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Can we extract high-quality 
embeddings directly from LLMs 

without additional training?

Problem Statement



• Embeddings require extra training and cost
• Useful for various tasks: information retrieval, 

semantic text similarity, etc.
• Generating better embeddings can have 

downstream improvements
• If pre-trained LLMs could generate better 

embeddings without fine-tuning, it would 
further improve their utility

Motivation



• Word2Vec - “Efficient Estimation of Word Representations in Vector 
Space” (Mikolov et al., 2013)

• Learns word embeddings by predicting surrounding words
• Sentence-T5 - “Sentence-T5: Scalable Sentence Encoders from 

Pre-trained Text-to-Text Models” (Ni et al., 2022)
• Uses a contrastive objective to pull similar sentences together

• PromptEOL - “Scaling Sentence Embeddings with Large Language 
Models” (Muennighoff et al., 2024)

• Adds a prompt to compress semantics into a hidden state
• Adaptive Mixture of Experts - “Adaptive Mixtures of Local Experts” 

(Jacobs et al., 1991)
• Introduced Mixture of Experts which breaks down dense FFN

Prior Works



• Given an input sequence of tokens, the hidden 
state of a given layer is the vector representation 
of the last token

• The hidden state of the final layer can represent 
entire sequence

• Contains compressed representation of 
relevant parts via Attention

• Next token generation focus provides more 
emphasis on overall structure and meaning of 
sentences

Background - Hidden State (HS)



• Each layer has independent “experts” 
which are smaller feedforward 
subnetworks

• Each expert specializes in tokens of 
different domains

• Each layer also has a router with a 
gating network that chooses which 
expert(s) will be utilized for each 
token

• Results from each selected expert 
and combined together to create the 
final output of the layer

Background - Mixture of Experts 



• Training: each router learns parameters for its 
gating network (linear layer)

• Inference: the hidden state of a layer is 
matmuled with the gating network ⇒ logits

• Softmax applied on the logits ⇒ probability 
distribution over the experts (Routing Weights)

• Note: When using top-k experts only best k 
experts are chosen with other probabilities 
set to 0

Methods - Routing Weights (RW)



• RWs capture how the input is routed through 
the model and align token with expert

• Holistic token understanding
• The RWs from each layer can be 

concatenated to form an embedding
• Rich representation accounting for both 

shallow and deep features with varying 
levels of abstraction

• Expert selection focus provides more 
emphasis on capturing deeper contextual 
changes

Methods - Routing Weights (RW)



• K-means clustering embeddings and perform a correlation analysis 
• AMI and NMI ⇒ moderate overlap in clustering
• Low Jaccard Similarity and Exact Matching ⇒ embeddings are different
• Word cloud of top-20 topics further demonstrates this

Comparative Analysis of RW and HS



• RW is more robust to varying prompts 
than HS

• RW-HS lowest score indicates the 
complementary relationship

• RW and HS capture largely unrelated 
aspects of the data

Complementary Analysis of RW and HS



● Error rate of the similarity ranking task
● The proportion of cases where one embedding succeeds and the other fails 

exceeds 50%, indicating a large room for improvement if combining RW and 
HS

Complementary Analysis of RW and HS



• Given that RW and HS represent different notions with respect to input, they 
may each contribute distinct information

• Idea: Combine information from RW and HS to provide a more representative 
embedding

Methods - Mixture of Expert Embeddings (MoEE)



• Concatenate RW and HS embeddings 
together

• Preserves the distinct information 
captured by each component

• Allows downstream tasks to leverage 
the combined representation

Methods - MoEE(concat)



• Take a weighted sum of HS and RW with task-specific adaptation
• Example: Semantic Textual Similarity (STS) on a sentence pair

• Compute (cosine) similarity under each embedding representation
• Weighted sum of the two similarity scores to generate the final similarity 

score

Methods - MoEE(sum)



• Benchmark: Massive Test Embedding Benchmark (MTEB)
• 20 datasets

• Tasks: Classification, Clustering, Pair Classification, Reranking, Retrieval, 
Semantic Textual Similarity, Summarization

• Models: DeepSeekMoE-16B, Qwen1.5-MoE-A2.7B, OLMoE-1B-7B
• Compared HS only, RW only, with MOEE version that use concatenate or sum 

for combining
• Tested embedding extraction without prompt and with PromptEOL

Experiments



• DeepSeekMoE-16B
• Original HS Averaged Score: 35.36 
• New MOEE Averaged Score: 43.30 

• Qwen1.5-MoE-A2.7B
• Original HS Averaged Score: 35.18 
• New MOEE Averaged Score: 42.25 

• OLMoE-1B-7B
• Original HS Averaged Score: 36.26 
• New MOEE Averaged Score: 42.69 

Main Results



• Compared against self-supervised 
and supervised methods with the 
inclusion of PromptEOL

• This sentence: “ [text] ” means 
in one word: “

• Competitive with training-based 
methods even without fine-tuning

• Only possible when using 
PromptEOL

Main Results



• One can either use the embeddings corresponding to the last token or use 
some aggregation across all tokens for the embedding

• Study compares last layer versus average (mean pooling) of all layers
• Study compares last token versus average (mean pooling) of all tokens
• Did not try other aggregation or pooling styles (max, exponential weight, etc)

Ablation Study



• When comparing using last token embedding versus aggregation across all 
tokens embedding, last token often outperforms for both RW and HS

• Indicates that last token captures most critical information and that 
aggregation leads to dilution of the critical information and introduces noise

• Utilizing HS from multiple layers does not match performance of RW either
• Indicates that HS alone cannot replicate the information that RW captures

Ablation Study



• Evaluated prompt sensitivity of HS and RW embeddings across 9 different 
prompts on STS12-16 datasets

• RW often exhibits better performance on each dataset compared to HS
• Performance is often better (paired analysis would have been better to 

support this)
• RW often exhibits lower variance on each dataset compared to HS

• Demonstrates that RW has greater stability and robustness to prompt choice

Stability Analysis



• Qualitative analysis of when HS outperforms RW 
indicates that HS capture formal linguistic consistency

• Particularly when sentence structure undergoes 
superficial changes

• Qualitative analysis of when RW outperforms HS 
indicates that RW capture paraphrasing, synonym use, 
and nuanced stylistic shifts

• Captures deeper contextual changes

Case Study



• HS helps with high level, structural consistency
• RW helps with semantic and more nuanced shifts
• Combining them together via a weighted sum allows to take advantage of 

both of their strengths
• The routers allow for an embedding signal without training or further fine 

tuning
• Limitation: Can only be applied to Mixture of Experts models

 Takeaways
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Motivation

● Embeddings are useful for various NLP tasks: information retrieval, semantic 
textual similarity, bitext mining, item recommendation

● Generating better embeddings can have downstream improvements on these 
NLP tasks, and LLMs have been shown to be generate good embeddings [1]

● If pre-trained LLMs could generate better embeddings with no fine-tuning 
needed, it would further improve the utility of LLMs within NLP in general



Problem Statement

● Can high-quality embeddings be extracted from pre-trained mixture-of-expert 
LLMs without additional fine-tuning or training?

● How can different embedding representations be utilized in conjunction to 
effectively generate a representative and high-quality embedding?



Background

● Hidden State (HS)
○ Given an input sequence [x1, …, xT], the hidden 

state of a given layer is RT x d

○ The last token of the hidden state of the final layer 
L can represent entire sequence

○ Alternatively, take dimension-invariant aggregation 
of last layer hidden state



Background

● Mixture of Experts
○ General idea: given E1, …, EN experts and a gating functions g1, …, gN, the final ensemble 

output is a weighted sum represented as y(x) = g1(x)E1(x) + … + gN(x)EN(x)
○ MoE layer routes each input to a (sparse) set of expert networks
○ Output is often a sum or average of the output of the selected experts

■ Example of a top-k=2 MoE LLM



Methods

● Extracting Routing Weights (RW)
○ The routing weights can be directly extracted from the softmax output of the logits generated 

by the feedforward network, and these can be concatenated to form the RW embedding
■ Example below for top-k=2 MoE LLM, note that all probabilities are used for embedding

○ RW embedding captures how the input is routed through the model via the probabilities
■ RW embedding captures information about model holistic interaction with input



Methods

● Mixture of Expert Embeddings (MoEE) Model: RW + HS
○ Given that RW and HS represent different notions with respect to input, they may each 

contribute idiosyncratic information that provides a more representative embedding
○ General Idea: combine information from RW and HS

■ Concat: concatenate the embeddings together, which avoids dilution of information
● This follows the same MoE principle of y(x) = g1(x)E1(x) + … + gN(x)EN(x)
● g1 is 1 and g2 is 1
● E1 generates the HS embedding with 0 post-padding
● E2 generates the RW embedding with 0 pre-padding



Comparative Analysis of RW and HS



Complimentary Analysis of RW and HS



Methods

● Mixture of Expert Embeddings (MoEE) Model: RW + HS
○ Given that RW and HS represent different notions with respect to input, they may each 

contribute idiosyncratic information that provides a more representative embedding
○ General Idea: combine information from RW and HS

■ Sum: compute (cosine) similarity under each embedding representation, followed by a 
weighted sum of the two (cosine) similarity scores to generate the final similarity score

● Formally, sim = cosSim(HS1, HS2) + 𝝰cosSim(RW1, RW2)
● This follows the same MoE principle of y(x) = g1(x)E1(x) + … + gN(x)EN(x)
● g1 is 1 and g2 is 𝝰 (pre-specified hyperparameter, could be inferred?)
● E1 generates the HS embeddings and computes cosine similarity
● E2 generates the RW embeddings and computes the cosine similarity



Experiments

● Benchmark: Massive Test Embedding Benchmark (MTEB)
○ 20 datasets

● Tasks: Classification, Clustering, Pair Classification, Reranking, Retrieval, 
Semantic Textual Similarity, Summarization

● Models: DeepSeekMoE-16B, Qwen1.5-MoE-A2.7B, OLMoE-1B-7B
● Compared HS only, RW only, with MOEE version that use concatenate or 

sum for combining
● Tested embedding extraction without prompt and with PromptEOL



Main Results

● DeepSeekMoE-16B
○ Original HS Averaged Score: 35.36 
○ New MOEE Averaged Score: 43.30 

● Qwen1.5-MoE-A2.7B
○ Original HS Averaged Score: 35.18 
○ New MOEE Averaged Score: 42.25 

● OLMoE-1B-7B
○ Original HS Averaged Score: 36.26 
○ New MOEE Averaged Score: 42.69 

● Competitive with training based embedding methods even without fine-tuning



● As previously mentioned, one can either use the embeddings corresponding 
to the last token or use some aggregation across all tokens for the embedding

● Study compares last layer versus average (mean pooling) of all layers
● Study compares last token versus average (mean pooling) of all tokens
● Did not try other aggregation or pooling styles

Ablation Study



Ablation Study

● When comparing using last token embedding versus aggregation across all 
tokens embedding, last token often outperforms for both RW and HS

○ Indicates that last token captures most critical information, and that aggregation procedure 
leads to dilution of the critical information and introduces noise

● Utilizing HS from multiple layers does not match performance of RW either
○ Indicates that HS alone cannot replicate the information that RW captures
○ Performance difference seems fairly narrow though (60.40 versus 61.18)



Stability Analysis

● Evaluated prompt sensitivity of HS and RW embeddings across 9 different 
prompts on STS12-16 datasets

● RW often exhibits better performance on each dataset compared to HS
○ Performance is often better (paired analysis would have been better to support this)

● RW often exhibits lower variance on each dataset compared to HS
○ Demonstrates that RW has greater stability and robustness to prompt choice



Case Study

● Qualitative analysis of when HS outperforms RW 
indicates that HS capture formal linguistic consistency

○ Particularly when sentence structure undergoes superficial changes
● Qualitative analysis of when RW outperforms HS 

indicates that RW capture paraphrasing, synonym use, 
and nuanced stylistic shifts

○ Captures deeper contextual changes



Takeaways

● HS helps with high level, structural consistency
● RW helps with semantic and more nuanced shifts
● Combining them together via a weighted sum allows to take advantage of 

both of their strengths
● The routers allow for an embedding signal without training or further fine 

tuning
● Limitation: Can only be applied to Mixture of Experts models
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