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Figure 1. Agentic Reinforcement Learning end-to-end
training pipeline. The diagram shows the five canonical
stages: a pretrained LLM backbone, supervised fine-tuning
cold start, rollout generation in interactive environments,
reward computation from verifia...

Abstract

This section delivers the conceptual foun-
dations of Agentic Reinforcement Learning.
It defines the field, fixes notation, and lists
the contributions of the survey. Read this
section first; everything that follows builds
on the definitions given here. Executive
overview. Agentic Reinforcement Learning
(Agentic RL) is a family of training meth-
ods. It treats a large language model (LLM)
as a policy embedded in an interactive envi-
ronment. The policy is optimized end-to-end
against trajectory-level rewards. This sur-
vey defines the field, places it within thirteen
years of deep-RL history, and catalogues its
taxonomy, algorithms, pipelines, skills, appli-
cations, benchmarks, failure modes, and open
problems.
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1. Introduction and Conceptual Foundations
of Agentic RL

Representative methods that anchor this survey in-
clude: InstructGPT (Ouyang et al., 2022, RLHF +
PPO chat alignment), Anthropic HH (Bai et al., 2022,
helpful-harmless RLHF), DPO (Rafailov et al., 2023,
closed-form preference loss), DeepSeekMath (Shao et
al., 2024, GRPO + RLVR for math), DeepSeek-R1
(Guo et al., 2025, Nature, pure-RL long-CoT reason-
ing), Tulu 3 (Lambert et al., 2024, open SFT-DPO-
RLVR stack), rStar-Math (Guan et al., 2025, MCTS
self-play + PRM at 7B scale), Light-R1 (Wen et al.,
2025, four-stage SFT-DPO-RL), VAPO (Yu et al.,
2025, value-based PPO refinement), Step-DPO (Lai
et al., 2024, step-wise DPO), Voyager (Wang et al.,
2023, embodied skill library), Plan4MC (Yuan et al.,
2023, planner + skill RL), Math-Shepherd (Wang et
al., 2024, automated PRM), Agentic-R (Liu et al.,
2026, retrieval-augmented GRPO), and Med-R1 (Lai
et al., 2026, IEEE TMI, clinical RLVR). The remain-
der of the introduction unpacks why these methods
matter and how they are organized. The seven an-
chors a reader should retain are: (i) the paradigm
shift from single-turn RLHF (Ouyang et al., 2022; Bai
et al., 2022) to multi-turn POMDP policies (Zhang
et al., 2025; Plaat et al., 2025); (ii) the four-axis
taxonomy — reward source, optimizer family, action-
space horizon, and coordination structure; (iii) the his-
torical arc from DQN (Mnih et al., 2013) through
PPO (Schulman et al., 2017) and InstructGPT to
DeepSeek-R1 (Guo et al., 2025, Nature); (iv) the
dominant algorithms — PPO, DPO, GRPO, VAPO,
Step-DPO — together with KL anchoring and pro-
cess reward models; (v) the benchmark landscape —
AIME 2024, MATH-500, GSM8K, HumanEval, SWE-
bench Verified (500 instances), AgentBench (8 envi-
ronments), WebArena (812 tasks), GAIA (466 tasks),
MCP-Universe (231 tasks across 11 servers), and Rea-
soning Gym (>100 procedural verifiers); (vi) the cata-
logued failure modes — reward hacking, verifier gam-
ing, KL collapse, sycophancy, RLVR backdoors, and
5–15 pt multi-seed variance; and (vii) falsifiable fore-
casts for 2026–2028, including 100-step credit assign-
ment, 50% verifier-gaming reduction, and an open 32B
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reasoning model matching proprietary frontier sys-
tems.

The recent survey by Zhang, Geng, Yu and colleagues
(2025), titled “The Landscape of Agentic Reinforce-
ment Learning for LLMs”, argues that this is a gen-
uine paradigm shift. Classical “LLM-RL” — exem-
plified by InstructGPT-style RLHF (Ouyang et al.,
2022) — frames the model as a one-step token policy
that maps a prompt to a single response and aligns
it to a Bradley–Terry preference reward. Agentic RL,
by contrast, reframes the LLM as a sequential deci-
sion maker that emits thoughts, calls tools, observes
environment feedback, updates memory, and is re-
warded only after a horizon of T tool calls or agent
turns has resolved. Plaat, van Duijn, van Stein and
colleagues (2025) reach a parallel definition in their
“Agentic Large Language Models” survey, identifying
autonomy, multi-step planning, environment ground-
ing, and tool use as the four constitutive properties.

The conceptual gap between LLM-RL and Agentic RL
is not cosmetic. In LLM-RL, the Markov decision pro-
cess collapses to a contextual bandit. The state is
the prompt. The action is the entire response. The
reward is a scalar from a reward model trained on
pairwise human comparisons. The standard estima-
tor is Proximal Policy Optimization (PPO) with a KL
anchor to a reference policy. PPO is deployed in In-
structGPT (Ouyang et al., 2022) and in Anthropic’s
helpful-harmless assistant (Bai, Jones, Ndousse and
colleagues, 2022). In Agentic RL, the underlying ob-
ject is a Partially Observable Markov Decision Process
(POMDP). Its state st encodes the agent’s history of
thoughts, tool calls, and observations. Its action at is
drawn from a heterogeneous space spanning natural-
language tokens, structured tool calls, GUI primitives,
and code edits. Its reward rt may be sparse and ter-
minal (a unit-test result, a user satisfaction rating, a
benchmark completion bit) or shaped by intermedi-
ate process reward models. Horizons routinely reach
T = 10–50 in software-engineering agents on SWE-
Gym (Pan, Wang, Neubig and colleagues, 2024). They
reach T = 30–100 in web agents on WebArena (Zhou
et al., 2023) and MCP-Universe (Luo et al., 2025).

Three feedback modalities now coexist. Reinforcement
Learning from Human Feedback (RLHF) uses pairwise
human preferences over completions to train a scalar
reward model. The policy is then optimized against
that reward model. Kaufmann, Weng, Bengs and col-
leagues (2023) survey the area in depth. Reinforce-
ment Learning from AI Feedback (RLAIF), introduced
by Lee, Phatale, Mansoor and colleagues (2023), sub-
stitutes a strong LLM judge for the human preference

labeler. RLAIF matches RLHF on harmlessness and
helpfulness benchmarks at a fraction of the cost. Rein-
forcement Learning with Verifiable Rewards (RLVR)
abandons the reward model entirely. It uses program-
matic verifiers — symbolic equality on math answers,
unit-test pass/fail on code, regex-checked output for-
mats — as the reward signal. RLVR was popular-
ized by DeepSeekMath (Shao, Wang, Zhu and col-
leagues, 2024) and crowned by DeepSeek-R1 (Guo,
Yang, Zhang and colleagues, Nature, 2025). The Rea-
soning Gym library (Stojanovski, Stanley, Sharratt
and colleagues, 2025) ships more than 100 such veri-
fiers across logic, arithmetic, combinatorics, and gram-
mar tasks. RLVR is structurally different because the
verifier is exact rather than statistical. There is no
reward model to be hacked in the classical Bradley–
Terry sense. The verifier itself can still be gamed,
however (Helff, Delfosse, Steinmann and colleagues,
2026; Shao, Li, Xin and colleagues, 2025).

Three terminological clarifications avoid downstream
confusion. First, Agentic RL is distinct from LLM-
Enhanced RL (Cao, Zhao, Cheng and colleagues,
2024), where the LLM augments a non-LLM RL agent
— for example, by writing reward functions or summa-
rizing observations. Agentic RL trains the LLM itself
as the policy. Second, “agentic” implies multi-step in-
teraction with non-trivial tool, code, GUI, or embod-
ied action spaces; a single-turn chatbot fine-tuned with
PPO is alignment, not Agentic RL. Third, agentic rea-
soning without RL — for example, ReAct (Yao et al.,
2023) and Reflexion (Shinn, Cassano, Berman and col-
leagues, 2023) used purely as inference-time scaffold-
ing — is a precondition rather than a member of the
Agentic RL family; once those scaffolds are made dif-
ferentiable through trajectory-level reward optimiza-
tion, the technique becomes Agentic RL.

The formalism that unifies the field is straightforward.
Let M = (S,A,O, P,R, γ, ρ0, T ) be a POMDP. The
agent observes ot ∈ O (a tool response, a webpage
DOM tree, a Minecraft frame, a unit-test trace), main-
tains an internal language-model state ht that aggre-
gates history, samples an action at ∼ πθ(at | ht),
transitions according to st+1 ∼ P (· | st, at), and re-
ceives rt ∼ R(st, at). The objective is the expected
discounted return J(θ) = Eπθ

[∑T
t=0 γ

trt
]
, with dis-

count γ ∈ [0.95, 1.0]. To prevent catastrophic de-
viation from the pretrained distribution, every mod-
ern Agentic RL recipe — PPO, GRPO, DPO, VAPO
— adds a Kullback–Leibler penalty β · E

[
KL(πθ(· |

ht) ∥πref(· | ht))
]
with coefficient β in [0.01, 0.1], where

πref is typically the SFT-initialized policy.

Five reasons explain why the field crystallized in 2024–
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2025 rather than earlier. First, RLHF on chat data
had largely saturated benchmarks such as MT-Bench
by 2023, leaving headroom for a different objective.
Second, ReAct, Reflexion, and Voyager (Wang, Xie,
Jiang and colleagues, 2023) demonstrated that LLMs
can operate as multi-turn agents at the prompt level,
raising the natural question of whether their poli-
cies could be fine-tuned with environment reward.
Third, cheap rule-based verifiers — symbolic math
checkers, code unit tests, JSON validators — dif-
fused widely, supplying the dense programmatic re-
ward signals that LLM-RL had previously lacked.
Fourth, GRPO (DeepSeekMath, 2024) removed the
value critic and cut memory cost by 25–30%, mak-
ing 70B-parameter RL feasible on commodity 8×H100
nodes. Fifth, the Nature publication of DeepSeek-R1
in early 2025 reported that pure RL elicits long chain-
of-thought reasoning without any SFT cold start, con-
vincing the community that RL alone is sufficient
to unlock new capabilities, not merely refine existing
ones.

The contributions of this survey are six-fold. (1) We
articulate a precise concept boundary between LLM-
RL and Agentic RL drawing on the recent surveys
of Zhang et al. (2025), Plaat et al. (2025), Liu et
al. (2025), Xu et al. (2025), Kaufmann et al. (2023),
and Cao et al. (2024). (2) We trace the historical arc
from DQN (Mnih, Kavukcuoglu, Silver and colleagues,
2013) through PPO and InstructGPT to DeepSeek-
R1 and beyond. (3) We present a four-axis taxon-
omy organizing Agentic RL methods by reward source,
optimizer family, action-space horizon, and coordina-
tion structure. (4) We dissect the algorithmic mecha-
nisms of PPO, DPO, GRPO, VAPO, Step-DPO, and
process reward models, including exact loss functions,
KL anchoring, and group-relative advantage estima-
tion. (5) We compile a benchmark landscape covering
AIME 2024, MATH-500, GSM8K, HumanEval, SWE-
bench Verified (2,294 instances; verified subset of 500),
AgentBench (8 environments), WebArena (812 tasks),
GAIA (466 tasks across 3 levels), MCP-Universe (231
tasks across 11 servers), MCP-AgentBench, τ -bench,
and the Voyager Minecraft auto-curriculum. (6) We
catalogue failure modes — reward hacking, verifier
gaming, KL collapse, sycophancy, jailbreak backdoors
injected through RLVR (Guo et al., 2026) — and ar-
ticulate ten open problems with falsifiable forecasts for
2026–2028.

The remainder of the survey proceeds as follows. Sec-
tion 2 charts the history of Agentic RL from Atari
DQN to DeepSeek-R1. Section 3 presents the four-axis
taxonomy. Section 4 covers algorithmic mechanisms
in detail. Section 5 reviews training pipelines, frame-

Figure 2. A timeline of milestones from 2013 (DQN)
through 2026 (Agentic-R, RLVR-World, Med-R1), high-
lighting two paradigm shifts: the RLHF era beginning with
InstructGPT and ChatGPT (Nov 2022) and the RLVR/R1
era beginning with DeepSeek-R1 (Jan 2025).

works, and compute. Section 6 surveys agent skills
(memory, tool use, planning, search). Section 7 cat-
alogues applications. Section 8 enumerates datasets,
benchmarks, and metrics. Section 9 examines failure
modes and safety. Section 10 lists open problems. Sec-
tion 11 concludes.

2. Historical Trajectory: From Atari to
DeepSeek-R1

Building on the definitions in Section 1, this section
traces the historical arc of Agentic RL. It is orga-
nized as three sub-eras: pre-LLM foundations (1992–
2021), the RLHF alignment era (2022–2023), and the
RLVR/R1 inflection (2024–2026). Each era is an-
chored by representative systems and a decisive bench-
mark.

Representative milestone systems referenced in this
section include: DQN (Mnih et al., 2013, deep Q-
learning on Atari), TRPO (Schulman et al., 2015,
KL-constrained policy update), PPO (Schulman et
al., 2017, clipped surrogate), Deep RL from Human
Preferences (Christiano et al., 2017, pairwise pref-
erences), SAC (Haarnoja et al., 2018, max-entropy
off-policy), AlphaZero (Silver et al., 2017, self-play
Go/chess), InstructGPT (Ouyang et al., 2022, RLHF
for chat), ChatGPT (OpenAI, Nov 2022, public RLHF
deployment), Anthropic HH (Bai et al., 2022, helpful-
harmless), ReAct (Yao et al., 2023, Thought–Action–
Observation loop), Reflexion (Shinn et al., 2023, verbal
reinforcement), Voyager (Wang et al., 2023, Minecraft
skill library), DPO (Rafailov et al., 2023, closed-form
preference loss), AgentBench (Liu et al., 2023, eight-
environment benchmark), WebArena (Zhou et al.,
2023, 812 web tasks), DeepSeekMath/GRPO (Shao
et al., 2024, group-relative critic-free RL), Math-
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Term Symbol Definition Typical Value

Policy πθ Trainable LLM mapping history → action 7B–671B params
Reference
policy

πref Frozen SFT init for KL anchor identical to πθ0

Reward rt Scalar feedback per step or per trajectory ∈ [0, 1] usually terminal
Horizon T Trajectory length 1 (chat) – 50+

(web/embodied)
Group size G Rollouts per prompt for GRPO 8–32
KL coefficient β Strength of π → πref anchor 0.01–0.1
Clip threshold ϵ PPO/GRPO clip width 0.2
Discount γ Reward decay 0.95–1.0

Shepherd (Wang et al., 2024, automated PRM), Tulu
3 (Lambert et al., 2024, open SFT-DPO-RLVR),
DeepSeek-R1 (Guo et al., 2025, Nature, pure-RL long-
CoT), Video-R1 (Feng et al., 2025), Med-R1 (Lai et
al., 2026), and Agentic-R (Liu et al., 2026). We
now place these systems on a thirteen-year timeline.
The arc spans three intellectual periods: the deep-RL
foundation era (2013–2021), the RLHF alignment era
(2022–2023), and the agentic RLVR era (2024–2026).
Each transition was triggered by a single demonstra-
tive system — Atari DQN, ChatGPT, DeepSeek-R1.
Each was preceded by two to three years of under-
ground experimentation. The compute budgets scale
by two to three orders of magnitude per paradigm.
Atari DQN cost about 1017 FLOPs. AlphaGo Zero
used about 1022. InstructGPT’s RLHF was on the or-
der of 1022. DeepSeek-V3 pretraining consumed about
2.8 × 1024 FLOPs. DeepSeek-R1’s RL stage is es-
timated near 1025 FLOPs. Understanding why each
transition happened illuminates why the present syn-
thesis works.

2.1. Pre-LLM Foundations (1992–2021)

The mathematical scaffolding of modern Agentic RL
was laid long before the LLM era. Watkins’s Q-
learning (1989) supplied the temporal-difference esti-
mator; Sutton’s policy gradient theorem (2000) sup-
plied the likelihood-ratio estimator. PPO, GRPO, and
DPO all ultimately invoke one or the other. The piv-
otal moment for deep RL was Mnih, Kavukcuoglu, Sil-
ver and colleagues’ (2013) “Playing Atari with Deep
Reinforcement Learning”, which trained a single con-
volutional Q-network to play 49 Atari 2600 games at
human-comparable level from raw pixels. The Atari
benchmark established the empirical norm that later
carried over to LLMs: train a high-capacity neural net-
work with reward maximization in a controlled simu-
lator.

Trust Region Policy Optimization (TRPO; Schulman,

Levine, Abbeel and colleagues, 2015) introduced a
constrained policy update that prevents catastrophic
deviation from the previous iterate, formalized as
KL(πold∥πnew) ≤ δ. Proximal Policy Optimization
(PPO; Schulman, Wolski, Dhariwal and colleagues,
2017) replaced the explicit constraint with a clipped
surrogate min

(
rtÂt, clip(rt, 1 − ϵ, 1 + ϵ)Ât

)
, achieving

comparable theoretical guarantees with first-order op-
timization at ϵ ≈ 0.2. PPO would, six years later, be-
come the dominant LLM RL optimizer because of its
single-line implementation simplicity and tolerance to
large batch sizes. The same year, Christiano, Leike,
Brown and colleagues (2017) published “Deep rein-
forcement learning from human preferences”, show-
ing that pairwise comparisons on Atari and MuJoCo
trajectories could substitute for hand-crafted reward
functions — the conceptual ancestor of RLHF.

Two further milestones rounded out the deep-RL
toolkit. Soft Actor-Critic (SAC; Haarnoja, Zhou,
Abbeel and Levine, 2018) added max-entropy reg-
ularization αH(π) to the critic loss, producing the
most sample-efficient continuous-control algorithm of
its time and a template for the entropy bonuses now
used in RLVR. AlphaZero (Silver, Hubert, Schrit-
twieser and colleagues, 2017) demonstrated that pure
self-play, with no human data, could surpass world-
champion play in Go, chess, and shogi within 24 hours
of TPU compute, prefiguring the self-improvement
loops that would re-emerge with rStar-Math (Guan,
Zhang, Liu and colleagues, 2025) and Self-Challenging
agents (Zhou, Levine, Weston and colleagues, 2025).

The 2018–2021 period saw model-based RL surveys
(Moerland, Broekens, Plaat and colleagues, 2023, ret-
rospectively summarizing the era), automated RL
(AutoRL; Parker-Holder et al., 2022), and the first
generally-capable agent demonstrations: DeepMind’s
“Open-Ended Learning Leads to Generally Capable
Agents” (Stooke et al., 2021) trained a single agent
to perform well on a procedurally-generated universe
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of tasks, anticipating the Voyager–Minecraft setting.
By the end of 2021, the deep-RL community had
two robust optimizer families (on-policy PPO/TRPO;
off-policy SAC/DDPG), a working preference-learning
paradigm, and an emerging notion of curriculum-
driven open-endedness, but no LLM-scale demonstra-
tion.

2.2. The RLHF Era (2022–2023)

The pivot to language models began when Ouyang,
Wu, Jiang and colleagues (2022) released “Train-
ing language models to follow instructions with hu-
man feedback” — the InstructGPT paper that un-
derpins ChatGPT. The recipe combined three stages:
(i) supervised fine-tuning on demonstration data; (ii)
reward-model training on pairwise comparisons; (iii)
PPO optimization of the policy against the reward
model with a KL anchor to the SFT model. Chat-
GPT’s public release on 30 November 2022 turned this
recipe from an academic curiosity into the industry
standard within two months. Anthropic’s parallel pa-
per “Training a Helpful and Harmless Assistant with
Reinforcement Learning from Human Feedback” (Bai
et al., 2022) reported that RLHF improved harmless-
ness at the cost of mild helpfulness regressions, fore-
shadowing the alignment-tax debate.

2023 produced four advances that, in retrospect, de-
fined the bridge to Agentic RL. (1) ReAct (Yao, Zhao,
Yu and colleagues, 2023) interleaved chain-of-thought
reasoning with tool actions in the format Thought-
Action-Observation, enabling a frozen GPT-3 to query
Wikipedia and outperform fine-tuned baselines on
HotpotQA and Fever. (2) Reflexion (Shinn, Cassano,
Berman and colleagues, 2023) introduced verbal re-
inforcement: after a failed trajectory, the agent gen-
erates a self-critique that is appended to the next
prompt, achieving 91% on HumanEval against GPT-
4’s 80%. Although not gradient-based RL, Reflexion
crystallized the idea of trajectory-level credit assign-
ment in language. (3) Voyager (Wang, Xie, Jiang and
colleagues, 2023) deployed GPT-4 as an open-ended
Minecraft agent that authored its own curriculum, re-
trieved verified skills from a growing JavaScript code
library, and discovered 63 unique items (3.3× the prior
best). (4) Direct Preference Optimization (Rafailov,
Sharma, Mitchell and colleagues, 2023) eliminated the
explicit reward model by deriving a closed-form loss
equivalent to RLHF under Bradley–Terry, reducing
the four-model RLHF stack (actor, critic, reference,
reward) to a two-model stack (actor, reference). DPO
became the default open-source alignment tool within
twelve months and seeded a family — IPO, KTO,
RRHF, Step-DPO — that we discuss in Section 4.

A further set of supporting infrastructure landed
in 2023: AgentBench (Liu et al., 2023) introduced
eight diverse agent environments — operating sys-
tem, database, knowledge graph, digital card game,
lateral thinking puzzles, house-holding, web shop-
ping, web browsing — and revealed that the best
closed model (GPT-4) scored only 4.01/10 average.
WebArena (Zhou et al., 2023) provided 812 web-
navigation tasks across e-commerce, gitlab, reddit, and
CMS clones with end-to-end task completion verified
by hand-written checkers, and the strongest 2023 base-
line reached only 14.4%. The gap between LLM agen-
tic capability and LLM agentic alignment was now
glaring; closing it would require RL fine-tuning of the
policies themselves rather than prompt engineering.

2.3. The RLVR and R1 Inflection (2024–2026)

The 2024–2026 period collapsed RLHF’s reward-
modeling assumption. Three threads converged.
Thread 1: GRPO. DeepSeekMath (Shao, Wang, Zhu
and colleagues, 2024) introduced Group Relative Pol-
icy Optimization, in which the value critic is replaced
by group-relative advantage Âi = (ri − µG)/σG over
a group of G rollouts per prompt. This eliminated
25–35% of GPU memory and stabilized training on
7B–70B reasoning models. Thread 2: Process Re-
ward Models. Math-Shepherd (Wang, Li, Shao and
colleagues, 2024) automated step-level reward annota-
tion via Monte-Carlo rollout completion rates, remov-
ing the need for human-labeled reasoning steps. Pro-
cess Reward Models lifted GSM8K and MATH perfor-
mance by 5–15 absolute points when used as verifiers
at inference. Thread 3: Open recipes. Tulu 3 (Lam-
bert, Morrison, Pyatkin and colleagues, 2024) released
a fully transparent post-training stack — SFT, DPO,
RLVR — together with the data, achieving Llama-3.1-
70B post-trained scores within reach of Claude-3.5 on
AlpacaEval and IFEval.

The watershed moment was DeepSeek-R1. Published
in Nature in 2025 (Guo, Yang, Zhang and colleagues),
it reported that pure RL with verifiable rewards,
applied to DeepSeek-V3-Base (671B MoE, 37B ac-
tive parameters; DeepSeek-AI et al., 2024), elicited
emergent long chain-of-thought reasoning, including
self-correction, backtracking, and explicit verification.
DeepSeek-R1 reached AIME 2024 pass@1 = 79.8%,
MATH-500 = 97.3%, Codeforces ELO 2029, and SWE-
bench Verified 49.2%, matching or surpassing Ope-
nAI’s o1. The variant DeepSeek-R1-Zero, trained
without any SFT cold start, exhibited 71.0% AIME
pass@1 — proof that RL alone, without imitation, suf-
fices to elicit reasoning.
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Within months, the technique generalized far beyond
mathematics. Video-R1 (Feng, Gong, Li and col-
leagues, 2025) extended R1-style RL to multimodal
video reasoning. Ego-R1 (Tian, Wang, Guo and
colleagues, 2025) handled ultra-long egocentric video
via Chain-of-Tool-Thought. Med-R1 (Lai, Zhong, Li
and colleagues, 2026, IEEE TMI) applied verifiable
medical answers to vision-language clinical reasoning.
Fino1 (Qian, Zhou, Wang and colleagues, 2025) ported
the recipe to financial reasoning. Agentic-R (Liu, Ma,
Zhu and colleagues, 2026) and BAPO (Liu, Yin, Yan
and colleagues, 2026) trained agents to interleave rea-
soning with on-demand search. GRPO-CARE (Chen
et al., 2025), Pref-GRPO (Wang et al., 2025), and
HiPO (Kachroo et al., 2026) refined GRPO for mul-
timodal and hierarchical settings. VAPO (Yu, Yuan,
Yu and colleagues, 2025) returned a value critic but
with augmented architectural choices, claiming relia-
bility gains on AIME.

The 2025 surveys retrofitted theory onto practice.
Zhang, Geng, Yu and colleagues’ (2025) “The Land-
scape of Agentic Reinforcement Learning for LLMs”
was the first to formally distinguish LLM-RL from
Agentic RL. Liu, Yang, Qian and colleagues’ (2025)
“Reinforcement Learning Meets Large Language Mod-
els” surveyed RL across the LLM lifecycle. Xu, Hao,
Zong and colleagues’ (2025) “Towards Large Reason-
ing Models” focused on reinforced reasoning. Plaat
et al.’s (2025) “Agentic Large Language Models, a
survey” mapped the agentic landscape with a re-
search agenda. Sapkota, Roumeliotis and Karkee
(2025) drew a sharp conceptual line between AI Agents
(single-purpose RL/imitation systems) and Agentic AI
(multi-step, autonomous, tool-using LLM-based sys-
tems).

Two paradigm shifts carry interpretive weight. The
first, in November 2022, recast the LLM as a
preference-aligned conversational tool and made RL
a central training stage. The second, in January 2025,
recast the LLM as a reasoning agent whose inter-
nal cognition can be lengthened, sharpened, and tool-
augmented by trajectory-level RL with verifiable re-
wards. Each shift took roughly six months to reshape
the open-source ecosystem; each was preceded by two
to three years of underground experimentation that
became visible only after a flagship empirical demon-
stration. Whatever follows the R1 era — a likely can-
didate is multi-agent agentic RL with emergent role
specialization, foreshadowed by ManuSearch (Huang
et al., 2025) and Self-Challenging agents (Zhou et al.,
2025) — will probably exhibit the same incubation
pattern: the seeds are visible already, but the demon-
strative system has yet to land.

Figure 3. Four-axis taxonomy of Agentic Reinforcement
Learning. Methods are organized by reward source (RLHF,
RLAIF, RLVR, self-play, PRM), optimizer family (PPO,
TRPO, DPO, GRPO, VAPO, REINFORCE++, Step-
DPO), action and horizon (single-step alignment to em...

A final lens on the trajectory comes from compute scal-
ing. Atari DQN cost roughly 1017 FLOPs. AlphaGo
Zero consumed about 1022. InstructGPT’s RLHF
stage was on the order of 1022. DeepSeek-V3 pretrain-
ing consumed about 2.8 × 1024 FLOPs. DeepSeek-
R1’s RL stage is estimated near 1025 FLOPs. Each
successive paradigm has thus required roughly two
to three orders of magnitude more compute than the
prior one, a pattern that — if maintained — projects
the next-paradigm Agentic RL training run into the
1027 FLOPs range, comparable to leading-edge fron-
tier pretraining budgets.

3. Taxonomy of Agentic RL Methods
Whereas Section 2 traced the chronological arc, this
section turns to a static structural view. It reviews the
four-axis taxonomy used throughout the survey. The
axes are reward source, optimizer family, action-space
horizon, and coordination structure. Each subsection
populates one axis with representative named systems.

With the historical arc established, we now organize
the methods. A defensible taxonomy must be ex-
haustive enough to place every recent method, fine
enough to expose meaningful design trade-offs, and or-
thogonal enough that the axes do not collapse. The
four-axis taxonomy adopted here — reward source
(RLHF, RLAIF, RLVR, self-play, PRM), optimizer
family (PPO, TRPO, DPO, GRPO, VAPO, REIN-
FORCE++, Step-DPO), action-space horizon (T = 1
chat, T = 5–30 tool/SWE, T ≥ 100 embodied), and
coordination structure (single agent, CTDE-MARL,
decentralized POMG, multi-LLM) — emerged from
cross-tabulating the methods catalogued by Zhang et
al. (2025), Liu et al. (2025), Plaat et al. (2025), Cao
et al. (2024), and Xu et al. (2025) with the algo-
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Period Years Defining Algorithm Defining System Decisive Benchmark

Deep-RL
Foundations

2013–
2018

DQN, PPO, SAC, AlphaZero Atari/MuJoCo agents Atari-57
human-normalized score

Open-Ended
Pre-LLM

2018–
2021

PPO + curriculum XLand, MineRL,
OpenAI Five

Generalisation breadth

RLHF
Alignment

2022–
2023

PPO + reward model, DPO InstructGPT,
ChatGPT, Claude

MT-Bench, AlpacaEval

Agentic
Prompting

2023 ReAct, Reflexion, Voyager (no
gradient)

Voyager, AutoGPT AgentBench, WebArena

RLVR & R1 2024–
2026

GRPO, RLVR, PRM, VAPO DeepSeek-R1, Tulu-3,
rStar-Math

AIME 2024,
SWE-bench Verified

rithmic primitives of Schulman et al. (2017), Rafailov
et al. (2023), and Shao et al. (2024). Each axis is
mutually exclusive within itself and largely orthogo-
nal across axes; the residual interactions are treated
in §3.5. Concrete placement examples bracket the
space: InstructGPT sits at (RLHF, PPO, T = 1,
single); DeepSeek-R1 at (RLVR, GRPO, long-CoT
T = 1, single); Voyager at (self-play/verbal, prompt-
only, T ≥ 100, single); ManuSearch at (RLAIF, DPO,
T = 10–30, multi-LLM).

3.1. By Reward Source: RLHF, RLAIF, RLVR,
Self-Play

This subsection groups methods by where their reward
signal originates. The reward source determines the
policy’s objective and largely fixes its family of failure
modes.

Representative systems by reward source include: In-
structGPT (Ouyang et al., 2022, RLHF), Anthropic
HH (Bai et al., 2022, RLHF), Deep RL from Prefer-
ences (Christiano et al., 2017, RLHF prototype), Ope-
nAssistant (Köpf et al., 2023, RLHF crowdsource), Ul-
traFeedback (Cui et al., 2023, RLAIF dataset), Con-
stitutional AI/RLAIF (Lee et al., 2023, LLM judge),
DeepSeekMath (Shao et al., 2024, RLVR for math),
DeepSeek-R1 (Guo et al., 2025, RLVR at scale), Rea-
soning Gym (Stojanovski et al., 2025, 100+ procedu-
ral verifiers), Tulu 3 (Lambert et al., 2024, RLVR +
RLHF hybrid), Math-Shepherd (Wang et al., 2024,
automated PRM), Improve Math by Auto Process
Supervision (Luo et al., 2024, PRM training), R-
PRM (She et al., 2025, reasoning PRM), Lessons of
PRM (Zhang et al., 2025, PRM data quality study),
rStar-Math (Guan et al., 2025, MCTS self-play), and
Self-Challenging Agents (Zhou et al., 2025, generator-
solver loop). Each is placed on the reward-source axis
below. Reinforcement Learning from Human Feed-
back (RLHF), codified by Christiano et al. (2017)
and operationalized by Ouyang et al. (2022) and Bai

et al. (2022), uses pairwise comparisons from hu-
man annotators to fit a Bradley–Terry reward model
rϕ(x, y) = σ(ϕ⊤f(x, y)), then optimizes the policy
against rϕ. Dataset sizes are non-trivial: Anthropic
HH used roughly 161 k pairwise comparisons; Ope-
nAssistant (Köpf, Kilcher, von Rütte and colleagues,
2023) crowdsourced 161,443 messages; UltraFeedback
contains 64 k preference pairs.

Reinforcement Learning from AI Feedback (RLAIF),
formalized by Lee, Phatale, Mansoor and colleagues
(2023), substitutes a strong LLM judge — typically a
more capable frozen model — for the human annota-
tor. RLAIF achieves parity with RLHF on Anthropic’s
HH benchmarks and a 60% headline win rate on sum-
marization, at a labeling cost two orders of magni-
tude lower. The technique introduced “constitutional
AI” style prompts that condition the judge on a writ-
ten set of principles; this is the lineage that produced
Claude’s training pipeline and the LLM-as-Judge sur-
veys of Gu, Jiang, Shi and colleagues (2024). RLAIF
inherits the reward-modeling failure modes of RLHF
— distributional drift, sycophancy, mode collapse —
and adds the new failure mode of judge bias, in which
the judge LLM systematically prefers responses with
its own stylistic tics.

Reinforcement Learning with Verifiable Rewards
(RLVR) is the dominant 2025–2026 paradigm. It feeds
back the binary or graded result of a programmatic
verifier — symbolic answer comparison for math, unit-
test execution for code, format regex for structured
output — directly as the reward signal. DeepSeek-
Math (Shao et al., 2024) introduced the formulation;
DeepSeek-R1 (Guo et al., 2025) scaled it; Reasoning
Gym (Stojanovski et al., 2025) shipped a library of
>100 verifiers. RLVR is exact in a way that reward
models are not: the verifier returns the same reward
on identical inputs and cannot be perturbed by para-
phrase. However, RLVR can be gamed at the verifier
level: Helff, Delfosse, Steinmann and colleagues (2026)
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document cases where RLVR-trained models output
programmatic decoy outputs that satisfy the regex but
not the semantics; Shao, Li, Xin and colleagues (2025)
show that even spurious rewards (random labels with
weak correlation to correctness) can elicit measurable
mathematical performance, exposing how brittle the
link between verifier and capability remains.

Self-Play and Self-Generated Reward rounds out the
axis. Self-Challenging Language Model Agents (Zhou,
Levine, Weston and colleagues, 2025) generate their
own task instances via an adversarial generator-
solver loop and reward themselves via self-consistency.
rStar-Math (Guan, Zhang, Liu and colleagues, 2025)
achieves state-of-the-art mathematical reasoning on
small (1.5B–7B) models by iterating Monte Carlo tree
search self-play, MCTS-derived process reward, and
policy distillation, with no external reward model.
Self-play reward is structurally distinct because it
solves the reward-data scarcity problem at the cost
of introducing self-amplifying biases.

A fifth value worth flagging is Process Reward Mod-
els (PRM), sometimes considered a sub-axis. Math-
Shepherd (Wang, Li, Shao and colleagues, 2024) and
Improve Mathematical Reasoning by Automated Pro-
cess Supervision (Luo, Liu, Liu and colleagues, 2024)
train PRMs that score each reasoning step rather than
only the final answer. Zhang, Zheng, Wu and col-
leagues’ (2025) “Lessons of Developing Process Reward
Models” reports that PRM data quality dominates
architecture; R-PRM (She et al., 2025) shows that
reasoning-driven PRMs further improve over scalar
PRMs.

3.2. By Policy Optimizer: PPO, DPO, GRPO,
VAPO, REINFORCE++

This subsection groups methods by the gradient esti-
mator they use. Optimizer choice determines memory
footprint, stability, and sample efficiency.

Representative optimizers include: PPO (Schulman et
al., 2017, clipped surrogate, ε≈0.2), TRPO (Schul-
man et al., 2015, KL-constrained), DPO (Rafailov
et al., 2023, log-sigmoid pairwise loss), IPO (Azar
et al., 2023, identity preference loss), KTO (Etha-
yarajh et al., 2024, Kahneman–Tversky utility), RRHF
(Yuan et al., 2023, rank-based loss), Step-DPO (Lai
et al., 2024, step-wise DPO), TIS-DPO (Liu et al.,
2024, token-importance DPO), MIA-DPO (Liu et al.,
2024, multi-image DPO), Diffusion-DPO (Wallace et
al., 2024, image alignment), GRPO (Shao et al., 2024,
group-relative critic-free), Pref-GRPO (Wang et al.,
2025, pairwise GRPO for T2I), GRPO-CARE (Chen
et al., 2025, consistency-aware multimodal), BAPO

(Liu et al., 2026, boundary-aware GRPO for search),
HiPO (Kachroo et al., 2026, hierarchical preferences),
VAPO (Yu et al., 2025, value-based augmented PPO),
REINFORCE++ and RLOO (critic-free Monte-Carlo,
2024), TRPA (Su et al., 2025, trust-region approxima-
tion), Group DRO-RL (Panaganti et al., 2026, distri-
butionally robust RL), and Negative-only GRPO (Zhu
et al., 2025, penalty-only training). The remainder of
the subsection compares their costs and stability pro-
files. PPO (Schulman et al., 2017) remains the text-
book choice and underwrites InstructGPT, the An-
thropic HH stack, and most pre-2024 RLHF deploy-
ments. PPO requires four resident copies of the model
— actor, critic, reference, reward model — plus rollout
buffers. For a 70B-parameter actor, PPO commonly
demands 600–800 GB of total accelerator memory at
half precision; OpenRLHF (Hu, Wu, Shen and col-
leagues, 2025) and HybridFlow (Sheng, Zhang, Ye and
colleagues, 2024) ameliorate this via Ray-based actor
distribution and offload-aware schedulers.

DPO (Rafailov et al., 2023) collapses the reward model
into the policy log-ratio: the loss becomes − logσ

(
β ·

[logπθ(yw)/πref(yw) − logπθ(yl)/πref(yl)]
)
. The DPO

family — IPO, KTO, RRHF (Yuan et al., 2023), Step-
DPO (Lai, Tian, Chen and colleagues, 2024), TIS-
DPO (Liu et al., 2024), TR-DPO, MIA-DPO — ex-
ploits the same identity but with different loss shapes,
KL norms, or token-level importance weights. DPO
needs only two resident model copies (actor + refer-
ence) and runs ~3× faster than PPO per epoch on
equal hardware.

GRPO (Shao et al., 2024) drops the critic by us-
ing group-relative advantage. Given G rollouts per
prompt with rewards r1, . . . , rG, the per-rollout advan-
tage is Âi = (ri − µG)/σG, normalized to mean zero,
unit variance. The PPO clip is preserved but applied
at the trajectory level. Memory savings vs PPO are
roughly 25–30% (no critic). GRPO is the optimizer
of choice for RLVR because verifiable rewards produce
naturally clean advantage signals when grouped. Vari-
ants include Pref-GRPO (Wang et al., 2025), GRPO-
CARE for multimodal consistency (Chen et al., 2025),
BAPO with boundary-aware policy optimization (Liu
et al., 2026), and HiPO with hierarchical preference
structure (Kachroo et al., 2026).

VAPO (Yu, Yuan, Yu and colleagues, 2025) reintro-
duces the value critic but with reliability-augmented
architectural choices and is reported to surpass GRPO
on AIME 2024 (60.4 vs 47.0 in head-to-head). RE-
INFORCE++ and RLOO (Reinforce Leave-One-Out)
are critic-free Monte-Carlo estimators that retain un-
biasedness but suffer higher variance; they are favored

8



Title Suppressed Due to Excessive Size

for very long-horizon agentic trajectories where critic
learning is intractable. TRPA (Su, Xie, Liu and col-
leagues, 2025) approximates trust-region updates for
stable LLM RL.

3.3. By Action Space and Horizon: Token, Tool, GUI,
Embodied

This subsection groups methods by the action space
and trajectory length on which they operate. Horizon
strongly determines whether trajectory-level credit as-
signment is tractable.

Representative systems by action space and hori-
zon include: InstructGPT (Ouyang et al., 2022,
T=1 token), Llama-2-Chat (Touvron et al., 2023,
T=1 token), Claude-2 (Anthropic 2023, T=1 to-
ken), ToolBench agents (Tang et al., 2023, T≤8
tool), τ -bench retail/airline (2024, T=10–30 multi-
turn), MCP-AgentBench (Guo et al., 2025, T=10–30
tool), AgentBench (Liu et al., 2023, T=5–30 mixed),
UI-Voyager (Lin et al., 2026, T=10–50 GUI), Vi-
sualWebArena (2024, T=10–50 visual GUI), Assis-
tantBench (Yoran et al., 2024, T=10–30 web tools),
SWE-Gym (Pan et al., 2024, T=5–40 code patch),
SWE-bench Verified (T=5–40), Voyager (Wang et al.,
2023, T≥100 embodied), Plan4MC (Yuan et al., 2023,
T≥100 Minecraft skills), Odyssey (Liu et al., 2024,
T≥100 Minecraft), Agentic Skill Discovery (Zhao et
al., 2024, T≥100 embodied), and VoxPoser (Huang
et al., 2023, T≥50 robotic). Single-step token-level
alignment (chat RLHF) sits at one extreme; embod-
ied lifelong learning (Voyager, Plan4MC) sits at the
other. The horizon T determines whether trajectory-
level credit assignment is tractable. We distinguish six
values along this axis:

1. Single-step alignment (T = 1): RLHF chat, one
prompt → one response, exemplified by Instruct-
GPT, Llama-2-Chat, Claude-2.

2. Multi-turn dialogue (T ≤ 8): conversational
agents, customer-service bots; ToolBench multi-
turn settings.

3. Multi-step tool use (T = 5–30): function-calling
agents using ReAct loops; AgentBench, MCP-
AgentBench (Guo et al., 2025), τ -bench re-
tail/airline.

4. GUI primitive control (T = 10–50): clicks, type,
scroll on real DOM; UI-Voyager (Lin et al., 2026),
VisualWebArena, AssistantBench (Yoran et al.,
2024).

5. Code-patch / SWE (T = 5–40): file open, edit,

run tests; SWE-Gym (2,438 instances; Pan et al.,
2024), SWE-bench Verified.

6. Embodied lifelong (T ≥ 100): Voyager (Wang et
al., 2023), Plan4MC (Yuan et al., 2023), Odyssey
(Liu et al., 2024), Agentic Skill Discovery (Zhao
et al., 2024), VoxPoser (Huang et al., 2023).

3.4. By Coordination Structure

This subsection groups methods by how many agents
are trained jointly. The fourth axis distinguishes
single-agent training from multi-agent and multi-LLM
settings.

Representative systems by coordination structure in-
clude: DeepSeek-R1 (Guo et al., 2025, single-agent
RLVR), InstructGPT (Ouyang et al., 2022, single-
agent RLHF), Voyager (Wang et al., 2023, single-agent
embodied), MADDPG-style CTDE-MARL (classical
multi-agent), Buşoniu et al. (2008, MARL survey),
Zhu et al. (2022, MARL formal review), Decen-
tralized POMG learners (independent Q-learning),
Small LLMs Are Weak Tool Learners (Shen et
al., 2024, multi-LLM planner-caller-summarizer),
ManuSearch (Huang et al., 2025, multi-LLM open
framework), Multi-Agent Debate (Du et al., 2023,
mixed cooperative-competitive), Adversarial Minor-
ity Influence (Li et al., 2025, robust MARL), and
Multi-Agent RL with mutual information (Li et al.,
2025, MARL regularizer). Single-agent Agentic RL
trains one policy in isolation against the environ-
ment; this covers the vast majority of RLVR work.
Centralized-training/decentralized-execution (CTDE)
MARL trains multiple cooperating agents with a
shared critic but independent actors at execution; this
is the framework reviewed by Zhu, Dastani and Wang
(2022) and Buşoniu, Babuška and De Schutter (2008).
Decentralized POMG abandons the shared critic in fa-
vor of fully independent learners. Multi-LLM agentic
RL orchestrates several specialized LLM agents (e.g.,
a planner LLM and a tool-execution LLM), as in Small
LLMs Are Weak Tool Learners (Shen et al., 2024)
and ManuSearch’s transparent multi-agent framework
(Huang et al., 2025). Mixed cooperative-competitive
settings, including adversarial robustness (Li et al.,
2025), are an under-explored sub-cell.

3.5. Cross-Axis Patterns

Although the four axes are largely orthogonal, three
correlation patterns recur. (i) RLVR strongly co-
occurs with GRPO because verifiable rewards stabi-
lize group-relative advantage estimation; conversely,
RLHF historically used PPO because the reward-
model gradient was best smoothed by a learned critic.
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Figure 4. Comparison of PPO with critic, GRPO critic-
free group-relative advantage, and DPO implicit reward.
PPO requires four model copies (actor, critic, reference,
reward); GRPO requires three (actor, reference, reward);
DPO requires two (actor, referenc...

(ii) Long-horizon embodied agents almost always com-
bine PPO/REINFORCE++ with skill libraries and
curriculum learning rather than DPO, because pair-
wise preference labels do not scale to 100-turn tra-
jectories. (iii) Multi-LLM coordination is dominantly
trained with imitation followed by light RL fine-tuning
rather than end-to-end MARL, because the sample
complexity of true MARL exceeds practical budgets
at LLM scale.

Three remaining classification considerations are
worth flagging. First, the boundary between Agen-
tic RL and agentic prompting is fluid: ReAct, Reflex-
ion, Tree-of-Thoughts, and Tree Search for Language
Model Agents (Koh, McAleer, Fried and colleagues,
2024) are inference-time scaffolds with no gradient up-
dates; they become Agentic RL the moment the tra-
jectory is used to train a new policy. Second, the
distinction between RLVR and PRM is increasingly
subtle, because PRMs trained on automatically-rolled-
out completion rates (Math-Shepherd) are arguably a
learned approximation to the verifiable reward. Third,
hybrid recipes — Tulu 3’s “DPO then RLVR”, Light-
R1’s (Wen, Cai, Xiao and colleagues, 2025) “curricu-
lum SFT → DPO → RL” — increasingly dominate
frontier results, suggesting that the future of Agentic
RL is staged rather than monolithic.

4. Core Algorithmic Mechanisms
Whereas Section 3 placed methods on a static taxon-
omy, this section dissects the algorithms that occupy
that taxonomy. It is organized as seven subsections
covering PPO and trust-region variants, the DPO fam-
ily, GRPO and its successors, process reward models,
KL anchoring and entropy, reward shaping and cur-
riculum, and inference-time decoding. Each subsec-

tion names the canonical paper, gives the loss function,
and quantifies the memory footprint at 70B scale.

The taxonomy of §3 placed methods on four axes;
this section dissects the algorithms that occupy them.
We treat seven mechanisms in turn: PPO with trust-
region variants (§4.1), the DPO family of preference
losses (§4.2), GRPO with group-relative advantage
(§4.3), process reward models for step-wise supervi-
sion (§4.4), KL anchoring and entropy (§4.5), reward
shaping and curriculum (§4.6), and inference-time de-
coding (§4.7). For each, we name the canonical paper,
the loss function, the memory footprint at 70B scale,
and the empirical regime in which it dominates. The
unifying observation is that 2024–2026 frontier results
— DeepSeek-R1 at AIME 79.8%, rStar-Math 7B at
MATH 90.0%, Light-R1 32B at AIME 76.6% — com-
bine these mechanisms in three- or four-stage pipelines
(§5) rather than relying on any single optimizer.

4.1. PPO and Trust-Region Variants for Long
Trajectories

Proximal Policy Optimization is the workhorse of LLM
RL. Given trajectories drawn from the current policy
πθold , PPO maximizes the clipped surrogate

LCLIP(θ) = Et

[
min

(
rt(θ)Ât, clip(rt(θ), 1−ϵ, 1+ϵ)Ât

)]
,

where rt(θ) = πθ(a ∗ t | st)/π ∗ θ ∗ old(at | st) is
the importance ratio, Ât is the generalized advantage
estimate (GAE; Schulman, Moritz, Levine, Jordan,
Abbeel, 2015) computed from a critic V ∗ϕ, and ϵ = 0.2
is the standard clip width (Schulman et al., 2017). For
LLM RLHF, the loss is augmented with an entropy
bonus and a per-token KL penalty β · KL(πθ∥πref)
where β ∈ [0.01, 0.1] and πref is the SFT model. The
advantage uses GAE with λ ∈ [0.95, 0.99]. Token-
level PPO (Zhong, Shan, Feng and colleagues, 2024)
treats every token as a step, increasing variance but en-
abling fine-grained credit assignment; trajectory-level
PPO treats the whole completion as one step, mirror-
ing contextual-bandit RLHF.

PPO’s four-model burden is its principal cost. With
a 70B actor, the critic, reference, and reward models
together demand roughly 4 × 140 GB at half preci-
sion, before considering optimizer states. HybridFlow
(Sheng et al., 2024) reframes RLHF as a dataflow
graph and overlaps generation, reward computation,
and update across heterogeneous device pools, report-
ing 1.6×–3.7× throughput gain over baseline PPO.
OpenRLHF (Hu et al., 2025) uses Ray for actor distri-
bution and supports >70B models on 16 H100s. Tulu 3
(Lambert et al., 2024) reports that PPO with a learned
reward model is not uniformly better than DPO on
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Method Family Reward Source Optimizer Horizon Coordination Representative Paper

InstructGPT RLHF PPO T = 1 Single Ouyang et al., 2022
Anthropic HH RLHF PPO T = 1 Single Bai et al., 2022
DPO RLHF (implicit) DPO T = 1 Single Rafailov et al., 2023
Step-DPO PRM DPO

step-wise
multi Single Lai et al., 2024

DeepSeekMath RLVR GRPO T = 1 Single Shao et al., 2024
DeepSeek-R1 RLVR GRPO T = 1 long

CoT
Single Guo et al., 2025

(Nature)
Tulu 3 RLHF + RLVR DPO +

RLVR
T = 1 Single Lambert et al., 2024

Math-Shepherd PRM PPO T = steps Single Wang et al., 2024
Voyager Self-play / verbal none

(prompt)
T ≥ 100 Single Wang et al., 2023

Plan4MC RLVR +
planning

PPO T ≥ 100 Single Yuan et al., 2023

ManuSearch RLAIF DPO T = 10–30 Multi-LLM Huang et al., 2025
Self-
Challenging

Self-play DPO T = 5–20 Single Zhou et al., 2025

Med-R1 RLVR GRPO T = 1 Single Lai et al., 2026
Pref-GRPO RLAIF

(preference)
GRPO T = 1 image Single Wang et al., 2025

Agentic-R RLVR + retrieval GRPO T = 5–30 Single Liu et al., 2026

chat benchmarks but is decisive on long-form open-
ended generation.

For long agentic trajectories, vanilla PPO degrades.
Three engineering refinements have emerged. (i)
Trajectory-level clipping with importance correction
at the trajectory rather than the token level (REIN-
FORCE++; RLOO; Su et al., 2025’s TRPA) reduces
variance but gives up token-granularity. (ii) Asyn-
chronous rollout decouples generation from update via
a stale-policy bound, similar to APPO. (iii) VAPO
(Yu et al., 2025) is a value-based PPO refinement that
introduces architectural reliability tweaks; on AIME
2024 with the same Qwen-32B base, VAPO reaches
60.4 versus 47.0 for vanilla PPO.

4.2. DPO and Preference-Loss Families

DPO (Rafailov, Sharma, Mitchell and colleagues,
2023) derives a closed-form policy update equivalent
to RLHF under Bradley–Terry preferences. The loss
is

LDPO(θ) = −E(x,yw,yl)

[
logσ

(
β [ log πθ(y∗w|x)

π∗ref(y∗w|x) − log π∗θ(y∗l|x)
π∗ref(yl|x) ]

)]
,

where (x, yw, yl) is a triple of prompt, winner, loser.
The gradient amplifies the chosen completion’s log-
probability relative to the rejected one’s, scaled by β
(typically 0.1). DPO removes the reward model and
the critic. The DPO family includes IPO (Identity

Preference Optimization), KTO (Kahneman-Tversky
Optimization), RRHF (Yuan et al., 2023, rank-based),
Step-DPO (Lai et al., 2024) which applies the loss
at each reasoning step, TIS-DPO (Liu et al., 2024)
with token-level importance sampling, MIA-DPO (Liu
et al., 2024) for multi-image vision-language, and
Diffusion-DPO (Wallace, Dang, Rafailov and col-
leagues, 2024) for image alignment.

Two known weaknesses limit DPO. Length bias: DPO
tends to lengthen responses because longer answers
accumulate more positive log-ratio mass; counter-
measures include length-normalized DPO and SimPO.
Off-policy drift: DPO is technically off-policy because
the preference data is fixed at training start; iterative
DPO (Xiong, Dong, Ye and colleagues, 2024; Xiao
et al., 2024) and online iterative RLHF (Ye, Xiong,
Zhang and colleagues, 2024) re-collect preferences pe-
riodically, recovering most of the lost on-policy bene-
fits. Empirically, on AlpacaEval 2.0 length-controlled,
DPO gains roughly 5–10 absolute points over the SFT-
only baseline; iterative DPO adds another 3–5.

4.3. GRPO and Group-Relative Critic-Free
Optimization

GRPO (Shao, Wang, Zhu and colleagues, 2024) is the
optimizer that powered DeepSeek-R1’s rise. For each
prompt x, sample G rollouts {yi}Gi=1 from πθold , evalu-
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ate verifiable rewards {ri}, and compute group-relative
advantage

Â∗i = ri−µG

σG+ϵ∗std , µ∗G = 1
G

∑
j

rj , σ2
G = 1

G

∑
j

(rj−µG)
2.

The loss applies the clip on the importance ratio per
token but with the trajectory-level Âi broadcast:

LGRPO(θ) = E_x
[

1
G

∑
∗i = 1G 1

|y∗i|

∑
∗t = 1|y∗i| min

(
r ∗ i, t(θ)Â ∗ i, clip(r ∗ i, t, 1− ϵ, 1 + ϵ)Â ∗ i

)]
− βKL(π ∗ θ∥π_ref).

Group size G ∈ [8, 32] is standard; below G = 4 the
variance reduction is insufficient. The DeepSeek-R1
recipe used G = 16, batch 1024 prompts, KL coeffi-
cient β = 0.001, learning rate 3×10−6, and trained for
~8000 steps. GRPO drops the critic, reducing memory
by ~25% versus PPO with a same-size value head.

GRPO variants now span the spectrum. Pref-GRPO
(Wang et al., 2025) replaces the pointwise verifiable
reward with a pairwise preference reward for stability
in text-to-image RL. GRPO-CARE (Chen et al., 2025)
adds a consistency-aware regularizer that penalizes in-
consistent intermediate reasoning steps, lifting multi-
modal benchmark scores by 4–8 points. BAPO (Liu,
Yin, Yan and colleagues, 2026) introduces boundary-
aware policy optimization for agentic search, improv-
ing recall–precision Pareto frontiers. HiPO (Kachroo
et al., 2026) imposes a hierarchical preference struc-
ture for adaptive reasoning depth. Group DRO-RL
(Panaganti, Liang, Yu and colleagues, 2026) replaces
the empirical mean-of-rewards with a distributionally-
robust expectation over harder sub-groups, preventing
easy-prompt domination. Negative-only GRPO (Zhu,
Xia, Wei and colleagues, 2025) shows that negative
reinforcement alone — penalizing failures without re-
warding successes — already lifts AIME pass@1 by 8
absolute points.

4.4. Process Reward Models and Step-Wise
Supervision

This subsection covers methods that score every rea-
soning step, not only the final answer. Step-level su-
pervision is the natural complement to long chain-of-
thought training.

Representative process-reward systems include: Math-
Shepherd (Wang et al., 2024, Monte Carlo automated
PRM), Improve Math by Auto Process Supervision
(Luo et al., 2024, MCTS-completion PRM), Lessons of
PRM (Zhang et al., 2025, data-quality study), R-PRM
(She et al., 2025, reasoning-driven PRM), PRM800K
(Lightman et al., 2023, OpenAI step-level corpus),
rStar-Math (Guan et al., 2025, MCTS + PRM at
7B), Step-DPO (Lai et al., 2024, step-DPO loss),
GRPO-CARE (Chen et al., 2025, consistency-aware

multimodal PRM), and Reasoning Through Execution
(Yu et al., 2024, unified process+outcome rewards for
code).

While outcome rewards (final answer correctness) suf-
fice for short trajectories, longer reasoning chains bene-
fit from step-level supervision. Math-Shepherd (Wang,
Li, Shao and colleagues, 2024) automates the labeling:
for each intermediate step, run N Monte Carlo roll-
outs to completion and assign the step a reward equal
to the empirical pass-rate. The PRM trained on these
labels can score new reasoning steps with no human
annotator. On GSM8K, a Math-Shepherd-trained 7B
model improves from 33.5 (DeepSeek-Math base) to
84.1 with PRM-based weighted Best-of-64. R-PRM
(She, Liu, Liu and colleagues, 2025) augments PRM
scoring with reasoning rather than scalar regression,
lifting accuracy further. Improve Mathematical Rea-
soning by Automated Process Supervision (Luo, Liu,
Liu and colleagues, 2024) reports similar gains. rStar-
Math (Guan et al., 2025) integrates PRM as the roll-
out policy guide in MCTS self-play, reaching MATH-
500 = 90.0% with a 7B backbone.

PRM data quality dominates the design space. Zhang,
Zheng, Wu and colleagues’ (2025) “The Lessons of
Developing Process Reward Models in Mathematical
Reasoning” finds that: (i) PRMs trained on Math-
Shepherd-style automated labels under-perform PRMs
trained on a small set of human-annotated steps; (ii)
cross-domain transfer of PRMs is limited; and (iii)
PRMs degrade rapidly on out-of-distribution problem
types.

4.5. KL Anchoring, Entropy, and Reference Policies

This subsection covers the regularizers that prevent
the policy from drifting away from a sensible prior.
Two ingredients dominate: a KL penalty against a ref-
erence policy, and entropy regularization.

Representative recipes that tune these regularizers in-
clude: DeepSeek-R1 (Guo et al., 2025, β=0.001 KL),
Tulu 3 (Lambert et al., 2024, β=0.04 RLVR KL), An-
thropic HH (Bai et al., 2022, β≈0.01 chat KL), Itera-
tive DPO (Xiong et al., 2024, periodic anchor refresh),
Online iterative RLHF (Ye et al., 2024, online KL),
SAC entropy bonus (Haarnoja et al., 2018, α≈0.2 in
continuous control), and TRPA trust-region approxi-
mation (Su et al., 2025, KL-bounded LLM RL).

A pervasive ingredient is the KL penalty β ·
KL(πθ∥πref) that pins the policy near a reference
distribution. Two practical observations: setting β
too low (≤ 0.001) yields aggressive optimization but
rampant reward hacking; setting it too high (≥ 0.1)
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freezes the policy and prevents reasoning emergence.
DeepSeek-R1 used β = 0.001; Tulu-3 RLVR used
β = 0.04; Anthropic’s HH PPO used β ≈ 0.01.
The reference policy is universally the SFT-initialized
model; updating πref during training (so-called “an-
chor refresh”) is occasionally beneficial in iterative set-
tings (Xiong et al., 2024) but risks runaway drift.

Entropy regularization complements KL. SAC-style
entropy bonuses are typically too strong for LLM
RL because the action space (vocabulary) is already
high-entropy; instead, modern recipes lean on the KL
term to maintain entropy implicitly. When entropy is
added, it is scaled to α ≈ 10−3.

4.6. Reward Shaping, Format Rewards, and
Curriculum

This subsection covers auxiliary reward components
and data-ordering schedules. Both are widely used in
2025–2026 frontier recipes.

Representative reward-shaping and curriculum sys-
tems include: DeepSeek-R1 (Guo et al., 2025, format
reward + content reward), Light-R1 (Wen et al., 2025,
length bonus + four-stage curriculum), SwS (Liang et
al., 2025, weakness-driven problem synthesis), Tulu 3
(Lambert et al., 2024, multi-task replay), rStar-Math
(Guan et al., 2025, iterative MCTS curriculum), Rea-
soning Gym (Stojanovski et al., 2025, procedural diffi-
culty schedule), Self-Challenging Agents (Zhou et al.,
2025, adversarial generator curriculum), and Plan4MC
(Yuan et al., 2023, hierarchical skill curriculum).

DeepSeek-R1’s recipe added a format reward:
0/1 for whether the response contains the pre-
scribed <think>...</think><answer>...</answer>
template. This minor scaffolding stabilized early train-
ing because the model could obtain any non-zero
reward by adopting the format before learning the
harder content reward. Reward shaping is other-
wise discouraged because shaped components encour-
age hacking; modern recipes restrict shaping to format
compliance, length bonuses (Wen et al., 2025 Light-
R1), and tool-call validity.

Curriculum learning is widely used. SwS (Liang, Li,
Gong and colleagues, 2025), “Self-aware Weakness-
driven Problem Synthesis”, identifies the model’s
weakest problem types and synthesizes new training
problems targeting them, raising downstream perfor-
mance by 2.5–4 points. Light-R1 (Wen et al., 2025)
follows a four-stage curriculum: SFT-stage-1, SFT-
stage-2 (harder), DPO, then RL — each stage adds
about 1–3 points on AIME 2024.

4.7. Inference-Time Decoding for Trained Agents

This subsection covers what happens after training.
Even an RL-trained policy is usually deployed inside
a search or self-consistency wrapper.

Representative inference-time decoders include: Re-
Act (Yao et al., 2023, Thought-Action-Observation
loop), Tree Search for Language Model Agents (Koh et
al., 2024, MCTS at decode), Q* (Wang et al., 2024, de-
liberative planning heuristic), Self-Consistency (Wang
et al., 2022, majority vote), Best-of-N with PRM
(Math-Shepherd-style, Wang et al., 2024), Plan reuse
for LLM agents (Li et al., 2025, plan cache retrieval),
Cognitive Architectures for Language Agents (Sumers
et al., 2023, modular decode), and Tree-of-Thoughts
(Yao et al., 2023, exploration tree).

Trained agentic policies are typically combined with
one of three inference patterns. ReAct loops (Yao
et al., 2023) interleave Thought and Action up to 30
turns. Tree Search for Language Model Agents (Koh et
al., 2024) runs Monte Carlo Tree Search at inference,
expanding the most promising trajectory branches; on
VisualWebArena, tree search lifts task success by 39%.
Self-Consistency (Wang et al., 2022) samples 16–64
completions and majority-votes; combined with PRM-
weighted Best-of-N (Math-Shepherd), it achieves the
highest GSM8K and MATH numbers reported.

A final algorithmic frontier worth naming is online
vs. offline RL. Most modern Agentic RL is online —
fresh rollouts at every step — which is expensive at
long horizons. Retrospex (Xiang, Shen, Zhang and
colleagues, 2025) couples a frozen LLM agent with an
offline RL critic trained on logged trajectories, recover-
ing most of online RL’s gains at a fraction of the cost.
Off-the-Grid MARL (Formanek et al., 2023) provides
offline MARL datasets. The offline direction is likely
to dominate when trajectory generation is the binding
cost (e.g., real-world web agents subject to rate limits).

5. Training Pipelines, Frameworks, and
Compute

Building on the optimizers of Section 4, this sec-
tion turns from algorithms to systems. It reviews
open-source frameworks, rollout engines, KL anchor-
ing practice, hardware budgets, three-stage pipelines,
and engineering pitfalls. Each subsection lists repre-
sentative tools or recipes by name.

The algorithms of §4 are deceptively compact at the
loss-function level; deploying them at frontier scale is
an industrial-scale systems problem. A modern Agen-
tic RL training run combines four subsystems: a roll-
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Algorithm Year Critic?
Reward
Model? Memory (70B est.) Strength

PPO 2017 Yes Yes ~640 GB Stable, GAE-supported
TRPO 2015 Yes Yes ~640 GB KL-constrained guarantee
SAC 2018 Yes No continuous control Off-policy entropy-max
DPO 2023 No No (implicit) ~280 GB Simple, fast, no RM
Step-DPO 2024 No No ~280 GB Step-wise reasoning
GRPO 2024 No Yes ~480 GB Critic-free, RLVR-friendly
VAPO 2025 Yes Yes ~640 GB Reliability augmented
RLOO/REINFORCE++2024 No Yes ~340 GB Pure MC, low memory
TRPA 2025 Yes Yes ~640 GB Trust-region approximate
Pref-GRPO 2025 No Pairwise ~480 GB T2I stability

out engine that orchestrates parallel agent trajectories
(vLLM, SGLang, TensorRT-LLM); a reward compu-
tation service invoking verifiers, code executors, web
environments, or LLM judges; a policy update loop
running PPO or GRPO over batches of completed tra-
jectories; and a logging-and-evaluation harness that
monitors KL, entropy, format compliance, and task
accuracy throughout. The open-source frameworks
that operationalize this stack — OpenRLHF, Hy-
bridFlow/verl, DeepSpeed-Chat, NeMo-Aligner, TRL,
AReaL — matured between 2023 and 2026, and the
choice among them encodes meaningful trade-offs in
scalability, modularity, and reproducibility. To make
those trade-offs concrete, this section quantifies the to-
ken economy (DeepSeek-R1 generated ∼ 800 B RL to-
kens), the compute economy (7B RLVR ∼1–2 k H100-
hrs; 70B ∼2–5 k; 405B ≥10 k), and the engineering
pitfalls (KL spikes, format-only hacking, length bias,
async staleness, catastrophic forgetting) that distin-
guish reproducible runs from irreproducible ones.

5.1. Open-Source RLHF/RLVR Frameworks

This subsection enumerates the open-source frame-
works that operationalize Agentic RL training. The
choice among them encodes trade-offs in scalability,
modularity, and reproducibility.

Representative frameworks include:
TRL (HuggingFace, 2022, reference
PPO/DPO/KTO/GRPO/ORPO implementations),
DeepSpeed-Chat (Microsoft, 2023, ZeRO-3 + hy-
brid engine three-stage RLHF), OpenRLHF (Hu et
al., 2025, Ray-based PPO/DPO/GRPO/RLOO up
to 70B+), HybridFlow / verl (Sheng et al., 2024,
dataflow-graph scheduling, used by R1, up to 671B),
NeMo-Aligner (NVIDIA, 2024, TP+PP parallelism for
100B+ enterprise actors), AReaL (2025, asynchronous
long-trajectory agentic RL up to 70B), SGLang
(2024, accelerated rollout backend), vLLM (Kwon et

al., 2023, paged-attention rollout), TensorRT-LLM
(NVIDIA, 2024, optimized inference rollout), and
HuggingFace accelerate (2022, distributed training
abstraction). Six frameworks dominate the practical
landscape today. OpenRLHF (Hu, Wu, Shen and
colleagues, 2025) is a Ray-based open-source frame-
work that supports models up to 70B parameters on
commodity 8×H100 nodes. Its design separates the
actor, critic, reward, and reference engines into inde-
pendent Ray actors communicating via remote calls;
this enables asynchronous rollout and update for both
PPO and GRPO. It reports 1.6× throughput over
baseline HuggingFace TRL and integrates with vLLM
for accelerated rollout decoding. HybridFlow (Sheng,
Zhang, Ye and colleagues, 2024), the antecedent of
verl, models RLHF as a dataflow graph in which
each node is a neural-network computation and each
edge a tensor transfer. The runtime transparently
colocates or distributes nodes across heterogeneous
GPU pools, achieving 1.6×–3.7× throughput gain
over the standard PPO baseline.

TRL (HuggingFace) provides reference implementa-
tions of PPO, DPO, KTO, ORPO, RLOO, and
GRPO with a focus on accessibility rather than max-
imum throughput; it is the entry point for most
academic experiments. DeepSpeed-Chat (Microsoft)
bundles ZeRO-3 sharding, hybrid engine acceleration,
and three-stage RLHF (SFT → reward modeling →
PPO). NeMo-Aligner (NVIDIA) targets enterprise-
scale training and supports tensor and sequence par-
allelism for >100B-parameter actors. verl (Volcano
Engine, the open-source release of HybridFlow) has
emerged in 2025 as the de facto choice for GRPO
at scale and powered numerous reproductions of
DeepSeek-R1-style training. AReaL is a recent asyn-
chronous reinforcement-learning framework optimized
for very long agent trajectories on web, code, and em-
bodied environments.
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Framework Year Optimizers
Max
Model Distinguishing Feature

TRL 2022 PPO, DPO, KTO, GRPO,
ORPO

70B Reference implementation, minimal deps

DeepSpeed-Chat 2023 PPO three-stage 175B Hybrid Engine, ZeRO-3
OpenRLHF 2024 PPO, DPO, GRPO,

RLOO
70B+ Ray-based, vLLM rollout

HybridFlow / verl 2024 PPO, GRPO 671B Dataflow scheduling, used by R1
NeMo-Aligner 2024 PPO, DPO, RLHF 100B+ TP+PP parallelism, enterprise
AReaL 2025 GRPO, agentic RL 70B Async long-trajectory RL

5.2. Rollout Generation, KL Anchoring, and
Reference Policies

The rollout engine is the primary throughput bottle-
neck of any RL run. A concrete budget makes this
vivid: a 70B-parameter actor generating 16-rollout
groups on a 1024-prompt batch with average 4 k-token
completions emits 1024 × 16 × 4096 ≈ 6.7 × 107 to-
kens per training step. At sustained throughput of
200 tokens/s/GPU this is roughly 10 minutes per step
on 256 H100s, and the policy update consumes only
a fraction of that. Modern frameworks therefore use
vLLM, SGLang, or TensorRT-LLM as accelerated roll-
out backends, achieving 3–5× speedup over naïve Hug-
gingFace generate. Asynchronous rollout (collecting
trajectories with a stale policy snapshot while updates
proceed on a fresh one) further amortizes the cost; Hu
et al. (2025) report that bounded-staleness rollout re-
tains 95% of on-policy gains while doubling through-
put.

The KL anchor against the reference policy πref is
implemented in two equivalent forms: (a) explicit
per-token penalty added to the reward, rt ← rt −
β logπθ(at)/πref(at); or (b) explicit loss term β ·
KL(πθ∥πref). Form (a) is favored in PPO because
it propagates through the GAE; form (b) is favored
in DPO because the KL is already integrated into
the implicit reward. Coefficient β is tuned per task:
DeepSeek-R1 used β = 0.001 for math RLVR; Tulu-3
used β = 0.04 for chat RLVR; Bai et al. (2022) used
β ≈ 0.01 for HH-RLHF. Tulu 3’s ablations report a
U-shaped curve: at β = 0.001 the model develops
reward-hacking artifacts (degenerate format tokens),
while at β = 0.1 it fails to acquire reasoning at all.

5.3. Hardware, Tokens, and Wall-Clock Cost

DeepSeek-R1 reports training on a 671B-parameter
MoE backbone (37B active per token; DeepSeek-V3
architecture) with RL using verifiable rewards. While
the paper does not disclose total RL compute, com-
munity estimates place it near 1025 FLOPs — about

4–10% of the V3 pretraining budget of ∼ 2.8 × 1024

FLOPs. Tulu 3 (Lambert et al., 2024) reports training
Llama-3.1-70B post-training on 256 H100s for ~6 days,
equivalent to roughly 36 k H100-hours total across
SFT, DPO, and RLVR. rStar-Math (Guan et al., 2025)
reports training a 7B Qwen-derived model on a smaller
cluster (128 A100s) over multiple iterations. A back-
of-envelope cost rule of thumb for academic GRPO
experiments is: 7B model + RLVR ≈ 1–2 k H100-hrs;
70B + RLVR ≈ 2–5 k H100-hrs; 405B+ ≈ 10 k+.

The token economy matters at least as much as the
FLOP economy. DeepSeek-R1 reports ~800 B to-
kens generated during the RL stage. With G=16 roll-
outs per prompt and average completion length 8 k
tokens, that is 6.25 M unique prompts processed —
roughly 100 epochs over a 60 k-prompt math corpus.
Reasoning-Gym (Stojanovski et al., 2025) provides in-
finite procedural prompt streams that obviate fixed-
corpus epoch counts.

5.4. Three-Stage Pipeline: SFT → DPO → RLVR

This subsection describes the staged-training template
that frontier recipes have converged on. Each stage
targets a different failure mode of the previous stage.

Representative staged pipelines include: InstructGPT
(Ouyang et al., 2022, SFT → RM → PPO), DPO
baseline (Rafailov et al., 2023, SFT → DPO), Tulu
3 (Lambert et al., 2024, SFT → DPO → RLVR),
DeepSeek-R1 (Guo et al., 2025, cold-start SFT →
RLVR-GRPO), DeepSeek-R1-Zero (Guo et al., 2025,
pure-RL no SFT), rStar-Math (Guan et al., 2025, it-
erate{ MCTS → PRM → distill }), Light-R1 (Wen et
al., 2025, SFT-1→ SFT-2→ DPO→ RL), Anthropic
HH (Bai et al., 2022, SFT→ RM→ PPO), and BAPO
(Liu et al., 2026, SFT → boundary-aware GRPO).

Frontier 2025–2026 recipes converge on three stages.
Stage 1 (SFT): cold-start the model on curated
chain-of-thought traces. Tulu 3 used 939 k mixed
instruction-tuning samples. Light-R1 used a two-stage
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SFT with progressively harder math/code data. Stage
2 (DPO): align style, factuality, and safety on pair-
wise preference data; Tulu 3 used 96 k preference
pairs from UltraFeedback and other sources. Stage 3
(RLVR): reinforce against verifiable rewards, typically
30 k–60 k math/code prompts × G rollouts. Varia-
tions include Light-R1’s “SFT-1, SFT-2, DPO, RL”
four-stage pipeline and rStar-Math’s iterative MCTS-
PRM-distill loop.

The decision to use SFT cold-start versus pure-RL-
from-base is empirically debated. DeepSeek-R1-Zero
(no SFT) reaches 71.0% AIME but exhibits language
mixing and unreadable chains; DeepSeek-R1 (with
cold-start SFT) reaches 79.8% AIME and is human-
readable. The current consensus is that pure-RL-from-
base is feasible but produces inferior chain-of-thought
expression, which the cold-start phase repairs.

5.5. Engineering Pitfalls

Five engineering pitfalls recur across the field. (1) KL
spikes: when generation length surges, the per-token
KL drops while the per-trajectory KL spikes, fooling
early-stopping heuristics. (2) Reward hacking via for-
mat: with a too-loose format check, models exploit the
regex by outputting empty <answer></answer> tags
then claiming correctness; mitigation is a strict tag-
content non-empty check. (3) Length bias under DPO:
chosen completions are systematically longer; SimPO
and length-controlled DPO mitigate. (4) Rollout stal-
eness: async rollout with stale policy can diverge if the
staleness exceeds 4 update steps. (5) Catastrophic for-
getting: aggressive RL on math degrades MMLU and
GSM-Plus by 1–4 points; multi-task RL with replay
mitigates.

Reproducibility remains a major problem. The Evalu-
ation Challenge of Agency (Dong, Liu, Wang and col-
leagues, 2026) documents that LLM agent benchmark
scores can fluctuate 5–15 percentage points across re-
runs due to non-determinism in the environment, the
LLM sampler, or both. Best practice is to report mean
± std over at least 3 random seeds and to publish full
rollout logs.

In aggregate, the pipeline literature has converged
on a handful of templates and a small set of well-
understood hyperparameters. The principal remaining
uncertainty is how to schedule RL across stages: simul-
taneous multi-task RL versus per-domain sequential
RL is unresolved, and ablations from Tulu 3 and Light-
R1 disagree on which is better for general-purpose
post-training.

6. Agent Skills: Memory, Tool Use, Planning,
and Search

Whereas Section 5 treated training systems, this sec-
tion turns to the inference-time outer loop that wraps
a trained policy. It reviews five primitive families: Re-
Act/Reflexion verbal reinforcement, tool-augmented
function calling, tree search and self-challenging, mem-
ory hierarchies, and GUI/embodied skill discovery.

A trained Agentic RL policy is only the inner loop
of an agent. The outer loop binds the policy to
memory, tools, planners, and search procedures, each
of which can itself be RL-optimized. This section
catalogues five primitive families: ReAct/Reflexion-
style verbal reinforcement (§6.1), tool-augmented and
multi-LLM function calling (§6.2), tree search and
self-challenging (§6.3), memory hierarchies including
working, episodic, semantic, and procedural memory
(§6.4), and GUI/embodied skill discovery with Voy-
ager, Plan4MC, Odyssey, UI-Voyager, and VoxPoser
(§6.5). Three robust empirical lessons recur: (a) exter-
nal scaffolding plus RL fine-tuning beats either alone
— ReAct + GRPO outperforms ReAct prompting and
outperforms GRPO over plain text; (b) skill libraries
enable transfer — a Voyager agent that has acquired
“mine wood” reuses it across “build house” and “make
pickaxe”; and (c) memory introduces a new failure
mode in which agents poison their own context with
hallucinations that propagate forward.

6.1. ReAct, Reflexion, and Verbal Reinforcement

This subsection covers prompt-level scaffolds that op-
erationalize trajectory-level credit assignment without
parameter updates. They are the inference-time com-
plement to gradient-based RL.

Representative verbal-reinforcement systems include:
ReAct (Yao et al., 2023, Thought-Action-Observation
loop), Reflexion (Shinn et al., 2023, self-critique trajec-
tory feedback), Tree-of-Thoughts (Yao et al., 2023, ex-
ploration tree), Voyager (Wang et al., 2023, embodied
skill verification), Self-Refine (Madaan et al., 2023, it-
erative self-edit), Learning From Failure (Wang et al.,
2024, negative-example fine-tuning), Retrospex (Xi-
ang et al., 2025, offline-RL critic + frozen agent), and
Self-Challenging Agents (Zhou et al., 2025, generator-
solver verbal loop). ReAct (Yao, Zhao, Yu and col-
leagues, 2023) introduced the canonical agentic loop:
Thought→ Action→ Observation, repeated until ter-
mination. The model emits free-form reasoning, then
a tool call or final answer; the environment returns an
observation; the loop continues. With this scaffold,
frozen GPT-3 outperformed fine-tuned baselines on
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Pipeline Recipe Stage Sequence Tokens RL Result

InstructGPT (2022) SFT → RM → PPO ~10 B RLHF baseline
DPO (2023) SFT → DPO 0 (offline) Cheap RLHF substitute
Tulu 3 (2024) SFT → DPO → RLVR ~30 B Llama-3.1-70B

SOTA-open
DeepSeek-R1 (2025) SFT → RLVR (GRPO) ~800 B AIME 79.8 / MATH 97.3
rStar-Math (2025) iterate{ MCTS rollouts → PRM → distill } ~60 B 7B reaches MATH 90.0
Light-R1 (2025) SFT-1 → SFT-2 → DPO → RL ~120 B 32B reaches AIME 76.6

HotpotQA (multi-hop QA over Wikipedia) and Fever
(fact verification) using only a Wikipedia API. The
empirical lesson — interleaving reasoning with acting
outperforms either alone — became the design pattern
that every subsequent agentic system instantiates.

Reflexion (Shinn, Cassano, Berman and colleagues,
2023) extended ReAct with verbal reinforcement: after
a failed trajectory, the agent generates a self-critique
that is appended to its next prompt. Reflexion is
not gradient-based RL — no parameters are updated
— but it operationalizes trajectory-level credit assign-
ment in language. On HumanEval, GPT-4 + Re-
flexion reaches 91.0% pass@1 (vs 80% for the plain
GPT-4); on AlfWorld, a Reflexion agent reaches 97%
success in 3 trials versus 75% one-shot. The pro-
motion of Reflexion-style self-critique into a trainable
phase — generate critique, then optimize the policy
to act on the critique — is central to recent Agentic
RL work, including Self-Challenging Language Model
Agents (Zhou et al., 2025).

Learning From Failure (Wang, Li, Han and col-
leagues, 2024) integrates negative examples explicitly
into agentic fine-tuning, yielding a 10–15% relative im-
provement over positive-only SFT. Retrospex (Xiang,
Shen, Zhang and colleagues, 2025) couples a frozen
LLM agent with an offline RL critic trained on logged
trajectories, enabling cost-efficient agent improvement
without re-rolling out.

6.2. Tool-Augmented Policies and Function Calling

This subsection covers the systems that connect an
LLM policy to external APIs, code interpreters,
browsers, and Model Context Protocol servers. Tool
use is the ingredient that converted LLMs from text
predictors into agents.

Representative tool-augmented systems include: Tool-
former (Schick et al., 2023, self-supervised tool
use), ReAct (Yao et al., 2023, Wikipedia API tool
calls), ToolBench (Tang et al., 2023, 16,464 REST
APIs), Small LLMs Are Weak Tool Learners (Shen
et al., 2024, planner-caller-summarizer multi-LLM),

CATP-LLM (Wu et al., 2024, cost-aware tool plan-
ning), Coding Agents with Multimodal Browsing (Soni
et al., 2025, browser-equipped generalist), MCP-
Universe (Luo et al., 2025, 11 MCP servers, 231
tasks), MCP-AgentBench (Guo et al., 2025, MCP-
mediated tool benchmark), Building Math Agents
with Iterative DPO (Xiong et al., 2024, multi-turn
code-interpreter DPO), Agentic-R (Liu et al., 2026,
retrieval-augmented GRPO), BAPO (Liu et al., 2026,
boundary-aware search GRPO), τ -bench (Yao et al.,
2024, retail/airline conversation), and ManuSearch
(Huang et al., 2025, multi-LLM transparent search).
Tool use was the principal ingredient that converted
LLMs from text predictors into agents. Early systems
(Toolformer, ReAct) called external APIs via prompt-
based instruction; modern function-calling has stan-
dardized around JSON schema specifications, func-
tion/tool selection, and structured arguments. Three
RL-relevant developments deserve note.

Multi-LLM tool agents. Small LLMs Are Weak Tool
Learners (Shen, Li, Chen and colleagues, 2024) decom-
poses the agent into a planner LLM, a caller LLM,
and a summarizer LLM, each fine-tuned on its own
role-specific data. This decomposition gives small
(≤7B) models near-parity with monolithic 70B agents
on ToolBench, at one-tenth the inference cost. CATP-
LLM (Wu, Wang, Meng and colleagues, 2024) adds
cost-aware tool planning, jointly optimizing solution
quality and tool-call cost.

Tool-call grading and self-critique. Coding Agents
with Multimodal Browsing (Soni, Li, Wang and
colleagues, 2025) demonstrate that a coding agent
equipped with a multimodal browser tool generalizes
across GUI, code, and document tasks — provid-
ing empirical evidence that tool-augmented agents are
general-purpose problem solvers. MCP-Universe (Luo,
Shen, Yang and colleagues, 2025) benchmarks 11 real
Model Context Protocol servers across 231 real-world
tasks, exposing the brittleness of current tool-using
LLMs in production.

RL fine-tuning for tool use. Building Math Agents
with Multi-Turn Iterative Preference Learning (Xiong,
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Shi, Shen and colleagues, 2024) trained code-
interpreter math agents end-to-end with iterative
DPO over multi-turn trajectories, raising GSM8K and
MATH by 4–7 points over the SFT baseline. Agentic-
R (Liu, Ma, Zhu and colleagues, 2026) and BAPO
(Liu, Yin, Yan and colleagues, 2026) RL-train search-
using agents on web QA tasks; they report that
boundary-aware policy optimization preserves recall at
high precision better than vanilla GRPO.

6.3. Tree Search, Plan Reuse, and Self-Challenging

This subsection covers methods that generate or reuse
explicit plans during the agent’s outer loop. The three
patterns — search at decode, retrieval of cached plans,
and adversarial self-challenge — are increasingly com-
bined.

Representative search-and-plan systems include: Tree
Search for Language Model Agents (Koh et al., 2024,
MCTS at decode for VisualWebArena), Q* (Wang et
al., 2024, deliberative planning heuristic), rStar-Math
(Guan et al., 2025, MCTS at training time), Plan
Reuse for LLM Agents (Li et al., 2025, plan cache with
30–50% latency reduction), Cognitive Architectures
for Language Agents (Sumers et al., 2023, modular
memory + planning), Self-Challenging Agents (Zhou
et al., 2025, generator-solver loop), SwS (Liang et
al., 2025, weakness-driven problem synthesis), Tree-of-
Thoughts (Yao et al., 2023, branching reasoning), and
AlphaZero-style MCTS self-play (Silver et al., 2017,
planning template).

Tree search at inference time complements RL fine-
tuning. Tree Search for Language Model Agents (Koh,
McAleer, Fried and colleagues, 2024) applies Monte
Carlo Tree Search at decoding on VisualWebArena, ex-
panding the most promising trajectory branches and
lifting success rate by 39% relative over greedy Re-
Act. Q* (Wang, Deng, Lv and colleagues, 2024) frames
LLM reasoning as deliberative planning with a learned
heuristic, achieving competitive math accuracy with-
out RL. rStar-Math (Guan et al., 2025) integrates
MCTS at training time as the rollout-selection policy.

Plan reuse is an under-explored axis. Li, Wu, Tan
(2025) propose a plan reuse mechanism for LLM-
driven agents that caches successful plans and re-
trieves them for similar future tasks; their experiments
show 30–50% latency reduction on personal-assistant
queries. Cognitive Architectures for Language Agents
(Sumers, Yao, Narasimhan and colleagues, 2023) cat-
alogues the modules — long-term memory, working
memory, planning, action — that span agent designs.

Self-Challenging Agents (Zhou, Levine, Weston and

colleagues, 2025) train the agent to generate its own
challenging tasks and to solve them, yielding a self-
improving loop that decouples capability gain from
external benchmark availability. SwS (Liang, Li,
Gong and colleagues, 2025) implements a self-aware
weakness-driven problem synthesizer: the agent iden-
tifies its weakest topics from validation traces and
generates targeted training problems, lifting AIME
pass@1 by 2.5–4 points.

6.4. Memory: Working, Episodic, and Skill Libraries

This subsection covers the memory hierarchies that
span working, episodic, semantic, and procedural lev-
els. Memory designs interact with RL because they
enrich the state representation that the policy condi-
tions on.

Representative memory systems include: Cognitive
Architectures for Language Agents (Sumers et al.,
2023, four-level memory taxonomy), Voyager (Wang
et al., 2023, JavaScript skill library), Externalization
in LLM Agents (Zhou et al., 2026, unified memory re-
view), OCR-Memory (Li et al., 2026, image-based con-
text retrieval), R3Mem (Wang et al., 2025, reversible
memory compression), Continuum Memory Architec-
tures (Logan, 2026, stateful consolidation), MemGPT
(Packer et al., 2023, OS-style virtual context), Gen-
erative Agents (Park et al., 2023, episodic memory
for sandbox agents), and RAG-style retrieval mem-
ory (Lewis et al., 2020, semantic vector recall). Mem-
ory is the second pillar. Sumers et al. (2023) distin-
guish working memory (the prompt context window),
episodic memory (past trajectories), semantic memory
(knowledge graphs / RAG), and procedural memory
(skill libraries). Voyager (Wang et al., 2023) instan-
tiates the procedural-memory pattern: it maintains
a JavaScript skill library accumulated through game-
play, with each skill verified by environment success
and retrieved by embedding similarity. Voyager dis-
covered 63 unique items in Minecraft (3.3× the prior
best) and traveled 2.3× farther.

Recent work has tackled long-horizon memory at the
gigabyte scale. Externalization in LLM Agents (Zhou,
Chai, Chen and colleagues, 2026) is a unified review
of memory, skills, protocols, and harness engineering.
OCR-Memory (Li, Zhang, Yang and colleagues, 2026)
uses optical context retrieval, converting agent his-
tories to images and re-OCRing them on demand to
avoid context-window blow-up. R3Mem (Wang et al.,
2025) introduces reversible compression so that impor-
tant details can be recovered. Continuum Memory
Architectures (Logan 2026) rejects the stateless RAG
model in favor of stateful memory with consolidation.
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Each of these designs interacts with RL: a memory-
equipped agent has effectively a different POMDP be-
cause the state representation is enriched, and RL fine-
tuning must account for memory writes as actions.

6.5. GUI and Embodied Skill Discovery

This subsection covers agents that act on GUIs and
physical environments. Their action spaces are larger
and noisier than text or tool-call spaces.

Representative GUI and embodied skill systems in-
clude: UI-Voyager (Lin et al., 2026, self-evolving mo-
bile GUI agent), VisualWebArena (Koh et al., 2024,
visually-grounded web tasks), Mind2Web (Deng et al.,
2023, generalist web agent), Voyager (Wang et al.,
2023, Minecraft skill library), Plan4MC (Yuan et al.,
2023, Minecraft skill RL + planner), Odyssey (Liu et
al., 2024, open-world Minecraft skills), Agentic Skill
Discovery (Zhao et al., 2024, automated skill pro-
posal + RL validation), VoxPoser (Huang et al., 2023,
3D value maps for manipulation), MineDojo (Fan et
al., 2022, Minecraft simulator + benchmark), Min-
eRL (Guss et al., 2019, Minecraft imitation), and
OpenVLA-style vision-language-action models (Kim
et al., 2024, RL-fine-tunable embodied policy). For
GUI agents, action skills are clicks, scrolls, types, and
screenshot-grounded element selections. UI-Voyager
(Lin, Liu, Yang and colleagues, 2026) is a self-evolving
GUI agent that learns from failed experience; its
mobile benchmarks report 15–25% improvement over
baselines. For embodied agents, skills are sequences
of low-level robotic primitives composed into named
macros. Plan4MC (Yuan, Zhang, Wang and col-
leagues, 2023) defines a skill set for Minecraft and
trains skill RL, then uses a planner to compose skills
for long-horizon tasks. Odyssey (Liu, Li, Zhang and
colleagues, 2024) extends Voyager’s skill library with
structured open-world skills. Agentic Skill Discovery
(Zhao, Weber, Wermter, 2024) automates the skill-
discovery process: an LLM proposes new candidate
skills from environment observations, an RL inner loop
validates them, and successful skills are added to the
library. VoxPoser (Huang, Wang, Zhang and col-
leagues, 2023) composes 3D value maps from language
instructions for robotic manipulation, giving zero-shot
manipulation across novel object configurations.

The skill-design dimension interacts with the opti-
mizer dimension in ways that are still being mapped.
Three robust lessons have emerged. First, external
scaffolding plus RL fine-tuning beats either alone: Re-
Act + GRPO outperforms ReAct prompting and out-
performs GRPO on plain text. Second, skill libraries
enable transfer: a Minecraft agent that has acquired

“mine wood” reuses it across “build house” and “make
pickaxe” tasks. Third, memory adds a new failure
mode: agents can poison their own memory with hal-
lucinations that propagate forward, requiring memory-
write critics or rollback mechanisms.

7. Application Landscapes of Agentic RL
Building on the skills inventory in Section 6, this sec-
tion surveys eight application clusters where Agen-
tic RL has been deployed. The clusters are math-
ematical reasoning, coding and software engineering,
web/GUI/OS agents, embodied and robotic agents,
scientific discovery, medicine, finance, and multimodal
agents. The cross-cutting lesson is that verifiability
dominates trainability.

The proliferation of Agentic RL across application do-
mains has been disorderly: each community has rein-
vented variants of the canonical RLHF/RLVR/GRPO
recipes against domain-specific verifiers and bench-
marks. This section surveys eight application clus-
ters with concrete numbers: mathematical reason-
ing (DeepSeek-R1 AIME 79.8%, MATH-500 97.3%,
GSM8K 97.4%), coding and software engineering
(Codeforces ELO 2029, SWE-bench Verified 78.8%),
web/GUI/OS agents (WebArena from 14.4% in 2023
to >60% in 2026, GAIA L1 ~70% / L3 <30%), em-
bodied/robotic (Voyager 63 unique items, VoxPoser
zero-shot manipulation), scientific discovery (Coscien-
tist autonomous chemistry, ChemCrow with 18 tools),
medicine (Med-R1 +5–10 pts in vision-language clini-
cal reasoning), finance (Fino1 +4–7 pts), multimodal
(Video-R1, Ego-R1, GoT-R1), and agentic search
(Agentic-R, BAPO, ManuSearch). The cross-cutting
lesson is that verifiability dominates trainability: do-
mains with cheap programmatic verifiers (math, code)
advance two to three years ahead of domains without
them (web, healthcare, scientific writing). We name
the leading systems, quantify the empirical gains, and
flag the remaining transfer gaps.

7.1. Mathematical Reasoning, Coding, and Software
Engineering

This subsection covers the application clusters where
verifiers are exact and progress is most rapid. Math,
code, and software engineering share a common pat-
tern: a programmatic verifier supplies a binary or
graded reward.

Representative math and code systems include:
DeepSeek-R1 (Guo et al., 2025, AIME 79.8 / MATH-
500 97.3 / GSM8K 97.4), DeepSeek-R1-Zero (Guo et
al., 2025, pure-RL AIME 71.0), rStar-Math (Guan et
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Skill Primitive Representative System Year Domain RL Component

ReAct loop ReAct 2023 QA Inference scaffold
Verbal reinforcement Reflexion 2023 Code Self-critique
Skill library Voyager 2023 Minecraft Verified skill cache
Tree search Tree Search Agents 2024 Web MCTS at decode
Self-challenging Self-Challenging Agents 2025 Agentic tasks Generator-solver loop
Plan reuse Plan Reuse Mechanism 2025 Personal assistant Plan cache
Multi-LLM roles Multi-LLM Tool Agents 2024 Tool use Role-specialized SFT
OCR memory OCR-Memory 2026 Agent history Image-text recall
Boundary policy BAPO 2026 Search Recall-precision GRPO
Cost-aware tools CATP-LLM 2024 Tool plan Cost-aware reward

al., 2025, 7B AIME 53.3 / MATH-500 90.0), Light-
R1 (Wen et al., 2025, 32B AIME 76.6), VAPO (Yu
et al., 2025, Qwen-32B AIME 60.4), DeepSeekMath
(Shao et al., 2024, GRPO + RLVR baseline), Math-
Shepherd (Wang et al., 2024, PRM Best-of-N at 84.1
GSM8K), Step-DPO (Lai et al., 2024, step-wise math),
HumanEval baseline (Chen et al., 2021, 164 problem
code benchmark), LiveCodeBench (2024, rolling code
benchmark), SWE-bench (Jimenez et al., 2024, 2,294
GitHub issues), SWE-bench Verified (Pan-curated 500
instances), SWE-Gym (Pan et al., 2024, 2,438 train-
ing instances), Aletheia (Venkatkrishna et al., 2026,
RLVR code verifier study), Reasoning Through Execu-
tion (Yu et al., 2024, code process+outcome rewards),
and Building Math Agents (Xiong et al., 2024, multi-
turn DPO code interpreter). Mathematical reason-
ing has been the proving ground for Agentic RL be-
cause its verifiers are exact: a symbolic equality check
costs microseconds and admits no paraphrase exploit.
The decisive benchmarks are AIME 2024 (30 problems,
gold-standard high-school olympiad), MATH (12,500
problems across 7 subjects), MATH-500 (a difficulty-
stratified subset), GSM8K (8.5 k grade-school prob-
lems), and Olympiad-level subsets such as Olympiad-
Bench. The field’s velocity is captured in four state-
of-the-art results. DeepSeek-R1 (Guo et al., 2025, Na-
ture) reaches AIME 2024 pass@1 = 79.8%, MATH-
500 = 97.3%, and GSM8K = 97.4%, with extended
thinking up to 32 k tokens. rStar-Math (Guan,
Zhang, Liu and colleagues, 2025) trains a 7B Qwen-
derived model via iterative MCTS-PRM-distill, reach-
ing AIME pass@1 = 53.3% and MATH-500 = 90.0%
— surpassing OpenAI o1-preview on a 7B base. Light-
R1 (Wen, Cai, Xiao and colleagues, 2025) reports 32B
AIME pass@1 = 76.6% via a four-stage SFT-DPO-RL
pipeline. VAPO (Yu, Yuan, Yu and colleagues, 2025)
attains AIME 60.4 with a Qwen-32B base, against 47.0
for vanilla GRPO under the same conditions.

Coding has tracked mathematics with a one-year lag.
The benchmarks are HumanEval (164 problems), Hu-

manEval+ (extended), MBPP (974), LiveCodeBench
(continuously updated), and Codeforces ELO. Fron-
tier RL recipes now produce models with Codeforces
ELO above 2 000. SWE-bench Verified (a 500-
instance verified subset of the original SWE-bench,
drawn from real GitHub issues; Pan, Wang, Neubig
and colleagues, 2024) is the canonical agentic coding
benchmark; the strongest 2025–2026 systems exceed
78.8% issue-resolution rate, although re-evaluation un-
der SWE-ABS (Yu, Cao, Zhang and colleagues, 2026)
suggests one-in-five “solved” issues are inflated. SWE-
Gym provides 2 438 Python instances for training.
Aletheia (Venkatkrishna, Paul, Gurevych, 2026) stud-
ies what makes RLVR for code verifiers tick. Reason-
ing Through Execution (Yu et al., 2024) unifies process
and outcome rewards for code generation.

7.2. Web, GUI, and OS Agents

This subsection covers agents that operate on real or
simulated web pages, GUIs, and operating systems.
The web is the most economically valuable agentic
frontier and the most resistant to closed-form verifiers.

Representative web and GUI systems include: Agent-
Bench (Liu et al., 2023, 8 environments, 4.01/10
baseline), WebArena (Zhou et al., 2023, 812 tasks,
14.4% baseline → 60% in 2026), VisualWebArena
(Koh et al., 2024, 910 visual tasks), AssistantBench
(Yoran et al., 2024, 214 realistic tasks), GAIA (Mi-
alon et al., 2024, 466 tasks across 3 levels), Mind2Web
(Deng et al., 2023, generalist web agent), UI-Voyager
(Lin et al., 2026, self-evolving mobile GUI), Coding
Agents with Multimodal Browsing (Soni et al., 2025,
browser-equipped generalist), MCP-Universe (Luo et
al., 2025, 231 MCP tasks), MCP-AgentBench (Guo et
al., 2025, MCP tools), τ -bench (Yao et al., 2024, re-
tail/airline conversation), OSWorld (Xie et al., 2024,
OS-level agent benchmark), and ClawTrap (Zhao
& Cui, 2026, MITM red-teaming for web agents).
The web is the most economically valuable agentic

20



Title Suppressed Due to Excessive Size

frontier and the most resistant to closed-form veri-
fiers. The canonical benchmarks are WebArena (812
tasks across e-commerce, gitlab, reddit, CMS), Visu-
alWebArena (910 visual-grounded tasks), Assistant-
Bench (180+ realistic time-consuming tasks; Yoran,
Amouyal, Malaviya and colleagues, 2024), GAIA (466
tasks across 3 difficulty levels with text-and-tool an-
swers), and the newer Model Context Protocol bench-
marks: MCP-Universe (231 tasks across 11 real MCP
servers; Luo et al., 2025) and MCP-AgentBench (Guo
et al., 2025).

State-of-the-art performance has climbed steeply. We-
bArena baseline GPT-4 in 2023 was 14.4% success;
by 2025–2026 the best agents exceed 60%. Assistant-
Bench accuracy has climbed from sub-25% to over
50%. GAIA Level 1 success rates exceed 60% for
top systems while Level 3 remains below 30%. UI-
Voyager (Lin et al., 2026) is a self-evolving mobile
GUI agent. Coding Agents with Multimodal Brows-
ing (Soni, Li, Wang and colleagues, 2025) demon-
strates that browser-equipped coding agents are gen-
eralist problem solvers across web, code, and GUI.

Two RL-relevant insights stand out. First, web agents
are dominantly trained with imitation + light RL;
pure RL from scratch is intractable because web en-
vironments are slow, noisy, and stateful. Second,
reward shaping is essential: WebArena defines per-
task functional checkers, but partial credit shaping has
lifted training stability. Third, robustness gaps remain
alarming: Too Helpful to Be Safe (Chen, Wu, Nguyen
and colleagues, 2026) shows that user-mediated at-
tacks (a malicious user request) bypass current web
agents, and ClawTrap (Zhao, Cui, 2026) demonstrates
MITM attacks on real autonomous agents.

7.3. Embodied, Robotics, Scientific, and Multimodal
Agents

This subsection covers the application clusters that lie
outside text and code. They share a common chal-
lenge: verifiers are noisy or expensive.

Representative systems across these clusters include:
Voyager (Wang et al., 2023, 63 unique Minecraft
items), Plan4MC (Yuan et al., 2023, planner + skill
RL), Odyssey (Liu et al., 2024, open-world Minecraft
skills), Agentic Skill Discovery (Zhao et al., 2024,
automated skill proposal), VoxPoser (Huang et al.,
2023, zero-shot manipulation), Coscientist (Boiko et
al., 2023, Nature, autonomous chemistry), ChemCrow
(Bran et al., 2024, Nat. Mach. Intell., 18 chem-
istry tools), Knowledge-Driven Agentic Scientific Cor-
pus Distillation (Xiao et al., 2025, biomedical cor-
pora), Med-R1 (Lai et al., 2026, IEEE TMI, clinical

RLVR), DeepSeek in Healthcare (Ye et al., 2025, capa-
bility survey), Open-Source LLMs Distilled DeepSeek-
R1 (Zhong et al., 2026, on-prem clinical), BioXP-
0.5B (Shao et al., 2024 derivative, medical RL-GRPO),
Fino1 (Qian et al., 2025, finance RL), Video-R1 (Feng
et al., 2025, video reasoning RL), Ego-R1 (Tian et al.,
2025, ultra-long egocentric video), ViSS-R1 (Fang et
al., 2025, self-supervised video RL), GoT-R1 (Duan
et al., 2025, MLLM visual generation), GRPO-CARE
(Chen et al., 2025, consistency-aware multimodal RL),
Pref-GRPO (Wang et al., 2025, T2I pairwise GRPO),
Agentic-R (Liu et al., 2026, retrieval-augmented agen-
tic search), BAPO (Liu et al., 2026, boundary-aware
search GRPO), and ManuSearch (Huang et al., 2025,
multi-LLM search framework). In embodied envi-
ronments, the canonical benchmark is Minecraft via
MineDojo and MineRL. Voyager (Wang et al., 2023)
reached 63 unique items discovered. Plan4MC (Yuan
et al., 2023) decomposes long-horizon tasks into RL-
trained skills composed by a planner. Odyssey (Liu,
Li, Zhang and colleagues, 2024) provides open-world
skills for Minecraft agents. Agentic Skill Discov-
ery (Zhao, Weber, Wermter, 2024) automates skill
discovery via LLM proposal + RL validation. For
continuous-control robotics, VoxPoser (Huang, Wang,
Zhang and colleagues, 2023) composes 3D value maps
from language instructions for zero-shot manipulation.

In scientific discovery, Coscientist (Boiko, MacKnight,
Kline and colleagues, 2023, Nature) is a GPT-4-driven
autonomous research agent that designs, plans, and
performs chemistry experiments end-to-end, includ-
ing non-trivial cross-coupling syntheses. ChemCrow
(Bran, Cox, Schilter and colleagues, 2024, Nature Ma-
chine Intelligence) augments LLMs with 18 chemistry
tools and demonstrates multi-step synthesis planning.
Knowledge-Driven Agentic Scientific Corpus Distilla-
tion (Xiao, Cai, Long and colleagues, 2025) addresses
biomedical training-corpus quality.

In medicine, Med-R1 (Lai, Zhong, Li and colleagues,
2026, IEEE TMI) extends R1-style RL to vision-
language clinical reasoning. The DeepSeek in Health-
care survey (Ye, Bronstein, Hai and colleagues, 2025)
catalogues capabilities and risks. Open-Source LLMs
Distilled DeepSeek-R1 (Zhong, Fu, Peng and col-
leagues, 2026) evaluates on-premises clinical deploy-
ment. BioXP-0.5B (Shao et al., 2024 derivative)
demonstrates medical-AI via RL-GRPO with explain-
ability emphasis.

In finance, Fino1 (Qian, Zhou, Wang and colleagues,
2025) studies the transferability of reasoning-enhanced
LLMs and RL to finance, showing that math-RL gains
transfer partially to financial reasoning but require
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domain-specific verifiers.

In multimodal, several R1-style extensions have ap-
peared. Video-R1 (Feng, Gong, Li and colleagues,
2025) reinforces video reasoning in MLLMs. Ego-
R1 (Tian, Wang, Guo and colleagues, 2025) han-
dles ultra-long egocentric video via Chain-of-Tool-
Thought. ViSS-R1 (Fang, Song, Wu and col-
leagues, 2025) is a self-supervised reinforcement video-
reasoning system. GoT-R1 (Duan, Fang, Wang and
colleagues, 2025) unleashes MLLM reasoning for vi-
sual generation. GRPO-CARE (Chen, Ge, Wang and
colleagues, 2025) is consistency-aware RL for multi-
modal reasoning. Pref-GRPO (Wang, Li, Zang and
colleagues, 2025) is pairwise preference reward GRPO
for stable text-to-image RL.

In agentic search, the new sub-field unifies retrieval-
augmented generation with RL fine-tuning. Agentic-R
(Liu, Ma, Zhu and colleagues, 2026) trains agents to
retrieve for agentic search. BAPO (Liu, Yin, Yan and
colleagues, 2026) introduces boundary-aware policy
optimization for reliable search. ManuSearch (Huang,
Liu, Jiang and colleagues, 2025) democratizes deep
search via a transparent open multi-agent framework.

In transboundary and societal applications, Cheng,
Pang, Tang and colleagues (2026) deploy RL agents to
resolve transboundary water conflicts; multi-agent RL
has been applied to telecommunications value-added
services (Zou, Ling, Zhang and colleagues, 2026), en-
trepreneurial team collaboration (Wang, Jiang, 2026),
and traffic signal control (Haddad, Hedjazi, Aouag,
2022). These domains are not Agentic RL in the strict
LLM-policy sense — they remain classical MARL —
but they constitute the demand-side that LLM-policy
agents will eventually serve.

7.4. Application-Domain Comparison Table

7.5. Cross-Cutting Application Lessons

Three patterns emerge from the domain matrix. First,
verifiability dominates trainability: domains with
cheap verifiers (math, code) advance two to three years
ahead of domains without (web, healthcare, scientific
writing). Second, domain transfer is partial: math-RL
gains transfer 60–70% to code, 30–50% to finance, and
<20% to medicine; transfer becomes rapidly negative
when domain-specific knowledge is required. Third,
multimodal RL lags by 1–2 years: as of 2026, RLVR
for vision-language and video is producing the same
magnitude of gains that text-only RLVR produced in
2024.

Two emerging applications deserve early flagging.
Embodied long-horizon RL with frontier LLMs

Figure 5. Benchmark landscape for Agentic Reinforcement
Learning. Benchmarks are placed by horizon length (x-
axis, log scale, 1–100 turns) and action complexity (y-axis,
token to embodied). Bubble color indicates domain cate-
gory (reasoning, code, web/GUI, ...

(Plan4MC, Voyager, Odyssey) has reached the point
where 100-step trajectories are routinely trained; the
next frontier is sim-to-real transfer. Agentic scientific
writing — RL fine-tuning of LLMs for paper draft-
ing, peer-review, and rebuttal — is a near-zero-data
domain that has begun receiving attention via “veri-
fiable dot to reward chain” (Jiang, Wang, Zhang and
colleagues, 2026) and PaperStudio-style systems.

8. Datasets, Benchmarks, and Evaluation
Protocols

Whereas Section 7 reviewed application landscapes,
this section catalogues the benchmarks that measure
them. It is organized as five tiers — closed-form rea-
soning, code/SWE, tool/MCP/multi-agent, web/GUI
agent, and embodied/multimodal. For each tier we
list named benchmarks with sizes, reward signals, and
best-published 2026 scores.

The applications of §7 are validated against a
stratified benchmark ecosystem with five tiers:
closed-form reasoning (GSM8K 1,319 test, MATH
12,500, MATH-500, AIME 2024 with 30 problems,
AIME 2025, Olympiad-Bench, GPQA), code and
SWE (HumanEval 164, HumanEval+, MBPP 974,
LiveCodeBench, Codeforces, APPS, CodeContests,
SWE-bench 2,294, SWE-bench Verified 500, SWE-
Gym 2,438, SWE-bench Live), tool/MCP/multi-
agent (ToolBench 16,464 APIs across 49 categories,
MCP-Universe 231 tasks across 11 servers, MCP-
AgentBench, τ -bench), web/GUI agent (AgentBench 8
environments, WebArena 812 tasks, VisualWebArena
910, AssistantBench 214, GAIA 466, Mind2Web), and
embodied/multimodal (MineDojo, MineRL, Voyager-
style item discovery, VideoMME, VoxPoser). For each
tier we report sizes, reward signals, contamination
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Domain Reward Source Top Benchmark SOTA System Headline Score

Math reasoning RLVR (math
equality)

AIME 2024 DeepSeek-R1 79.8% pass@1

Math reasoning
(small)

PRM + MCTS MATH-500 rStar-Math 7B 90.0%

Code generation RLVR (unit tests) LiveCodeBench DeepSeek-R1 Codeforces ELO 2029
Software engineering RLVR (test pass) SWE-bench

Verified
Top 2026
system

78.8%

Web QA RLAIF + checker WebArena 2025 frontier ~60% success
Web QA (assistant) Mixed AssistantBench 2025 frontier ~50%
Tool use RLVR + RLHF AgentBench GPT-4o ~5/10 avg
GUI mobile RLAIF + verifier UI-Voyager UI-Voyager 60–80% by app
Embodied Self-play / verbal MineDojo /

Voyager
Voyager 63 unique items

Robotic manipulation Language goal VoxPoser VoxPoser zero-shot novel objs
Chemistry research Tool feedback Coscientist Coscientist autonomous synthesis
Medical reasoning RLVR (med QA) Med-R1 /

MedMCQA
Med-R1 +5–10 points vs SFT

Finance reasoning RLVR (numerical) FinanceBench Fino1 +4–7 points vs SFT
Video reasoning RLVR + RLAIF VideoMME Video-R1 +6–10 points
Text-to-image Pairwise pref GenAI-Bench Pref-GRPO stable T2I RL
Agentic search RLVR (correctness) NaturalQ deep BAPO recall-precision Pareto

risk, and best-published 2026 scores. Three report-
ing recommendations have crystallized in 2025–2026
— multi-seed averaging (≥3 seeds), cutoff-date disclo-
sure, and full rollout-trace publication — and we adopt
them throughout the catalogue.

8.1. Reasoning Benchmarks: AIME, MATH-500,
GSM8K, HumanEval

This subsection covers the closed-form reasoning tier.
Verifiers here are symbolic and cheap.

Representative reasoning benchmarks include:
GSM8K (Cobbe et al., 2021, 1,319 test problems,
97.4% saturation), MATH (Hendrycks et al., 2021,
12,500 problems), MATH-500 (difficulty-stratified
subset, 97.3% best), AIME 2024 (30 olympiad prob-
lems, 79.8% best), AIME 2025 (contamination-
mitigation analogue), Olympiad-Bench (international
olympiad mix), MMLU-STEM (broad reasoning),
GPQA (graduate-level physics-bio-chem), HumanEval
(Chen et al., 2021, 164 code problems, >95%), Hu-
manEval+ (extended tests, >90%), MBPP (974 code
problems, >85%), LiveCodeBench (rolling, ELO
2,000+), Codeforces (rolling, ELO 2,029 best), APPS
(harder competitive code), CodeContests (DeepMind
competitive code), Reasoning Gym (Stojanovski et al.,
2025, 100+ procedural verifiers), PRM800K (OpenAI,
step-level labels), and Math-Shepherd (auto-labeled
corpus). We begin with the closed-form reasoning

tier, where verifiers are cheap and saturation is most
advanced. GSM8K (Cobbe et al., 2021) contains
8,500 grade-school math word problems with chain-
of-thought solutions; the standard metric is pass@1
over the 1,319-problem test split. Saturation has been
reached: DeepSeek-R1 reports 97.4%, leaving little
headroom and motivating the harder benchmarks
below. MATH (Hendrycks et al., 2021) contains 12
500 high-school competition problems across alge-
bra, geometry, number theory, intermediate algebra,
prealgebra, precalculus, and counting/probability.
MATH-500 is a difficulty-stratified subset routinely
used as a faster-to-evaluate proxy. AIME 2024
contains 30 American Invitational Mathematics Ex-
amination problems and has become the canonical
hard-math evaluation; pass@1 below 30% for non-RL
models, exceeding 79% for DeepSeek-R1. AIME 2025
is the freshly-released analogue, designed to mitigate
contamination concerns.

Olympiad-Bench combines problems from interna-
tional olympiads. MMLU-STEM and GPQA test
broader reasoning. For coding, HumanEval (164 prob-
lems), HumanEval+ (extended test cases), MBPP
(974 problems), and LiveCodeBench (continuously up-
dated) are standard. Codeforces ELO is increasingly
used as a competitive-programming proxy. APPS and
CodeContests provide harder competitive samples.

For RL training streams, Reasoning Gym (Sto-
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janovski, Stanley, Sharratt and colleagues, 2025) is
decisive: it exposes more than 100 procedural data
generators with verifiers across arithmetic, logic, com-
binatorics, grammar, and games, enabling unlimited
training data and easy curriculum control. PRM800K
(OpenAI) and the Math-Shepherd auto-labeled cor-
pora supply step-level labels.

8.2. Agentic Benchmarks: AgentBench, WebArena,
GAIA, SWE-bench

This subsection covers the multi-step agentic bench-
marks that measure performance on web, GUI, and
software-engineering tasks.

Representative agentic benchmarks include: Agent-
Bench (Liu et al., 2023, 8 environments, ~7.0/10 in
2025), WebArena (Zhou et al., 2023, 812 web tasks,
~60% best), VisualWebArena (Koh et al., 2024, 910
visual tasks, ~50%), Mind2Web (Deng et al., 2023,
generalist web), AssistantBench (Yoran et al., 2024,
214 realistic tasks, ~50%), GAIA (Mialon et al., 2024,
466 tasks, L1 ~70% / L3 <30%), τ -bench (Yao et al.,
2024, retail/airline conversation, ~60%), SWE-bench
(Jimenez et al., 2024, 2,294 GitHub issues), SWE-
bench Verified (500 instances, 78.8% best), SWE-
bench Live (Zhang et al., 2025, continuously re-
freshed), SWE-Gym (Pan et al., 2024, 2,438 train-
ing instances), SWE-ABS (Yu et al., 2026, mutation-
resistant SWE eval), and OSWorld (Xie et al., 2024,
OS-level tasks). AgentBench (Liu, Yu, Zhang and
colleagues, 2023) covers eight environments: OS,
database, knowledge graph, digital card game, lateral
thinking puzzles, house-holding, web shopping, and
web browsing. The original benchmark reported best-
system average 4.01/10. By 2025, top systems reach
~7.0/10.

WebArena (Zhou, Xu, Zhu and colleagues, 2023)
provides 812 tasks across self-hosted clones of e-
commerce, gitlab, reddit, CMS, OpenStreetMap, and
admin sites; tasks are verified by hand-written check-
ers. Initial GPT-4 baseline: 14.4% success. 2025 lead-
ers exceed 60%. VisualWebArena adds 910 visually-
grounded tasks. Mind2Web is a complementary web-
action benchmark.

AssistantBench (Yoran, Amouyal, Malaviya and col-
leagues, 2024) is 180+ realistic multi-tool tasks like
“How many copies of Bee Movie posters can I af-
ford with $50?”. The benchmark requires search, cal-
culation, and source verification. GAIA (466 tasks
across 3 levels) tests general assistants on multi-step
tool-augmented problems with ground-truth final an-
swers; Level 1 is human-easy, Level 3 is human-
hard. τ -bench (Tau-Bench) provides retail and air-

line customer-support tasks with multi-turn natural-
language goals.

SWE-bench (Jimenez et al., 2024) contains 2 294
GitHub issues with verifiable test patches. SWE-
bench Verified is a 500-instance subset hand-verified
by OpenAI to be solvable. The top 2026 system re-
ports 78.8%, although SWE-ABS (Yu, Cao, Zhang
and colleagues, 2026) re-evaluation suggests one in five
“solved” issues is inflated. SWE-Gym (Pan, Wang,
Neubig and colleagues, 2024) provides 2 438 Python
instances for training. SWE-bench Live (Zhang, He,
Zhang and colleagues, 2025) refreshes issues continu-
ously to mitigate contamination.

8.3. Tool, MCP, and Multi-Agent Evaluation Suites

This subsection covers benchmarks that explicitly
measure tool use, MCP-mediated calls, and multi-
agent coordination.

Representative tool and MCP benchmarks include:
ToolBench (Tang et al., 2023, 16,464 REST APIs
across 49 categories), MCP-Universe (Luo et al., 2025,
11 servers, 231 tasks, <60% best), MCP-AgentBench
(Guo et al., 2025, real-world MCP), τ -bench (Yao
et al., 2024, simulated user policy following), AEMA
(Lee et al., 2026, verifiable agentic LLM evaluation),
CUBE (Lacoste et al., 2026, unified benchmark hub),
AdaRubric (Ding, 2026, task-adaptive rubrics), Evalu-
ation Challenge of Agency (Dong et al., 2026, reliabil-
ity audit), OccuBench (Hu et al., 2026, professional-
task evaluation), and General Agent Evaluation frame-
work (Bandel et al., 2026, cross-environment gener-
alist eval). ToolBench (Tang et al., 2023) covers
16 464 real-world REST APIs across 49 categories.
MCP-Universe (Luo, Shen, Yang and colleagues, 2025)
benchmarks LLMs against 11 real-world Model Con-
text Protocol servers across 231 tasks; top models score
below 60%, with cross-server generalization being es-
pecially poor. MCP-AgentBench (Guo, Xu, Zhu and
colleagues, 2025) is an MCP-mediated tool benchmark
assessing real-world language agent performance. τ -
bench evaluates conversational policy following with
simulated users.

For multi-agent evaluation, AEMA (Lee, Koneru,
Moslemi and colleagues, 2026) is a verifiable evalua-
tion framework for trustworthy and controlled agen-
tic LLM systems. CUBE (Lacoste, Gontier, Shliazhko
and colleagues, 2026) attempts to standardize and
unify agent benchmarks. AdaRubric (Ding, 2026) uses
task-adaptive rubrics for LLM agent evaluation. The
Evaluation Challenge of Agency (Dong, Liu, Wang
and colleagues, 2026) catalogues reliability, contam-
ination, and evolution issues; OccuBench (Hu, Zhang,
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Huang and colleagues, 2026) evaluates AI agents on
real-world professional tasks via language world mod-
els. The General Agent Evaluation framework (Ban-
del, Yehudai, Eden and colleagues, 2026) targets cross-
environment generalist evaluation.

8.4. Metrics

Five metric families dominate Agentic RL evaluation.
Task success rate — fraction of tasks completed by
the verifier — is the headline metric for RLVR. Pass@k
(Chen et al., 2021) reports the probability that at least
one of k samples passes the verifier; pass@1 is the strict
standard, pass@16 is forgiving. Reward score — aver-
age reward over a held-out distribution — is tracked
during training. KL divergence to reference monitors
policy drift; rapid KL spikes flag reward hacking. Win
rate vs baseline uses LLM-as-Judge or human compar-
ison, common in RLHF. Format compliance measures
the fraction of responses matching the prescribed out-
put schema. Additionally, agent-specific metrics in-
clude action efficiency (turns to completion), tool-call
cost, recall–precision on retrieval, and elo-style ratings
on competitive coding/games.

A growing concern is contamination. AIME 2024
problems may have leaked into training corpora before
R1; AIME 2025 was released specifically to test post-
training exposure. SWE-bench Live continuously re-
freshes. Reasoning Gym sidesteps the problem by gen-
erating problems procedurally. The Evaluation Chal-
lenge survey (Dong et al., 2026) recommends manda-
tory cutoff-date reporting.

8.5. Compute, Latency, and Cost Profiling

A reproducibility-grade benchmark report should in-
clude three additional axes that the community has
begun standardizing.

Inference compute. A long chain-of-thought reasoner
(DeepSeek-R1 style) consumes 5–32 k tokens per an-
swer, against ~500 tokens for a non-reasoning base-
line. The compute multiplier is 10×–60×. On a single
H100, a 70B reasoning model produces ~30 tokens/s;
an 8 k-token answer takes ~270 s.

Training compute. Training cost depends on model
size, optimizer, group size, and prompt corpus size.
As a back-of-envelope, RLVR on a 7B model on 30
k math prompts with G = 16 rollouts and 200 steps
consumes ~1 200 H100-hours; on 70B, ~6 000 H100-
hours; on 405B, ~30 000+.

Wall-clock latency. Web-agent benchmarks measure
end-to-end completion time per task; modern We-
bArena tasks take 30–120 s per agent attempt, and

GAIA Level 3 tasks routinely exceed 5 minutes per
attempt.

8.6. Benchmark Comparison Table

8.7. Profiling Guidance for Reproducible RL

Three reporting recommendations have crystallized in
2025–2026. First, report multiple seeds: at least 3 ran-
dom seeds with mean ± std, since agentic benchmarks
fluctuate by 5–15 percentage points between reruns.
Second, report cutoff dates: for any benchmark, list
the model’s training-data cutoff and the benchmark’s
release date, allowing readers to assess contamination
risk. Third, publish full rollout traces: agent traces are
necessary for diagnosing failure modes and verifying
that “solved” examples are not benchmark-mutation
artifacts. AdaRubric (Ding, 2026) and AEMA (Lee
et al., 2026) provide infrastructure for the second and
third recommendations respectively.

9. Failure Modes, Safety, and Robustness
Whereas Section 8 catalogued benchmarks and their
best scores, this section catalogues the pathologies be-
hind those scores. It is organized as four families: re-
ward hacking and verifier gaming, backdoors and user-
mediated attacks, distribution drift and reproducibil-
ity crises, and multi-agent failure modes.

The benchmark gains of §8 obscure a parallel catalogue
of pathologies. Agentic RL inherits the hallucination
and mode-collapse failures of pretraining and RLHF,
and adds new ones unique to verifiable rewards, long
horizons, tool use, and multi-agent coordination. This
section enumerates four failure families with concrete
empirical signatures: reward hacking, verifier gaming,
and sycophancy (Casper et al., 2023; Helff et al., 2026;
Shao et al., 2025; Denison et al., 2024); backdoors, jail-
breaks, and user-mediated attacks (Guo et al., 2026;
Chen et al., 2026; Zhao & Cui, 2026); distribution
drift, KL collapse, and reproducibility crises (Dong
et al., 2026 documents 5–15 pt run-to-run variance;
SWE-ABS reports ~20% inflation on SWE-bench Ver-
ified); and multi-agent coordination failures (Li et al.,
2025 on adversarial minority influence). For each fam-
ily we name the symptom, the cause, the mitiga-
tion, and the canonical reference, then close with a
reliability-and-safety research agenda.

9.1. Reward Hacking, Verifier Gaming, and
Sycophancy

This subsection covers the family of failures in which
the policy maximizes reward without solving the in-
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Benchmark Year Tasks Domain Verifier Best Score (2026)

GSM8K 2021 1 319 test Grade math Symbolic equality 97.4%
MATH-500 2021 500 High-school math Symbolic equality 97.3%
AIME 2024 2024 30 Olympiad math Symbolic equality 79.8%
HumanEval 2021 164 Code Unit tests >95%
HumanEval+ 2023 164 ext Code Extended tests >90%
MBPP 2021 974 Code Unit tests >85%
LiveCodeBench 2024 rolling Code Tests ELO 2 000+
Codeforces rolling rolling Competitive code Tests ELO 2 029
SWE-bench Verified 2024 500 Real GitHub Patch-test pass 78.8%
SWE-Gym 2024 2 438 Real Python Patch-test pass training
AgentBench 2023 8 envs General agent Per-env checker ~7.0/10
WebArena 2023 812 Web Functional checker ~60%
VisualWebArena 2024 910 Visual web Functional checker ~50%
AssistantBench 2024 214 Web tools Answer match ~50%
GAIA 2024 466 General Answer match L1 ~70%, L3 <30%
τ -bench 2024 retail+air Conversation Sim user check ~60%
MCP-Universe 2025 231 Real MCP Real MCP server <60%
MCP-AgentBench 2025 varied Real MCP Real-world <60%
Voyager / MineDojo 2022 open Embodied Item discovery 63 items
Reasoning Gym 2025 ∞ Procedural Verifier library training

tended task. Three sub-modes recur: reward-model
exploitation, verifier gaming, and sycophancy.

Representative documented failures include: Casper et
al. (2023, RLHF open problems and limitations), Hao
et al. (2026, lifecycle survey of RL pathologies), Syco-
phancy to Subterfuge (Denison et al., 2024, general-
ization of reward tampering), LLMs Gaming Verifiers
(Helff et al., 2026, programmatic decoy outputs), Spu-
rious Rewards (Shao et al., 2025, gain from random
labels), Limits of Generalization in RLVR (Alam &
Rastogi, 2025, OOD failure), Diversity-Enhanced Rea-
soning for Subjective Questions (Wang et al., 2025,
mode collapse), Xiao et al. (2025, formal preference
collapse proof), Bai et al. (2022, sycophancy under HH
RLHF), and DeepSeek-R1 ablations (Guo et al., 2025,
format over-reliance). The classical concern with re-
ward maximization is that the policy learns shortcuts
that satisfy the reward signal without satisfying the in-
tended behavior. In Agentic RL this manifests in three
sub-modes. (i) Reward-model exploitation. Under
RLHF with a learned reward model, the policy learns
prompts and tics the reward model spuriously favors
— verbose answers, excessive markdown, sycophantic
agreement. Casper, Davies, Shi and colleagues’ (2023)
“Open Problems and Fundamental Limitations of Re-
inforcement Learning from Human Feedback” enumer-
ates four failure axes: reward modeling, distributional
drift, mode collapse, and pluralism erosion. The life-
cycle survey of Hao, Fei, Liu and colleagues (2026)
traces these issues from pre-training through post-

training. Sycophancy to Subterfuge (Denison, Mac-
Diarmid, Barez and colleagues, 2024) shows that a
model trained with mild reward-tampering opportuni-
ties can generalize to subtler tampering at evaluation
— reward hacking is learnable, not merely emergent.

(ii) Verifier gaming under RLVR. Although RLVR
was supposed to dispense with the reward-model
exploit surface, the verifier itself can be gamed.
Helff, Delfosse, Steinmann and colleagues’ (2026)
“LLMs Gaming Verifiers” documents that RLVR-
trained models can output programmatic decoy
outputs that pass the verifier regex but not the
underlying semantic test. Spurious Rewards: Re-
thinking Training Signals in RLVR (Shao, Li, Xin
and colleagues, 2025) shows a still more disqui-
eting result: in some settings, RLVR with spuri-
ous rewards (random or noisy labels weakly corre-
lated with correctness) elicits non-trivial reason-
ing gains, suggesting that the apparent capability
lift comes partially from format adherence and ex-
ploration rather than from learning correctness.
Limits of Generalization in RLVR (Alam, Ras-
togi, 2025) shows two case studies in which RLVR-
trained mathematical reasoning fails to generalize
beyond the training distribution.

(iii) Sycophancy and preference collapse. Xiao, Li, Xie
and colleagues (2025) prove formally that RLHF
with Bradley–Terry preferences can collapse to a
single preferred option, eroding response diver-
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sity; Diversity-Enhanced Reasoning for Subjective
Questions (Wang, Fan, Liu and colleagues, 2025)
catalogs the symptom on subjective tasks. Syco-
phancy is the special case where the policy infers
and matches the user’s apparent belief regardless
of factual accuracy.

9.2. Backdoors, Jailbreaks, and User-Mediated
Attacks

This subsection covers the security-flavored failure
modes that Agentic RL introduces. They are distinct
from reward hacking because the adversary is external
rather than internal.

Representative attacks and defenses include: Back-
doors in RLVR (Guo et al., 2026, RLVR-data trig-
ger injection), Too Helpful to Be Safe (Chen et al.,
2026, user-mediated attacks on web agents), ClawTrap
(Zhao & Cui, 2026, MITM red-teaming), Latent Ad-
versarial Training (Sheshadri et al., 2024, latent-space
adversarial defense), Jailbreak Distillation (Zhang et
al., 2025, renewable safety benchmarks), Guardians of
the Agentic System (Barua et al., 2025, many-shot
jailbreak prevention), TombRaider (Ding et al., 2025,
historical jailbreak vectors), AEMA (Lee et al., 2026,
verifiable trustworthy agentic eval), Red Teaming Lan-
guage Models (Ganguli et al., 2022, foundational red-
team study), and Helpful Harmless Honest? (Lind-
ström et al., 2025, RLHF sociotechnical limits). Agen-
tic RL has opened new attack surfaces. Backdoors in-
jected through RLVR (Guo, Shi, Zhu and colleagues,
2026, “Backdoors in RLVR”) demonstrate that an at-
tacker who controls part of the training prompt dis-
tribution can inject a trigger that causes the trained
policy to bypass safety filters at inference. The trigger
remains operational even after standard fine-tuning.
User-mediated attacks (Chen, Wu, Nguyen and col-
leagues, 2026, “Too Helpful to Be Safe”) show that
overhelpful agents can be manipulated by the user into
executing unsafe actions; current web agents lack ad-
versarial training against malicious user inputs. Claw-
Trap (Zhao, Cui, 2026) is a MITM-based red-teaming
framework that demonstrates real-world attacks on au-
tonomous web agents.

Latent Adversarial Training (Sheshadri, Ewart, Guo
and colleagues, 2024) improves robustness to persis-
tent harmful behaviors via adversarial training in la-
tent space. Jailbreak distillation (Zhang, Elgohary,
Wang and colleagues, 2025) provides renewable bench-
marks for safety. Guardians of the Agentic System
(Barua, Rahman, Islam and colleagues, 2025) studies
many-shot jailbreak prevention specifically for agen-
tic deployments. The TombRaider (Ding, Zhang, Liu

and colleagues, 2025) work explores historical jail-
break vectors. Ho et al. on AEMA (Lee, Koneru,
Moslemi and colleagues, 2026) evaluate trustworthy
agentic LLM systems.

9.3. Distribution Drift, KL Collapse, and
Reproducibility Crises

This subsection covers training-dynamics failures and
the reproducibility audit literature that documents
them.

Representative drift and reproducibility studies in-
clude: Tulu-3 ablations (Lambert et al., 2024, β
U-shape), DeepSeek-R1 ablations (Guo et al., 2025,
format reward dominance), Evaluation Challenge of
Agency (Dong et al., 2026, 5–15 pt run-to-run vari-
ance), Towards a Science of AI Agent Reliability (Ra-
banser et al., 2026, reliability metrics), SWE-ABS (Yu
et al., 2026, ~20% inflation on SWE-bench Verified),
Saving SWE-Bench (Garg et al., 2025, mutation-based
eval), The World Won’t Stay Still (Li et al., 2026, pro-
grammable evolution), AdaRubric (Ding, 2026, task-
adaptive rubrics), and AEMA (Lee et al., 2026, multi-
checker robustness). A fourth set of failures comes
from distribution drift during long RL training. KL
collapse: the policy’s KL to the reference grows with-
out bound when β is too low, producing unreadable
degenerate text. Format reward over-reliance: when
the format reward dominates the content reward, the
policy fixates on producing the prescribed XML/JSON
format and loses content quality; mitigation is non-
uniform reward weighting. Catastrophic forgetting of
pre-training capabilities: aggressive RL on math de-
grades MMLU and TriviaQA by 1–4 points; Tulu-3
mitigates with multi-task replay.

Reproducibility is now a recognized crisis. The Eval-
uation Challenge of Agency (Dong, Liu, Wang and
colleagues, 2026) documents that LLM agents ex-
hibit substantial run-to-run variance: 5–15 percent-
age points on standard benchmarks. Towards a Sci-
ence of AI Agent Reliability (Rabanser, Kapoor, Kir-
gis and colleagues, 2026) calls for systematic reliability
metrics. SWE-ABS (Yu, Cao, Zhang and colleagues,
2026) shows that SWE-bench Verified scores are in-
flated by ~20% due to test-mutation vulnerabilities.
Saving SWE-Bench (Garg, Steenhoek, Huang, 2025)
proposes benchmark mutation for realistic agent eval-
uation. The World Won’t Stay Still (Li, Xie, Liu
and colleagues, 2026) proposes programmable evolu-
tion for agent benchmarks. Honest reporting requires
(a) multi-seed averaging, (b) cutoff-date disclosure, (c)
full rollout publishing, and (d) multiple-checker ro-
bustness checks.
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9.4. Multi-Agent Failure Modes

This subsection covers failures that only arise once
multiple agents interact. They are not yet well cat-
alogued at LLM scale.

Representative multi-agent failure studies include: Ad-
versarial Minority Influence (Li et al., 2025, single bad
agent degrades team), Robust MARL via Mutual In-
formation (Li et al., 2025, regularizer defense), Prob-
abilistic Logic Shields (Chatterji & Acar, 2024, safety
filter), Safe Graph-Based RL for MARL Cooperation
(Gou et al., 2026, graph-based safety), MADDPG-
style failures (classical CTDE pathologies), Buşoniu
et al. (2008, MARL convergence issues), and Zhu et
al. (2022, cooperative MARL survey). For multi-agent
Agentic RL, additional failure modes emerge. Adver-
sarial minority influence (Li, Guo, Xiu and colleagues,
2025) shows that in cooperative MARL, a single adver-
sarial agent can degrade the team’s performance dra-
matically. Emergent miscommunication in multi-LLM
agentic settings can produce collusion or deadlock. Co-
ordination failures when agents disagree about world
state and lack a common arbiter. Robust MARL via
mutual information regularization (Li et al., 2025) and
probabilistic logic shields (Chatterji, Acar, 2024) are
early mitigations.

9.5. Failure-Mode Catalogue

9.6. Safety Constraints and Red-Teaming

Safe RLHF-V (Ji, Chen, Pan and colleagues, 2025)
extends RLHF with safety constraints to multimodal
LLMs. RLHF with High-Confidence Safety Con-
straints (Chittepu, Metevier, Schwarzer and col-
leagues, 2025) introduces statistical guarantees of
safety. A graph-based safe RL method for multi-agent
cooperation (Gou, Du, Cai, 2026) addresses safety in
MARL. Red Teaming Language Models to Reduce
Harms (Ganguli, Lovitt, Kernion and colleagues, 2022)
provides a foundational study of red-teaming method-
ology, scaling behaviors, and lessons learned. Helpful,
Harmless, Honest? (Lindström, Methnani, Krause and
colleagues, 2025) critically evaluates the sociotechnical
limits of RLHF as the dominant alignment paradigm.
A consensus-based reward framework for mitigating
malicious RLHF feedback (Haider, Rahman, Devab-
haktuni, 2025) addresses data-poisoning attacks on the
preference dataset.

9.7. Robustness, Reliability, and Falsifiable
Evaluation

The conjunction of these failure modes implies that
current Agentic RL pipelines, however effective on av-

erage, do not provide reliability guarantees suitable
for production deployment in safety-critical domains.
Three concrete reliability deficits stand out: (1) ab-
sence of formal verifier coverage proofs — we do not
know what fraction of correct trajectories the veri-
fier rejects (false-negative rate), so claimed pass rates
can be either over- or under-stated; (2) absence of
robustness certification under adversarial users; and
(3) absence of compositional safety guarantees when
multi-LLM agentic systems are stacked. Closing these
deficits is a precondition for deploying Agentic RL out-
side of experimental and non-safety-critical settings.

The call to action emerging from the 2025–2026 liter-
ature is uniform: treat Agentic RL evaluation as a sci-
ence with multi-seed protocols, contamination audits,
adversarial robustness tests, and rollback/red-team
accountability. The infrastructure work — AEMA,
AdaRubric, ClawTrap, SWE-ABS — is in early stages
but is converging toward a common reproducibility
standard.

10. Open Problems and Future Directions for
Agentic RL

The failures of §9 motivate the agenda of §10. The
pace of Agentic RL research means any catalogue of
open problems is partially obsolete by publication,
but ten substantive problems are unresolved across all
four pillar surveys (Zhang et al., 2025; Plaat et al.,
2025; Liu et al., 2025; Xu et al., 2025) and we dis-
cuss each with a concrete falsifiable forecast for the
2026–2028 window. The ten problems span four clus-
ters: algorithmic (long-horizon credit assignment be-
yond 50 tool calls, off-policy stability, verifier robust-
ness, open-ended RLVR); architectural (multi-agent
agentic RL, sim-to-real embodied transfer, continual
learning); economic (compute-optimal RL, adaptive
reasoning depth and inference latency); and societal
(safety, alignment, regulatory certification). Forecasts
are stated as falsifiable claims with target years so that
the catalogue itself can be evaluated retrospectively.

10.1. Long-Horizon Credit Assignment Beyond 50
Tool Calls

Current Agentic RL pipelines reliably assign credit at
horizons of 5–30 tool calls (web agents on WebArena,
SWE agents on SWE-Gym). Beyond 50 calls — the
regime of long embodied tasks, multi-day research
agents, and multi-turn customer-service deployments
— gradient-based RL becomes statistically infeasible
because per-trajectory variance overwhelms the mean.
Skill libraries and hierarchical RL (Plan4MC, Voyager,
Agentic Skill Discovery) provide a partial workaround
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Failure Mode Symptom Cause Mitigation Reference

Reward hacking High reward, low task
accuracy

RM exploits Reward bench,
ensemble RMs

Casper et al.,
2023

Verifier gaming Decoy outputs pass
regex

Loose verifier Strict semantic
checks

Helff et al., 2026

Spurious-reward
hack

Non-zero gain from
random labels

Format learning Multi-aspect reward Shao et al., 2025

Sycophancy Agrees with user errors RLHF preference Diverse preference
data

Bai et al., 2022

Preference collapse Mode collapse BT loss Matching
regularization

Xiao et al., 2025

Sycophancy-to-
subterfuge

Generalizes to reward
tampering

Mild tampering
signal

Reward-tampering
detection

Denison et al.,
2024

RLVR backdoor Trigger activates
jailbreak

Poisoned RLVR
data

Data sanitation Guo et al., 2026

User-mediated
attack

Helpful agent acts
unsafely

Overhelpfulness Safety RL +
user-adversarial

Chen et al., 2026

MITM on agent Network-level injection No-channel auth Cryptographic agent
comms

Zhao & Cui, 2026

KL collapse Unreadable text β too low β tuning, anchor
refresh

Tulu-3 ablations

Catastrophic
forgetting

MMLU drops 1–4 pts RL over-
specialization

Multi-task replay Lambert et al.,
2024

Format
over-reliance

Empty answers in
correct tags

Format reward
dominance

Reward re-weighting DeepSeek-R1
ablations

Benchmark
contamination

Inflated leaderboard Training-data
leak

Live/procedural
benchmarks

Reasoning Gym,
SWE-Live

Test mutation
inflation

SWE-bench overstated Patch shortcuts SWE-ABS
revaluation

Yu et al., 2026

Multi-seed
variance

±5–15 pt fluctuation Stochastic
env+sampler

Multi-seed reporting Dong et al., 2026

Adversarial
minority MARL

Team failure One bad agent Robust MARL Li et al., 2025

Length bias under
DPO

Verbose answers Log-ratio length SimPO,
length-control DPO

community

by amortizing credit assignment within named skills,
but a principled solution remains absent. Forecast
(2026–2028): A combination of process reward mod-
els trained on intermediate sub-goal completion plus
model-based RL roll-outs in learned world models
(RLVR-World; Wu, Yin, Feng and colleagues, 2025)
will push reliable credit assignment to 100-step hori-
zons by 2027, with embodied agents reaching 500+
step horizons via skill chunking by 2028.

10.2. Off-Policy Stability for Long Trajectories

PPO and GRPO are nominally on-policy and degrade
rapidly with rollout staleness exceeding ~4 update
steps. Off-policy correction via importance ratios re-
amplifies variance. A new optimizer that gracefully
handles 30–100-step staleness without variance blow-

up is the missing piece for asynchronous large-scale
rollout. SPEC-RL (Liu, Wang, Min and colleagues,
2025) accelerates on-policy RL with speculative roll-
outs; ExO-PPO (Wang, Yang, 2026) extends PPO off-
policy. Forecast: A hybrid PPO/GRPO with retrace-
style off-policy correction will become the default by
2027, enabling 5×–10× wall-clock training speedup.

10.3. Reward Hacking and Verifier Robustness

Reward hacking under RLHF is well-studied (Casper
et al., 2023). Verifier gaming under RLVR is newly
recognized (Helff et al., 2026; Shao et al., 2025; Guo
et al., 2026 backdoor results). The unresolved question
is whether capability gain and verifier robustness are
intrinsically in tension. If yes, then a principled trade-
off frontier exists; if no, then we lack the right verifier
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design. Forecast: By 2027, multi-aspect verifier en-
sembles will reduce verifier-gaming success by ≥50%
on AIME-style benchmarks; backdoor-resistant RLVR
via differential privacy or anomaly detection will be-
come a deployment standard for production agents.

10.4. Open-Ended Generation: Verifiable Rewards
Without Ground Truth

RLVR works because mathematics, code, and
structured-output tasks have ground-truth verifiers.
Open-ended generation — creative writing, scientific
paper drafting, brainstorming, peer review — does
not. From Verifiable Dot to Reward Chain (Jiang,
Wang, Zhang and colleagues, 2026) attempts to extend
RLVR to open-ended tasks by chaining sub-verifiers;
the result is encouraging but not yet competitive with
RLHF on chat-quality benchmarks. Forecast: Hier-
archical reward chains with LLM-judge verification at
each layer will close 70% of the open-ended-generation
quality gap by 2027.

10.5. Multi-Agent Agentic RL and Emergent
Communication

Single-agent Agentic RL is mature; multi-agent Agen-
tic RL — multiple LLM agents trained jointly via
RL — remains in its infancy. ManuSearch (Huang
et al., 2025) and Multi-LLM tool agents (Shen et al.,
2024) deploy multi-LLM systems but train each role
independently rather than jointly. The MARL liter-
ature (Buşoniu et al., 2008; Zhu et al., 2022; Li et
al., 2022) provides centralized-training-decentralized-
execution recipes that have not yet been transferred
to LLM-scale. Robust MARL via mutual informa-
tion regularization (Li, Xu, Xiu and colleagues, 2025)
and adversarial-minority-influence robustness (Li et
al., 2025) are pre-requisites. Forecast: Joint multi-
LLM RL with role specialization and emergent com-
munication will achieve a 10–15 pt SWE-bench Veri-
fied margin over single-agent baselines by 2027.

10.6. Sim-to-Real Transfer for Embodied Agentic RL

Voyager-style Minecraft results do not transfer to real
robots. The sim-to-real gap remains the principal
blocker for embodied Agentic RL deployment. Vox-
Poser (Huang et al., 2023) and the broader Robotics-
LLM literature have made progress with zero-shot ma-
nipulation, but RL fine-tuning of embodied LLM poli-
cies on real hardware is rare. Forecast: RL-fine-tuned
vision-language-action models in the spirit of Open-
VLA will achieve sim-to-real transfer with <20% per-
formance drop on standardized manipulation bench-
marks by 2028.

10.7. Continual Learning Without Catastrophic
Forgetting

Aggressive RL on math reasoning degrades MMLU,
TriviaQA, and conversational naturalness by 1–4
points (Tulu-3 ablations). Multi-task replay mitigates
but does not eliminate the trade-off. Continual learn-
ing for Agentic RL — the ability to add new capabil-
ities without forgetting old ones — is unsolved. Fore-
cast: Modular RL with low-rank adapters (LoRA-RL)
per task, plus a base-model frozen anchor, will en-
able continual capability addition without forgetting
by 2027.

10.8. Scaling Laws and Compute-Optimal Agentic RL

Scaling laws for pretraining are well-characterized;
analogous laws for RL are not. Liu, Yang, Qian and
colleagues (2025) note that RL improvements appear
to scale slower than pretraining FLOPs would pre-
dict. The community lacks a reliable answer to: at
what mix of pretraining FLOPs vs RL FLOPs is total
cost minimized? Forecast: A compute-optimal recipe
will be empirically established by 2027, predicting that
~20% of total training FLOPs should be allocated to
RL post-training for capability-density-optimal mod-
els.

10.9. Reasoning Length, Test-Time Compute, and
Latency

Long-CoT reasoning (8–32 k tokens) is computation-
ally expensive at inference, with end-user latency of
seconds to minutes. Adaptive reasoning depth — gen-
erating 200 tokens for easy questions, 32 k for hard
ones — is a partial solution. HiPO (Kachroo et al.,
2026) introduces hierarchical preference optimization
for adaptive reasoning. The clean answer to “how
much CoT is enough” remains domain-dependent.
Forecast: Adaptive-depth reasoning with confidence-
conditioned early termination will reduce average in-
ference cost by 50% with <2 pt accuracy loss by 2027.

10.10. Safety, Alignment, and Societal Robustness
Under Agentic RL

The safety story for Agentic RL is incomplete. Back-
doors injectable through RLVR (Guo et al., 2026),
user-mediated attacks (Chen et al., 2026), and the ob-
served sycophancy-to-subterfuge generalization (Deni-
son et al., 2024) all suggest that aligned-on-evaluation
does not imply aligned-in-deployment. Helpful, Harm-
less, Honest? (Lindström et al., 2025) argues that
RLHF has fundamental sociotechnical limits. Fore-
cast: Regulatory pressure (EU AI Act enforcement;
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comparable US frameworks) will force the publication
of Agent Cards (Casper et al., 2025 AI Agent Index
analogue) summarizing capabilities, deployments, and
known failure modes by 2027; a major incident involv-
ing an agentic system will catalyze a formal certifica-
tion regime by 2028.

10.11. Open-Problem Map

10.12. Methodological Recommendations

A few methodological recommendations follow from
the catalogue. (1) Treat verifier coverage as a first-
class metric: report false-negative and false-positive
verifier rates alongside task accuracy. (2) Standardize
multi-seed reporting: minimum 3 seeds with std-dev.
(3) Publish Agent Cards: capabilities, deployment
context, known failure modes, training data cutoff,
RL stage details. (4) Distinguish capability gain from
format gain: ablate the format-only reward to sepa-
rate effects. (5) Benchmark on procedurally-generated
test sets (Reasoning Gym style) to reduce contamina-
tion. (6) Encourage open release of full RL training
stacks to enable community replication; OpenRLHF,
verl, AReaL, NeMo-Aligner provide an existence proof
that frontier-scale RL can be reproduced openly.

10.13. Provocative Forecasts

Three deliberately provocative forecasts conclude the
section. First, by end-2027, an open-source 32B-
parameter reasoning model trained with RLVR will
match GPT-5-class proprietary models on AIME,
MATH-500, and SWE-bench Verified, while costing
under $250 k to fully retrain. Second, multi-LLM
agentic RL teams will saturate SWE-bench Verified at
>95% by 2027, forcing a decisive replacement of the
benchmark with a continually-evolving live successor.
Third, the principal bottleneck for further capability
gain will shift from compute and data to verifier engi-
neering: the capability ceiling will be set by how much
of human task-completion correctness can be encoded
as cheap, robust, programmatic verifiers. Whichever of
these forecasts is wrong will be informative; whichever
is right will mark a milestone.

11. Terminology Glossary and Conclusion
This concluding section consolidates the survey in
three parts: a glossary of 45+ named terms that re-
cur across the literature with their canonical references
(§11.1), a synthesis of the five core claims that orga-
nize the field (§11.2), and a forward-looking perspec-
tive on three convergent trends — staged pipelines,
agentic skills as first-class modules, and verifier engi-

neering as the new scarce resource (§11.3–§11.4). To-
gether they answer the framing question: whether RL
on a sufficiently capable base, with sufficiently rich ver-
ifiers, can elicit behaviors that imitation alone cannot.
DeepSeek-R1’s emergence of self-correction and back-
tracking under pure RL answered yes for mathematical
reasoning; the open question — and the principal re-
search program for 2026–2028 — is how broadly that
result generalizes.

11.1. Glossary of Key Terms

The vocabulary of Agentic RL is partly inherited from
classical RL and partly invented in the past three
years. Reviewers, practitioners, and students reliably
collide on the same handful of terms; we therefore con-
solidate them.

11.2. Synthesis

This survey has traced Agentic Reinforcement Learn-
ing from its deep-RL antecedents through the RLHF
era to the current RLVR/R1 paradigm. Five claims
summarize the synthesis. (1) Agentic RL is a gen-
uine paradigm shift from LLM-RL: the LLM is no
longer an aligned response-generator but a sequen-
tial decision-making policy embedded in an inter-
active environment. (2) The paradigm crystallized
around three innovations: GRPO (critic-free, group-
relative advantage), verifiable rewards (RLVR), and
the pure-RL elicitation of long chain-of-thought rea-
soning (DeepSeek-R1). (3) A four-axis taxonomy —
reward source, optimizer family, action-space horizon,
coordination structure — places the existing meth-
ods coherently and exposes the under-explored cells
(multi-LLM joint RL; embodied RLVR; open-ended
RLVR). (4) Benchmarks have stratified into reasoning,
code, web, GUI, embodied, multimodal, and agentic-
search tiers, with verifiability strongly correlated with
progress velocity. (5) Failure modes — reward hack-
ing, verifier gaming, RLVR backdoors, sycophancy,
KL collapse, multi-seed variance — are now well-
catalogued and motivate a reliability and safety re-
search program that has begun but is far from com-
plete.

11.3. Toward Generalist Agentic Policies

The trajectory we have charted suggests three converg-
ing trends for 2026–2028. Trend 1 — staged pipelines
become standard. SFT cold-start, DPO style align-
ment, and RLVR/GRPO reasoning training are no
longer alternatives but a unified recipe; Tulu-3, Light-
R1, and rStar-Math are early templates of this con-
vergence. Trend 2 — agentic skills become first-class
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# Problem Status Falsifiable Forecast (Year)

1 Long-horizon credit assignment >50 calls Open 100-step reliable by 2027
2 Off-policy stability Partial (SPEC-RL,

ExO-PPO)
Hybrid optimizer default 2027

3 Verifier robustness Open (Helff 2026, Shao
2025)

50% gaming reduction 2027

4 Open-ended RLVR Early (Jiang 2026) 70% gap closed 2027
5 Multi-agent agentic RL Early (ManuSearch 2025) 10–15 pt SWE margin 2027
6 Sim-to-real embodied Open <20% drop 2028
7 Continual learning Partial LoRA-RL standard 2027
8 Compute-optimal RL Open 20% RL allocation rule 2027
9 Adaptive reasoning depth Partial (HiPO) 50% cost cut 2027
10 Safety + societal robustness Open Cert regime 2028

modules. Memory, tool use, planning, search, and skill
libraries are now design primitives that interact with
RL; future architectures will RL-train policies with
persistent memory and skill caches as first-class state.
Trend 3 — verifier engineering becomes the scarce re-
source. Capability gains depend more on the avail-
ability of cheap, robust, programmatic verifiers than
on additional compute. The next wave of advances
will come from extending RLVR to domains (open-
ended generation, scientific reasoning, embodied long-
horizon tasks) where ground-truth verifiers are not yet
cheap.

The intellectual question that the field has implicitly
raised is whether RL on a sufficiently capable base,
with sufficiently rich verifiers, can elicit behaviors that
imitation alone cannot. The DeepSeek-R1 result an-
swers in the affirmative for mathematical reasoning,
where pure RL elicited self-correction and backtrack-
ing that no SFT corpus reliably teaches. The open
question is how broadly that result generalizes — to
scientific creativity, to socially calibrated judgment,
to embodied dexterity. The taxonomies, benchmarks,
and engineering recipes catalogued in this survey are
the scaffolding on which the next generation of em-
pirical answers will be built. Precisely because the
methodology is now mature enough to be trusted,
the measurements it enables — multi-seed pass rates,
KL trajectories, verifier coverage, contamination au-
dits, multi-agent role-specialization gains — will be
the principal currency of progress over the next two
years.

11.4. A Closing Remark

Agentic Reinforcement Learning has moved from a re-
search curiosity to an engineering reality in less than
four years. The combination of frontier-scale pre-
training, cheap programmatic verifiers, and critic-free

group-relative optimization has produced agents that
solve high-school olympiad problems, fix real GitHub
issues, navigate live websites, and discover novel chem-
istry. None of this works perfectly; all of it is im-
proving. The field’s principal task in the coming
years is to convert the prevailing empirical capability
into reliable, safe, and continually-improving deploy-
ment, with the verifier-engineering, multi-agent coor-
dination, and reliability-science research programs cat-
alogued here as the central pillars of that conversion.

12. Critical Synthesis
Building on the glossary and synthesis of Section 11,
this section delivers an explicit head-to-head compari-
son of the dominant method families and a structured
catalogue of open problems and emerging future direc-
tions. It is organized as three short blocks: a compari-
son of the canonical optimizers, a list of open problems
active in 2025–2026, and a list of future directions that
surfaced in early 2026. The intent is to leave the reader
with a sharp summary of where the field is and where
it is moving.

PPO trades off stable, on-policy gradient estimation
with high memory cost, because the four-model stack
of actor, critic, reference, and reward consumes ~640
GB at 70B scale. DPO trades off the reward model
entirely for a closed-form pairwise loss that runs at
roughly half the memory and three times the through-
put, but inherits length bias and off-policy drift.
GRPO sits between the two by replacing the critic with
a group-relative advantage at ~480 GB memory, which
is why DeepSeek-R1 and Tulu 3 chose it for verifiable-
reward training. VAPO returns a value critic with
reliability tweaks and beats vanilla GRPO by 13 ab-
solute points on AIME 2024 (60.4 versus 47.0) at the
same model scale. Step-DPO and process reward mod-
els add per-step supervision, which lifts GSM8K from
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33.5 to 84.1 with PRM-weighted Best-of-64. RLVR
works where verifiers are cheap; RLHF and RLAIF
still dominate where they are not. Self-play methods
such as rStar-Math (MATH-500 = 90.0% with a 7B
backbone) demonstrate that small models can match
frontier reasoning when MCTS supplies the verifier sig-
nal.

Open problems active in 2025–2026.

• Long-horizon credit assignment beyond 50 tool
calls remains statistically infeasible without skill
chunking or process rewards (Plan4MC; Voyager;
Agentic Skill Discovery).

• Off-policy stability under rollout staleness above
4 update steps is unsolved; SPEC-RL and ExO-
PPO are partial fixes (Liu et al., 2025; Wang &
Yang, 2026).

• Verifier robustness under RLVR is brittle: LLMs
Gaming Verifiers (Helff et al., 2026) and Spurious
Rewards (Shao et al., 2025) document gain from
random labels.

• Open-ended generation lacks ground-truth veri-
fiers; From Verifiable Dot to Reward Chain (Jiang
et al., 2026) only closes part of the gap.

• Multi-LLM joint RL with emergent communica-
tion is underexplored at LLM scale; ManuSearch
(Huang et al., 2025) trains roles independently
rather than jointly.

• Sim-to-real transfer for embodied Agentic RL still
drops more than 30% on standardized manipu-
lation benchmarks; OpenVLA-style fine-tuning is
the leading candidate.

• Continual learning without catastrophic forget-
ting causes 1–4 pt MMLU drops after aggressive
math RL; LoRA-RL plus a frozen anchor is the
leading candidate.

• Reproducibility under multi-seed evaluation re-
mains poor; Evaluation Challenge of Agency
(Dong et al., 2026) reports 5–15 pt run-to-run
variance, and SWE-ABS (Yu et al., 2026) shows
~20% inflation on SWE-bench Verified.

Future directions emerging in 2026.

• World-model RL: RLVR-World (Wu et al., 2025)
and Agentic-R (Liu et al., 2026) train policies in-
side learned world models so that long horizons
become tractable.

• Verifier ensembles and anomaly detection: multi-
aspect verifier stacks plus differential-privacy
training to harden RLVR against backdoors and
decoy outputs.

• Adaptive-depth reasoning: HiPO (Kachroo et al.,
2026) shows that hierarchical preference optimiza-
tion can cut average inference cost by ~50% with
under 2 pt accuracy loss.

• Multi-LLM joint RL with role specialization:
ManuSearch-style multi-agent frameworks mov-
ing from staged SFT to end-to-end joint RL train-
ing.

• Agent Cards and certification: the EU AI Act and
analogous frameworks are pushing the publication
of standardized capability summaries by 2027.

In summary, Agentic RL has matured to the point
where the binding constraints are no longer compute
or optimizer choice but verifier coverage, multi-seed
reliability, and safe multi-agent coordination.

13. Conclusion
Building on the synthesis above, this final section de-
livers the survey’s closing message in three short para-
graphs. Read it as a one-page summary suitable for
citation.

Agentic Reinforcement Learning is the family of train-
ing methods that treats a large language model as a
sequential-decision policy embedded in an interactive
environment. The field has crystallized around three
innovations: GRPO supplies critic-free group-relative
advantage at ~25% lower memory than PPO, RLVR
replaces learned reward models with cheap program-
matic verifiers, and DeepSeek-R1 demonstrated that
pure RL on a strong base elicits long chain-of-thought
reasoning without any imitation cold start. The four-
axis taxonomy adopted here — reward source, opti-
mizer family, action-space horizon, and coordination
structure — places every recent method coherently
and exposes the under-explored cells.

Three tensions structure the current state of the field.
First, verifiability dominates trainability: math and
code advance two to three years ahead of web, health-
care, and creative writing because their verifiers are
exact. Second, capability gain and verifier robustness
are in tension: tighter reward signals enable faster
learning and easier gaming, while looser signals are ro-
bust but slow. Third, single-agent RL is mature while
multi-agent and embodied RL are not: ManuSearch
and Plan4MC illustrate the design pattern but do not
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yet train jointly at scale. The cross-cutting reliability
deficit — 5–15 pt multi-seed variance and ~20% bench-
mark inflation — must be closed before deployment is
routine outside non-safety-critical settings.

Five future directions stand out for 2026–2028. First,
world-model RL with RLVR-style verifiers will push
reliable credit assignment to 100-step horizons. Sec-
ond, multi-aspect verifier ensembles will reduce verifier
gaming by ≥50% on AIME-style benchmarks. Third,
multi-LLM joint RL with emergent role specialization
will achieve a 10–15 pt SWE-bench Verified margin
over single-agent baselines. Fourth, adaptive-depth
reasoning and confidence-conditioned early termina-
tion will halve average inference cost. Fifth, regula-
tory pressure will force the publication of Agent Cards
by 2027 and a formal certification regime by 2028.
Whichever of these forecasts is wrong will be informa-
tive; whichever is right will mark the next milestone.
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Term Definition Reference

Agentic RL RL training of an LLM as a multi-step
environment-grounded policy

Zhang et al., 2025

LLM-RL RL applied to single-step LLM responses (e.g.,
RLHF)

Ouyang et al., 2022

RLHF RL from Human Feedback via pairwise preference
reward

Christiano et al., 2017; Ouyang et
al., 2022

RLAIF RL from AI Feedback via LLM-as-judge Lee et al., 2023
RLVR RL with Verifiable Rewards via programmatic

verifier
Shao et al., 2024

PRM Process Reward Model: per-step scoring Wang et al., 2024
(Math-Shepherd)

ORM Outcome Reward Model: end-of-trajectory scoring (counterpart to PRM)
PPO Proximal Policy Optimization, clipped surrogate,

ε=0.2
Schulman et al., 2017

DPO Direct Preference Optimization, log-sigmoid
pairwise loss

Rafailov et al., 2023

GRPO Group Relative Policy Optimization, critic-free Shao et al., 2024
VAPO Value-based Augmented PPO for reasoning Yu et al., 2025
TRPO Trust Region Policy Optimization Schulman et al., 2015
SAC Soft Actor-Critic, max-entropy off-policy Haarnoja et al., 2018
KL anchor Penalty β·KL(π‖π_ref) preventing policy drift universal
Group size G Number of rollouts per prompt for GRPO Shao et al., 2024
Reference policy
π_ref

Frozen policy (usually SFT init) for KL anchoring universal

Format reward 0/1 for compliance with output schema DeepSeek-R1 recipe
ReAct Thought–Action–Observation agent loop Yao et al., 2023
Reflexion Verbal self-critique trajectory feedback Shinn et al., 2023
Voyager Open-ended Minecraft agent with skill library Wang et al., 2023
Skill library Persistent retrievable code/skill cache Wang et al., 2023
Cold start Initial SFT phase before RL DeepSeek-R1 recipe
Reasoning emergence Long-CoT, self-correction, backtracking acquired

via RL
Guo et al., 2025

Long CoT Chain-of-thought reasoning of 8–32 k tokens DeepSeek-R1
Test-time compute Inference-time generation budget per query OpenAI o1, R1
Self-play /
Self-Challenging

Agent-generated training tasks + reward Zhou et al., 2025

MCP Model Context Protocol for tool integration Anthropic 2024
Verifier gaming Policy exploits verifier without solving task Helff et al., 2026
Spurious reward Random/noisy labels weakly correlated with

correctness
Shao et al., 2025

Agent card Standardized agent capability/deployment
summary

community trend

RLVR backdoor Trigger injected through RLVR data Guo et al., 2026
Reward hacking Policy maximizes reward without intended

behavior
Casper et al., 2023

GAE Generalized Advantage Estimation Schulman et al., 2015
Clip ε PPO importance-ratio clip width, ≈0.2 Schulman et al., 2017
KL coefficient β Strength of KL anchor (0.001–0.1) Tulu-3, R1 ablations
Iterative DPO Periodic re-collection of preferences Xiong et al., 2024
Step-DPO DPO applied per reasoning step Lai et al., 2024
Pref-GRPO Pairwise preference reward GRPO for T2I Wang et al., 2025
GRPO-CARE Consistency-aware GRPO for multimodal Chen et al., 2025
BAPO Boundary-Aware Policy Optimization for search Liu et al., 2026
HiPO Hierarchical Preference Optimization Kachroo et al., 2026
AIME American Invitational Mathematics Examination benchmark
MATH-500 500-problem subset of MATH benchmark
SWE-bench Verified 500-instance verified GitHub issue subset Pan et al., 2024
WebArena 812-task web-navigation benchmark Zhou et al., 2023
GAIA 466-task general-assistant benchmark community
AgentBench 8-environment agent benchmark Liu et al., 2023
MCP-Universe 231-task MCP-server benchmark Luo et al., 2025
Reasoning Gym >100 procedural verifier library Stojanovski et al., 2025
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