

In this section, we include some supplementary results. Table 10 shows the benchmark performance
of our X-EcoMLA method on Llama3.2-1B-Inst model when we use the same model as teacher. We
evaluate three different initialization settings: (i) Fixed rank selection with random initialization, (ii)
Fixed rank selection with SVD initialization, and (iii) Dynamic rank selection with SVD initialization.
For the fixed rank selection scenario, we set Ty = 854, 1y, = 512, and qu = d, = 32 such that the
total number of parameters after the MLA upcycling remain roughly the same. For the dynamic rank
selection case, we apply a threshold of 0.95 for both r; and 7y, so that the number of parameters
aligns with other setups. We investigate two MLA layer upcycling strategies: upcycling 100% of
layers to MLA and upcycling 50% of layers to MLA. For the 100% upcycling strategy, we replace
all GQA modules in the base model with MLA. In this scenario, the proposed X-EcoMLA model
uses only 53.1% of the KV cache size for fixed rank selection and 54.7% for dynamic rank selection.
For the 50% upcycling strategy, we replace GQA modules in layers 1, 3, 5, 7, 8, 10, 12, and 14. This
brings us 78.1% KV cache size for the fixed rank selection and 78% for dynamic rank selection.

For each strategy, we evaluate training with the full dataset (6.8B tokens) and half dataset (3.4B
tokens). It is evident that for fixed rank selection schemes, SVD initialization significantly enhances
distillation performance compared to random initialization, yielding an 8% improvement for 100%
MLA and 3% improvement for 50% MLA.

Model and Setting Init. Method KV-Size Tokens ARC ARE HS MMLU OBQA PIQA PBMD RA WG Avg.

Llama3.2-1B-Inst Base 100% - 3797 6330 60.65 46.05 3480 7432 60.00 38.18 59.67 52.77
100% MLA Layers- Teacher: Identical to the Base Model
1X-EcoMLA Random (512) 53.1% 6.8B 3532 6048 54.03 27.77 3520 7198 5580 33.88 55.01 47.72
1X-EcoMLA + DPO  Random (512) 53.1% 7.0B 3899 6271 5620 28.04 36.8 7339 5640 3627 5620 49.44
1X-EcoMLA Fixed (512) 53.1% 6.8B 3695 63.89 5888 43.40 36.00 74.16 5820 3732 60.30 52.12
1X-EcoMLA + DPO  Fixed (512) 53.1% 7.0B  40.19 6393 60.67 4231 37.60 75.03 59.20 4086 61.01 53.42
1X-EcoMLA Dynamic (95%)  54.7% 6.8B  37.12 63.64 5887 43.26 3440 7372 60.00 37.51 60.22 52.08
1X-EcoMLA + DPO  Dynamic (95%)  54.7% 7.0B 4036 6431 60.88 4254 36.80 74.16 6140 40.77 60.69 53.54
1X-EcoMLA Fixed (512) 53.1% 34B 3737 6435 5836 42.03 3500 73.61 57.40 37.03 59.51 51.63
1X-EcoMLA +DPO  Fixed (512) 53.1% 3.6B 3993 6351 6052 41.58 3720 7399 5980 40.48 60.38 53.04
1X-EcoMLA Dynamic (95%)  54.7% 34B  37.12 63.64 5844 42.14 3440 73.61 57.00 3722 5998 51.50

1X-EcoMLA + DPO  Dynamic (95%)  54.7% 3.6B  40.27 6271 60.55 4121 3640 7416 59.80 3990 60.14 52.79

50% MLA Layers, Teacher: Identical to the Base Model

1X-EcoMLA Random (512) 78.1% 6.8B  36.86 6279 5723  38.19 36.00 7378 5620 36.75 58.72 50.72
1X-EcoMLA + DPO  Random (512) 78.1% 70B 3899 63.64 59.00 37.46 37.60 7459 57.00 39.14 6046 51.99
1TX-EcoMLA Fixed (512) 78.1% 6.8B 3797 63.01 5971  44.37 3580 74.86 60.60 3837 59.98 5274
1X-EcoMLA + DPO  Fixed (512) 78.1% 70B  40.87 6393 6195 43.39 3720 7448 5980 4048 60.85 53.66
1X-EcoMLA Dynamic (95%) 8% 6.8B 3848 63.85 59.78  44.27 35.60 7454 60.40 38.18 60.85 52.88
1X-EcoMLA + DPO  Dynamic (95%) 78% 70B  41.64 6444 6178 4358 36.40 7421 60.00 40.48 60.93 53.71
1X-EcoMLA Fixed (512) 78.1% 34B  37.12 63.55 5936 44.16 3520 7394 57.60 37770 60.77 52.16
1X-EcoMLA + DPO  Fixed (512) 78.1% 3.6B  40.61 64.73 62.06 43.51 3740 7378 5940 4029 61.25 53.67
1X-EcoMLA Dynamic (95%) 78% 34B  38.05 63.09 5937 43.60 3500 7427 5980 3694 60.93 5233

1X-EcoMLA + DPO  Dynamic (95%) 8% 3.6B 3993 63.64 61.76 43.33 3640 7383 6140 40.57 6030 53.46

Table 10: Zero-shot evaluation of MLA variants with different initialization methods (random, SVD with
fixed rank selection, and SVD with dynamic rank selection) on the LM Harness Eval benchmark across nine
tasks: ARC-Challenge (ARC), ARC-Easy (ARE), HellaSwag (HS), MMLU, OpenBookQA (OBQA), PIQA,
PubMedQA (PBMD), RACE (RA), and WinoGrande (WG). (1 denotes upcycling the base model.)
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A.4.4 More Details on Extreme KV Cache Compression Experiments

In this section, we include more details for Table 2 results. For each row, we also show the results of
SFT training.

Model and Setting Teacher Param Tokens ARC ARE HS MMLU OBQA PIQA PBMD RA WG Avg.
Llama3.2-1B-Inst - 1.24B - 3797 6330 60.65 46.05 3480 7432 60.00 38.18 59.67 52.77
100% MLA Layers (r, = 512, rg = 864, dg = 32) - KV Size: 53.1%
1X-EcoMLA Llama3.2-1B-Inst 1.23B 34B 3737 6435 5836 42.03 3500 73.61 57.40 37.03 59.51 51.63
1TX-EcoMLA + DPO  Llama3.2-1B-Inst 1.23B 3.6B 3993 63.51 60.52 41.58 3720 7399 5980 40.48 60.38 53.04
1X-EcoMLA Llama3.2-3B-Inst  1.23B 34B 3771 65.19 58.84 43.13 3620 7345 5820 37.89 59.67 5225
1X-EcoMLA + DPO  Llama3.2-3B-Inst 1.23B  3.6B 4275 6481 62.04 4388 3740 7372 5920 4144 6148 54.08
1X-EcoMLA Llama3.2-8B-Inst  1.23B 34B  39.51 6738 6041 43.18 3840 7394 6040 3828 61.72 53.69

1X-EcoMLA + DPO  Llama3.2-8B-Inst 1.23B  3.6B  44.03 68.86 6349 43.81 3740 7394 6140 4182 6140 5513
100% MLA Layers (ry, = 256, ry = 1184, dg = 32) - KV Size: 28.1%

1X-EcoMLA Llama3.2-1B-Inst 1.23B 34B  37.54 6284 56.89 4122 336 7312 554 3646 59.19 50.70
1TX-EcoMLA + DPO  Llama3.2-1B-Inst 1.23B 3.6B  40.02 6326 5874  39.79 3640 7280 55.60 40.19 6038 51.91
1X-EcoMLA Llama3.2-3B-Inst 1.23B  34B 3635 6351 57.09 41.30 35.00 73.07 56.80 36.46 60.14 51.08
1TX-EcoMLA + DPO  Llama3.2-3B-Inst 1.23B 3.6B  40.70 6435 60.10 41.77 3720 7383 57.80 3923 61.17 5291
1X-EcoMLA Llama3.2-8B-Inst 1.23B  34B  38.14 6545 5870 41.15 3620 73.67 59.00 36.17 60.62 52.12

1X-EcoMLA + DPO  Llama3.2-8B-Inst 123B  3.6B 4198 6646 6133 4178 3720 7427 59.00 40.00 60.69 53.63
100% MLA Layers (ri, = 128, ry = 1344, dgg = 32) - KV Size: 15.6%

+X-EcoMLA Llama3.2-1B-Inst  1.23B  34B  36.52 6141 5537 3802 3460 7252 5600 3560 5856 49.84
1X-EcoOMLA + DPO  Llama3.2-1B-Inst  1.23B  3.6B  39.16 61.83 5727 3785 3620 7345 5640 40.19 60.06 51.38
+X-EcoMLA Llama3.2-3B-Inst  1.23B 34B 3626 61.95 5584 3928 3540 7176 57.60 3589 59.27 50.36
1X-EcOMLA + DPO  Llama3.2-3B-Inst  1.23B  3.6B 3942 62.88 58.41 3945 3720 7339 5800 3971 5975 52.02
+X-EcoMLA Llama3.2-8B-Inst 123B  34B 3635 64.60 57.32 3825 37.00 7345 6040 3522 5825 5120
1X-EcoMLA +DPO _Llama3.2-8B-Inst_ 1.23B  3.6B_ 4130 65.61 59.64 3947  37.60 7427 5920 39.52 59.83 52.94
fX-EcoMLA Llama3.2-1B-Inst  123B 6.8B  37.54 6221 5636 39.67 3540 7323 5560 3531 5833 5041
TX-EcoOMLA +DPO  Llama3.2-1B-Inst 1.23B 7B 40.10 62.88 58.17 3970  37.80 7350 56.60 39.33 59.67 51.97
+X-EcoMLA Llama3.2-3B-Inst  123B 6.8B 3558 63.51 5671 4138 3580 72.80 5720 3589 5856 50.83
tX-EcoOMLA +DPO  Llama3.2-3B-Inst  1.23B 7B 3933 64.86 58.92 41.86 3740 73.83 5880 39.71 59.59 5270
+X-EcoMLA Llama3.2-8B-Inst 123B  6.8B 3865 66.88 5846 4201 3480 73.67 60.00 3646 59.12 5223

1X-EcoMLA + DPO  Llama3.2-8B-Inst  1.23B 7B 4249 67.13 60.58 4251 36.60 73.99 5940 4038 5943 53.61
100% MLA Layers (ry, = 64, rg = 1424, d g = 32) - KV Size: 9.4%

1X-EcoMLA Llama3.2-1B-Inst 1.23B 6.8B  37.12 6132 5446 34.89 3560 7236 56.80 3522 5730 4945
1X-EcoMLA + DPO  Llama3.2-1B-Inst  1.23B 7B 39.16 62.63 56.04  34.90 3640 7285 5640 3770 5833 5049
1TX-EcoMLA Llama3.2-3B-Inst 1.23B 6.8B 3507 6195 5495 38.61 3520  72.09 57.40 3598 5825 49.94
1X-EcoMLA + DPO  Llama3.2-3B-Inst  1.23B 7B 3797 63.55 5695 37.54 3540 7274 57.00 38.66 59.27 51.01
1X-EcoMLA Llama3.2-8B-Inst  1.23B 6.8B  36.09 65.07 57.01  38.60 3580 7296 58.00 3598 59.98 51.05

1X-EcoOMLA + DPO  Llama3.2-8B-Inst 123B 7B 4002 67.17 5840 3853 37.80 73.83 5800 3943 6093 52.68
100% MLA Layers (ry, = 48, ry = 1440, dgy = 32) - KV Size: 6.25%

1TX-EcoMLA Llama3.2-1B-Inst 1.23B 6.8B  36.77 60.61 53.51 3244 3340 7220 56.60 3455 5833 4871
1X-EcoMLA + DPO  Llama3.2-1B-Inst  1.23B 7B 38.48 61.66 5532  30.62 3520 7236 56.60 37.99 59.43 49.74
1X-EcoMLA Llama3.2-3B-Inst 1.23B 6.8B  33.70 6132 54.11 3596 3460 71.27 56.00 3522 5848 48.96
1X-EcoMLA + DPO  Llama3.2-3B-Inst  1.23B 7B 36.18 6221 55.82 3641 3560 7203 57.00 38.09 60.06 50.38
1X-EcoMLA Llama3.2-8B-Inst 1.23B 6.8B  36.35 64.60 55.50  36.65 3460 7231 5780 3579 5825 50.21

1X-EcoMLA + DPO  Llama3.2-8B-Inst  1.23B 7B 3771 6532 5732 3627 36.80 7296 5820 38.76 58.80 51.35

Table 11: Impact of KV-cache compression and teacher model size on performance. Reducing the KV-cache
size lowers accuracy, but larger teacher models help recover performance. DPO further improves alignment and
accuracy. (T denotes upcycling the base model.)

A.5 Ablation Studies

A.5.1 Distillation vs. Cross-Entropy

In Table 12, we examine the trade-off between learning from the teacher knowledge (via KL diver-
gence) and direct supervision from the dataset (via cross-entropy loss w.r.t. ground truth) during the
SFT distillation stage. We adopt Llama3.2-1B-Instruct for both our base model and student model,
and we use CE and KL to denote the weights for the cross-entropy loss and KL divergence loss. The
results show that relying solely on direct supervision (CE = 1, KL = 0) significantly degrades model
performance (48.54 vs. 52.77), underscoring the importance of leveraging teacher knowledge for
effective learning.
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In contrast, incorporating teacher knowledge—either exclusively or in combination with direct super-
vision—yields the best results, indicating the importance of teacher-guided learning in maintaining
accuracy. Given these insights, we primarily adopt teacher-based learning in our configurations to
minimize hyperparameter tuning efforts unless stated otherwise.

Configuration CE KL Avg Score

Llama3.2-1B-Inst - - 52.717
1X-EcoMLA 0 1 50.84
1X-EcoMLA 1 0.01 50.93
1X-EcoMLA 1 0.05 50.71
1X-EcoMLA 1 0.1 50.98
1X-EcoMLA 1 0 48.54

Table 12: Comparison of different CE and KL loss weightings in the SFT knowledge distillation phase.
The experiment utilizes the same teacher as the base model and applies dynamic SVD compression with
8q = Ok = 0.95, trained on 20% of the dataset.

A.5.2 Impact of LayerNorm

The original MLA module incorporates additional LayerNorm layers between the down- and up-
projection operations. However, we observe that it is beneficial to omit those LayerNorm layers in our
proposed X-EcoMLA, as evidenced in Table 13 and the loss curves in Figure 3 in the Appendix. By
removing the intermediate LayerNorm layers, our proposed X-EcoMLA demonstrates an improved
loss convergence. Besides, across various setups (fixed, dynamic) and different training dataset sizes
(3.4B, 6.8B) in Table 13, the removal of LayerNorm layers consistently leads to performance gains.

—— Loss with SVD init, w/ LN
Loss with SVD init, w/o LN

4 |
10 —— Loss with random init

- —
102 “M\_\\_‘_

6 25‘00 SObO 75b0 10600 12500 15600 175‘00
Steps

Figure 3: Loss curve comparison between random initialization and SVD initialization w/ and w/o LayerNorm
layers. All schemes are trained with fixed KV rank selection and 100% MLA layers upcycling.

Figure 3 shows the loss curves of our SVD initialization with and without layer normalization, as
well as with random initialization. The results demonstrate that removing layer normalization leads
to lower loss values.

A.5.3 Larger Teacher or more Training Data?

Table 14 highlights the impact of increasing training data (tokens) versus using a larger teacher model
on both accuracy score and training time. When using the same teacher model (Llama3.2-1B-Inst),
increasing the number of training tokens (from 3.4B to 6.8B) improves performance but comes at the
cost of significantly higher training time (from 4.82 to 9.64 hours).

On the other hand, switching to a larger teacher (e.g., Llama3.2-3B-Inst or Llama3.2-8B-Inst) provides
notable accuracy improvements with less reliance on additional training data. For instance, using the
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Configuration Init. Method LayerNorm KV Size Tokens Avg Score
Base Model: Llama3.2-1B-Inst
1X-EcoMLA  Dynamic (d;, = 0.95) v 54.7% 6.8B 51.68

1X-EcoMLA  Dynamic (Jy, = 0.95) X 54.7% 6.8B 52.08
1X-EcoMLA Fixed (r, = 512) v 53.1% 6.8B 51.68
1X-EcoMLA Fixed (ry, = 512) X 53.1% 6.8B 52.12
1X-EcoMLA  Dynamic (dy, = 0.95) v 54.7% 3.4B 51.18
1X-EcoMLA  Dynamic (Jy, = 0.95) X 54.7% 3.4B 51.50
1X-EcoMLA Fixed (ry, = 512) v 53.1% 3.4B 50.89
X

1X-EcoMLA Fixed (1, = 512) 53.1% 3.4B 51.63

Table 13: Comparison of MLA with LayerNorm vs. without LayerNorm

Model and Setting Teacher Tokens Training time Avg Score
Base Model: Llama3.2-1B-Inst; 100% MLA Layers (ry, = 512, r; = 864)
1X-EcoMLA Llama3.2-1B-Inst  6.8B 9.64 hours 52.12
1X-EcoMLA + DPO Llama3.2-1B-Inst ~ 7.0B 10.06 hours 53.42
1X-EcoMLA Llama3.2-1B-Inst  3.4B 4.82 hours 51.63
1X-EcoMLA + DPO Llama3.2-1B-Inst ~ 3.6B 5.24 hours 53.04
1X-EcoMLA Llama3.2-3B-Inst  3.4B 6.24 hours 52.25
1X-EcoMLA + DPO Llama3.2-3B-Inst ~ 3.6B 6.65 hours 54.08
1X-EcoMLA Llama3.2-8B-Inst  3.4B 8.54 hours 53.69
1X-EcoMLA + DPO Llama3.2-8B-Inst ~ 3.6B 8.96 hours 55.13

Table 14: Comparison of training efficiency and accuracy when increasing training data (tokens) versus using
a larger teacher model. Larger teachers yield better accuracy with moderate time increases. The time cost is
measured on a 8 MI300 GPUs.

8B teacher with DPO achieves the highest score, outperforming training with double tokens under the
smaller 1B teacher (55.13 vs. 53.42), even with less training time (8.96 vs. 10.06 hours). However,
this comes with a moderate increase in training time.

These results suggest that leveraging a stronger teacher model is generally more efficient for improving
accuracy than simply increasing training data. While additional tokens help, the benefit diminishes
compared to the gains from using a larger teacher, making training with a larger teacher a more
effective strategy when computational resources allow.
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