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Challenge: The alignment between humans
and machines; in reinforcement learning (RL),
the reward function is particularly vulnerable to the

THE VIRAL PIPELINE

Since the main goal is to discover the opti-
mal reward function across multiple gen-
erations, in Table 1 we report the maximum of
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Recent advances |1] have leveraged OpenAl's GPT-
4 model to generate code for reward functions,
demonstrating competitive performance and im-

Our results showed that agents learned new behav-
iors from simple sketches, showing our approach’s
robustness. Integrating Video-LVLM or users’ feed-
back improved alignment with intended objectives.

Figure 1:From an input, the system generates reward functions and iteratively refines them.

proved adaptability across different environments.

We propose the VIRAL framework to design reward
RESULTS

functions based on simple user prompts and/or an-

notated images.. We conducted a study (see Fig. 2) with 25 annotators to de-

termine whether the learned behavior aligns with the
goal prompt provided (text, image, or both) by an-
notating videos (10 distinct videos per modality /environment).

» Step-back prompting creates a
first reasoning about a problem at a

VIRAL prioritizes the use of open-source, effi-

cient. and lightweight LLMs. C) Link to code

GitHub

B Link to video

higher level before generating a detailed

VIRAL integrates Large Vision Language HEPOTE

Source

» We use collaboration between two

Models (LVLMS) [2] tO pfOCGSS bOth . = BN image m text text+image —— Max Rating REFERENCES
text/images, enhancing its ability to interpret LEMs (eritic and coder), the crific , T -
ser intent oenerates the step-back prompt, which _ -

: is given to the coder LLM 4 — - 1] Yecheng Jason Ma, William Liang, and al.

Eureka: Human-level reward design via coding large
language models, 2023.

2] Meta.
Llama-3.2-11b-vision-instruct, 2024.

3] Shuai Bai, Keqin Chen, and al.
Qwen?2.5-vl technical report, 2025.

VIRAL is the first reward shaping approach to incor-
porate Video-LVLMs [3] for describing the move-
ments of objects within the scene, providing richer

3 An RL algorithm is used to
maximize the expected return of the
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reward function generated.

context for reward tfunction generation. » During testing, VIRAL compares the

success rate of the policy against a

user-defined threshold. If it is not
acceptable, it goes on the refinement
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ARCHITECTURE

As input, we have (a1) a textual environment de- loop.

Figure 2:5emantic alignment Evaluation

scription depy, (a2) an optional implementation of a 5 The Feedback can be made by a human

or a Video-LLM, which analyzes an
episode of the trained policy. It
helps the refinement process.

uccess function rovided as Python code, and
> Jsuce Prov , | The relative performance of each modality varied with the en-

e Web: https://viral-ucbll.github.io/

vironment, which implies that the usetulness of multimodal or o

(b) the goal prompt p, (which can be multi-modal:
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text prompt, an annotated image ¢mg, or both).
~ PEOTHDY 5 o ) visual instructions may depend heavily on the task’s nature.



