
AtlasKV
Augmenting LLMs with Billion-Scale Knowledge 

Graphs in 20GB VRAM
Haoyu Huang1, Hong Ting Tsang1, Jiaxin Bai1, Xi Peng2, Gong Zhang2, Yangqiu Song1

 1 CSE,HKUST   2 Theory Lab,Huawei

 Rio de Janeiro, Brazil



Now What’s Wrong with LLMs?

● Expensive to train with full parameters.
● Hard to quickly adapt to new knowledge.

LLMs

New



Knowledge Augmentation Paradigms for LLMs



Knowledge Augmentation Paradigms for LLMs

Examples: RAG, Graph-based RAG, Agentic RAG, etc. 

Retriever LLMs

Long 
Context

(a) Non-Parametric Methods

(1) Expensive searches (e.g. nearest-neighbor 
searches).
(2) Performance limited by the retriever.

(1) Long context prior introduces 
substantial inference latency,  
especially when augment with very 
large scale knowledge.
(2) Too much token cost.

Without parameter 
modifications in LLMs.

But



Knowledge Augmentation Paradigms for LLMs

Require re-training the model when 
adapting to new knowledge. 
Also expensive.

Do not need any external 
retriever or long context prior. But

Examples: Adaptor, LoRA, QLoRA, Prefix-Tuning, Prompt-Tuning, etc.

                        LLMsLoRA

Adaptor

QLoRA

(b) Traditional Parametric Methods

…



Knowledge Augmentation Paradigms for LLMs

LLMs

(c) AtlasKV
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Examples: KBLaM.

(1) Do not need any 
external retriever or long 
context prior.
(2) Could adapt to new 
knowledge without 
training.



Diverse Enquiry AttributesLimited Enquiry Attributes

What Limits the Paradigm of KBLaM?
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(1) Lack of high quality Q-K-V 
training data.
(2) Poor scalability. Too much cost 
when scale external knowledge to 
very large.

Tell me the purpose of  ...
Describe the objectives of …
What’s the description of …

What’s the record-breaker 
of  ...
Tell me the co-author of …
What’s the rank of …
Describe the cause of …
…



Solution: AtlasKV

A scalable, effective, and general way to augment LLMs with billion-scale 
knowledge graphs (KGs) (e.g. 1B triples) using very little GPU memory cost (e.g. 
less than 20GB VRAM).



AtlasKV: Why Effective and General?

KG2KV, a new KG integration paradigm that naturally converts KG triples into 
Q-K-V data, enabling LLMs to achieve both enhanced generalization performance 
and effective knowledge integration.



AtlasKV: Why Effective and General?

Compared with fully synthetic method in KBLaM, more diverse training data 
and lower token cost.



AtlasKV: Why Effective and General?

Some cases.



AtlasKV: Why Effective and General?
Empirical evidences from training dynamics of AtlasKV.

From a specific training step, the model regularly start learning to retrieve 
relevant knowledge from the external KG triples, instead of brute force 
over-fitting.



AtlasKV: Why Effective and General?

Note that for the training data, we usually select named entities as the key to 
mask, and select event entities and relations as the value.



AtlasKV: Why Scalable?
HiKVP, a hierarchical key-value pruning algorithm that dramatically reduces 
computational and memory overhead while maintaining high knowledge 
grounding accuracy during inference time.



AtlasKV: Why Scalable?
HiKVP, a hierarchical key-value pruning algorithm that dramatically reduces 
computational and memory overhead while maintaining high knowledge 
grounding accuracy during inference time.

KBLaM:

AtlasKV: (train)

(inference)



AtlasKV: Why Scalable?

KGKVs

To share the computational and memory burden equally, we set the size of 
clusters in each layer to be the same, which is         .

Time Complexity Memory Complexity

Attention Top-K

# of Keys



AtlasKV: Why Scalable?

Compared with ICL, RAG, KBLaM, AtlasKV is more scalable. 



AtlasKV: How Effective and General?(Experiments)
AtlasKV is more accurate and generalizable with KGKVs.
Knowledge grounding accuracy:



Answer relevance:

Remarkably, despite having only limited training samples with enquiry attributes 
similar to Enron in ATLAS-Wiki-QKV, AtlasKV still outperforms KBLaM on both 
knowledge grounding accuracy and answer relevance metrics, even though 
KBLaM’s training data contains exactly the same enquiry attributes as 
Enron.

AtlasKV: How Effective and General?



Ablation Study:

Cooperating named and event entities together in KG2KV process helps with 
the model’s learning.

AtlasKV: How Effective and General?



Influence of different Top-K in HiKVP (1e5 triples):

The accurate retrieval ability of AtlasKV is stronger than the fuzzy retrieval ability 
of it. And the reason why too large      or     will hurt the performance might be 
that the noise candidate keys selected in early attention layers would 
influence the retrieval accuracy of the later attention layers.

AtlasKV: How Effective and General?



AtlasKV: How Scalable?
With the increasing of KG scale, the VRAM usage of AtlasKV even just a little bit 
higher than the zero-shot generation.



AtlasKV: Case Study



AtlasKV: What’s Next?

(1)  As we observe, this knowledge augmentation paradigm may good at dealing 
with background knowledge, which has lower requirements of accuracy. We may 
need to incorporate textual knowledge and parametric knowledge together to 
achieve a better knowledge system. (Like Meta just did.)

(2) Even though the GPU cost is lower, there could be more CPU and I/O cost. 
Maybe we can work on that to further improve the efficiency of this knowledge 
system.

(3) Knowledge can be aligned with LLMs. How about reasoning process? Can we 
align the reasoning process with LLMs?


