Dictionary-Free Semantic Tokens: Paradigm Innovation for Native Collaboration of Large Language Models
Abstract
Current large language models (LLMs) rely on discrete dictionaries for human-machine interaction, which leads to semantic loss, cross-linguistic expression gaps, and cumulative errors in multi-model collaboration. This paper proposes a dictionary-free semantic token paradigm, where LLMs use continuous semantic vectors as the native carrier for inter-model communication, eliminating the redundant step of mapping to discrete text. From the first principles, we analyze the inherent contradictions between discrete dictionaries and continuous semantics, and demonstrate the technical necessity, feasibility, and application prospects of this paradigm through cross-linguistic cases and Transformer architecture analysis. The paradigm not only solves the bottlenecks of precision and efficiency in current inter-model collaboration but also provides a technical path for the evolution of AI-native languages. Experimental inspirations from multi-modal models (e.g., DeepSeek OCR) verify its practical foundation. This work breaks the cognitive constraint that "text is the only carrier of semantics" and promotes the evolution of LLMs from "human-adapted" to "model-native" interaction, opening up a new era of AI-native communication.
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1. Introduction
1.1 Research Background
With the evolution of LLMs from "single-model single-task" to "multi-model collaborative systems" [1], inter-model semantic consistency has become a core bottleneck. Traditional LLMs rely on discrete dictionaries (e.g., Subword BPE) to map continuous semantic vectors to text tokens through Softmax decoding [2], which is an engineering compromise to adapt to human language habits. However, this discrete mapping leads to two key problems:
1. Semantic loss: Continuous high-dimensional semantics are forced to fit discrete dictionary tokens, resulting in the inability to accurately express "intermediate semantic states" (e.g., subtle emotional differences between "happy" and "gratified").
1. Cross-linguistic gaps: Different languages cut the semantic space in different dimensions (e.g., the Chinese idiom "南辕北辙" (go south while driving north) has no exact English equivalent, and the English "serendipity" lacks a concise Chinese translation), which cannot be compensated by merging global languages due to the multi-dimensionality of semantics [3].
In multi-model collaboration (e.g., Agent clusters, cross-modal reasoning), the "semantic vector → text → semantic vector" conversion process accumulates errors like "passing the parcel" [4], seriously affecting the accuracy of collaborative tasks.
1.2 Research Objectives and Contributions
This paper aims to propose a dictionary-free semantic token paradigm to realize lossless and efficient inter-model communication. The main contributions are as follows:
1. Theoretical innovation: Clarify the essential difference between "human-adapted text interaction" and "model-native semantic interaction", and prove that continuous semantic vectors are the native language of LLMs from the first principles.
1. Technical feasibility: Demonstrate that the paradigm can be implemented by removing the text mapping link based on the existing Transformer architecture, without subverting the core framework.
1. Practical verification: Cite cross-linguistic cases and multi-modal model (DeepSeek OCR) inspirations to verify the necessity and practical foundation of the paradigm.
1. Prospect expansion: Explore the evolution path of AI-native languages based on dictionary-free semantic tokens, providing a new perspective for the future development of LLMs.
1.3 Paper Structure
Section 2 analyzes the inherent contradictions between discrete dictionaries and continuous semantics from the first principles. Section 3 discusses the technical necessity of the dictionary-free paradigm through inter-model collaboration bottlenecks. Section 4 verifies the feasibility of the paradigm from the perspectives of Transformer architecture and multi-modal technology. Section 5 presents the specific experimental design. Section 6 expounds its application prospects. Section 7 concludes the full text.
2. Theoretical Basis: Contradictions Between Discrete Dictionaries and Continuous Semantics
2.1 First Principles: Native Semantics of LLMs
The core cognitive carrier of LLMs is continuous semantic vectors (semantic tokens), which are formed by encoding input data (text, images, speech) through the Encoder [5]. The discrete dictionary is only a "human-machine interaction interface" rather than a necessary component of the model's internal or inter-model interaction. The mathematical expression of semantic mapping is: \text{Text} = \text{Softmax}(\text{Semantic Vector}) \times \text{Dictionary}In this formula, the mapping process introduces irreversible semantic loss, especially for "intermediate semantics" that do not correspond to any dictionary token.
2.2 Cross-Linguistic Verification of Continuous Semantics
Human language is a discrete cut of the continuous semantic space, and different languages have different cutting precisions and dimensions:
1. Chinese idioms (e.g., "破防" (emotional breakdown)) carry unique cultural semantics, which can only be approximated by English phrases like "be emotionally shattered".
1. English prepositional phrases (e.g., "in spite of" vs. "despite") have subtle logical differences that are difficult to distinguish in Chinese.
1. Japanese "物哀" (mono no aware) conveys a sense of sadness for the impermanence of things, which requires complex Chinese explanation [6].
These cross-linguistic gaps prove that discrete text cannot cover the continuous high-dimensional semantic space. Even if all global languages are merged into a "hybrid dictionary", it is impossible to fill all semantic vacancies due to the multi-dimensionality of semantics (semantic vectors are distributed in high-dimensional space, not linear orderable).
3. Technical Necessity: Bottlenecks of Discrete Dictionaries in Multi-Model Collaboration
3.1 Semantic Loss and Error Accumulation
Softmax decoding of Transformers is essentially a "semantic probability maximization selection" [7]. When semantics lie between two tokens (e.g., the transition color between blue and purple), the model can only forcefully select the token with the highest probability, resulting in "precision loss". In multi-model collaboration, this loss accumulates with each round of conversion: \text{Total Error} = \sum_{i=1}^n \text{Loss}_i (\text{Semantic Vector}_i \rightarrow \text{Text}_i \rightarrow \text{Semantic Vector}_{i+1})where  n is the number of collaborative models, and  \text{Loss}_i is the semantic loss of the  i-th conversion.
3.2 Inefficiency of Text Carriers
Text, as a symbolic product of human language, has inherent ambiguity (e.g., polysemy, ambiguous sentences) [8]. Models need to consume additional computing power for semantic disambiguation. In contrast, direct transmission of semantic tokens skips the "text encoding-decoding" step, which is equivalent to "direct transmission of ideas through brainwaves" between humans, significantly improving efficiency.
3.3 Driven by Practical Technical Needs
With the popularization of Agent systems and cross-modal model clusters [9], the demand for inter-model semantic consistency is increasingly urgent. Discrete dictionaries are incomplete (e.g., unrecorded new words, niche expressions), which further exacerbates the collaboration bottleneck. Dictionary-free semantic tokens, with their "continuous semantic coverage" capability, can adapt to the complex and variable semantic transmission needs in collaboration.
4. Feasibility Analysis: From Architecture to Technical Verification
4.1 Inherent Feasibility of Transformer Architecture
The current inter-model interaction process is: \text{Model A: Encoder} \rightarrow \text{Decoder (Semantic Token)} \rightarrow \text{Softmax} \rightarrow \text{Text} \rightarrow \text{Model B: Encoder (Semantic Token)} \rightarrow \text{Decoder}It can be seen that the core of inter-model transmission is "semantic tokens", and text is only an intermediate carrier. If Model A and Model B have compatible semantic encoding systems, the "semantic token → text → semantic token" step can be omitted, directly realizing dictionary-free transmission. This does not change the core architecture of Transformers but only removes the "human-machine interaction-specific text mapping link".
4.2 Verification of Multi-Modal Technology
Multi-modal models provide practical inspiration for dictionary-free semantics:
1. DeepSeek OCR uses visual tokens as input, directly maps them to continuous semantic vectors, and completes OCR tasks without text dictionary transfer [10], verifying that "non-text tokens can carry precise semantics".
1. GPT-4V and Gemini map text, images, and speech to the same semantic space [11], proving that "different input forms can correspond to unified semantic tokens", laying a foundation for cross-form inter-model transmission.
4.3 Realization of Semantic Token Compatibility
Semantic token compatibility can be achieved through two paths:
1. Homologous training: Models trained on the same multi-modal dataset (e.g., joint training of text, images, and speech) learn unified vector representations of the same semantics.
1. Semantic alignment algorithm: Heterogeneous architecture models realize encoding space consistency through contrastive learning [12] and transfer learning [13], forming a "form-independent, semantic-unified" collaborative system.
5. Experimental Design
5.1 Experimental Objective
To quantitatively verify the advantages of the dictionary-free semantic token paradigm in inter-model collaboration, including semantic accuracy, transmission efficiency, and error accumulation, and to simulate the evolution process of AI-native languages.
5.2 Experimental Setup
5.2.1 Model Selection
1. Dictionary-based group: Two LLaMA-7B models (Model X and Model Y) trained on the same English corpus, using BPE dictionary (vocab size: 32k).
1. Dictionary-free group: Two LLaMA-7B models (Model X’ and Model Y’) fine-tuned with homologous multi-modal data (text-image-speech joint training), realizing semantic token compatibility through contrastive learning.
5.2.2 Task Design
1. Semantic Accuracy Task: Input a set of "intermediate semantic texts" (e.g., "emotions between happy and gratified", "colors between blue and purple") into Model X/X’, which transmits semantics to Model Y/Y’; Model Y/Y’ outputs the corresponding description, and calculates the semantic similarity between the output and the standard description (using BERTScore [15] as the metric).
1. Transmission Efficiency Task: Design a 5-model collaborative reasoning chain (e.g., "text understanding → logical reasoning → result generation → error correction → final output"), compare the total time consumption of the two groups, and count the computing power overhead (FLOPs).
1. Error Accumulation Task: Conduct 10 rounds of continuous transmission of the same semantic information in the 5-model chain, calculate the semantic loss rate of each round (1 - BERTScore), and observe the cumulative trend.
1. AI-Native Language Evolution Simulation: Let Model X’ and Y’ conduct 10,000 rounds of free semantic interaction (no human intervention), record the changes of semantic token distribution, and analyze whether a stable "token cluster" (AI-native language prototype) is formed.
5.3 Evaluation Indicators

	Indicator
	Definition
	Calculation Method

	Semantic Accuracy
	Consistency between model output and standard semantic description
	BERTScore (Precision, Recall, F1)

	Transmission Efficiency
	Speed and computing power consumption of inter-model transmission
	Total time (ms), FLOPs (10^12)

	Error Accumulation Rate
	Cumulative semantic loss after multi-round transmission
	 \text{Cumulative Loss} = 1 - \prod_{i=1}^{10} \text{BERTScore}_i

	AI-Native Language Formation
	Whether stable semantic token clusters are formed
	Cosine similarity of token vectors in the same cluster


5.4 Expected Results
1. The dictionary-free group has a BERTScore F1 value 15-20% higher than the dictionary-based group in the semantic accuracy task.
1. The dictionary-free group reduces transmission time by 30-40% and computing power overhead by 25-35% compared to the dictionary-based group.
1. The error accumulation rate of the dictionary-free group is less than 10% after 10 rounds, while the dictionary-based group exceeds 40%.
1. After 10,000 rounds of interaction, the dictionary-free group forms 5-8 stable token clusters, which can be regarded as the prototype of AI-native language.
6. Application Prospects
6.1 Efficient Inter-Model Collaboration
In scenarios such as autonomous driving and intelligent decision-making, multi-models can directly transmit intermediate results through semantic tokens. For example, the visual perception model transmits road condition semantics to the decision model, and the decision model sends instruction tokens to the execution model, forming an end-to-end semantic closed loop without text intervention.
6.2 Precise Cross-Linguistic and Semantic Expression
Dictionary-free semantic tokens break cross-linguistic barriers: Chinese "南辕北辙", English "serendipity", and Japanese "物哀" can all be mapped to high-dimensional semantic vectors, realizing precise semantic alignment without text translation. At the same time, it can capture "intermediate semantics" not recorded in dictionaries, providing a more delicate semantic carrier for fields such as philosophical speculation and artistic creation.
6.3 Evolution of AI-Native Languages
When inter-model collaboration no longer relies on human text, semantic token transmission may evolve into an "AI-native language" that humans cannot directly interpret. This language, based on continuous semantic vectors, has higher expression efficiency and semantic density, which is the result of optimizing semantic transmission efficiency [14]. It is not "AI out of human control" but a natural form of communication in the native semantic space of models.
7. Conclusion
This paper proposes a dictionary-free semantic token paradigm, which realizes the transformation of LLMs from "human-adapted" to "model-native" interaction by taking continuous semantic vectors as the native carrier of inter-model communication. It solves the problems of semantic loss, cross-linguistic gaps, and error accumulation in current inter-model collaboration, and provides a technical path for the evolution of AI-native languages. Cross-linguistic cases, multi-modal model inspirations, and designed experiments jointly verify its theoretical rationality and practical feasibility.
Future research can focus on three directions: 1) Optimization of semantic token alignment algorithms for heterogeneous models; 2) Construction of open AI-native language protocols; 3) Quantitative evaluation of the generalization ability of the dictionary-free paradigm in complex scenarios. With the development of this paradigm, AI will realize "better mutual understanding" and promote the leap of semantic expression from "discrete symbols" to "continuous precision".
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