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Method

Frozen LLMs can generate hundreds of accurate tokens with non- Two proto-tokens (trainable embeddings) are fed into frozen LLM and optimized
autoregressive generation in a single forward pass if conditioned on a in such a.way.that LLM predicts an arbitrary to.ken-s.eque.nce in a single forward
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Each dot shows the maximum exact reconstruction length in a single non-autoregressive ' ' ' '
forward pass with frozen weights, conditioned only on a single learned embedding — R : ies for diff . K R tructi ith £ nroto-tok
evidence of hidden multi-token capabilities. econstruction accuracies for different input token econstruction accuracy with one of proto-tokens
arrangements across sequence lengths. Subscripts shared within groups for different group sizes.
indicate the number of copies for each proto-token. "max" is maximum accuracy across ten random

seeds, “avg” is the average accuracy.

Quantitative results
N N

m,... ,m) =t;) Hiy = — ZZOQPLM(tz‘ | t<i)

Main metrics: Ctokens — § ﬂ(al‘g max IPDLM(

i=1 i—1 1=1
Maximum generation capacity for random/unseen/seen/generated Maximum generation capacity compared to autoregressive setup:
texts across models of different sizes: : : . . :
You can fit half of the information compared to autoregressive generation.
All that matters is whether it is real text or random tokens.
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Maximum reconstruction capacities for different models on different datasets.

Solution-space structure Solution interpretation

For a given text, solution is not unique and the solution set is non-convex, Embeddings seem to contain information beyond the target text itself,
but connected and localized: with some traces of the potential context:
A solid potential for training practical encoder. The representation is useful — not just token ids.
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Pairwise interpolation accuracies between 10 solutions for 5 texts (5 X 10 X 9/2 pairs in total).
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Each pair of solutions could be connected via degree-two Bezier curve
with perfect accuracy along the curve.
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S . . optimisation problem Token-level Distance between Texts Semantic Distance between Texts
le= E logPry (i | ¢r(T))
T~U[0,1] i—1 We compare proto-token embedding distances for same context text pairs and different-context text pairs.

Token-level distance is measured as cosine distance between TF-IDF embeddings. Semantic distance is
measured as cosine distance between semantic text embeddings

Distance between Proto-token Embeddings
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