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Landscape of Large Languages Models
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Diversity Capabilities of Large Languages Models
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Research Hypothesis

LLM Pool
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Response ]
Standard LLM Inference LLM Inference with SELECTLLM

Whether directing an input query to the most suitable subset of LLM from a

large pool of diverse LLMs lead to better performance in terms of accuracy and
latency?
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Methodology: Overview
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Methodology: LLM Sampling

Training Input

Test Input

g1 + prompt
g2 + prompt
q3 + prompt

n+prompt

* LLM Sampling + Answer

10 Gareralions —> LLMs | Chat? | Specialized? | #Parameters

1lama2-7b X X 7B

10 Generations —» 1lama2-13b-chat | X 13B

mistral-7b X X 7B

\m—) 10 Generations —>» mistral-7b-it v X 7B

gemma-7b X X 7B

gemma-7b-it v X 7B

metamath-7b X v 7B

10 Generations —»

LLMs

Zero-Shot CoT Prompt

Answer the following question step by step to the best of your ability.

Natalia sold clips to 48 of her friends in April, and then she sold half
as many clips in May. How many clips did Natalia sell altogether in
April and May?

g

Model Response

Sure, I'd be happy to help! Let's analyze the information given:
In April, Natalia sold clips to 48 of her friends.

So, Natalia sold 24 clips in May.

Now, let's add the number of clips she sold in April and May to find out how
many clips she sold altogether:

48 clips + 24 clips = 72 clips

Therefore, Natalia sold a total of 72 clips in April and May.

-

Few-Shot CoT Prompt

{1 Few-Shot Exemplars

. (A) Valuation and allocation ... (D) Presentation and disclosure <END_QUESTION>
<START_ANSWER> Answer: Let's think step by step. ... The answer is (B). <END_ANSWER>

;éTART_QUESTION> Question: A company whose stock ... stock dividend? <END_QUESTION>
(A) Treasury stock is debited for $300. ... (D) Common stock is debited for $3,000.
\<START_ANSWER> Answer: Let's Think step by step.

| <START_QUESTION> Question: One hundred years ago, ... what is the investment worth today?
. (A)$13,000 (B) $600 (C) $15,000 (D) $28,000 <END_QUESTION>
<START_ANSWER> Answer: Let's think step by step. ... The answer is (A). <END_ANSWER>

Model Response

\

The stock dividend is calculated based on the number of shares outstanding, not the
current market price. Hence the adjustment for the stock dividend is $1*$1,000*30%=300,
which is in Retained earnings. The answer is (C). <END_ANSWER>




Methodology: Answer Extraction and Data Preparation
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Methodology: LLM Routing Models

Test Input
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Multi-label Classifier
o BERT, DistilBERT, RoBERTa, and TH

Separate Classifier
o BERT, DistilBERT, RoBERTa, and T5H

Clustering-Based Routing
o TF-IDF, RoBERTa

Smaller models, utilizing only a few layers
of PLMs, Random Forests, etc.
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Methodology: LLM Routing Policies
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Experimental Setup
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Evaluation Results

Models GSMSK MMLU
AcC LAT (sec) | AcC LAT (sec)
Oracle 87.18 3.46 89.15 1.89
Random 53.37 2, 52.50 2.35
gemma-7b 71.11 7.10 63.85 3.00
metamath-7b 67.55 4.70 42.28 2.40
mistral-7b 59.74 3.70 62.09 1.80
*mistral-7b-it 50.41 1.00 51.63 1.10
1lama2-13b-chat 46.70 1.80 50.52 4.80
*gemma-7b-it 36.84 0.70 49.28 1.00
1lama2-7b - - 48.36 2.30
All LLMs 74.37 19.00 60.39 16.40
Upper bound 79.68 5.16 77.18 1.94
ArgMax policy 67.62 4.76 62.28 2.95
MLC Random policy 67.47 4.76 58.16 2.86
Prediction policy | 67.70 4.77 63.85 2.95
Sorted Pred policy | 59.90 4.77 48.36 2.92
SC ArgMax policy 67.55 4.70 62.87 2.94
Clustering TF-IDF 67.55 4.70 61.76 2.83
RoBERTa 67.55 4.70 61.76 2.83
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Evaluation Results: Learned Lessons-|

Ques: Does including multiple LLMs solve all
questions in a given dataset?

Ans: 10% of questions cannot be solved by
all LLMs combined.

Models GSMSK MMLU
ACC LAT (sec) | ACC LAT (sec)
Oracle 87.18 3.46 89.15 1.89
Random 55.37 3.52 52.50 2.35
gemma-7b 71.11 7.10 63.85 3.00
metamath-7b 67.55 4.70 42.28 240
mistral-7b 59.74 3.70 62.09 1.80
*mistral-7b-it 50.41 1.00 51.63 1.10
1lama2-13b-chat 46.70 1.80 50.52 4.80
*gemma-7b-it 36.84 0.70 49.28 1.00
1lama2-7b - - 48.36 2.30
All LLMs 74.37 19.00 60.39 16.40
Upper bound 79.68 5.16 77.18 1.94
ArgMax policy 67.62 4.76 62.28 2.95
MLC Random policy 67.47 4.76 58.16 2.86
Prediction policy | 67.70 4.77 63.85 2.95
Sorted Pred policy | 59.90 4.77 48.36 292
SC ArgMax policy 67.55 4.70 62.87 2.94
Clustering TF-IDF 67.55 4.70 61.76 2.83
RoBERTa 67.55 4.70 61.76 2.83

LLMs

gemma-7b-it 524
llama2-13b-chat 647
mistral-7b-inst 707
mistral-7b-Im 798
metamath-7b 887
gemma-7b 940
GSMB8K Test Set 1319
5 § 5 83 8 5 B3 8

(a) GSM8K
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Evaluation Results: Learned Lessons-l|

Models GSMSK MMLU
ACC LAT (sec) | ACC LAT (sec) Ques: Can the upper bound performance of

Oracle 8718 346 | 8.15 189 the classifier/clustering be equal to the
Random 55.37 3.52 52.50 2.35 Oracle model performance?
gemma-7b 71.11 7.10 63.85 3.00
metamath-7b 67.55 470 | 4228 240
mistral-7b 59.74 370 | 62.09 1.80 o _
smistral -Th-i% 50.41 1.00 51.63 1.10 Ans: NO, due to small training data (~9k in
11ama2-13b-chat 46.70 1.80 [50.52  4.80 GSM8K and 15k in MMLU)
*gemma-7b-it 36.84 0.70 49.28 1.00
1lama2-7b - - 48.36 2.30
All LLMs 74.37 19.00 60.39 16.40

Upper bound 79.68 516 [ 77.18 1.94 Split/Criteria | GSMSK | MMLU
P o R N S R T

andaom polic d . - . . .

Prediction pol?cy 6770 477 | 6385 295 Validation 359 285

Sorted Pred policy | 59.90 477 | 4836 292 Test 1,319 | 1,530
SC ArgMax policy | 67.55 470 | 62.87 294 #examples for few-shot CoT 5 5
Clustering TF-IDF 67.55 4.70 61.76 2.83

RoBERTa 67.55 4.70 61.76 2.83
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Evaluation Results: Learned Lessons-ll|

Ques: Does router modeling with multi-label
classifiers exhibit better performance than
individual LLMs?

Ans: NOT with ALL, better than weaker LLMs
but lower or similar to the best single LLM

Models GSMS8K MMLU
Acc LAT (sec) | AcC LAT (sec)
Oracle 87.18 3.46 89.15 1.89
Random 53.37 s e, 52.50 2.35
gemma-7b 71.11 7.10 63.85 3.00
metamath-7b 67.55 4.70 42.28 240
mistral-7b 59.74 3.70 62.09 1.80
*mistral-7b-it 50.41 1.00 51.63 1.10
1lama2-13b-chat 46.70 1.80 50.52 4.80
*gemma-7b-it 36.84 0.70 49.28 1.00
1lama2-7b - - 48.36 2.30
All LLMs 74.37 19.00 60.39 16.40
Upper bound 79.68 5.16 77.18 1.94
ArgMax policy 67.62 4.76 62.28 2.95
MLC Random policy 67.47 4.76 58.16 2.86
Prediction policy | 67.70 4.77 63.85 2.95
Sorted Pred policy | 59.90 4.77 48.36 2.92
SC ArgMax policy 67.55 4.70 62.87 2.94
Clustering TF-IDF 67.55 4.70 61.76 2.83
RoBERTa 67.55 4.70 61.76 2.83
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Evaluation Results: Learned Lessons-1V

Ques: What is the impact of different policies
on LLM router modeling?

Ans: The predictions-based policy is better
than other policies; however, the classifier
performance presents a serious bottleneck.

Models GSMS8K MMLU
Acc LAT (sec) | AcC LAT (sec)
Oracle 87.18 3.46 89.15 1.89
Random 53.37 s e, 52.50 2.35
gemma-7b 71.11 7.10 63.85 3.00
metamath-7b 67.55 4.70 42.28 240
mistral-7b 59.74 3.70 62.09 1.80
*mistral-7b-it 50.41 1.00 51.63 1.10
1lama2-13b-chat 46.70 1.80 50.52 4.80
*gemma-7b-it 36.84 0.70 49.28 1.00
1lama2-7b - - 48.36 2.30
All LLMs 74.37 19.00 60.39 16.40
Upper bound 79.68 5.16 77.18 1.94
ArgMax policy 67.62 4.76 62.28 2.95
MLC Random policy 67.47 4.76 58.16 2.86
Prediction policy | 67.70 4.77 63.85 2.95
Sorted Pred policy | 59.90 4.77 48.36 2.92
SC ArgMax policy 67.55 4.70 62.87 2.94
Clustering TF-IDF 67.55 4.70 61.76 2.83
RoBERTa 67.55 4.70 61.76 2.83
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Evaluation Results: Learned Lessons-V

Models fn e LA LDLD Ques: What is the impact of LLM routing on
Acc LAT (sec) | AcC LAT (sec) )

Oracle 87.18 | 346 | | 89.15 | 1.89 inference latency?

Random 55.37 352 52.50 2:35

gemma-7b 71.11 7.10 63.85 3.00

metamath-7b 67.55 4.70 42.28 2.40 Ans: The proposed LLM routing model

mistral-7b 5974 | 370 | | 62.09 | 1.80 consistently maintains a latency score equal

*mistral-7b-it 5041 ) 1.00 | | 51.63 | 1.10 to or lower than any individual LLM.

1lama2-13b-chat 46.70 1.80 50.52 4.80

*gemma-7b-it 36.84 0.70 49.28 1.00

1lama2-7b - - 48.36 2.30

All LLMs 74.37 19.00 60.39 16.40 Prompt Type | LLM GSMSK | MMLU
Upper bound 79.68 5.16 77.18 1.94 11lama2-7b 4.21 2.30
ArgMax policy 67.62 4.76 62.28 2.95 gemma-7b 7.10 3.00

MLC Random policy 67.47 4.76 58.16 2.86 FCoT mistral-7b 3.70 1.80
Prediction policy | 67.70 4.717 63.85 2.95 metamath-7b 4.70 2.40
Sorted Pred policy | 59.90 4.77 48.36 292 gemma-7b-it 0.70 1.00

SC ArgMax policy 6755 | 470 | | 6287 | 2.94 ZCoT 11ama2-13b-chat | 1.80 4.80

. TF-IDF 67.55 4.70 61.76 2.83 i -7b-1i
Clustering  p -BERTa 6755 | 470 | | 6176 | 2.83 mIStra_l L _ D 1 0
Inference latency (in second) with A100 GPU

22



Outline

Jd Conclusion and Future Work

23



Conclusion

The theoretical bounds of LLM routing is much higher
than individual models’ performance.

LLMs routing is a feasible direction that works best with
equally capable LLMs.

If a few LLMs dominate, the router’s performance
degrades, even though it still outperforms weak LLMs.

The inference latency of the routing model is at least at
the same level as that of single LLMs.
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Future Work

Larger datasets for LLM routing

Novel models for LLM routing

Better routing policies

Incorporating LLM-specific features
Scaling to diverse LLMs and benchmarks
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