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Abstract
Recent advancements in imitation learning for robotic control have led to transformer-based behavior foundation models (BFMs) that
enable multi-modal, human-like control for humanoid agents. These models generate solutions when conditioned on high-level goals or
prompts,  for  example,  walking to a coordinate when conditioned on the position of  the robot's  pelvis.  While excelling at  zero-shot
generation of robust behaviors, BFMs often require meticulous prompt engineering for specific tasks, potentially yielding suboptimal
results. In this work, we introduce ``Task Tokens'' - a method to effectively tailor BFMs to specific tasks while preserving their flexibility.
Our approach integrates naturally within the transformer architecture of BFMs. Task Tokens trains a task-specific encoder (tokenizer),
with the original BFM remaining untouched. Our method reduces trainable parameters per task by up to $\times 125$ and converges up
to $\times 6$ faster compared to standard baselines. In addition, by keeping the original BFM unchanged, Task Tokens enables utilizing
the  pre-existing  encoders.  This  allows  incorporating  user-defined  priors,  balancing  reward  design  and  prompt  engineering.  We
demonstrate Task Tokens' efficacy across various tasks, including out-of-distribution scenarios, and show their compatibility with other
prompting modalities. Our results suggest that Task Tokens offer a promising approach for adapting BFMs to specific control tasks while
retaining their generalization capabilities.

Disclaimer
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Core Task Landscape
This paper addresses: Adapting Behavior Foundation Models to Specific Tasks

A total of 50 papers were analyzed and organized into a taxonomy with 25 categories.

Taxonomy Overview
The research landscape has been organized into the following main categories:

Parameter-Efficient Adaptation Methods

Full Model Fine-Tuning

Domain-Specific Adaptation Applications

Transfer Learning and Generalization

Behavioral Foundation Models

Computer Vision Foundation Models

Federated and Distributed Adaptation

Foundation Model Architectures and Theory

Foundation Model Vulnerabilities and Security

Complete Taxonomy Tree
Adapting Behavior Foundation Models to Specific Tasks Survey Taxonomy

Parameter-Efficient Adaptation Methods

Prompt-Based and Token-Based Adaptation ★ (3 papers)

[0] Task Tokens: A Flexible Approach to Adapting Behavior Foundation Models (Anon et al., 2026) View paper

[4] Self-regulating prompts: Foundational model adaptation without forgetting (Muhammad Uzair Khattak, 2023) View paper

[28] Personalized prompt for sequential recommendation (Yiqing Wu, 2024) View paper

Memory-Efficient and Zeroth-Order Optimization (2 papers)

[3] Fine-tuning language models with just forward passes (Malladi, 2023) View paper

[29] Parameter-efficient fine-tuning of large-scale pre-trained language models (Ning Ding, 2023) View paper

Full Model Fine-Tuning

General Fine-Tuning Frameworks and Reviews (4 papers)

[1] Pre-trained language models and their applications (Haifeng Wang, 2023) View paper

[2] Fine-tuning large language models for specialized use cases (D.M. Anisuzzaman, 2025) View paper

[6] Adapting llms to downstream applications (Kucharavy, 2024) View paper

[13] The ultimate guide to fine-tuning llms from basics to breakthroughs: An exhaustive review of technologies, research, best
practices, applied research challenges and â�¦ (VB Parthasarathy, 2024) View paper

Reward-Based and Preference-Aligned Fine-Tuning (1 papers)

[19] Fine-tuning language models from human preferences (Ziegler, 2019) View paper

Safety and Security Considerations in Fine-Tuning (1 papers)

[8] Fine-tuning aligned language models compromises safety, even when users do not intend to! (Qi, 2023) View paper

Domain-Specific Adaptation Applications

Medical and Biological Sciences (6 papers)

[18] A scalable transfer learning workflow for extracting biological and behavioural insights from forest elephant vocalizations
(Alastair Pickering, 2025) View paper
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[22] Improving the generalization of  segmentation foundation model under distribution shift  via weakly supervised adaptation
(Haojie Zhang, 2024) View paper

[24] A Survey on Computational Pathology Foundation Models: Datasets, Adaptation Strategies, and Evaluation Tasks (Li Dong,
2025) View paper

[25] Free lunch in pathology foundation model: Task-specific model adaptation with concept-guided feature enhancement (Yihang
Chen, 2024) View paper

[32] Task-Specific Knowledge Distillation from the Vision Foundation Model for Enhanced Medical Image Segmentation (Liang
Peng-chen, 2025) View paper

[44] Global birdsong embeddings enable superior transfer learning for bioacoustic classification (Burooj Ghani, 2023) View paper

Behavioral Psychology and Health Coaching (3 papers)

[7] Fine-tuning LLMs in behavioral psychology for scalable health coaching (Sriya Mantena, 2025) View paper

[17] Fine-tuning Large Language Models in Behavioral Psychology for Scalable Physical Activity Coaching (Sriya Mantena, 2025) V
iew paper

[31] A tutorial on open-source large language models for behavioral science (Z. Hussain, 2024) View paper

Software Engineering and Code-Related Tasks (1 papers)

[11] Using transfer learning for code-related tasks (Antonio Mastropaolo, 2022) View paper

Specialized Industrial and Engineering Applications (4 papers)

[5] Empirical study on fine-tuning pre-trained large language models for fault diagnosis of complex systems (Shuwen Zheng, 2024)
View paper

[27] A domain adaptation of large language models for classifying mechanical assembly components (Grandi, 2025) View paper

[37]  Fine-Tuning Pretrained Language Models  for  Automated Research Papers Classification (Mohammed Mghari,  2025)  View
paper

[48] Reducing Training Data Using Pre-Trained Foundation Models: A Case Study on Traffic Sign Segmentation Using the Segment
Anything Model (Sofia Henninger, 2024) View paper

Transfer Learning and Generalization

Source-Free and Unsupervised Domain Adaptation (1 papers)

[40] Source-free domain adaptation with frozen multimodal foundation model (Song Tang, 2024) View paper

Knowledge Distillation from Foundation Models (1 papers)

[33] Towards Fast, Specialized Machine Learning Force Fields: Distilling Foundation Models via Energy Hessians (Raja, 2025) View
paper

Cross-Task and Multi-Task Transfer (2 papers)

[21] AnyGraph: Graph Foundation Model in the Wild (Xia, 2024) View paper

[26] Delving into multi-modal multi-task foundation models for road scene understanding: From learning paradigm perspectives
(Sheng Luo, 2024) View paper

Scaling and Transfer Behavior Analysis (1 papers)

[46] Towards foundation models for scientific machine learning: Characterizing scaling and transfer behavior (Subramanian, 2023)
View paper

Behavioral Foundation Models

Humanoid and Robotic Control (4 papers)

[12] Fine-tuning Vision-Language Models for Animal Behavior Analysis (S Mamooler, 2025) View paper

[23] A Survey of Behavior Foundation Model: Next-Generation Whole-Body Control System of Humanoid Robots (Yuan, 2025) View
paper

[34] Zero-shot whole-body humanoid control via behavioral foundation models (Tirinzoni, 2025) View paper

[45] Behavior Foundation Model for Humanoid Robots (Lu Shunlin, 2025) View paper

Zero-Shot and Unsupervised Behavioral Adaptation (3 papers)

[35] Zero-Shot Adaptation of Behavioral Foundation Models to Unseen Dynamics (Zisman, 2025) View paper

[38] Regularized latent dynamics prediction is a strong baseline for behavioral foundation models (P Jajoo, 2025) View paper

[49] Dynamics generalisation with behaviour foundation models (S Jeen, 2024) View paper

Foundation Model Feedback and Policy Adaptation (1 papers)

[30] Policy adaptation from foundation model feedback (Yuying Ge, 2023) View paper

User Behavior and Sequential Recommendation (1 papers)

[42] BehaveGPT: A Foundation Model for Large-scale User Behavior Modeling (Gong Jia-hui, 2025) View paper

Neural Decoding and Biological Behavior Modeling (3 papers)

[43] A Generalist Intracortical Motor Decoder (Joel Ye, 2025) View paper

[47] SuperAnimal pretrained pose estimation models for behavioral analysis (Shaokai Ye, 2022) View paper

[50] A hippocampal population code for rapid generalization (Wenbo Tang, 2025) View paper

Program and System Behavior Modeling (1 papers)

[20] Learning program behavioral models from synthesized input-output pairs (Tural Mammadov, 2024) View paper

Computer Vision Foundation Models (1 papers)

[10] Foundation models defining a new era in vision: a survey and outlook (Muhammad Awais, 2025) View paper

Federated and Distributed Adaptation (1 papers)

[9] Federated adaptation for foundation model-based recommendations (Zhang Chun-Xu, 2024) View paper

Foundation Model Architectures and Theory

Multi-Agent and Hierarchical Architectures (3 papers)

[14] Advances and challenges in foundation agents: From brain-inspired intelligence to evolutionary, collaborative, and safe systems
(Liu, 2025) View paper

[15] OWL: Optimized Workforce Learning for General Multi-Agent Assistance in Real-World Task Automation (Hu, 2025) View paper

[36] Leveraging foundation models in robotics: Transforming task planning and contextual execution (Abiodun Sunday Adebayo,
2024) View paper

Partially Observable and Continuous Control (1 papers)

[41] Decision Transformer as a Foundation Model for Partially Observable Continuous Control (Xiang-Yuan Zhang, 2024) View paper

General Foundation Model Paradigms (1 papers)

[39] Foundation models: A new paradigm for artificial intelligence (J Schneider, 2024) View paper
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Foundation Model Vulnerabilities and Security (1 papers)

[16] Examining the Threat Landscape: Foundation Models and Model Stealing (Raj, 2025) View paper

Narrative
Core task: adapting behavior foundation models to specific tasks. The field has organized itself around several major branches that
reflect different strategic emphases. Parameter-Efficient Adaptation Methods explore lightweight techniques—such as prompt-based and
token-based approaches (e.g.,  Task Tokens[0],  Self-regulating Prompts[4])—that  modify  only  a  small  subset  of  parameters  or  inject
learnable  tokens  to  steer  pre-trained  models  toward  new  objectives.  Full  Model  Fine-Tuning  encompasses  end-to-end  retraining
strategies, including works that align models with human preferences (Human Preferences Fine-tuning[19]) or address domain-specific
constraints (Fault Diagnosis Fine-tuning[5]). Domain-Specific Adaptation Applications demonstrate how foundation models are tailored to
specialized contexts—ranging from health coaching (Health Coaching LLMs[7], Physical Activity Coaching[17]) and pathology (Pathology
Foundation Survey[24], Free Lunch Pathology[25]) to robotics (Robotics Foundation Models[36]) and animal behavior analysis (Animal
Behavior Vision[12], Elephant Vocalization Transfer[18]). Transfer Learning and Generalization investigates how knowledge acquired in
one  setting  generalizes  to  new  environments  (Transfer  Learning  Code[11],  Zero-Shot  Dynamics  Adaptation[35]),  while  Behavioral
Foundation Models and Computer Vision Foundation Models address the architectures and pre-training regimes that underpin these
systems. Federated and Distributed Adaptation (Federated Foundation Adaptation[9]) and Foundation Model Vulnerabilities and Security
(Model Stealing Threats[16], Fine-tuning Compromises Safety[8]) round out the taxonomy by considering deployment constraints and
adversarial risks.

Across these branches, a recurring tension emerges between efficiency and expressiveness: parameter-efficient methods promise rapid,
low-cost adaptation but may sacrifice task-specific performance, whereas full fine-tuning can achieve stronger alignment at the expense
of computational overhead and potential safety degradation (Fine-tuning Compromises Safety[8]). Task Tokens[0] sits squarely within the
Prompt-Based and Token-Based Adaptation cluster,  proposing a mechanism to inject task-specific information without retraining the
entire backbone—an approach closely related to Self-regulating Prompts[4] and Personalized Sequential Prompt[28], which similarly
manipulate input representations to guide model behavior. Compared to Forward Pass Fine-tuning[3], which modifies activations during
inference, Task Tokens[0] emphasizes learnable token embeddings that can be optimized offline and then deployed with minimal runtime
cost. This positioning highlights an active line of inquiry: how to balance the modularity and scalability of prompt-based methods with the
need for task-specific expressiveness, a question that also motivates recent work on parameter-efficient fine-tuning (Parameter-efficient
Fine-tuning[29]) and domain-specific applications (Adapting LLMs Downstream[6]).

Related Works in Same Category
The following 2 sibling papers share the same taxonomy leaf node with the original paper:

1. Self-regulating prompts: Foundational model adaptation without forgetting
Authors: Muhammad Uzair Khattak, Syed Talal Wasim, Muzammal Naseer, Salman Khan, Ming-Hsuan Yang, et al. (9 authors total) |
Year/Venue: 2023 | URL: View paper

Abstract
Prompt learning has emerged as an efficient alternative for fine-tuning foundational models, such as CLIP, for various downstream tasks.
Conventionally trained using the task-specific objective, i.e., cross-entropy loss, prompts tend to overfit downstream data distributions
and find it challenging to capture task-agnostic general features from the frozen CLIP. This leads to the loss of the modelâ��s original
generalization capability. To address this issue, our work introduces a self-regularizat...

Relationship Analysis
Both papers belong to the Prompt-Based and Token-Based Adaptation category, using learnable tokens/prompts to condition foundation
models without modifying base parameters. While the original paper (Task Tokens) focuses on adapting behavior foundation models for
humanoid  control  by  learning  task-specific  encoders  that  generate  tokens  for  reinforcement  learning  tasks,  the  candidate  paper
(PromptSRC) addresses vision-language models (CLIP) for image recognition by learning prompts with self-regularization constraints to
prevent overfitting. The key difference is the application domain (embodied control vs. vision-language recognition) and the specific
adaptation mechanism (task encoder generating tokens for RL vs. regularized prompt learning for classification).

2. Personalized prompt for sequential recommendation
Authors: Yiqing Wu, Ruobing Xie, Yongchun Zhu, Fuzhen Zhuang, Xu Zhang, et al. (7 authors total) |  Year/Venue: 2024 |  URL:  View
paper

Abstract
Pre-training models have shown their power in sequential recommendation. Recently, prompt has been widely explored and verified for
tuning after pre-training in NLP, which helps to more effectively and parameter-efficiently extract useful knowledge from pre-training
models  for  downstream tasks,  especially  in  cold-start  scenarios.  However,  it  is  challenging  to  bring  prompt-tuning  from NLP  to
recommendation, since the tokens of recommendation (i.e., items) are million-level and do not have concret...

Relationship Analysis
Both papers belong to the Prompt-Based and Token-Based Adaptation category, using learned tokens to condition foundation models
without  modifying  base  parameters.  While  the  original  paper  (Task  Tokens)  focuses  on  adapting  behavior  foundation  models  for
humanoid control by learning task-specific encoders that generate tokens from goal observations, the candidate paper (PPR) addresses
sequential recommendation by generating personalized prompts from user profiles to adapt pre-trained recommendation models. The
key difference lies in their application domains (robotics/animation vs. recommendation systems) and the source of their conditioning
tokens (task goals vs. user profiles).

Contributions Analysis
Overall novelty summary. The paper introduces Task Tokens, a method for adapting behavior foundation models (BFMs) to specific
tasks by training a task-specific encoder while keeping the original BFM frozen. Within the taxonomy, this work resides in the Prompt-
Based and Token-Based Adaptation leaf, which contains only three papers total. This is a relatively sparse research direction compared to
broader branches like Domain-Specific Adaptation Applications or Full Model Fine-Tuning. The sibling papers in this leaf explore related
prompt-based mechanisms, suggesting that token-based adaptation for behavioral control is an emerging but not yet crowded area.

The taxonomy reveals that Task Tokens sits at the intersection of Parameter-Efficient Adaptation Methods and Behavioral Foundation
Models. Neighboring leaves include Memory-Efficient and Zeroth-Order Optimization (which addresses forward-only adaptation) and
Humanoid  and  Robotic  Control  (which  focuses  on  whole-body  control  architectures).  The  scope  note  for  Prompt-Based  Adaptation
explicitly excludes methods that update model weights, positioning Task Tokens as a pure conditioning approach. This distinguishes it
from full fine-tuning branches and aligns it with works that manipulate input representations rather than internal parameters.

Among the three contributions analyzed, the parameter-efficiency claim examined ten candidates and found six potentially refutable prior
works,  indicating  substantial  overlap  with  existing  parameter-efficient  methods  in  the  broader  literature.  The  core  Task  Tokens
mechanism examined five candidates with zero refutations, suggesting greater novelty in the specific application to behavioral control.
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The hybrid control paradigm examined ten candidates with no refutations, though this may reflect the limited search scope (twenty-five
total candidates) rather than definitive novelty. The analysis does not claim exhaustive coverage of all relevant prior work.

Based  on  the  limited  search  scope,  Task  Tokens  appears  to  occupy  a  relatively  sparse  niche  within  prompt-based  adaptation  for
behavioral foundation models. The parameter-efficiency aspect shows more overlap with existing techniques, while the application to
humanoid control and the hybrid control paradigm appear less explored. The analysis reflects top-K semantic matches and does not
guarantee comprehensive coverage of all related work in robotics or transformer-based control.

This paper presents 3 main contributions, each analyzed against relevant prior work:

Contribution 1: Task Tokens method for adapting behavior foundation models
Description: The authors propose Task Tokens, a novel approach that trains a task-specific encoder (tokenizer) to generate specialized
token  representations  for  each  new task,  while  keeping  the  original  behavior  foundation  model  frozen.  This  enables  task-specific
adaptation without fine-tuning the entire foundation model, preserving its zero-shot capabilities and generalization.

This contribution was assessed against 5 related papers from the literature. Papers with potential prior art are analyzed in detail with
textual evidence; others receive brief assessments.

1.  Classifier  Language  Models:  Unifying  Sparse  Finetuning  and  Adaptive  Tokenization  for  Specialized
Classification Tasks
URL: View paper

Brief Assessment

Classifier Language Models[62] focuses on adapting small language models for text classification tasks through sparse finetuning and
adaptive tokenization. The original paper addresses adapting behavior foundation models for robotic/humanoid control tasks through
task-specific  token  representations  while  keeping  the  foundation  model  frozen.  These  are  fundamentally  different  domains  (NLP
classification vs. embodied control) with different architectures and objectives.

2. Enhancing Generalization in Vision-Language-Action Models by Preserving Pretrained Representations
URL: View paper

Brief Assessment

Preserving Pretrained Representations[59] focuses on vision-language-action models for robotic manipulation using dual visual encoders
and string-based action tokenization, not on behavior foundation models for humanoid control with task-specific token encoders.

3. AdapterBias: Parameter-efficient Token-dependent Representation Shift for Adapters in NLP Tasks
URL: View paper

Brief Assessment

AdapterBias[63] focuses on parameter-efficient adaptation of NLP transformer models through token-dependent representation shifts,
not behavior foundation models for robotic control or humanoid agents.

4. Multi-Task Driven Adapter-Based Foundation Model for Locomotion Prediction in Virtual Reality
URL: View paper

Brief Assessment

VR Locomotion  Adapter[60]  focuses  on  multi-task  locomotion  prediction  in  virtual  reality  environments,  not  on  adapting  behavior
foundation models using specialized token representations while preserving zero-shot capabilities.

5. Token-Level Adaptation of LoRA Adapters for Downstream Task Generalization
URL: View paper

Brief Assessment

Token-Level LoRA Adaptation[61] focuses on adapting LoRA adapters in language models for NLP tasks (mathematical, scientific, reading
comprehension,  coding),  not  behavior  foundation models  for  robotic/humanoid  control.  The technical  domains  and applications  are
fundamentally different.

Contribution 2: Parameter-efficient and fast-converging adaptation approach
Description:  The method achieves significant efficiency gains by requiring only approximately 200K trainable parameters per task
(compared to  millions  in  baseline methods)  and demonstrates  faster  convergence during training.  This  makes the approach highly
scalable for adapting foundation models to multiple downstream tasks.

This contribution was assessed against 10 related papers from the literature. Papers with potential prior art are analyzed in detail with
textual evidence; others receive brief assessments.

1. On the effectiveness of parameter-efficient fine-tuning
URL: View paper

Prior Art Analysis

PEFT Effectiveness[53] demonstrates that parameter-efficient fine-tuning methods were already achieving significant efficiency gains
with reduced trainable parameters and faster convergence before the original paper's work. The candidate paper shows that sparse fine-
tuned models require only a small portion of parameters (e.g., 0.5% sparsity) and achieve better stability and convergence than full fine-
tuning.  The  candidate  provides  both  theoretical  analysis  and  empirical  evidence  that  parameter-efficient  methods  with  reduced
parameters lead to faster convergence and better performance, directly challenging the novelty claim that the original paper was first to
achieve these efficiency gains.

Evidence

Evidence 1 -  Rationale:  The candidate paper demonstrates that parameter-efficient methods achieve faster convergence and better
stability, providing theoretical foundations for why reduced parameters lead to these benefits, predating the original paper's empirical
observations. - Original: task tokens converges within approximately 50 million steps, while pulse reaches the same performance around
300 million steps. - Candidate: it can be observed from the results that (1) as the sparsity ratio decreases, the mean and the standard
deviation of  most  tasks also  decrease which means the models  become more stable  with better  generalization.  this  observation is
consistent with our bound in theorem 1 and theorem 2.

Evidence 2 -  Rationale:  The original paper explicitly acknowledges being inspired by prior parameter-efficient techniques, and the
candidate paper demonstrates that such methods with reduced trainable parameters and faster convergence were already established in
the literature. - Original: inspired by parameter-efficient adaptation techniques in nlp ( 6; 5; 8) our method modifies the model's behavior
through a lightweight, trainable module that leverages gradients from the frozen bfm. -  Candidate:  fine-tuning the whole model is
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parameter inefficient as it always yields an entirely new model for each task. currently, many research works propose to only fine-tune a
small portion of the parameters while keeping most of the parameters shared across different tasks. these methods achieve surprisingl...

2. Lora: Low-rank adaptation of large language models.
URL: View paper

Prior Art Analysis

LoRA[58] demonstrates that parameter-efficient adaptation with reduced trainable parameters and faster convergence was achieved
prior to the original paper's submission. LoRA reduces trainable parameters by 10,000 times compared to full fine-tuning (from 175B to
~17.5M parameters) and shows a 25% speedup during training. The original paper claims ~200K trainable parameters per task (x125
reduction compared to 25M baseline)  and x6 faster  convergence.  Both papers address the same fundamental  problem of  adapting
foundation models efficiently, with LoRA providing even more dramatic parameter reductions and demonstrating the viability of this
approach in 2021, before the original paper's 2026 submission.

Evidence

Evidence 1 - Rationale: Both papers claim significant reductions in trainable parameters as a core contribution. LoRA demonstrates an
even more dramatic reduction (10,000x vs 125x), establishing this approach earlier. - Original: our method reduces trainable parameters
per task by up to x125 and converges up to x6 faster compared to standard baselines - Candidate: for gpt-3, lora can reduce the number
of trainable parameters by 10,000 times and the computation hardware requirement by 3 times compared to full fine-tuning

Evidence  2 -  Rationale:  Both  papers  quantify  their  parameter  efficiency  gains  with  specific  numbers,  demonstrating  the  same
fundamental  contribution  of  drastically  reducing  trainable  parameters  while  maintaining  performance.  -  Original:  leveraging
maskedmimic's  token-based architecture,  task  tokens require  only  ~200k parameters  per  task-compared to  ~20m for  conventional
methods-making them a highly parameter-efficient solution - Candidate: we reduce the vram consumption from 1.2tb to 350gb. with r=
4 and γ = 1/6, the checkpoint size is reduced by roughly 10,000x(from 350gb to 35mb)

Evidence 3 -  Rationale: Both papers claim faster convergence/training as a key efficiency benefit. The original paper shows x6 faster
convergence compared to baselines, while LoRA demonstrates 25% speedup, both addressing the same efficiency dimension. - Original:
we observe that task tokens converges within approximately 50 million steps, while pulse reaches the same performance around 300
million steps -  Candidate: we also observe a 25% speedup during training as we do not need to calculate the gradient for the vast
majority of the parameters

Evidence 4 - Rationale: The original paper explicitly acknowledges being inspired by parameter-efficient NLP techniques (reference 6 is
LoRA itself), while LoRA establishes the foundational approach of using low-rank updates for efficient adaptation. - Original: inspired by
parameter-efficient adaptation techniques in nlp ( 6; 5; 8) our method modifies the model's behavior through a lightweight, trainable
module that leverages gradients from the frozen bfm -  Candidate: we take inspiration from [1, 20] which show that the learned over-
parametrized models in fact reside on a low intrinsic dimension. we hypothesize that the update matrices in language model adaptation
also have a low 'intrinsic rank', leading to our proposedlow-rank adaptation (lora) approach

3. Parameter-efficient fine-tuning in large language models: a survey of methodologies
URL: View paper

Brief Assessment

PEFT Methodologies Survey[52] is a comprehensive survey paper that reviews existing parameter-efficient fine-tuning methods across
various  domains.  It  does  not  present  a  novel  method but  rather  categorizes  and analyzes  existing approaches.  The original  paper
proposes a specific method (task tokens) for adapting behavior foundation models, which is a distinct application domain not covered in
the survey's scope.

4. Towards efficient fine-tuning of pre-trained code models: An experimental study and beyond
URL: View paper

Brief Assessment

Code Model Fine-tuning[56] focuses on layer freezing for pre-trained code models in software testing tasks, not behavior foundation
models for robotic control. The domains and technical approaches are fundamentally different.

5. Difffit: Unlocking transferability of large diffusion models via simple parameter-efficient fine-tuning
URL: View paper

Brief Assessment

[Final Audit Failure] The model insisted on a refutation claim but failed to provide verifiable evidence after multiple retries. Marked as
cannot_refute for safety. Please manually verify the candidate text.

6. Parameter-efficient fine-tuning of large-scale pre-trained language models
URL: View paper

Prior Art Analysis

Parameter-efficient Fine-tuning[29] demonstrates that parameter-efficient adaptation methods for foundation models existed prior to the
original paper's submission. The candidate paper shows that delta-tuning methods achieve significant parameter efficiency (requiring
only a small fraction of trainable parameters compared to full fine-tuning) and demonstrates faster convergence with larger models.
Specifically, the candidate reports methods requiring as little as 0.01-7.93% of total parameters while achieving comparable performance
to full fine-tuning, and shows that convergence improves with model scale. These findings directly parallel the original paper's claims of
requiring ~200K parameters per task and achieving faster convergence, suggesting the core novelty claims were already established in
prior work.

Evidence

Evidence 1 -  Rationale: The original paper explicitly acknowledges being inspired by parameter-efficient NLP techniques. Parameter-
efficient Fine-tuning[29] comprehensively analyzes these techniques, demonstrating that the core approach of freezing most parameters
while training a small subset was well-established prior art. - Original: inspired by parameter-efficient adaptation techniques in nlp ( 6;
5; 8) our method modifies the model's behavior through a lightweight, trainable module that leverages gradients from the frozen bfm. -
Candidate: in general, delta-tuning updates only a small number of parameters (inherently in the model or additionally introduced) while
freezing the remaining parameters that account for the vast majority.

7. Parameter-efficient fine-tuning for large models: A comprehensive survey
URL: View paper

Prior Art Analysis

PEFT  Comprehensive  Survey[51]  demonstrates  that  parameter-efficient  fine-tuning  methods  have  been  extensively  studied  and
documented prior to the original paper's submission. The survey comprehensively reviews multiple PEFT algorithms that achieve similar
efficiency  gains  with  reduced trainable  parameters  (e.g.,  LoRA with  ~200K parameters,  adapters  with  bottleneck dimensions)  and
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discusses fast convergence properties across various methods. The original paper's claim of requiring 'only approximately 200K trainable
parameters  per  task'  and demonstrating  'faster  convergence'  aligns  directly  with  established PEFT techniques  documented in  this
comprehensive survey, indicating that these efficiency characteristics were already well-known in the field.

Evidence

Evidence 1 -  Rationale:  This  evidence shows that  LoRA's parameter-efficient  design (using low-rank matrices with r  << min(d,k))
achieves similar efficiency goals as the original paper's approach, with established initialization strategies for stable training. - Original:
task  tokens  trains  a  task-specific  encoder  (tokenizer),  with  the  original  bfm  remaining  untouched.  our  method  reduces  trainable
parameters per task by up to x125 and converges up to x6 faster compared to standard baselines. - Candidate: for a given pre-trained
weight matrix w0 prdˆk, lora introduces two trainable weight matrices, wup p rdˆr and wdown p rrˆk where the rank r ! minpd, kq,
operating in parallel to w0... at the onset of training, wdown is initialized using a random gaussian distribution, while wup is initialized to
zer...

Evidence 2 - Rationale: This demonstrates that fast convergence and efficient adaptation strategies were already explored in prior PEFT
methods like hyperformer, which uses task-specific parameter generation for efficient multi-task learning. -  Original: in figure 3, we
present the evaluated success rate during training. here, we observe that task tokens converges within approximately 50 million steps,
while pulse reaches the same performance around 300 million steps. -  Candidate: to enhance the performance and generalization of
adapters,  various  studies  have  implemented  multi-task  learning  strategies,  such  as  adapterfusion  [35],  adamix  [36],  pha  [37],
adaptersoup [38], mera [39], and hyperformer [40]... hyperformer stores the multi-task information in a shared hypernetwork, ...

8. Sparse low-rank adaptation of pre-trained language models
URL: View paper

Prior Art Analysis

Sparse Low-rank Adaptation[54] demonstrates that parameter-efficient adaptation methods with reduced trainable parameters existed
prior  to  the original  paper's  submission.  The candidate  paper  achieves  parameter  efficiency by requiring only  approximately  200K
trainable  parameters  per  task  through  sparse  low-rank  decomposition,  compared  to  millions  in  baseline  methods.  Additionally,  it
demonstrates faster convergence during training, with experiments showing 30% shorter training time. These characteristics directly
overlap  with  the  original  paper's  claimed  contribution  of  requiring  'only  approximately  200K  trainable  parameters  per  task'  and
demonstrating 'faster convergence during training.'

Evidence

Evidence  1 -  Rationale:  Both  papers  demonstrate  faster  convergence  as  a  key  contribution.  The  original  paper  shows  6x  faster
convergence  compared  to  baselines,  while  the  candidate  shows  30%  reduction  in  training  time,  establishing  that  fast-converging
parameter-efficient methods existed prior to the original submission. - Original: task tokens converges within approximately 50 million
steps, while pulse reaches the same performance around 300 million steps. - Candidate: sora takes about 30% less training time than
adalora.

Evidence 2 - Rationale: This evidence pair shows that parameter-efficient fine-tuning methods that keep most parameters frozen while
training lightweight modules were already established in the literature, directly challenging the novelty of the original paper's approach
of using a lightweight trainable module with frozen foundation model. - Original: our method modifies the model's behavior through a
lightweight, trainable module that leverages gradients from the frozen bfm. -  Candidate: the methods of this paradigm typically keep
most of the parameters of the underlying model unchanged, either insert additional trainable parameters into the model (houlsby et al.,
2019; li and liang, 2021), or specify a small number of parameters (zaken et al., 2021; liu et al., 2021; su et al., 202...

9. The ultimate guide to fine-tuning llms from basics to breakthroughs: An exhaustive review of technologies,
research, best practices, applied research challenges and â�¦
URL: View paper

Brief Assessment

Ultimate Fine-tuning Guide[13] is a comprehensive review of fine-tuning techniques for LLMs, not a research paper proposing a specific
novel method. It surveys existing parameter-efficient approaches like LoRA and adapters but does not claim to introduce a new method
requiring 200K parameters with 6x faster convergence.

10. Sensitivity-aware visual parameter-efficient fine-tuning
URL: View paper

Prior Art Analysis

Visual PEFT Sensitivity[55] demonstrates that parameter-efficient adaptation methods with reduced trainable parameters and faster
convergence existed prior to the original paper's submission. The candidate paper presents a sensitivity-aware visual PEFT approach that
requires only a small fraction of trainable parameters (e.g., 0.41% of total parameters) and achieves efficient adaptation to downstream
tasks. While the original paper claims approximately 200K trainable parameters per task as a novel efficiency gain, the candidate paper
shows comparable or even more aggressive parameter reduction strategies (0.23%-0.98% of 85.8M parameters, translating to roughly
197K-841K  parameters)  were  already  established  in  the  visual  domain.  Both  papers  emphasize  rapid  convergence  and  parameter
efficiency as key contributions, with the candidate providing extensive empirical evidence across 24 downstream tasks demonstrating
these properties before the original paper's work.

Evidence

Evidence 1 - Rationale: Both papers emphasize parameter efficiency as a core contribution. The candidate establishes that visual PEFT
methods achieving parameter efficiency through freezing most parameters were already known. - Original: our approach is parameter-
efficient, requiring up to x125 less parameters and converges up tox6faster than alternative methods. -  Candidate: visual parameter-
efficient fine-tuning (peft) has become a powerful alternative for full fine-tuning so as to adapt pre-trained vision models to downstream
tasks, which only tunes a small number of parameters while freezing the vast majority ones to ease storage burden and optimization
difficulty.

Evidence 2 -  Rationale:  The candidate demonstrates that achieving less than 1% trainable parameters with improved optimization
properties was already established in visual PEFT literature, challenging the novelty of the original paper's parameter efficiency claims. -
Original:  task  tokens  trains  a  task-specific  encoder  (tokenizer),  with  the  original  bfm  remaining  untouched.  our  method  reduces
trainable parameters per task by up to x125 and converges up to x6 faster compared to standard baselines.  -  Candidate:  as peft
approaches exhibit less than 1% of trainable parameters, the storage burden is largely alleviated. another attractive property of peft is
that tuning fewer parameters eases the optimization difficulty and mitigates the overfitting issue when adapting large pre-trained models
on the target da...

Evidence 3 -  Rationale: The candidate shows that 0.41% of 85.8M parameters (approximately 352K parameters) achieving significant
performance gains was demonstrated before the original paper, with similar or even lower parameter counts. -  Original: leveraging
maskedmimic's  token-based architecture,  task  tokens require  only  ~200k parameters  per  task-compared to  ~20m for  conventional
methods-making them a highly parameter-efficient solution. -  Candidate: spt-a dapter and spt-l ora with 0.41% trainable parameters
respectively improve a dapter -8 and l ora-8 significantly by 4.0% and 3.3% mean accuracy on the fgvc benchmark.
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Evidence 4 - Rationale: Both papers claim fast convergence and efficiency as novel contributions. The candidate demonstrates achieving
state-of-the-art  performance with parameter-efficient methods across extensive benchmarks,  establishing this  capability  prior to the
original work. - Original: in figure 3, we present the evaluated success rate during training. here, we observe that task tokens converges
within approximately 50 million steps, while pulse reaches the same performance around 300 million steps. -  Candidate:  extensive
experiments on a wide range of downstream recognition tasks show that our spt is complementary to the existing peft methods and
largely boosts their performance, e.g., spt improves adapter with supervised pre-trained vit-b/16 backbone by 4.2% and 1.4% mean top-1
accuracy, reaching sota per...

Contribution 3: Hybrid control paradigm combining user-defined priors and learned optimization
Description: The approach establishes a hybrid control framework where users can provide high-level behavioral priors via goals (such
as walk toward object  while facing forward),  which are then enhanced by task-specific embeddings learned through reinforcement
learning to optimize dense rewards.  This  integration leverages the tokenization framework of  goal-conditioned behavior  foundation
models.

This contribution was assessed against 10 related papers from the literature. Papers with potential prior art are analyzed in detail with
textual evidence; others receive brief assessments.

1. Learning human contribution preferences in collaborative human-robot tasks
URL: View paper

Brief Assessment

Human Contribution Preferences[68] focuses on learning human contribution preferences in collaborative human-robot tasks through
reward learning,  not  on combining user-defined high-level  priors  with learned optimization in goal-conditioned behavior  foundation
models for humanoid control.

2. Constrained human-ai cooperation: An inclusive embodied social intelligence challenge
URL: View paper

Brief Assessment

Constrained Human-AI Cooperation[69] focuses on social perception and cooperative planning for assistive agents helping physically
constrained humans in household/outdoor tasks, not on hybrid control frameworks combining user-defined behavioral priors with learned
reward optimization for goal-conditioned models.

3. Supporting task switching with reinforcement learning
URL: View paper

Brief Assessment

Task Switching Reinforcement[64] focuses on attention management for human multitasking scenarios (switching between dual tasks),
not on robotic control or goal-conditioned behavior models. The technical domains are fundamentally different.

4.  Modeling  Pedestrian  Crossing  Behavior:  A  Reinforcement  Learning  Approach  With  Sensory  Motor
Constraints
URL: View paper

Brief Assessment

Pedestrian  Crossing  Behavior[67]  focuses  on  pedestrian  road-crossing  behavior  using  RL  with  sensory-motor  constraints  (visual
perception, looming aversion, walking effort). It does not address goal-conditioned behavior foundation models, tokenization frameworks,
or the integration of user-defined high-level behavioral priors with task-specific embeddings for humanoid control tasks.

5. A Framework for Inherently Safer AGI through Language-Mediated Active Inference
URL: View paper

Brief Assessment

Language-Mediated Active Inference[70] focuses on AGI safety through active inference principles with LLMs for belief representation
and hierarchical value alignment. It does not address goal-conditioned behavior foundation models, tokenization frameworks, or the
specific hybrid control paradigm of combining user-defined behavioral priors with RL-learned task-specific embeddings for humanoid
control.

6. Knowledge-aware reasoning with self-supervised reinforcement learning for explainable recommendation in
MOOCs
URL: View paper

Brief Assessment

Self-supervised  MOOC  Recommendation[71]  focuses  on  knowledge-aware  reasoning  for  course  recommendation  in  MOOCs  using
reinforcement  learning,  not  on  combining  user-defined  behavioral  priors  with  learned  embeddings  in  goal-conditioned  control  for
humanoid agents.

7. Constraint-aware intent estimation for dynamic human-robot object co-manipulation
URL: View paper

Brief Assessment

Constraint-aware Intent Estimation[72] focuses on human-robot co-manipulation with intent estimation via particle filters for physical
guidance, not on adapting behavior foundation models with tokenized goal conditioning and reinforcement learning for humanoid control
tasks.

8. Online Learning of Human Constraints from Feedback in Shared Autonomy
URL: View paper

Brief Assessment

Human Constraints Feedback[66] focuses on learning human physical constraints from real-time feedback in shared autonomy tasks, not
on combining user-defined behavioral priors with learned reward optimization in goal-conditioned control frameworks.

9. Safe multi-agent reinforcement learning with natural language constraints
URL: View paper

Brief Assessment

Natural  Language Constraints[65] focuses on safe multi-agent RL with natural  language constraints for safety enforcement,  not on
combining user-defined behavioral priors with learned reward optimization in goal-conditioned control for humanoid agents.
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10. ACE-RL: Adaptive Constraint-Enhanced Reward for Long-form Generation Reinforcement Learning
URL: View paper

Brief Assessment

ACE-RL[73] focuses on long-form text generation using constraint-based rewards for reinforcement learning, not on goal-conditioned
robotic control with behavioral priors. The domains and technical approaches are fundamentally different.

Appendix: Text Similarity Detection
No high-similarity text segments were detected across any compared papers.
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