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Recently, Large Language Models (LLM) have seen success solving complex tasks
requiring reasoning capabilities. Reinforcement learning fine-tuning has shown to be
capable of training LLMs with the required reasoning capabilities to solve these tasks.
RLFT enables models to learn from environmental feedback, but it introduces new
system-level optimization challenges not found in traditional LLM learning. These
challenges include the management of multiple heterogeneous models, larger context
windows, environment management and workload scheduling. This thesis investigates
these specific bottlenecks and evaluates the effectiveness of current solutions. Three
state-of-the-art RLFT frameworks: HybridFlow, ROLL, and ASearcher, were analyzed,
with a focus on their specific strategies for tackling these issues.

The findings of this thesis indicate that recent innovations, such as flexible model
placement and asynchronous execution, successfully mitigate key challenges in RLFT.
However, it is noted that many of the optimization strategies employed by these
frameworks involve trade-offs between training speed, training stability and system
complexity. Consequently, the thesis concludes that as model and environment
complexity continues to grow, optimizing individual components should not be the
end all be all, and future research should focus on holistic, whole-graph optimization
strategies to ensure scalable and robust RLFT systems.

Keywords: Large Language Models, Reinforcement Learning, System
Optimization

Language: English

2



Aalto-yliopisto KANDIDAATINTYÖN
Perustieteiden korkeakoulu TIIVISTELMÄ
Teknistieteellinen kandidaattiohjelma

Tekijä: Pekko Pesonen
Työn nimi: Optimointimahdollisuudet Suurten Kielimallien Vahvistusoppi-

misjatkokoulutuksessa
Päiväys: 18. September 2025
Sivumäärä: 28
Pääaine: Tietotekniikka
Koodi: SCI3027
Valvoja: Professori Lauri Savioja
Työn ohjaaja(t): Tohtoritutkija Zheyue Tan (Department of Computer Science)

Viime aikoina suuret kielimallit (engl. Large Language Model, LLM) ovat menesty-
neet monimutkaisten päättelyä vaativien tehtävien ratkaisemisessa. Vahvistusoppimis-
jatkokoulutus (engl. Reinforcement Learning Fine-Tuning, RLFT) on osoittautunut
kykeneväksi kouluttamaan kielimalleille näissä tehtävissä tarvittavia päättelykykyjä.
RLFT mahdollistaa oppimisen ympäristön palautteesta, mutta tuo mukanaan uusia
järjestelmätason optimointihaasteita, joita perinteisessä kielimallien koulutuksessa ei
esiinny.

RLFT:n tuomia haasteita ovat useiden heterogeenisten mallien hallinta, suuret
konteksti-ikkunat, ympäristöjen hallinta sekä prosessejen aikataulutus. Tämä kandi-
daatintutkielma tutkii näitä haasteita ja arvioi nykyisten ratkaisujen tehokkuutta. Työ
analysoi kolmea nykyaikaista RLFT järjestelmää: HybridFlow, ROLL ja ASearcher. Ja
analysoi niiden tapoja ratkaista RLFT:n haasteita.

Työn löydökset osoittavat, että viimeaikaiset innovaatiot, kuten joustava mallien si-
joittelu ja asynkroninen suoritus ratkaisevat onnistuneesti RLFT:n keskeisiä haasteita.
Huomataan myös, että monet näiden järjestelmien käyttämistä optimointistrategioista
sisältävät kompromisseja koulutusnopeuden, järjestelmän monimutkaisuuden ja koulu-
tuksen vakauden välillä. Johtopäätöksenä todetaan, että mallien ja ympäristöjen mo-
nimutkaisuuden kasvaessa yksittäisten komponenttien optimoinnin sijaan tutkimuksen
tulisi keskittyä mallintamaan järjestelmä yhtenäisenä graafina ja optimoimaan se ko-
konaisuutena.

Avainsanat: Suuret kielimallit, Vahvistusoppiminen, Järjestelmoptimointi
Kieli: Englanti
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1 Introduction

Large language models (LLMs) have become a mainstream tool, used in research, industry
and everyday life. These models have shown capabilities such as translation, code
generation and problem solving [1]. The transformative potential of LLMs is proven
by their rapid widespread adoption across multiple domains, with use cases ranging from
coding assistants to automated customer service. Recently, agentic LLMs have gathered
increasing interest due to their ability to plan, reason, and execute complicated tasks
that previously required a human in the loop.

Scaling LLM training presents challenges in terms of data availability and achievable
performance improvements. Traditional training approaches depend on massive corpuses
of human-generated text data. Current estimates suggest that LLM training will run
out of new human-generated text data on the internet within the next few years
[30]. Furthermore, training LLMs on a static dataset does not lead to ever increasing
performance in complicated tasks that require reasoning capabilities [14].

Reinforcement Learning Fine-Tuning (RLFT) has emerged as a promising direction to
improve the performance of a pre-trained model. Unlike traditional LLM training, which
focuses on minimizing prediction errors on a fixed dataset, reinforcement learning is
based on an iterative process where the model learns from reward signals given by the
environment. This approach is particularly useful for developing agentic capabilities, as
it enables models to learn from the outcomes of their actions and improve their behaviour
through trial and error.

However, RLFT introduces new optimization challenges that hinder the efficiency
and scalability of training systems, if not addressed. Reinforcement learning systems
require more complicated data management due to training pipelines containing multiple
heterogeneous models and long context windows. Agentic RL also requires an environment
for the agent to interact with. The training system must manage these environments and
possibly consider the added latency in scheduling tasks.

The goal of this thesis is to investigate the optimization challenges of RLFT and proposed
solutions to these challenges. Chapter 2 provides necessary background knowledge on
LLMs and reinforcement learning, Chapter 3 highlights the challenge of managing a large
model during training. Chapter 4 covers the specific challenges introduced by RLFT.
Chapter 5 reviews existing training systems. Finally, conclusions are presented in Chapter
6.
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2 Background

The background chapter introduces necessary background information for the rest of the
thesis. Section 2.1 gives a brief overview of LLMs and the transformer architecture.
Section 2.2 introduces the topic of reinforcement learning. Section 2.3 combines these
topics to discuss how reinforcement learning is used to train LLMs.

2.1 Large Language Models

The term large language model (LLM) was coined by the research community to describe
a new family of language models with unprecedented scale. The trigger for the rise of
LLMs was the release of the transformer architecture [29] by Vaswani et al. in 2017.
The transformer architecture eliminated the need for sequential processing of tokens by
replacing recurrence with a self-attention mechanism. This change allowed for parallel
processing of tokens, which in turn, enabled longer context windows and efficient model
training with unprecedented volumes of data. Research has shown that there exists a
correlation between model size and performance, that follows predictable scaling laws
[11]. Due to this, a substantial amount of resources have been used to scale LLMs to
hundreds of billions of parameters.

The model proposed by Vaswani et al. [29] uses an encoder-decoder approach. The
encoder is responsible for processing input tokens while the decoder is used to generate
output tokens autoregressively, (i.e. all previous tokens are used as input when generating
the next token). Currently most state-of-the-art models, such as the GPT family, are
based on decoder-only architectures [37].

The encoder and decoder are stacks of identical layers, each layer containing sublayers
for self-attention and feed-forward networks. A residual connection followed by layer
normalization is used after each sublayer. The output of a sublayer is given by
LayerNorm(x + Sublayer(x)) where Sublayer(x) is the sublayer function. The key
difference between the encoder and decoder is that the attention mechanism in the decoder
has an additional mask to prevent tokens from attending to tokens that are after them
in the sequence also referred to as causal masking.

The insight behind the attention mechanism is to allow tokens to attend (i.e. share
context) with other tokens in the sequence. This is achieved by computing a query
vector and a corresponding key-value vector pair. The attention score is computed as a
dot product (i.e. similarity) between the query and key vectors. This attention score is
used to compute a weighted sum of the value vectors.

For an input sequence with embedding vectors x1, x2, . . . , xn stacked as rows to form
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X ∈ Rn×dmodel , the query, key and value matricies are first computed.

Q = XW Q, K = XW K , V = XW V

where W Q ∈ Rdmodel×dk , W K ∈ Rdmodel×dk , W V ∈ Rdmodel×dv are the learned weight
matrices. Then the attention is computed as:

Attention(Q, K, V ) = softmax
(︄

QKT

√
dk

+ M

)︄
V

where dk is the dimension of the key vectors and M ∈ Rn×n is an optional mask matrix.
The scaling factor 1√

dk
is added to avoid numerical instability with the softmax function.

Due to the softmax function and the weighted averaging in the attention mechanism,
a single attention mechanism, also referred to as an attention head, can not effectively
capture multiple relationships between tokens at once. Using multiple attention heads in
parallel allows the model to attend to multiple different information subspaces at once.

Multi-head attention is computed as:

MultiHeadAttention(X) = Concat(head1, head2, . . . , headh)W O

where headi = Attention(XW Q
i , XW K

i , XW V
i )

where h is the number of attention heads and W O ∈ Rhdmodel×dmodel is a projection back
to the model dimension.

After an attention layer, each embedding vector in the sequence is separately passed
through a feed-forward network (FFN) consisting of two linear transformations with a
non-linear activation function in between. Mathematically, the FFN is computed as:

FFN(x) = max(0, xW1 + b1)W2 + b2

where max(0, ·) is the ReLU (modern models use alternatives such as GeLU) function
and W1, W2, b1, b2 are the learned weight matrices and bias vectors.

While the transformer architecture described above laid the foundation for modern LLMs,
a substantial amount of research has been done to optimize it. Algorithmic optimizations
such as FlashAttention [2] improve the runtime performance of the model. Architectural
changes such as mixture-of-experts [15] improve the scalability of the model. These
modifications are crucial for scaling LLMs to ever larger sizes.

2.2 Reinforcement Learning

Reinforcement learning (RL), as defined by Sutton and Barto [26], is a machine
learning paradigm focused on finding the optimal behaviour—a mapping from states
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to actions—that maximizes a numerical reward signal. Initially, the learning agent does
not have any knowledge of its environment or its goal. Learning, in RL, is a trial and error
process, unfolding across many iterations of the agent interacting with the environment
and receiving rewards. These rewards should be designed to guide the agent towards its
goal. Because the agents actions change the state of its environment, potentially altering
future rewards, the agent is forced to consider the long-term consequences of its actions.

Sutton and Barto [26] formalize the reinforcement learning problem as a Markov decision
process (MDP). The MDP is a model for sequential decision-making, where an agent
observes its environment and decides on an action to take. An MDP can formally be
defined as a tuple:

(S, A, P, R, d0)

• S is the set of states

• A is the set of actions

• P : S × A → ∆(S) is a transition function P (s′|s, a) which gives the probability of
state s′ when action a is taken in state s.

• R : S × A → R is a reward function r = R(s, a).

• d0 ∈ ∆(S) is the initial state distribution

In an MDP, a T-step trajectory τ (also called episode or rollout) is the sequence of state-
action pairs generated by the agent-environment interaction from the start state to the
terminal state:

τ = [(s0, a0), (s1, a1), (s2, a2), . . . , (sT , aT )]

Each state-action pair (st, at) represents a decision where the agent chose action at while
in state st. The return of a trajectory R(τ) represents the accumulated reward over the
trajectory. It is usually defined as the discounted sum of rewards:

R(τ) =
T∑︂

t=1
γt−1rt = r1 + γr2 + γ2r3 + . . . + γT −1rT

The discount factor γ ∈ (0, 1] determines how much the agent values future rewards
relative to immediate.

The agent’s behavior is determined by its policy π(a|s), a function that maps states to
actions. Policies can be deterministic or stochastic depending on whether they map each
state to a single action or a distribution over actions. The quality of a policy is measured
by the expected return of all trajectories generated by following the policy starting from
the initial state distribution d0.
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The probability of trajectory τ occuring when following policy π is given by:

P (τ |π) = d0(s0)
T −1∏︂
t=0

P (st+1|st, at)π(at|st)

The expected return of a policy over all trajectories is given by:

J(π) = Eτ∼π[R(τ)] =
∑︂

τ

P (τ |π)R(τ)

Therefore, the problem of finding the optimal policy π∗—a behaviour that maximizes the
agent’s expected return—can be expressed as:

π∗ = arg max
π

J(π)

Classic RL methods work well when the state and action spaces are small enough that the
agent can visit most state-action pairs sufficiently many times during training. They also
often assume that we know the transition dynamics of the environment or can accurately
approximate them. However, often in practice problems have large state and action
spaces where these assumptions do not hold. Deep reinforcement learning addresses
these challenges by using functions to approximate the values of states and actions.

The state-value function V π(s) gives the expected return of executing the policy π starting
from state s. Similarly, the action-value function Qπ(s, a) gives the expected return of
taking action a in state s continuing to follow policy π:

V π(s) = Eτ∼π[R(τ) | s0 = s], Qπ(s, a) = Eτ∼π[R(τ) | s0 = s, a0 = a]

The advantage function Aπ(s, a) = Qπ(s, a) − V π(s) gives a numerical measure of how
much better (or worse) action a is compared to the average action of the policy in state
s.

The large state and action spaces in deep RL make computing exact values for these
functions impossible. Therefore, deep RL uses functions such as neural networks to
approximate them.

V π(s) ≈ Vϕ(s), Qπ(s, a) ≈ Qϕ(s, a)

where ϕ represents the learnable parameters of these function approximators.

Policy gradient methods [27] [12] are a widely adopted class of methods for training
policies in deep RL. In policy gradient methods, the policy is approximated by its own
function approximator. During training, the policy parameters θ are directly adjusted in
the direction that increases the expected return. Crucially, the policy gradient theorem
states that we can compute an estimate for the gradient of the expected return using
trajectories sampled from the current policy:

∇θJ(πθ) = Eτ∼πθ

[︄
T −1∑︂
t=0

∇θ log πθ(at|st) Ât

]︄
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∇θ log πθ(at|st) represents the direction that the parameters should be changed to increase
the probability of taking action at in state st, and Ât is some estimate of the advantage
function such as generalized advantage estimation (GAE) [20]. Intuitively, changing the
parameters θ in the direction of the gradient increases the probability of taking actions
that are better than average. The same logic also applies to decreasing the likelihood of
actions that have negative advantage.

2.3 Reinforcement Learning for Large Language Models

In the context of LLMs, neither of the assumptions of classical RL hold. The state space
(possible sequences of tokens) and action space (model vocabulary) are extremely large.
Furthermore, the transition dynamics of how each token influences subsequent states is
not known. These factors necessitate RLFT to use deep RL methods.

The RLFT training loop involves iterating through three stages [31] [23]: generation,
inference, and training. In the generation stage, the actor model generates responses for
a batch of prompts. In agentic RL, the actor model interacts with its environment during
response generation. The output of the generation stage is called a rollout, which consists
of responses (rollout samples) generated during the stage.

In the inference stage, the critic, reference and reward models evalute the rollout samples.
The critic model estimates the value, for computing the advantage, of each token in the in
the sample. The reference model computes KL penalties, which prevent large deviations
in the actor model. Lastly, the reward model scores the quality of generated samples.

The training stage combines the outputs of the three models in the inference stage with
the rollout samples from the generation stage to compute the final training objective. The
training objective is used to update the model parameters of the actor. Depending on the
algorithm, the parameters of the critic model are also updated during the training stage.
The updated parameters are then synchronized across all devices for another iteration of
the training loop.

Two popular policy gradient methods in RLFT are Proximal Policy Optimization (PPO)
[19] and Group Relative Policy Optimization [21]. PPO improves upon earlier policy
gradient methods by using a clipped surrogate objective that discourages large deviations
in the policy. Moreover, PPO improves sample efficiency by using the same sample for
multiple policy updates. GRPO is a variant of PPO, which eliminates the need for a
separate value function (critic model) by computing advantages relative to a group of
rollout samples. This significantly reduces computational complexity of the training loop
and shows comparable training performance to other policy gradient methods. Figure 1
shows a comparison of PPO and GRPO.
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Figure 1: Dataflow graphs of PPO and GRPO training loops. Adapted from [21].

3 Challenges in Scaling LLM Training

Scaling LLM training is not as simple as increasing the computational resources. In
addition to compute, training systems require massive amounts of memory which no
single device can provide. These memory constraints require training of large models
to be distributed across multiple devices, which leads to other challenges, such as
communication bottlenecks, decreasing training efficiency (i.e. compute utilization). A
central challenge of scaling LLM training is architecting the training pipeline to maximize
compute utilization while simultaneously attending to these constraints. This chapter
discusses the parallelism strategies and model placement techniques required to scale
LLM training.

3.1 Data Parallelism

Data parallelism is the most common parallelism strategy when scaling LLM training. It
splits the training data into multiple batches which are processed in parallel on different
devices. After processing a batch, the gradients from each device are aggregated to
update the model parameters. Data parallelism is widely used due to its simplicity and
high scalability. The main drawback of naive data parallelism is that each data parallel
process requires a full copy of the model parameters.

For small models, it is possible to use data parallelism on a single machine with multiple
GPUs. For larger models, distributed data parallelism (DDP) is required. A simple
approach to DDP is the parameter server architecture [13], which divides nodes into
workers and servers. Worker nodes pull the model parameters from the parameter server,
process a batch of input data, and push updates back to the parameter server. However,
this creates a communication bottleneck when multiple workers try to synchronize
parameters simultaneously, limiting the scalability of the parameter server architecture.
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(a) Row Parallel Matrix Multiplication

X = [X1, X2]

×

A =

[
A1

A2

]

=

Y1

+

Y2

= Y

Y = Y1 + Y2

(b) Column Parallel Matrix Multiplication

X

×

A = [A1, A2]

=

Y1

,
Y2

= Y

Y = [Y1, Y2]

Figure 2: Parallelism strategies for matrix multiplication. (a) Input and weight matrices
partitioned, results summed. (b) Only weight matrix partitioned, results concatenated.
Adapted from [24].

Modern approaches to data parallelism such as ZeRO [17], forgo the need to duplicate
model parameters for each data parallel process by partitioning model parameters across
processes. This partitioning shows only a 1.5x increase in communication overhead while
providing memory savings relative to the degree of data parallelism [17].

3.2 Tensor Parallelism

Tensor parallelism, as decribed in the original Megatron-LM [24] paper, is an intra-layer
partitioning, where the tensors within layers are partitioned across multiple devices along
a specific dimension. In transformer architectures, the attention and feed-forward layers
contain large matrix multiplications that can be parallelized using tensor parallelism.
Figure 2 shows two strategies for parallelizing matrix multiplication across multiple
devices. Tensor parallelism distributes memory consumption and computational workload
across multiple devices, reducing the per-device memory requirements. However, tensor
parallelism introduces communication overhead as the intermediate tensors inside a layer
must be synchronized using all-reduce operations at least twice per layer. These frequent
synchronization operations necessitate high-bandwidth communication between tensor
parallel devices e.g. NVLink or NVSwitch.

3.3 Pipeline Parallelism

Pipeline parallelism partitions the model across layers, placing different layers on different
devices. As with tensor parallelism, the goal of pipeline parallelism is to enable efficient
training of large models that can not fit into the memory of a single device. In pipeline
parallelism, the activations of one pipeline stage are passed as the input to the next
stage. Unlike tensor parallelism, this does not require frequent communication between
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devices, but it does introduce sequential dependency between pipeline stages. The naive
approach would be to process the entire input in every stage before passing it to the next
stage. This creates pipeline bubbles, where devices are idle while waiting for inputs. To
mitigate this, training data is divided into smaller micro-batches that are processed in
a pipelined fashion. This approach reduces device idle time by overlapping computation
across stages, but creates imbalances in memory consumption between pipeline stages,
as earlier stages must store activations for multiple micro-batches. Multiple pipeline
scheduling strategies have been proposed e.g. GPipe [8] and PipeDream [7] that increase
the efficiency of pipeline parallelism by reducing pipeline bubbles and balancing memory
consumption between pipeline stages.

Figure 3: 3D parallel pipeline configuration with data, tensor and pipeline parallelism.
Reprinted from [4]

3.4 3D Parallelism & Auto Parallelism

The combination of data, tensor and pipeline parallelism is known as 3D parallelism.
Figure 3 shows a typical 3D parallel pipeline configuration, where tensor parallelism is
applied within nodes, pipeline parallelism is applied across multiple nodes, and data
parallelism is applied across multiple identical pipelines. In modern 3D parallelism
setups, FSDP can be used as the implementation for the data parallelism dimension
to further improve memory efficiency. Combining parallelism strategies creates a
vast space of configuration choices, where each configuration choice affects not only
training throughput but also memory consumption, communication overhead and training
stability. Furthermore, the optimal configuration may not be transferrable between
models different model architectures and hardware setups. Handcrafting optimal
parallelsim strategies is time-consuming and requires extensive expertise.

Auto parallelism systems aim to automate the process of finding the optimal parallelism
strategy. Frameworks such as Alpa [39] and FlexFlow [9] use search algorithms to find
optimal configurations. FlexFlow simulates different parallelism strategies and predicts
their runtime performance. Alpa takes a hierarchical approach by separating intra-layer
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(tensor) parallelism from inter-layer (pipeline) parallelism and uses a compiler to evaluate
configurations within this reduced search space.

4 Challenges Introduced by Reinforcement Learning
Fine-Tuning

In addition to the challenges common to all large language model training, reinforcement
learning fine-tuning introduces its own set of challenges. Agentic RL, where models
interact with dynamic environments, adds yet another layer of difficulty to the training
process. This chapter discusses the specific challenges introduced by RLFT and agentic
RL training. In sections 4.1 and 4.2 we discuss the added complexities in data
management relevant to all RLFT systems, specifically managing model weights and
the context windows. Then we proceed to the challenges of managing environments in
section 4.3 and workload scheduling in section 4.4, which are more specific to agentic RL
training.

4.1 Model Management

While supervised training typically requires managing only a single model, reinforcement
learning introduces more system complexity by requiring the training system to manage
multiple heterogeneous models [25]. PPO-based RL training [19] typically involves four
LLMs [40]: an actor model that is being trained, a critic model for value estimation, a
reference model for KL penalties, and a reward model for evaluating generated responses.
These models differ in their sizes, memory requirements, and computational needs. This
heterogeneity, combined with differing data dependencies and computational patterns,
makes model placement a complex optimization challenge.

The actor model, requires both forward passes for response generation and backward
passes for gradient computation. The critic model evaluates the quality of the actor’s
outputs by estimating the value function. In PPO the critic model is also being
trained, along with the actor. Other algorithms, such as GRPO [21], eliminate the
critic completely. The reference model is a frozen copy of the actor that matches it in
size but requires less computation, performing only forward passes during the inference
stage. Lastly, the reward model evaluates the responses generated by the actor.

Placement of these models across available devices presents several options, each with
different trade-offs. One approach is to place models on separate sets of GPUs, which
enables parallel execution when no data dependencies exist between the models. However,
this strategy leads to GPU idle time during stages when only a some of the models are
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active, resulting in idle time [23]. Another approach is to colocate multiple models on
the same GPUs, which enables memory sharing and reduces data transfers but requires
sequential execution that could otherwise run in parallel. Models that are not used in
the current stage can also be offloaded to CPU memory [18], which is slower but more
abundant than GPU memory.

4.2 Context Management

In RLFT, models tend to generate progressively longer responses over the course of
training [3]. While this increase in context length does initially provide improvements in
reasoning capabilities and model performance, it introduces system-level complications
that ultimately constrain the scalability of the training process [28]. As models generate
longer responses, the memory required for training grows, leading to out-of-memory
errors or context truncation. For agentic reinforcement learning, involving multi-turn
interactions, the problem becomes more severe as each episode accumulates context across
multiple interactions between the agent and its environment.

A case study by Tan et al. [28] demonstrates the practical consequences of these
limitations. They report training a 4-billion parameter model in a Tic-Tac-Toe
environment with a maximum context window of 8,192 tokens. In the beginning, the
length of responses generated by the model grew steadily. At training iteration 13,
the context length of a single episode reached the 8,192 token limit. This caused
context truncation, which degraded the quality of reasoning chains and resulted in severe
performance degradation (see Figure 4).

Figure 4: Impact of context truncation when training a 4B-parameter LLM on Tic-Tac-
Toe. (a) Turn-level context length increases steadily. (b) Episode-level context length
reaches system limit. (c) Sharp decrease in performance caused by context truncation.
Reprinted from [28].

Furthermore, Tan et al. [28] observe, that longer context lengths introduce communication
bottlenecks in distributed training settings. Longer contexts require transferring more
data between training stages. The size of these data transfers scales linearly with context
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length. In a test conducted by them, a model with 32,000 token context length required
transmitting roughly 1 TB of intermediate data per iteration, taking over 20 minutes to
transfer when using 25 Gbps network connection and consuming about a quarter of the
total training time.

4.3 Managing Environments

The core difference between conventional RL and agentic RL lies in the complexity of
the environments. In agentic RL, environments allow the actor to explore, observe, and
modify their state through multi-turn interactions. Environments for coding (debug-gym
[35], SWE-bench [10]), web browsing (WebArena [41], WebShop [34]), GUI operating
(OSWorld [33]), and video games (AgentGym [32]) represent full software stacks including
code execution environments, web browser interfaces, operating system interfaces, and
game engines. These environments allow for tasks that require long interactions, by the
agent, to solve.

Depending on the environment in question, different challenges may arise, such as the
environments having varying latencies, computational requirements, and dependencies.
Many of the currently available RL training environments are designed to be self-managed
[36] such that they do not depend on anything external. WebArena [41], for example,
contains mock copies of multiple websites such as a webshop, Reddit, a map, and an
English Wikipedia. Self managed environments allow the training system to control all
aspects of the environment, but they also require the training system to construct and
manage them, adding more complexity. Environments may also be externally managed,
such as using real websites and APIs. Using externally managed environments removes
the burden of constructing and managing the environment, but it introduces other
challenges such as higher latency and unreliability and costs.

4.4 Workload Scheduling

The generation stage accounts for the majority, around 70% [6], of the total training time
in RLFT systems. Because training pipelines process data synchronously in batches, the
duration of the training stage is dictated by the longest response in the batch, creating
a bottleneck known as the straggler effect [40]. This synchronization requirement leads
to significant GPU underutilization, as devices that finish generating shorter responses
remain idle until the longest sequence is complete, see Figure 6 (a). Furthermore, this
issue is exacerbated by the model’s tendency to generate progressively longer responses
over the course of training (Section 4.2). Rollout scheduling aims to mitigate this issue
by dynamically scheduling rollout tasks when resources become available.
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5 Review of existing Reinforcement Learning Fine-
Tuning Frameworks

This chapter reviews three state-of-the-art RLFT frameworks that propose solutions to
the optimization challenges discussed in chapters 3 and 4. First we introduce HybridFlow,
which introduces a new hybrid programming model to make model management (Section
4.1) in RLFT systems easier. Next we introduce ROLL, which builds upon the innovations
in HybridFlow and introduces new optimizations to the generation stage to mitigate
workload scheduling bottlenecks (Section 4.4); and new tools for managing environments
(Section 4.3). Finally we introduce ASearcher, which implements a fully asynchronous
RL system to efficiently train models with extremely long trajectories.

5.1 HybridFlow

HybridFlow, better known for its open-source implementation verl, presented by Sheng
et al. [23], aims to tackle the challenge the complex model management (Section
4.1). RLFT systems preceding HybridFlow, such as NeMo-Aligner [22] use a multi-
controller architecture to manage the different models required in RLFT. Multi-controller
architectures have very little communication overhead, thus being highly efficient and
scalable. However, due to nodes depending directly on other nodes, the multi-controller
architecture is inflexible to modifications. HybridFlow introduces a hybrid programming
model, which uses a single-controller approach to express the diverese dataflows in RLFT
systems, while still using a multi-controller approach to execute intra-node distributed
computations.

Figure 5: Example dataflow in HybridFlow. Executions in dashed boxes are parallel.
Reference and reward models are colocated and executed sequentially. Reprinted from
[23]

Different models are expressed as workers in HybridFlow. The goal of the worker is
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to decouple intra-node distributed computation from inter-node data dependencies. The
base class 3DParallelWorker automatically handles 3D parallelism strategies, and classes
for different models inherit from this base class to implement model specific operations,
such as ActorWorker, CriticWorker, ReferenceWorker, and RewardWorker. For
example, the ActorWorker implements generate_sequences for generating responses,
while the RewardWorker implements compute_reward for evaluating responses. HybridFlow
also supports modern parallelism strategies such as PyTorch FSDP [38] and ZeRO
[16] through the FSDPWorker and ZeROWorker base classes respectively. The worker
abstraction allows the single controller to conveniently manage data dependencies between
models, without the need to know the specific parallelism strategies used to execute the
models.

The heterogeneous models in RLFT systems employ different data parallelism strategies,
which necessitates efficient data resharding between models. HybridFlow introduces a
new unified transfer protocol to address this challenge. Operations in each model class
are associated with a transfer protocol. A transfer protocol consists of a collect function
and a distribute function. The collect function gathers output data of the function,
and the distribute function distributes input data to the function. When the controller
initiates an operation on a model, the function uses the gather function to immediately
return all output data as data futures. Using these data futures, the controller can initiate
subsequent operations on other models without blocking. The operations are executed
asynchronously, as outputs become available. Crucially, the actual data transfers between
models are handled directly between GPUs, not through the controller.

HybridFlow provisions resources using the ResourcePool class. The ResourcePool
provides an abstraction layer over the physical devices. When a model class is given
a ResourcePool instance, the model is automatically distributed across the device set
using the parallelism strategy defined by the model. If multiple models share the same
ResourcePool instance, they are colocated on the same set of GPUs and executed
sequentially. Conversely, if they are assigned different ResourcePool instances, they
are placed on separate GPU sets and can be executed in parallel, see figure 5.

5.2 ROLL

ROLL (Reinforcement Learning Optimization for Large-Scale Learning) [31] is a library
developed by Alibaba. It is designed to support multiple RLFT algorithms: RL from
human feedback (RLHF), RL with verifiable rewards (RLVR), multi-turn agentic RL;
and multiple use-cases from efficient large-scale training to algorithm research in compute
constrained environments. ROLL builds upon the concepts introduced by HybridFlow
[23] and introduces a new environment worker and rollout scheduler with sample-level
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control.

To mitigate the straggler effect (Section 4.4), ROLL introduces a new RolloutScheduler
that can control the lifecycle of individual generation processes. This combined
with asynchronous reward computation that computes rewards for complete responses
immediately, allows the generation stage to be optimized with dynamic sampling.
Dynamic sampling is the strategy of filtering out samples that do not produce meaningful
gradients (i.e. accuracy score is either 1 or 0). With the sample-level control of the
RolloutScheduler, new prompt samples can be added to the generation stage based on
available resources. After a threshold number of satisfactory samples have been generated,
remaining generation processes can be terminated to free up resources.

Generation Reward Train Sync Weights

(a) Synchronous RLFT

(b) Synchronous RLFT with RolloutScheduler

X

X X

X

X

X

(c) Fully Asynchronous RL

Figure 6: Execution diagrams of (a) Synchronous RLFT where training is bottlenecked
by the longest response in a batch, (b) RLFT using asynchronous rewards and
RolloutScheduler to add and abort samples during generation stage, and (c) fully
asynchronous RLFT.

ROLL addresses the challenge of managing environments (Section 4.3) by introducing a
dedicated EnvironmentWorker that is responsible for managing the environments with
which the actor interacts. As with rewards, ROLL handles environment interactions
asynchronously, such that the actor can process other prompts while waiting for a response
from the environment. Furthermore, The reward worker in ROLL supports multiple
different types of rewards such as mathematical verification, code execution, and LLM-as-
a-Judge. The sample-level control of the RolloutScheduler allows generated responses
to be routed to appropriate reward workers based on the task type.
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5.3 ASearcher

ASearcher [5] aims to train AI agents to solve complex, knowledge-intensive search tasks.
Gao et al. [5] give an example of such task: "As of December 31, 2024, what were the
numbers of gold, silver, and bronze medals won by China in the 2012 London Olympics"
for which there exists multiple conflicting answers online. To solve this task the agent
must be able to identify that some athletes were disqualified for doping. Complex search
tasks, such as this, demand extremely long trajectories, as the required information has
to be gathered from multiple sources.

Figure 7: The agent-environment interaction loop in ASearcher. The actor alternates
between querying and browsing web pages. Webpages are summarized to manage context
length. Reprinted from [5].

To address the efficiency bottleneck caused by long tailed responses (Section 4.4) that
leave other devices idle, existing online RL training systems typically impose a turn
limit (e.g. ≤ 10 turns) during the generation stage [5]. ASearcher implements a
fully asynchronous RL system, which completely decouples the generation stage from
model updates in the training stage, see figure 6 (c). Asynchronous RL prevents long
rollouts from blocking the training loop and allows for extremely long search trajectories,
extending to hundreds of turns, without sacrificing training efficiency. Similar to ROLL
[31], ASearcher also implements dynamic sampling to filter out samples that would not
contribute meaningful gradients to the training process.

While fully asynchronous approaches like ASearcher effectively reduce device idle time,
they introduce a new problem: policy staleness. Policy staleness occurs because long
trajectories are generated using older weights than shorter trajectories, possibly leading
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to training instability and decreases in model accuracy [6]. The staleness problem has left
some researchers hesitant to adopt fully asynchronous approaches despite their superior
efficiency.

ASearcher gives the actor model two tools to interact with: a search engine and a web
browser. As shown in Figure 7, the generation stage begins with a sampled prompt
question. The actor searches for information in an iterative cycle where the it decides
whether to issue a search query or browse a specific webpage. To manage the context
window of the actor from being cluttered by irrelevant data from the webpages and
address the context truncation issue (Section 4.2), ASearcher uses an intermediate
summarization model. Instead of feeding raw webpage content into the context of
the actor, the content is passed through a summarization model that compresses the
information into approximately 100 tokens. This allows the actor to gather information
from numerous sources without exhausting its context window. Asearcher allows for the
summarization model to be trained along with the actor model.

6 Conclusion

This thesis investigated the current optimization challenges in reinforcement learning
fine-tuning systems, specifically looking at the challenges of heterogeneous model
management, context management, environment management, and rollout scheduling.
We also reviewed three state-of-the-art RLFT frameworks that each tackle these
challenges in different ways. HybridFlow shows that complex model management can
be made reasonably simple through a combination of novel abstractions and unified
communication protocols. For workload scheduling, ROLL and ASearcher show that
the straggler effect can be mitigated through asynchronous execution and dynamic
sampling strategies. Though, adoption of asynchronous RLFT is still limited due to the
yet unsolved problem of policy staleness. Furthermore, ROLL addresses environment
management with dedicated environment workers, while ASearcher tackles context
management constraints in long-horizon tasks by using a intermediate summarization
model.

Existing RLFT frameworks offer successful solutions to the challenges discussed in this
thesis, but these solutions will eventually encounter new bottlenecks as large language
models and training systems continue to grow in size and complexity, necessitating
the development of further optimizations. A possible direction to unlock further
optimizations is the development of whole-graph optimized RLFT systems. All
current RLFT systems are compositions of individually optimized black boxes. These
fragmented systems lack the ability for holistic end-to-end optimization. To achieve
such optimizations, the entire RLFT pipeline with all of its models, environments and
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dataflows should be treated as a single computation graph rather than a composition of
individually optimized components.
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