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Encoders vs. Generative LLMS

< In the modern era of NLP, two primary types of models dominate:
encoder- and decoder-only generative models.
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Why Encoder Models?

<

With the recent explosion of generative Al models, researchers tend
to forget encoders are still by far the most widely used deep
learning text models in the industry!

Versatility

Encoder representations can be used for tasks like classification,
retrieval, NER, extractive Q&A...

Efficiency
Encoder models are inherently more compact than decoder models,

making them significantly faster for both fine-tuning and
inference.
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Question: A

=> What drives adaptation quality?
=> Can adaptation scale without the original pre-training data?

=> Can resulting encoders compose with the causal ecosystem?
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What drives adaptation quality?

< Many training objectives exist. Which one should | choose to adapt a
decoder into an encoder?
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What drives adaptation quality?

Existing methods conflate critical design choices like training objectives and
attention mechanisms, leaving no consensus on what drives quality
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MLM vs MNTP

1. MNTP > MLM

2. No Optimal Ratio:
depends on objective,
model and task
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What drives adaptation quality?

Recent work mostly skips the masking phase and runs contrastive training alone,
we disentangle these choices here
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Can adaptation scale without the original pre-training data?

2" Question: How to scale the adaptation process while aiming to preserve the
Lfounda’cional knowledge of the base models?
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O
Can adaptation scale without the original pre-training data?

Question: How much of the base model should we keep and with what data mix? }

__________________________________
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Adapted and base models stay
. close in weight space: Cosine

. similarity: 0.78 (Gemma) / 0.97
(Qwen)
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O
Can adaptation scale without the original pre-training data?

Question: How do we compare against other works? }
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Integration with the Causal Ecosystem.

Question: Current adapted encoders rely on rigid pipelines that falil
to compose with specialized causal models, can we transfer
knowledge / capabilities from fine tuned models ?
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Efficiently Composing with Causal Ecosystem via Merging

v
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Minimal Cost
Adaptation training is performed
only once.

Adapt as You Go
Continually add new knowledge and
modalities / keeping up with the
latest fine-tuned models.
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Domain transfer (Prompt Moderation)

Decoder:
- Qwen-Guard-0.6B

BidirLM:
- BidirLM (Qwen-0.6B)

Merged:
- 50% — BidirLM
- 50% — Qwen-Guard

Finetuning: 1 MI250x, 2min
on Beaver Train Set
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Modality transfer

. Encoders: E-SNLI-VE (Visual) BoolQ-Audio (Audio)
® BidirLM (Qwen based) F1 Score F1 Score
I 77 - L4F==-0

Specialists: LimT
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e Qwen-ASR (Audio only) 39
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Training Step Training Step

Modality Head: Frozen .
Finetuning:’l M|25OX, 2min i —&— Decoder ~&— BidirLM == Merged
Attention: All bidirectional !

~a -

Weight merging enables the efficient composition of domain and modality causal model
specialists into an adapted encoder, succeeding even in the absence of shared prior modalities.
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BidirLM-0Omni-2.5B
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1.8M-pair contrastive corpus mixing:

. e B5% text-text

i o 1.2M multi-domain corpus with
i hard negatives

: o 17.5% audio-text

5 o Laion-Audio-300M (200K,
E audio-description) and
: LibriSpeech ASR (100K,
E speech-transcription)
e 17.5% image-text

o Colpali (100K, document-query),
NatCap, and MSCOCO (100K each,
image-description)

Loss: InfoNCE
Merging: 1/3
Modality Head: Frozen
. Budget: 8 MI250x (total 250 hours)
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BidirLM-0Omni-2.5B
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Thank you for your attention.
Time for questions!
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