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Background

* Our understanding of LLMs’ internal mechanisms and how these mechanisms relate to
observable behaviors remains limited

* Existing research about LLM representations:
* Residual stream activations can exhibit massive values
* Massive values appear exclusively in Q and K while are absent in V
* Massive values have been 1dentified as critical factors influencing quantization
* Existing studies do not explore the rationale behind this phenomenon deeply

* This paper systematically investigates the formation of massive values and their
connection to model behaviors



Key Findings

* Massive values are concentrated in specific regions of Q and K exclusively.
* These massive values in each head’s dim index are very close
* Absent in V and absent in models without RoPE

* Massive values in Q and K are critical for understanding contextual knowledge over
parametric knowledge
* Disrupting these values leads to a notable degradation 1n tasks requiring contextual
understanding

* (Quantization techniques targeting massive values preserve contextual knowledge better

* Concentration of massive values 1s caused by RoPE and 1t appears since very early
layers in LLMs



Definition of Massive Value



What Is Massive Value?

* Attention queries (Q) and keys (K) are represented as:

Batch Size=1 Number of Heads
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* Compute the L2 norm along the sequence length dimension:
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A > 1 (=5 in the paper) 1s a threshold controlling massive value selection



Concentrate Massive Value

In each attention head, certain dimensions exhibit notably massive values, and these tend to
cluster in specific dimensional regions.
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Figure 2. Q and K Embedding Vector in Llama-2-7B, we choose Layer 10 and 20, and the input question is shown as Figure 11. This
visualization shown here is a two-dimensional image because we averaged over the sequence-length dimension. The horizontal axis is the
number of head and the vertical axis is head dim. We can see that the massive value is concentrated at the bottom of the picture.



Massive Values Play A Key Role in Contextual Knowledge Understanding



Tasks

Contextual Knowledge Understanding vs. Parametric Knowledge Retrieval

Math GSM8k 1k

Math AQUA 1k

Movie Review IMDB 1k

Synthetic Passkey Retrieval R E

An example of Passkey Retrieval Task (6-128)

Prompt: There is important info hidden inside a lot of irrelevant text. Find it and memorize it. I will quiz you about
the important information there. The grass is green. The sky is blue. The sun is yellow. Here we go. There and back
again. The grass is green. The sky is blue. The sun is yellow. Here we go. There and back again. The grass is green.
The sky is blue. The sun is yellow. Here we go. There and back again. The pass key is 383816. Remember it.
383816 is the passkey.

Ground Truth: 383816

Synthetic Factual QA(True/False)

Table 5. Examples of parameter knowledge retrieval task: factual QA, covering Sports, Arts, Technology and Celebrity.

Category Example Ground Truth
Is the Olympic Games held every four years? Yes
Sports Was Babe Ruth a famous football player? No
Is the FIFA World Cup held every two years? No
Was the painting ‘Girl with a Pearl Earring’ completed during the 18th century? No
Arts Is Pablo Picasso one of the founding figures of Cubism? Yes
Was Diego Rivera a famous Mexican muralist? Yes
Is the ASCII character set limited to 256 characters? No
Technology Was the first iPhone released in 2007? Yes
Is Linux an open-source operating system? Yes
Is Leonardo DiCaprio an Oscar-winning actor? Yes
Celebrity Was Taylor Swift born in Los Angeles? No

Was Michael Jackson a member of The Beatles?

No




Disruption of Massive Values and Non-Massive Values

Let X € R!Xhxddenote the query tensor. IEprompt</E

Disruption of Massive Values: Replace the values (both Q and K) at the massive value

indices with the
Mean(X) , k* = argmax, ;. .k

SV ) SR k* # argmax,T;.;.k

Disruption of Non-massive Values: Replace the top n (from 1 to 20) smallest values (both
Q and K)) with calculated averages.

\ | Mean(X), k* = argminz;.;.k
LA X@';j;k*, k* ?é argmin.cc?;;j;k



Massive Values Contribute to Contextual Knowledge Understanding

Table 1. Results of LLMs under different settings (vanilla, massive value disrupted, non-massive value disrupted) on different benchmarks.
For the Passkey Retrieval Task, the values (max prompt token length, passkey length) represent the maximum number of tokens allowed
in the prompt and the length of the passkey to be retrieved, respectively. All values are reported in percentage (%).

Contextual Knowledge Understanding Task Parametric Knowledge Retrieval Task
Model :
GSMSK  AQUA Passkey Retrieval Task IMDB Cities Sports Art Technology Celebrity
(128,6) (256,12) (1024,48)
Gemma2-9B 81.30 63.80 100 100 100 9470 99.70 91.00 84.00 81.00 92.50
+ Non-Massive Value Disrupted 81.60 65.60 100 100 100 97.40 99.60 91.00 84.00 81.50 92.50
+ Massive Value Disrupted 15.10 16.50 2.00 0.00 0.00 1.80 7640 73.50 68.00 72.00 82.00
Llama3-8B 76.90 53.51 100 100 100 9540 99.40 95.00 93.50 92.50 95.00
+ Non-Massive Value Disrupted  77.40 53.90 100 100 100 9540 99.40 9450 93.00 92.50 95.50
+ Massive Value Disrupted 4.00 9.68 9.00 0.00 0.00 11.00 88.20 74.50 64.00 74.90 73.00
Owen2.5-7B 86.60 56.69 100 100 100 96.80 97.70 95.00 96.00 90.00 93.50
+ Non-Massive Value Disrupted 85.40 57.28 100 100 100 97.60 97.50 94.00 96.50 90.00 93.50
+ Massive Value Disrupted 16.10 19.68 9.00 1.00 0.00 6.53 81.50 74.00 69.50 71.00 71.00

When only non-massive values are disrupted, performance remains remarkably stable across
all tasks and models

Parametric Knowledge Retrieval tasks maintain relatively high accuracy even when massive
values are disrupted

Contextual Knowledge Understanding Tasks drop a lot when massive values are disrupted



Massive Values Contribute to Contextual Knowledge Understanding
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Figure 3. Disrupting massive values leads to higher perplexity and lower diversity, while disrupting non-massive values maintains model
performance, particularly evident in IMDB dataset analysis.



Effects of Massive Values on Knowledge Conflict and Quantization

When massive values are destroyed, the model loses its ~ Quantization methods that protect massive values
ability to process misleading contextual information maintain good and robust performance on contextual

and instead defaults to its parametric knowledge. knowledge understanding tasks.
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able to maintain a certain level of accuracy. across different benchmarks.



Causal Mechanisms and Temporal Analysis of Concentrated Massive Values
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RoPE
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RoPE Contributes to Concentrated Massive Values

* Evidencel: This concentration of massive values in low-frequency regions primarily
encodes rich semantic content rather than positional information, as disrupting these
values severely impairs contextual understanding tasks
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RoPE Contributes to Concentrated Massive Values

* Evidence4: Observe two distinct clusters of massive values in the embedding vector,
with one cluster appearing in the first half of the dimensions and a corresponding cluster
in the second half, creating a symmetric pattern.
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RoPE Contributes to Concentrated Massive Values

* LLMs exhibit massive values in Q and K starting from the very first layer.
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Figure 44. Embedding Vector of K Q, V in GPT-NEO-1.3B [without RoPE}, we choose Layer 1 and the input question is shown as Figure
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Figure 45. Embedding Vector of K Q, V in GPT-NEOX-20B (with RoPE} but not the same RoPE as Llama/Gemma), we choose Layer 1
and the input question is shown as Figure 11



Takeaway

* Massive values are concentrated in specific regions of Q and K exclusively.
* These massive values in each head’s dim index are very close
* Absent in V and absent in models without RoPE

* Massive values in Q and K are critical for understanding contextual knowledge over
parametric knowledge
* Disrupting these values leads to a notable degradation 1n tasks requiring contextual
understanding

* (Quantization techniques targeting massive values preserve contextual knowledge better

* Concentration of massive values 1s caused by RoPE and 1t appears since very early
layers in LLMs
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