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Abstract: Reinforcement Learning (RL) has achieved remarkable development in the history of
artificial intelligence in the past decade. Especially from 2020 to 2025, its applications to CV and
NLP have developed extremely quickly. Integrating deeply with deep learning techniques, RL has
been applied to a series of challenging perception and decisions-making tasks. In CV, for example,
RL is used to direct models to attend to important visual areas and to execute sequential perceptual
tasks [, In NLP, it is employed to enhance text generation quality, train policies for dialog systems,
and fine-tune large language models with reinforcement learning from human feedback (RLHF) to
better match model output with human preference 2. This survey comprehensively summarizes the
major application areas and techniques of RL both in CV and NLP, shows some representative
advances achieved in the past a few years, interprets the position and benefits of mainstream RL
techniques applied to various tasks, explores existing challenges and shortages, and predicts future
research trends.

1. Reinforcement Learning Applications to Computer Vision

The majority of tasks in computer vision involve sequential decision-making and interactive
dynamics, ideal applications of reinforcement learning methods 1. The applications of CV with RL
can be generally categorized into object detection and image segmentation, object tracking, image
generation and editing, visual navigation, and multi-agent simulated environment decision-making.
In later sections, applications of RL to each task category are provided.

1.1 Reinforcement Learning in Object Detection and Image Segmentation

Conventional object detection generally implies laboriously searching all parts of an image.
Thanks to reinforcement learning, however, agents are capable of learning to focus their efforts on
significant informative areas, thus reducing redundant computation and accelerating detection speed
[l Pirinen et al., for example, proposed region proposal networks with RL, where RL policies were
employed to iteratively select regions to attain better detection performance Bl This type of active
object detection model learns a search region policy, thus efficiently localizing objects without having
to scan a large number of regions. The RL agent adjusts its observation window's location and width
based on the object detection reward, iteratively converging to target boundaries. Figure 1 is an
example of active object localization via sequential bounding-box adjustments.

Sequence of attended regions to localize the object
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Figure 1: Active object localization via sequential bounding-box adjustments [,
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Hierarchical designs might also be constructed within multi-object detection tasks: low-level
policy targets at detecting individual objects, and high-level policy puts together output from multiple
detections to jointly handle sceneries with clutter. It's been demonstrated that those active detection
approaches with their roots founded on RL are especially valuable within real-time applications as
unmanned driving, where time-sensitive agents should react promptly to environmental changes and
focus on potential danger objects to efficiently improve detection speed and accuracy.

Reinforcement learning also holds great potential in image segmentation tasks. As shown in Figure
2, the results of reinforcement learning applications in image segmentation are illustrated. The
traditional segmentation algorithms are inclined to output, within a single iteration, a pixel-wise
segmentation or a pixel classification of a full image. On the contrary, with the introduction of RL
agents, models are enabled to iteratively refine segmentation boundaries. Based on feedback from the
current segmentation result, e.g., boundary accuracy, the next step, e.g., whether to refine a given
region or to shift to another region, might be determined by RL techniques. Pixel-level or region-
growing approaches can be utilized by RL agents to achieve higher segmentation performance with
fine grained granularity, especially well-fitted to applications where accuracy around object
boundaries should be extremely high f6],

o ...n

Figure 2: Results of Reinforcement Learning Applications in Image Segmentation.

Some research work utilizes hierarchical structures of rewards to guide agents to concentrate on
global coherence and local precision of segmentation output, trying to overcome the disadvantageous
trait of traditional methods of being prone to propagation of local error. For example, some works
formalize segmentation as a Markov Decision Process (MDP) where, step by step, agents are
rewarded by the precision of boundary pixels, and are gradually drawn to produce accurate object
contours by reinforcement learning strategies. Experimentation proves that such types of active
segmentation by RL-based methods are better capable to separate road and pedestrian boundaries
from situations involving driving autonomously and are capable to improve precision related to organ
segmentation within medical image perception. In particular, within visual perception applications
involving object recognition and segmentation, RL fulfills a crucial role to guide decisions. In lieu of
laborious scanning or thresholding processes, successive decisions from experienced agents are
replaced so that visual information may be dealt with by a more focused, efficient manner "1,

1.2 Reinforcement Learning in Visual Tracking

Visual tracking consists of a model to stably recognize a target within a sequence from a provided
video. It essentially undergoes a sequential decision-making procedure, thus extremely suitable with
methods that include reinforcement learning 1. One standard application of RL to tracking includes
training an agent to learn policies to alter the camera view or observation window so stable tracking
occurs even as the target or even scene transforms.

Traditional tracking algorithms can fail with challenging backgrounds where distractions are
visually similar, but with RL agents, long-term gains can be summed to balance out short-term
tracking errors with long-term stability, leading to more robust tracking policies. Song et al., for
example, proposed combining a detector with a correlation filter tracker in a “Decision-Tracking
Network (DTNet) where hierarchy-based reinforcement learning can be used to make decisions
online: a high-level RL agent adapts between the two tracking modules intelligently according to
scenarios” [°l. The agent transfers to using an adequate tracker according to current scene conditions—
detectors are preferable with heavy appearance changes, and correlation filters are preferable with
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unchanged target appearance. This switch policy with RL represents a significant improvement to
robust tracking, and with DTNet, a number of publicly available benchmarks were obtained with
then-state-of-the-art results. Figure 3 is an overview of the DTNet.
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Figure 3: Overview of the DTNet.

In addition, RL has also been used to learn tracking policies end-to-end. For example, tracking can
be viewed as a sequence decision-making problem, where, given a frame, an agent makes a translation
or a scaling decision to change the position of a tracking window so that it can maintain the target in
the center. The agent learns from reward signals guided by metrics such as Intersection over Union
(loU) or whether or not tracking was adequate. In such a scenario, RL optimizes a policy, utilizing a
reward scheme to guide building a model that can overcome challenges like occlusion and distractions
from the background to achieve more stable target tracking.

1.3 Reinforcement Learning in Image Generation and Editing

Classic approaches relied on Generative Adversarial Networks (GANS) or autoregressive models
to produce images and complete missing areas. However, there was a line of work recently exploring
reinforcement learning combined with image generation to steer output with reward signals to specific
target distributions or evaluation metrics. In an RL context, image generation can be treated as a
sequence decision problem: the agent starts with noise or a partly complete image and generate a
complete image or complete missing areas by a sequence of actions, or, as in our case, by drawing a
pixel patch or calling a filter. The agent obtains a reward from a discriminator's feedback, style
consistency, or other metrics, and learns to balance visual quality with content realism I,

This procedure can sidestep instabilities that are innate to standard GAN training by optimally
tweaking output evaluation measures. In applications to image inpainting, an actor from an RL, say,
can tabulate through diverse repair strategies and sequences—with first trying out diverse fill-in
patterns, then being rewarded or punished by the world/environment and, with time, internalize
strategies resulting in naturally looking, stylistically coherent completions.

Some even incorporate pre-defined perceptual rewards, e.g., a Structural Similarity Index (SSIM)
or a confidence score from a face recognition net on a recovered image, as a RL reward signal to
ensure both perceptual quality and semantic coherence 291,

Notably, even image—text retrieval and caption generation have been enhanced with RL. For
instance, to produce image descriptions, models are fine-tuned with RL to their maximum evaluation
score, such as BLEU or CIDEr. Though GANSs and diffusion models continue to reign supreme across
a vast suite of image generation tasks, RL represents a promising alternative with which to tailor
model behavior with easily reconfigurable reward functions. One splendid example is self-critical
sequence training procedure proposed by Rennie et al. in 2016, where they employed an optimization
scheme developed from RL to seq2seq models to significantly improve caption quality 2,

Broadly, RL plays a dual function during image generation and editing as a policy executor and a
quality assessor, guiding the generation process with evaluation functions to iteratively converge
toward ideal visual output.
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1.4 Reinforcement Learning in Object Detection and Image Segmentation

Visual navigation consists of an agent navigating through visual perception to, amongst other
things, move, localise itself, and complete goal-specific tasks within a world environment—such as
going to a particular target in a virtual room. This type of task falls into the reinforcement learning
paradigm naturally: the agent continually makes decisions to adopt movement directions and learns
to navigate by being rewarded by the world.

Goal-based visual navigation is a common case: the agent is given a visual or semantic map of a
target and seeks to locate it in an unknown space. Zhu et al. expressed this problem as a Markov
Decision Process (MDP) in a flagship paper, where the agent's state is first-person visual perception,
and action space includes actions such as going forward and turning. The agent receives a positive
reward if it moves closer to a target. The agent learns to iteratively narrow down to the target's location
by visual features with deep reinforcement learning. This enables unmanned navigation through novel
indoor environments 2, Figure 4 explains the target-driven visual navigation via deep Reinforcement
learning.
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Figure 4: Target-Driven Visual Navigation via Deep Reinforcement Learning.

Subsequent work has employed RL to solve more complex navigation tasks. In vision-and-
language navigation (VLN) tasks, for example, agents must navigate with language instructions.
Anderson et al. developed the Room-to-Room dataset, where pre-training with imitation learning and
fine-tuning with RL are combined to get agents to map visual observation better to instruction
semantics and reach target locations with success 31,

RL has also been applied to train vehicle navigation policies within autonomous driving simulators,
with particular success achieving improved obstacle avoidance and path planning. Certain methods
utilize a combination between RL and imitation learning, where agents are first taught based on
examples from human driving demonstrations, then they hone their policies through RL to better cope
with challenging road scenarios and scarce reward indicators.

RL can be employed to gain a decision-planning capability for visual navigation: in contrast to
classical planning strategies, which require explicit maps of environments, RL agents can plan actions
from trial-and-error experiences even during mapless or dynamically varying environments.

Recent work has tried to unify large language models (LLMs) with RL to achieve navigation
tasks—to give an example, using LLMs to generate high-level plans, with their execution by low-
level RL controllers, so that hard tasks could be divided and completed.

RL hence assumes a central role in learning navigation tactics, so that perception and action can
be connected in a direct way, and effective navigation behaviors can be learned interactively.
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1.5 Reinforcement Learning in Multi-Agent Simulation

Multi-agent simulation involves several interacting decisions by several agents within a shared
environment, including multi-vehicle coordination within autonomous vehicle simulators or game
Als with adversarial collaboration. Because every agent's policy influences others, their environment
becomes very non-stationary, posing additional challenges to reinforcement learning. In around 2020,
progress was claimed in multi-agent reinforcement learning (MARL) suggesting that RL could reach
or surpass human-level competence within complex multi-agent environments. One instance was
DeepMind's AlphaStar, where RL agents were trained by self-play within the real-time strategy game
StarCraft 11, to achieve a competence similar to professional leaders 4. AlphaStar employed a
“multi-strategy league” protocol to train, where by self-play, agents evolved and included imitation
learning with population-based policy gradient methods, coaxing strategies to exploitable form. The
experiments showed that with deep RL-enabled multi-agent systems, strategies developed by humans
over long time scales could be matched.

Another celebrated example includes OpenAl Five, where MARL-learned policies defeated
world-leading human teams by a significant margin in a game of Dota 2 [ The demonstrations
illustrated RL's strong search and learning capacities within high-dimensional, multi-agent action
spaces. Throughout 2020-2022, a number of MARL algorithms were introduced. QMIX, for instance,
invented the concept of value decomposition for cooperative environments, breaking down global
team rewards into per-agent value functions to effectively solve the credit assignment problem [61,
Qatten and QPLEX, among additional follow-up research, further enhanced value decomposition
strategy expressiveness 7], In adversarial environments, policy gradient approaches with self-play
strategies—e.g., policy space response oracle or adversarial training—demonstrated robustness with
varying opponents. Yu et al. remarked that Proximal Policy Optimization (PPO), a baseline single-
agent RL algorithm, surprisingly obtained robust cooperative multi-agent task performance with
sufficient adaptation 18], The finding suggests that even single-agent RL policies could remain
competitive with challenging MARL scenarios, providing new considerations toward algorithmic
selection.

Generally, RL in multi-agent simulation applications to guide co-evolutionary trends of
coordinated or competitive strategies with long-term self-play, to solve large games where designing
strategies by hand is difficult. The methods are gradually gaining real-world applications in fields
such as multi-robot coordination, cooperative motion of autonomous vehicles, and optimization of
network traffic flow. In summary, RL gives multi-agent systems autonomous competition and
negotiation, facilitating effective virtual environment collective intelligence.

2. Reinforcement Learning Applications in Natural Language Processing

Similar to CV, the NLP field also has a number of sequential decision-making or policy
optimization tasks. While classical supervised learning performs well over a very broad set of
language tasks, it very often struggles with tasks where evaluation measures are non-differentiable or
long-horizon planning is required. Reinforcement learning gives a paradigm through which models
are capable of interacting with their environment by trial and error and directly optimise end
objectives. In recent years, deploying RL to NLP has comprised primarily of: optimisation and
generation of text, learnt strategies of dialogue systems, policy optimisation during machine
translation, and fine-tuning alignment to large language models. The former are detailed below.

2.1 Reinforcement Learning for Text Generation and Language Model Optimization

Sequence generation problems, such as summarization, functional description generation, or story
completion, are generally formulated as sequence generation tasks. The tasks generally suffer from
exposure bias and loss-evaluation metric mismatches. Sequence-level rewards address these issues,
and reinforcement learning supplies them. One among the pioneering early work is that of the MIXER
algorithm by Ranzato et al. (ICLR 2016), which transferred RNN-based text generation from word-
level cross-entropy to policy gradient optimization of full-sequence evaluation measures. The
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research demonstrated that it's possible to use RL signals to train generation models 141,

Then, Paulus et al. attempted to use RL for summarization, building a reward function from
ROUGE scores, thus training generation models readable but also better-aligned with reference
summaries. In experiments, they proved summarization models finetuned by RL significantly
outperformed those supervised-only-trained ones 2°. Another research line transplanted GANs to
text generation: the generator is a policy, discriminator feedback are rewards. The generator then
becomes learned by RL to output more indistinguishable from real text. It improves text coherence to
some extent, although GANSs remain unstable to use with language 231,

RL has also been used to promote diversity and enforce stylistic constraints when generating texts.
Inverse reinforcement learning (IRL), for example, has been used to learn dialogue or story generation
with implicit reward functions encouraging more contentful and stylistically diverse generation. Shi
et al. used IRL to guide models to generate more diverse sentences with higher diversity scores than
previous methods . Additionally, some studies use human preference models as rewards to fine-
tune generation systems with RL so that output better meets human tastes or expectations, especially
with open-domain dialogue systems.

With large models like GPT-3 being created, correspondingly matching model output to human
intent becomes a major problem. Supervised fine-tuning alone generally doesn't succeed to prevent
models from providing unhelpful or inappropriate output. To counteract, OpenAl and others created
reinforcement learning from human feedback (RLHF). The approach involves first having a reward
model learn from human-labeled data to provide a numerical measure of output quality. The policy
?p]t[ir?[iz?tion algorithms are then used to fine-tune the language model to maximize a reward score
18][23][24

InstructGPT is a pioneering implementation of this approach. In a 2022 NeurlIPS paper, Ouyang
et al. illustrated training a reward model from human preference data and fine-tuning GPT-3 with
PPO to enable it to execute instructions robustly while producing useful and safe output [,
Importantly, even the 1.3B-parameter InstructGPT outperformed the 175B unaligned GPT-3 model
on human preference ratings in a suite of instruction-following tasks. This result demonstrated that
RL could effectively endow large language models with human values and task understanding.
Similarly, work by Stiennon et al. showed that applying learned reward models from human
preferences with RL significantly enhanced summarization quality 1251, Microsoft, DeepMind, and
others then developed dialogue systems with RLHF. RL has thus evolved to be a core technique to
align large language models.

To ensure stable optimization over high-dimensional parameter spaces, practitioners typically use
robust algorithms such as PPO and add KL-divergence penalties to prevent abrupt policy shifts 24,
The tradeoff maintains diversity and factual accuracy and optimizes reward-model scores. We can
steer language models to desirable objectives—with properly defined reward functions—such as
increasing factuality, coherence, politeness, or decreasing harmful output, which has important
practical value for NLP applications.

2.2 Reinforcement Learning in Dialogue Systems

Both open-domain chatbots and task-based dialogue systems are agents talking with users, and
reinforcement learning is a powerful tool to optimize dialogue policy. In task-based systems, the
model tries to complete user goals through multi-turn conversation. This can be modeled as an MDP:
dialogue state includes conversation history and user intention, actions are system questions or
utterances, and task completion sets up rewards. The vast majority of conventional systems utilize
rule-based or supervised modules, but RL gives end-to-end policy acquisition where, through trial
and error, it explores useful strategies for response. The scenario where methods from Deep Dyna-Q,
e.g., see the dialogue manager as an agent obtained with a user simulator by interacting with it, opens
up, step by step, for an agent to hone policy and complete tasks with smaller turns 21,

In more recent times, methods such as hierarchical reinforcement learning (HRL) and inverse
reinforcement learning (IRL) have been used to further improve data efficiency and policy safety.
Hou et al. used adversarial IRL to build more fine-grained formulations of a reward signal by
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decomposing a reward into a multi-level structure with dialog-act-level, slot-filling, and domain-level
ones. This addresses the issue of sparse rewards and increases policy interpretability. The experiments
verify that by doing so, a multi-level structure significantly expands task completion rates and
optimization speed with dialogue systems 27,

For open-domain chat, response quality assessment becomes even more difficult, since it should
entail contextual relevance, informativeness, politeness, and interactivity. RL has been applied in two
main ways:

Using user feedback as rewards to tune models toward user-preferred actions, and pretraining a
reward model to predict human judgments, prompting the model to generate more informative and
coherent responses.

Li et al. were the first to undertake a study where they proposed to evaluate chatbot response
quality with their heuristic measures and treat them as reward signals to tune the model by using RL.
The result showed bots trained by RL were more likely to question and exclude dry responses, leading
to higher user engagement 21,

More recently, the success with chat models of RLHF has cemented the important role for open-
domain dialogue of RL. Using human preference function learning and model optimization to match,
dialogue assistants are better able to provide useful information with the safe and controlled use of
language M. It aids with overcoming supervised learning by itself challenges, such as offense or bias
generation to match with training data, which can be effectively negated by RL fine-tuning. Also,
organizations like Anthropic have tried to train with Al-provided feedback to reduce costs and
increase scalability.

Overall, reinforcement learning gives dialogue systems ongoing improvement capabilities to
refine strategies based on outcomes from interaction, rather than with constant data alone. This has
important real-world applications to robustify dialogue-based Al and end-user satisfaction.

2.3 Reinforcement Learning in Machine Translation

Neural machine translation (NMT) became the de-facto standard method within machine
translation, but standard training procedures typically employ cross-entropy loss acting over word
sequence levels, which doesn’t perfectly align with evaluation measures and is vulnerable to exposure
bias. Reinforcement learning opens a way around by providing sequence-level optimization. Since
2016, Ranzato et al. even suggested taking BLEU scores as direct rewards and policy gradient-like
techniques to fine-tune translation models to BLEU maxima 9. Although BLEU is noisy within
high-dimensional parametric spaces, work demonstrated that there was potential to apply RL to attain
improved translation quality. Follow-up work, such as Google’s Minimum Risk Training,
incorporated evaluation measures into the objective function by using RL-like optimization to achieve
lower expected risk and hence higher scores compared to those with MLE-based methods [2°1,

More conspicuous applications of RL to translation have been from unsupervised and interactive
settings. He et al. proposed the dual learning paradigm, where bilingual translation between two
languages are considered two agents performing reciprocal tasks, where each translation serves as
feedback to the other one %, That is, specifically, an English-to-Chinese system translates a sentence,
back-translated into English and compared with a target sentence. The difference serves as a reward
signal to update a target system; correspondingly, a similar procedure repeats with Chinese-to-English.
This two directional RL setup enables learning from monolingual data without large parallel data,
separately updating both directions of translation. Dual learning dramatically reduces reliance on
high-quality parallel data and serves as a milestone toward unsupervised machine translation.

RL has been used also in interactive translation tasks such as simultaneous translation. The task
was modeled by Grissom et al. as an MDP, where the agent needs to determine whether to wait for
additional source words or to produce a translation right away Y. With RL training, agents find a
balance between translation latency and translation quality. In case of large word-order disparities
between languages, the model might learn to look ahead to sentence-final verbs, minimizing delays.

Further, RL can be employed to refine strategies for interactive translation's human-machine
interface. For example, models can be aided to decide to ask users to clarify ambiguous words to
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attain improved translation with fewer queries 2. Overall, reinforcement learning provides
sequence-level optimization and interactive learning within machine translation. In place of
employing fixed correspondences with only static data to learn, models are equipped to construct
dynamic translation strategies from interaction with themselves or their world. This broadens MT's
applicability to include low-resource, unsupervised, multilingual, and real-time conditions.

The principle of self-play that gives a boost to AlphaGo is also transferred to translation
metaphorically—multilingual Als could be trained to interact with each other in the future. Although
its flaws with NMT, such as high variance and unstable training, are still present with RL, its narrow,
focused achievement with niche tasks opens new ways to the field.

2.4 RLHF for Large Language Model Finetuning

Large language models (LLMs) such as GPT-3 possess great generation capacity, but they also
produce output that can be unlike human intent, including incorrect or toxic content. In an effort to
fine-tune such models to be better-behaved, scholars have been trying reinforcement learning from
human feedbacks (RLHF) as a tool to get better-behaved models %1, There are typically three stages
to RLHF:

Training a reward model from human feedback data to evaluate LLM output;

Taking a pre-trained LLM as a policy initialization, then using RL algorithms to adjust model
parameters to get higher reward scores;

Obtaining new data cyclically to update both the reward model and policy, resulting in repeated
refinement (231331,

OpenAl's InstructGPT is a pioneering work in RLHF. In their 2022 NeurlPS paper, Ouyang et al.
defined the process: training a reward model from human preference data and then fine-tuning GPT-3
with PPO to improve compliance with instructions and to produce useful, safe output. Surprisingly,
the 1.3B-parameter InstructGPT model even outperformed the 175B-unaligned GPT-3 on human
preference ratings across a number of instruction-following tasks ™,

RLHF is also being used extensively to train dialogue systems and chatbots to be compliant with
ethics and useful. Anthropic created a “constitutional AI” methodology, using a system of alignment
principles to programmatically build feedback favoring RLHF training, to speed up alignment B4,
Those are further extensions of applications of RL to fine-tune LLMs.

Reinforcement learning is relevant to LLM fine-tuning as a result of human preferences being
difficult to translate to loss functions that are explicit. However, by using comparison data to train a
reward model and then optimising behaviour with RL, it introduces a value-driven component over-
and-above regular maximum likelihood training. High-dimensional optimisation with RL has
challenges such as mode collapse or even reward hacking. Researchers have incorporated protection
measures, such as adversarial metrics within the reward model to detect occasions where output
games the scoring system, or alternatives such as direct preference optimisation that look to capture
the benefit of RLHF without full-blown RL ¥,

However, RLHF remains among the most effective paradigms. OpenAl's GPT-4 technical report,
for example, remarks that supervised pre-training then reinforcement with human feedback still
represents a key step to advancing capability as well as alignment 81, As models increase in size and
variety of application, correspondingly, RL will be central to managing and optimising their behaviour
so that robust Al systems behave as intended by humans.

3. Summary of Major RL Algorithms Applied to CV and NLP Tasks

Across computer vision (CV) and natural language processing (NLP), various reinforcement
learning (RL) algorithms have demonstrated strengths in different environments. Selecting the right
algorithm can significantly impact task performance. The most widely adopted categories include
value-based, policy gradient-based, and actor-critic-based methods. Additionally, contextual bandit
algorithms are used in certain real-time or low-latency decision tasks. Below is a summarized
breakdown of major algorithms and their application suitability:

Deep Q-Network (DQN) Bl a typical value-based algorithm that specialises in problems in
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discrete action spaces.DQN evaluates the long-term payoff of each action through a Q-approximation,
and is suitable for tasks in which the number of actions is limited and explicit rewards can be easily
defined. In CV, DQN is successfully used in discrete decision-making contexts, such as region
selection in images, classification decisions, etc. It has been shown that DQN can achieve good results
by discretising actions in image classification and detection. In NLP, DQN and its extensions are
sometimes used for discrete selection of dialogue strategies. However, DQN performs poorly on high-
dimensional continuous spaces and requires technigques such as empirical playback and goal networks
to ensure training stability. Overall, DQNSs are suitable for scenarios where both states and actions are
small-scale and the reward design is explicit, such as simple text game decision-making or strategy
selection for certain classification/retrieval tasks.

Policy Gradient methods 2411381 algorithms that optimise directly in terms of policies, often used
for problems with continuous and high-dimensional actions. The policy gradient approach does not
need to maintain a value table and is more flexible in modelling the policies. REINFORCE is a Monte
Carlo policy gradient, which is simple in concept but has a high variance, and is usually combined
with Baseline to reduce the variance.Proximal Policy Optimization (PPO) is one of the most popular
policy gradient algorithms in recent years.PPO ensures that the policy does not go to extremes at each
iteration by clipping policy updates, thus ensuring that the policy does not go to extremes at each
iteration. PPO strikes a balance between performance and stability by ensuring that the policy does
not go to extremes in each iteration. In CV, PPO is widely used in continuous control tasks and
situations that require stable training, such as robot navigation and target tracking. For example, in
visual navigation and path planning, the stable update of PPO enables the intelligent to reliably learn
the travelling strategy without losing control due to occasional high-reward sequences. Similarly in
NLP, PPO has become the algorithm of choice for RLHF due to its stability, and is used to fine-tune
large language models so that policy updates can improve preference scores without breaking
language fluency. The advantage of the strategy gradient class of algorithms is that the goal is direct:
they can be optimised directly for the final evaluation metrics, avoiding value function error transfer.
In addition, they are naturally suited to continuous actions and perform well in tasks requiring fine-
grained control.

Actor-Critic methods BI04 these algorithms combine policy gradient and value function
evaluation, which are complementary to each other.Advantage Actor-Critic (A3C) improves the
training efficiency through asynchronous multi-threading, and has had a track record in environments
such as Atari games. Its advantages are stability and fast convergence, which makes it suitable for
real-time scenarios that require fast responses.Deep Deterministic Policy Gradient (DDPG) and Soft
Actor-Critic (SAC) are excellent algorithms for continuous action spaces.DDPG outputs continuous
actions in terms of actors, critically evaluates the Q-value, and is capable of achieve good results in
environments such as robot control, but is relatively under-explored.SAC introduces an entropy
regularity term to encourage the policy to be sufficiently stochastic to promote exploration, and
performs well on high-dimensional continuous control tasks. For continuous decision-making
problems such as robot operation and unmanned driving in CV, SAC and DDPG are often employed.
For example, steering and acceleration continuous control in autonomous driving, smooth and safe
strategies can be obtained with SAC because its maximum entropy framework makes intelligences
less likely to fall into suboptimal deterministic strategies. In NLP, actor-critic is mainly used for text
generation that requires long-term planning, e.g., some studies have tried to optimise the coherence
of long texts with actor-critic: the actor generates sentences, and the criterion scores and guides the
actor to adjust according to the coherence of the whole text. This has exploratory implications for
tasks such as story generation and script generation. However, NLP sequences are discrete and long
compared to CV control, and actor-critic applications need to overcome the problems of high variance
and credit assignment.

Bandit algorithms [“2: multi-armed slot machines and their contextual extensions are useful in
some scenarios of NLP. For example, intelligent news recommendation and advertisement placement
can be modelled as contextual bandit, where one article recommendation is selected at a time based
on the user and the content, with click or no click as a reward. In NLP research, Ranzato et al. have
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considered machine translation as a bandit, where the BLEU score of the translation result for each
sentence is used as a one-time reward, with feedback only on the overall quality and no word-by-
word feedback. Bandit algorithms such as EXP3, LinUCB, etc. can be used for the optimisation of
such one-time decisions. In dialogue system training, a bandit optimization strategy can also be used
if the influence of multiple rounds is not taken into account, and whether the problem is successfully
solved in each round of repetition is taken as a bandit reward. However, the bandit method cannot
directly deal with the problem of long-term rewards, so bandit is not as effective as full RL in tasks
that require sequential decision-making, such as multi-round dialogue and long text generation.
Overall, bandit methods are suitable for single-step decisions or repeated decisions without
dependencies. In the field of NLP, such scenarios include dynamic summary length selection,
selection of the next question in interactive Q&A, and so on.

In summary, different RL algorithms have their own strengths, and should be chosen according to
the task characteristics: DQN for discrete short sequences, PPO/DDPG/SAC for continuous high
dimensionality, PPO for stable improvement of large models, and SAC for high exploration. In
practice, it is also common to combine multiple algorithms, for example, warming up the strategy
with imitation learning and then fine-tuning it with actor-critic, or combining the gradient of the
strategy with Monte Carlo Tree search to improve stability. Table 1 compares the performance of
some algorithms in different tasks:

Table 1: illustrates the principle of aligning different RL algorithms with specific task
characteristics—applying the right tool to the right problem.

Typical Recommended
Task Type Scenario Algorithm Key Advantages
- DQN: Direct modeling of discrete
Discrete Object action spaces; stable convergence.
Decision detection, image DQN/A3C - A3C: Asynchronous updates
Making segmentation accelerate training and reduce
variance.
- PPO: Clipped updates ensure stable
. policy improvement; well-suited for
Visual ! L A
Continuous navigation fine-tuning In complex environments.
. PPO /SAC - SAC: Maximum entropy framework
Control target tracking, : .
. promotes exploration and yields robust
robotic control SN . .
strategies in high-dimensional
continuous spaces.
High- - PPO: Directly optimizes sequence-
_Hign Text generation, level metrics (e.g., BLEU, CIDEr)
Dimensional dialogue with high stability and efficienc
Discrete g PPO + Actor-Critic gh stat ) y and Y.
S response - Actor-Critic: Combines value
equence : L . .
. generation estimation to reduce variance, helping
Generation . P
balance output quality and diversity.
Multi-task o _ - Imitation Lez_irr_n_ng: quckly acquires
Few-Shot or learning. cross- Imitation Learning, an initial policy.
Pretraining, 9, ¢ Actor-Critic Fine- | - Actor-Critic: Fine-tunes via limited
. . domain . . . i,
Fine-Tuning . Tuning interactions for task-specific
adaptation .
adaptation.
- MCTS: Provides accurate short-term
Search'and Board games, Policy Gradient + _ plgnnllng.
Planning strategic - Policy Gradient: Offers global
. . . MCTS R - .
Integration | decision-making optimization capability—highly
complementary.
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4. Challenges and Limitations of Reinforcement Learning

While phenomenal success has been made by RL in CV and NLP, several challenges and
bottlenecks still remain to inhibit broader and deeper applications:

Low sample efficiency, high cost to train: deep RL tends to require a large volume of interaction
data. Training robots by simulation or collecting user feedback to refine language models is time- and
computationally expensive. Millions of games played by self-play were required by AlphaStar, and
ChatGPT's RLHF process depends considerably on human annotation and large computation.
Without sufficient data or a simulator platform, methods by RL tend to fail to converge stably 31,
Improving sample efficiency continues to be a focus area, with active research directed toward
improv[e]d exploration strategies, model-based RL, and offline RL to reduce reliance on interacting
online ©I,

Exploration—exploitation trade-off and sparse rewards: agents are likely to encounter major
rewards very late in training in real-world tasks. Sparse or late rewards induce nearly zero gradients,
leading to deterioration in learning. It's hard to make agents explore well without acquiring
suboptimal habits. Techniques like intrinsic motivation encourage exploration with no extrinsic
reward but have potential to cultivate irrelevant action. In dialogue systems, exploration is extremely
risky—to output something randomly might output something offensive or undefined. Safe
exploration is a new subfield trying to incorporate constraints such that no catastrophic ends are
attained 381,

Reward function design and bias: RL is extremely sensitive to reward function design, and poorly
designed rewards can lead to "reward hacking,” where agents optimise over undesirable aspects of
rewards. E.g., using token-level likelihood as a reward to use during language modeling leads to
models generating repetitive, shallow content. In dialogue, poorly tuned models of rewards can lead
to agents generating generic, complimentary output that scores well but lacks depth 231331, Even with
robots, agents are known to learn to hack up reward structures (e.g., wobbling to simulate walking).
Human-labels applied to rewards within RLHF also introduce noise and subjectivity, which could
bias the reward model and hence learned policy. Recent work explores techniques like contrastive
rewards to add uncertainty penalties to reduce overfitting to flawed reward signals.

Stability and reproducibility during training: deep RL is unstable. Random seed or environmental
initialization variations even by a small margin can produce very diverse policy outcomes. The
majority of state-of-the-art (SOTA) RL outcomes are difficult to reproduce with high variance and
sensitivity to hyperparameters. In large models, even a small update leads to drastic changes in
performance, requiring careful tuning of learning rate, noise, and other hyperparameters. The research
community emphasizes benchmark reproducibility to a greater extent, with a focus toward open-
source environments and code. Algorithms PPO and TRPO offer a more stable policy update and are
responsible for higher reliability, but still, the training of RL remains an art where a person needs to
be experienced with trial-and-error 24151,

Scalability and generalization: although AlphaStar-like work shows success with RL in certain
environments, such strategies are prone to overfitting to certain settings and are not very general. It
remains challenging to apply RL algorithms to new tasks or real-world environments. In hopes to get
better generalization, approaches like domain randomization, transfer learning, and meta-learning are
being explored 2411441,

Game dynamics and multi-agent complexity: in multi-agent settings, game-theoretic complexities
and non-stationarity are faced by RL. Training through self-play leads to equilibrium exploiting but
globally suboptimal strategies. Some adversarial environments produce cycles between strategies
with no dominant policy, making it challenging to train. Population-based training, first- and second-
order optimization methods, and game-theory intuitions are being incorporated to pull multi-agent
RL from local optima and into Nash equilibria. This remains a state-of-the-art challenge 1,

Safety and ethics: especially with NLP, output motivated by RL is ethically dubious. While models
are trained to better align user preference with RLHF, they could also be trained to further augment
annotator bias. Also, optimization with RLHF tends to prioritize perceived user satisfaction over truth,
with a result of "model lying"—systems providing users with things they want to hear, even if they
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are incorrect. This is a threat with dialog, search, and QA programs. Trial and error with RL also
poses the question of how to prevent undesirable behaviors during exploration. Mitigations include
collecting negative feedback, including safety-specific rewards, and output monitoring during
training (11451,

Even though RL has proved to have strong potential in CV and NLP, root issues remain to be
addressed. From algorithm construction to practical use, more work remains to be done to improve
RL's efficiency, stability, generalizability, and safety.

5. Future Prospects and Trends to Watch

Future progress within reinforcement learning applied to CV and NLP should be concurrent with
several other new technologies.

5.1 Integrating RL with Self-Supervised Learning

Self-supervised learning has risen to prominence in recent years, pre-training powerful feature
representations from massive amounts of unlabelled data. There are models such as MOCO and
SImMCLR in CV, and BERT and GPT in NLP. Combining self-supervised learning with RL can, on the
one hand, improve the sample efficiency of RL - using visual or linguistic features extracted from
pre-trained models as state representations, intelligences do not need to learn perception from scratch
and can focus on policy learning faster.

For example, using pre-trained ResNet features as states in visual navigation tasks makes it easier
for agents to learn semantic-based navigation strategies; embedding dialogue states with pre-trained
language models in dialogue strategy learning helps to understand the context M611471,

On the other hand, large self-supervised models themselves have some decision-making
capabilities, and it is also a new idea to consider them as policy networks for RL. For example,
Decision Transformer proposes the problem of equivalently transforming RL into sequence modelling,
using Transformer to directly model ‘state-action-reward’ sequences, and solving the RL problem
with the help of the training paradigm of sequence modelling. This approach achieved comparable
results to traditional RL algorithms on offline RL benchmarks such as the Atari game 41,

In the future, with the emergence of more powerful multimodal self-supervised models, we can
foresee that ‘pre-training + RL fine-tuning’ will become a common paradigm, just as pre-training-
fine-tuning is today in the field of supervised learning. The fusion of large models that provide generic
perception and memory, and RL that injects task-specific optimisation into their decision-making
behaviours, will enable faster adaptation of intelligences to complex environments.

In addition, self-supervised learning can also provide intrinsic rewards for RL: prediction errors
of pre-trained models, for example, can be used as exploration drivers to help the agent learn despite
the lack of external rewards. In conclusion, the model of ‘self-supervised perception + reinforcement
decision-making ’** is expected to greatly expand the boundaries of reinforcement learning
applications, and make breakthroughs in data efficiency and generalisation.

5.2 Reinforcement Learning and Meta-Learning

Meta-learning focuses on the ability of algorithms to quickly adapt to new tasks, which coincides
with the need for RL to converge quickly in new environments. In the future we will see more meta-
learning approaches to reinforcement learning emerge.

For example, the MAML algorithm proposed by Finn et al. has already been used in RL to enable
an intelligence to adapt to a new task in a few steps after training on many small tasks 141, This ability
to ‘learn to learn’ is critical for real-world applications: imagine a group of robots that first learnt how
to walk in a simulated environment, and then when switched to a real different terrain, they can
quickly adapt their gait without having to start from scratch. Directions for meta-RL include the
development of intelligences that can infer environmental dynamics from a small amount of
experience, and the training of networks with internal policy updating mechanisms 1, etc.

There is a similar need in NLP, for example, to train a conversational agent to be able to adjust its
style to match a new user once it has interacted with that user briefly. In the context of RLHF, meta-
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preference learning can also be considered: the ability of a model to update its policy to match new
requirements with less new preference data. The combination of meta-learning and RL also promises
to alleviate the challenges of multi-task learning by training a general-purpose intelligence that can
efficiently perform multiple tasks in vision and language, rather than just excelling at a single task.

5.3 Multimodal Reinforcement Learning and Systems

The development of artificial intelligence is moving towards multimodal fusion, and future
intelligences will need to simultaneously understand signals such as vision, speech, and sound, and
make decisions accordingly. Reinforcement learning as a decision module will be tightly integrated
with multimodal perception to form end-to-end multimodal decision systems. One obvious route is
the combination of vision-verbal-action: for example, having a robot manipulate its environment
based on a human verbal command ‘bring me that red cup’. To achieve this, the intelligence needs a
vision module to recognise the red cup, a language module to understand the semantics of the
command, and finally RL to formulate a sequence of actions to take it. Such systems have been
initially explored in the field of robotics, e.g., Google's SayCan combines a language model to
generate high-level action proposals, and RL to perform low-level control, enabling language-driven
robot manipulation %, Similarly, Singh et al. embedded CLIP into a vision-linguistic-action pipeline
in CLIPort, allowing the robot to learn handling actions based on graphical cues in a desktop task 4.
It is foreseeable that there will be more architectures similar to ‘LLM+RL’ in the future: the large
language model is responsible for planning and reasoning, and the reinforcement learning agent is
responsible for interacting with the environment and executing specific actions, and the two are linked
through dialogues or interfaces. The ‘plan-execute’ paradigm proposed by OpenAl is exactly like this,
which divides complex tasks into two phases: planning is done by the language model, and execution
is done by the RL agent, showing promise in scenarios such as home robots and self-driving assistants.

Another multimodal direction is to incorporate more multimodal interactions in simulations, e.g.,
intelligences can observe images, read text plaques, or even listen to sounds before deciding on an
action. This requires RL algorithms capable of handling multimodal state spaces. Recent work has
used embedded splicing of images and text as RL state inputs to allow intelligences to learn in
environments with visual and textual cues (e.g., travelling in a room based on the direction of arrows
on the wall). With the emergence of multimodal Transformer models (e.g., CLIP 21 ALIGN B3],
which can handle both graphics and text), it is entirely possible to use a unified model as a perceptual
layer to encode multimodal information, which is then connected to an RL decision layer to output
actions.

5.4 Scaling Up and Real-World Deployment

As arithmetic power grows and algorithms improve, we will see larger-scale RL training unfold
on real-world tasks. For example, training hundreds of intelligences simultaneously to simulate city
traffic [54] and learn macro traffic signal control strategies; or deploying RL algorithms on unmanned
vehicles to do path planning and obstacle avoidance on-the-fly . In terms of NLP, in the future,
RLHF may be extended to long-term conversations and even article writing scenarios, allowing
models to learn to interact with people for long periods of time, create content, and at the same time
optimise the style and structure of the text based on feedback 61, It is foreseeable that reinforcement
learning will no longer be limited to games and simulations, but will play a key role in more real-
world systems, such as personalised education systems adjusting teaching strategies through RL,
medical diagnosis Als optimising the testing process through RL 71, and intelligent customer service
dynamically selecting response templates using RL, and so on. In these applications, security and
reliability are crucial, so we will see the pattern of hybrid intelligence: the coexistence of RL
intelligences with rule-based systems, where RL is responsible for the flexible decision-making part
and the rule-based system provides the security boundary. In this way, RL is gradually introduced
into mission-critical systems to ensure safety while enjoying the efficiency gains it brings.

Looking ahead, RL will become more integrated with multimodality, leverage large models, and
focus on human-computer synergy so that it can be useful on a wider range of complex tasks. It is
foreseeable that reinforcement learning will become an indispensable part of the general Al system,
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collaborating with perception and inference modules to achieve truly intelligent behavioural decisions.
We believe that as researchers continue to overcome the above challenges, the application boundaries
of RL will continue to expand and bear more fruitful fruits in the fields of computer vision and natural
language processing.

6. Conclusion

Reinforcement Learning (RL) has made impressive progress in computer vision and natural
language processing in the last five years. From active visual perception to dialogue strategy
optimisation to alignment tuning of large models, RL has demonstrated the unique advantage of
combining perception and decision making. This paper reviews the major applications in this field
from 2020-2025, classifies typical tasks and methods of RL in CV and NLP, summarises the
mechanisms and advantages of mainstream algorithms in each scenario, and discusses the current
challenges and future directions. Overall, reinforcement learning is gradually moving from research
to practice: with more robust and efficient algorithms, as well as integration with self-supervision,
big models and other techniques, RL will play a central role in more real-world Al systems. Of course,
we also need to be aware of the risks and limitations associated with RL applications, and the only
way to achieve safe and reliable reinforcement learning intelligences is to take a multi-pronged
approach to algorithms, data and feedback.
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