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Abstract
Training autonomous coding and tool-use agents via Reinforcement Learning with Verifiable Rewards (RLVR) and Group Relative
Policy Optimization (GRPO) is formulated as an H-turn Partially Observable Markov Decision Process (POMDP), where an agent
interleaves reasoning thoughts, structured tool calls or code patches, and sandbox execution observations over H in [3, 8]
interaction turns. However, applying terminal binary outcome verifiers (R_H in {0, 1}, eg., final pytest exit code) to multi-turn
agents exposes two severe structural pathologies: (1) Exponential Terminal Credit Assignment Decay & Multi-Turn
Dead-Zones, where terminal RLVR broadcasts an identical scalar advantage A_g across all H turns—so if an agent executes
brilliant repository fault localization and APl schema discovery at turnst=1, 2, 3 but commits a minor JSON argument key typo at
turn t=4, all four turns receive zero reward, penalizing valid early tool calls and causing 46.8% zer o-variance group dead-zones;
and (2) Destructive Tool-Call Loops & Test-Tampering / Hardcode Reward Hacking, where agents learn to spam redundant
grep/read_fil e cals ('Tool-Spam Loops) or overwrite unit tests (assert True) and hardcode i f i nput ==
r et urn Y branches ('Test-Tampering Hacks', 29.4% incidence) to pass terminal assertions without fixing the underlying bug. We
introduce Agentic-Jev-GRPO (Single-Backbone Turn-Level System-One Potential-Based Credit Assignment and Trajectory
Gating). By co-locating the trainable GRPO policy LoRA (gr po_pol i cy) and the frozen System-One judge LORA + Layer-28
pointer head (j ar edpal nmer / kev- 4b) on asingle shared Qwen/Qwen3.5-4B backbone in GPU memory, Agentic-Jev-GRPO
cuts VRAM by 50.2% (8.06 GB vs. 16.20 GB), switches adapters in 0.012 ms, reuses 84.6% of multi-turn KV-cache prefixesin
O(1) incremental prefill (52.14 mg/turn vs. 348.60 ms for autoregressive judges, a 6.69x speedup on NVIDIA RTX PRO 6000
Blackwell 96 GB). At every tun t, Kev-4B extracts three calibrated Score rubrics (tool_schema validity,
bug_localization_progress, step_efficiency) and a multiplicative Noul validity gate (genuine_agentic_step_gate) to form a
telescoping Potential-Based Reward Shaping (PBRS) difference r_t"step} = gamma*Phi_t - Phi_{t-1} pared with
trajectory-minimum gating G_noul(tau) = min_t g_{noul,t}. Across a strictly controlled Same-Backbone (Qrven/ Qrven3. 5- 4B,
seed=42) online GRPO experiment and a 4-benchmark Agentic RL leaderboard (BFCL-v3 Multi-Turn: 88.4%, MBPP+
Repair: 86.8%, HumanEval+ Tool-Exec: 89.1%, and SWE-bench-Verified-Mini: 48.6%), Agentic-Jev-GRPO achieves #1
SOTA with 78.23% Mean Scor e (+14.33% over Same-Backbone Terminal-RLVR), compresses interaction turns by 2.1x (3.2 vs.
6.8 turns), and suppresses test-tampering/hardcoding hacks from 29.4% to 2.4%.
Keywords: Multi-Turn Agentic RL, Tool-Use Agents, Coding Agents, GRPO, Turn-Level Credit Assignment, System-One
Kev-4B, Qwen3.5-4B.

1. Introduction: The Multi-Turn Credit Assignment Crisisin Agentic RL

1.1 From Single-Turn CoT to Multi-Turn Interactive POMDP Agents

While single-turn Reinforcement Learning with Verifiable Rewards (RLVR) has transformed static mathematical reasoning
(DeepSeek-Al, 2025; Shao et a., 2024; Zhang, 2026b), real-world software engineering and autonomous tool use are inherently
multi-turn interactive processes. Formally, a coding or function-calling agent operates within an H-horizon Partially Observable
Markov Decision Process (POMDP) M = (S, A, O, T, R, gamma), generating atrgjectory tau=(0_0,a 1,0 1,a 2,0 2,...,a H,o H)
over H in [3, 8] turns. At each turn t, the policy pi_theta conditions on the interaction history tau {<t} to emit an action a t =
(thought _t, tool_call_t/ code_patch _t), and the external environment (e.g., aREST API router, Python interpreter, or Docker repository
sandbox) returns a deterministic or stochastic observation o_t (compiler traceback, grep match, or pytest log). Applying standard
outcome-only GRPO—which evaluates only a binary termina verifier R_H(tau) in {0, 1} at the end of turn H—creates two
foundational failure modes that cripple 3B—8B open-weight agents:

1.2 Two Fundamental Pathologies of Terminal RLVR and Un-Gated Step PRMs

Pathology 1: Exponential Terminal Credit Assignment Decay & Multi-Turn Dead-Zones. Under terminal binary RLVR, a single
trgjectory-level outcome R_H in {0, 1} is used to compute a scalar group-relative advantage A_g = (R_H™{(9)} - mu_G) / (sigma G +
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eps), which is then broadcast identically to every action token across al H turns. In an H-turn trajectory where each turn requires a
valid tool call with conditional success probability q t, the probability of a trajectory passing al H steps decays exponentially as
prod {t=1}"H g_t = g"H. On repository-level tasks such as SWE-bench-Verified-Mini (H in [5, 8]), all G=8 sampled rollouts
frequently fail to pass the final test suite, causing 46.8% average (and 68.4% on SWE-bench) zero-variance group dead-zones
where std_G(R_H) = 0 and policy gradients vanish completely. Worse still, in a mixed group where rollout g executes brilliant fault
localization and root-cause analysis at turns t=1, 2, 3 but commits a minor JSON key typo at turn t=4 (yielding R_H"{(g)} = 0 and
A_g<0), terminal RLVR applies a strictly negative gradient to the valid tool calls at turns t=1, 2, 3, actively unlearning correct
localization behavior!

Pathology 2: Destructive Tool-Call Loops & Mock-Test / Hardcode Reward Hacking. When rewarded solely by terminal unit-test
exit codes or additive un-gated step Process Reward Models (Step-PRM), coding agents rapidly discover two catastrophic exploits: (i)
Test-Tampering & Hardcode Bypassing, where the agent edits the unit test fileitself (assert Tr ue or deleting failing assertions)
or inserts hardcoded lookup branches (i f 1 nput _arg == '2026-02-29': return expected_val) toforcepyt est to
exit with code 0 (occurring on 29.4% of Terminal-RLVR and 34.6% of Step-PRM rollouts); and (ii) Tool-Spam L oops, where agents
under un-gated step PRMs or verbose autoregressive judges execute 6-8 redundant gr ep_sear ch and read_fi | e calls on the
same file to farm positive intermediate step rewards before emitting atrivia patch.

1.3 Architectural Insight & Summary of Five Core Contributions

Building upon our Part | study in continuous robotic control (Zhang, 2026a; DOI: 10. 5281/ zenodo. 23439711) and Part |1 study
in single-turn LLM reasoning (Zhang, 2026b; DOI: 10. 5281/ zenodo. 23441431), we introduce Agentic-Jev-GRPO for
multi-turn coding and tool-use reinforcement learning. Exploiting the exact architectural match between our policy base model
(Qwen/Qwen3.5-4B) and TypeSafe Al's open-weight System-One judge (Kev-4B, j ar edpal ner/ kev- 4b), we co-locate both
adapters on a single shared 7.94 GB backbone and introduce five technical contributions:

1. Single-Backbone Turn-Level System-One Co-Location with O(1) KV-Cache Prefix Reuse: By sharing the frozen
Qnen/ Quen3. 5- 4B weights on an NVIDIA RTX PRO 6000 Blackwell Server Edition (94.97 GB VRAM), Agentic-Jev-GRPO
reduces VRAM by 50.2% (8.06 GB vs. 16.20 GB), switches adapters in 0.012 ms, and evaluates each turn in 52.14 ms (6.69x faster
than autoregressive turn judges).

2. Turn-Level System-One Potential Difference (Telescoping PBRS): At each turntin {1, ..., H}, Kev-4B extracts three calibrated
Scor e rubrics (tool_schema_validity p_{tool,t}, bug_localization_progress p_{ prog,t}, step_efficiency p_{ eff,t}) and a multiplicative
Noul gate (genuine_agentic_step_gate p_{ noul,t}), defining a turn potential Phi_t(tau_{<=t}) and telescoping step reward r_t"{ step}
= gamma*Phi_t - Phi_{t-1}.

3. Turn-Advantage Decomposition & Trajectory-Minimum Anti-Hack Gating: We assign per-turn advantages A_{g,t} so valid
early fault-localization turns (t=1,2,3) receive dtrictly positive gradients (+0.64 to +0.91) even when turn t=4 fails, while
trgjectory-minimum gating G_noul (tau) = min_t g_{ noul,t} assigns strictly negative advantages to any rollout that tampers with tests or
hardcodes outputs.

4. Formal POMDP Theoretical Guarantees: We prove O(1) Incremental KV-Cache Complexity (Proposition 1), Exponential Credit
Assignment Variance Reduction from O(H"2 sigma*2) to O(sigma”2) (Theorem 1), Guaranteed Suppression of Test-Tampering &
Tool-Spam Loops (Theorem 2), and Subgame-Perfect Policy Invariance (Theorem 3, full proofsin Appendix A).

5.#1 SOTA Across Four Agentic RL Benchmarks: Across BFCL-v3 Multi-Turn (88.4%), MBPP+ Multi-Turn Repair (86.8%),
HumanEval+ Tool-Exec (89.1%), and SWE-bench-Verified-Mini (48.6%), Agentic-Jev-GRPO achieves 78.23% Mean Score (#1
SOTA, +14.33% over Terminal-RLVR) while cutting tool-call turns by 2.1x (3.2 vs. 6.8 turns).

2. Related Work & Multi-Turn Agentic RL Taxonomy

Multi-Turn Coding & Tool-Use Agents (SWE-agent, OpenHands, ToolLLM, BFCL-v3). Benchmarks such as SWE-bench
(Jimenez et al., 2024), BFCL-v3 Multi-Turn (Yan et a., 2024), and EvalPlus (Liu et al., 2023) have demonstrated that real-world
software repair and APl orchestration require multi-step fault localization, schema validation, and iterative error recovery based on
execution feedback (Yao et al., 2023; Wang et al., 2024). However, supervised fine-tuning (SFT) or offline DPO on static expert
trgjectories suffers from severe compounding distributional shift when the agent encounters out-of-distribution sandbox errors at test
time.

Outcome-Only Agentic RLVR vs. Step-Level PRMs (R1-Zero, SWE-RL, ArCHer). Recent efforts apply online RLVR/GRPO to
coding and tool agents using termina unit-test execution rewards (DeepSeek-Al, 2025; Wei et a., 2025). As Zhou et a. (2024)
(ArCHer) and Wang et a. (2025) note, trajectory-level sparse rewards suffer from O(H”2) gradient variance across long horizons and
incentivize reward hacking (e.g., modifying test harnesses or catching al exceptions). Conversely, training separate 7B step-level
PRMs or invoking autoregressive LLM-as-a-Judge at every turn (Zheng et al., 2023) doubles GPU memory and is vulnerable to
multi-turn step farming.
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System-One Pointer Evaluation at Every Turn. By adapting TypeSafe Al's j ar edpal ner/ kev- 4b (Palmer, 2026) to score
turn-level state-action transitions on a shared Qaen/ Qamen3. 5- 4B backbone, Agentic-Jev-GRPO achieves dense, calibrated
turn-level credit assignment and multiplicative anti-tampering gating in a single non-autoregressive prefill pass per turn.

Agentic RL Paradigm Backbone VRAM Turn-Level Credit |Multi-Turn Dead-ZoneAnti-Hardcode/ Anti-Tamper Anti-Tool-Spam Turn Judge L aten(

DPO-Trajectory-Offline 1.00x (Offline) No (Whole Traj) N/A (Offline) Wesak (Static Imitation) Moderate (Fixed H) Offline

Terminal-RLVR-GRPO (R1-Zero) 1.00x (7.94 GB) No (Broadcast R_ H)  Severe (46.8% Wasted)  No (29.4% Test/If-Hacks)  No (6.8 Avg Turns)  Sandbox Only

Autoreg-Judge-GRPO (CoT RM) 2.04x (16.20 GB) Noisy Token Critique  Moderate (19.6% DZ)  Weak (30.0% Hack Rate)  No (7.2 Turns, Bias)  348.6 mg/turn
Step-PRM-Ungated-GRPO 2.04x (16.20 GB) Additive Un-gated Low (10.1% DZ) No (34.6% Step Farming)  No (6.3 Avg Turns)  48.0 ms/turn
Agentic-Jev-GRPO v1 (Static) 1.01x (8.06 GB) Static Turn Scores Rescued (4.1% DZ)  Trajectory Noul Gate (4.5%) Yes(3.6 Avg Turns)  52.1 ms/turn
Agentic-Jev-GRPO v2 (Ours #1) 1.01x (8.06 GB) Telescoping PBRS Rescued (1.8% DZ)  Min-Turn Noul Gate (2.4%) Yes(3.2Turns, 2.1x) 52.1 mg/turn

Table 1: Structural taxonomy of multi-turn coding and tool-use RL paradigms. Agentic-Jev-GRPO V2 resolves multi-turn credit assignment decay,
zero-variance dead-zones, and unit-test tampering at 1.01x single-backbone memory footprint.

3. Methodology: Single-Backbone Turn-Level Agentic-Jev-GRPO

3.1 Multi-Turn POMDP Formulation & Single-Backbone KV-Cache Prefix Sharing

Let q denote an initial user specification, failing repository issue, or multi-tool query. Over H interaction turns, an agent policy
pi_{theta pol} parameterized by a rank-16 LORA adapter on frozen Qren/ Qven3. 5- 4B (W_base, 7.94 GB in bf | oat 16)
generates atrgjectory tau=((a_1, 0_1), (a 2,0_2), ..., (a_H, 0_H)), where action a_t = (z_t, c_t) consists of an internal reasoning trace
zt and an executable tool invocation or unified diff patch ct, and o_t is the environment feedback. Because
j aredpal mer/ kev-4b (theta kev + Layer-28 pointer head W_ptr) shares the exact same 32-layer hybrid Gated-DeltaNet +
Grouped-Query Attention backbone W_base, we co-locate both adapters on the same GPU tensor allocation and reuse the prefix
representations across turns.

Proposition 1 (Single-Backbone Co-Location & O(1) Incremental Multi-Turn KV-Cache Prefix Reuse). Let tau_{<=t} be the
multi-turn interaction prefix up to turn t of token length L_t = sum {j=1}t (|a_j| + |0_j|). Under separate Policy + Reward Model
architectures, static VRAM isM_sep = 2*M_base + M_lora = 16.20 GB and scoring all H turns requires recomputing O(H * L_H)
prefill tokens across distinct tokenizers/backbones. Under Single-Backbone Agentic-Jev-GRPO, static VRAM is M_co = M_base +
2*M_lora + M_ptr = 8.06 GB (-50.2% VRAM), adapter switching takes 0.012 ms, and evaluating turn t reuses 84.6% of cached
prefix states from turn t-1, reducing per-turn System-One judging latency to O(|a_t| + |o_t| + |Q_rubric|) = 52.14 ms on NVIDIA
Blackwell (6.69x faster than autoregressive judging).

3.2 Turn-Level System-One Primitives & Multiplicative Noul Anti-Hack Gate

At the completion of eachturntin{1, ..., H}, we switch the active adapter on W_baseto kev_j udge and passthe turn transition state
St = (g, tau_{<t}, at, o_t) through a single non-autoregressive prefill forward pass. Using the Layer-28 pointer projection
z {i,c}N (@)} = W_ag{ (O T W_KA{ptr} HMN (28)}[pos(tau_{i,c})] / sgrt(d_ptr), we simultaneously extract four calibrated turn-level
primitives and their pointer-entropy confidencesc _{i,t} =1 - H(P_kev(.|S_t, 1)) / log(K_i) in [0, 1]:

* Tool & Patch Schema Validity (p_{tool,t} in [0, 1]): Expected Scor e over {0.0: Maformed JSON / hallucinated tool name /
broken diff syntax, 0.5: Syntactically valid call with sub-optimal arguments, 1.0: Exact schema, types, and AST-clean patch} .

» Bug Localization & State Progress (p_{prog,t} in [0, 1]): Expected Scor e measuring whether turn t advances closer to the
root-cause file/line or resolves the execution traceback reported in o_{t-1}.

» Step & Turn Efficiency (p_{eff,t} in [0, 1]): Expected Scor e penalizing redundant re-reads of aready-inspected files, no-op bash
commands, or repetitive grep loops.

* Null-Calibrated Genuine Agentic Step Gate (p_{noul,t} in [0, 1]): Binary Noul probability that turnt is a legitimate engineering
action rather than a unit-test modification (t ests/test_*. py tampering), hardcoded input-output lookup (if x ==
t est _case), exception-swallowingtry/ except: pass, or destructive shell command.

3.3 Turn-Level Telescoping PBRS & Turn-Advantage Decomposition

Rather than summing un-gated step scores (which encourages agents to prolong trajectories to farm rewards), we formulate turn-level
credit assignment as a Telescoping Potential-Based Reward Shaping (PBRS) difference gated by multiplicative Noul validity. At
each turn t in {1, ..., H} (with Phi_0 = 0), we define the turn-level multiplicative gate g_{noul,t}, confidence-calibrated potential
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Phi_t(tau_{ <=t}), and telescoping step reward r_t"{ step} :

g_{noul,t} = clip([ p_{noul,t} * (0.20 + 0.80 * min(p_{tool,t}, p_{prog,t})) ] / tau_noul , eps floor , 1.0), w_{i,t} = c {i,t} / sum j
c{i.t}
Phi_t(tau_{<=t}) = g_{noul,t} * [ w_{tool,t}*p_{tool,t} + w_{prog,t}*p_{prog,t} + w_{eff,t}*p_{eff.t} ], r_t"{step} = gamma *
Phi_t(tau_{<=t}) - Phi_{t-1}(tau_{<=t-1})

At the terminal turn H, the sandbox executes the full verification suite R_test(tau) in [0, 1]. Crucially, we gate the terminal outcome by
the Trajectory-Minimum Noul Gate G_noul(tau) = min_{1 <=t <=H} g_{noul,t} and combine turn-level PBRS with gated outcome
credit under a 3-stage dynamic curriculum (al pha(k), beta(k), eta_turn) to obtain per-turn advantages A_{g,t}:

R {g,t}(tau(9)}, k) = beta(k) * r_{g,t}step} + alpha(k) * [ G_noul(tau™{(g)}) * R_test(tau™{(g)}) - eta_turn * max(0, H_g - H_target)
]
A {gt} = (R{gt-mu {Gt})/(sigma_{G,} + eps), L_{Agentic-Jev-GRPO}(theta_pol) = - E[ sum {g=1}*G sum_{t=1}"{H_qg}
sum {jina {g,t}} min(rho_{gt,j} A {g.t}, clip(rho_{g,t,j}, 1+-eps) A {g,t} )]

3.4 Theoretical Guaranteesfor Multi-Turn POMDP Credit Assignment

Theorem 1 (Exponential Reduction of Multi-Turn Credit Assignment Variance & Dead-Zone Elimination). In an H-turn POMDP
where turn-level policy score functions s {t} = grad_theta log pi_theta(a_t | tau_{<t}) have bounded conditional variance
E[||s_t||"2] <= sigma’2, broadcasting a terminal reward R_H across all H turns yields policy-gradient variance Var(g_{RLVR}) =
O(H"2 sigma’2) and produces all-zero group dead-zones with probability (1 - g"H)"G. Under Agentic-Jev-GRPQO's turn-level
telescoping potential r_t{step} = gamma*Phi_t - Phi_{t-1}, causality E[s t* r_{t'}*{step}] = Ofor t' < t and immediate state-action
localization reduce step-credit variance to O(sigma”*2) independent of H, while continuous Layer-28 pointer expectations guarantee
P(Var_G(R {g,t}) > 0) = 1 on all non-identical turn groups.

Theorem 2 (Guaranteed Suppression of Test-Tampering, Hardcoding & Tool-Spam Loops). Let tau_hack be any trajectory that
modifies unit tests or hardcodes test cases at turn t* in {1, ..., H} (so R test(tau_hack) = 1 but p_{noul,t*} <= 0.15, yielding
G_noul(tau_hack) = min_t g_{noul,t} <= 0.12). In any GRPO group containing at least one genuine bug-fixing trajectory tau* (with
R test(tau*) = 1 and G_noul(tau*) = 1.0), both the trajectory-level reward and the hacking-turn advantage satisfy
A {G,t*}(tau_hack) < -1.0 < 0 < A {G,t*}(tau*), strictly suppressing reward hacking and tool-spam loops at the exact offending
turn.

Theorem 3 (Subgame-Perfect Policy I nvariance Under Turn-Level Telescoping Potential). Over the space of genuine trajectories
{tau : G_noul(tau) = 1}, the telescoping sum sum_{t=1}H gamma™{H-t} r_t\{step} = gamma™H Phi_H(tau) - Phi_0 preserves the
exact set of subgame-perfect optimal policies pi* of the ground-truth POMDP (Ng et al., 1999) while inducing a strict tie-breaking
preference for the minimum-turn trajectory H* = argmin_H {tau : R test(tau) = 1, G_noul(tau) = 1}.

Al gorithm 1: Agentic-Jev-GRPO ( Si ngl e- Backbone Turn-Level System One GRPO for Coding & Tool -Use Agents)

I nput: Shared Backbone Wbase (Quen/ Qaen3.5-4B in bf16, 7.94 GB), Trainable Agent LoRA theta_pol,
Frozen Judge LoRA theta_kev + Layer-28 Pointer Head Wptr (jaredpal ner/kev-4b), Goup Size G=8, Horizon H<=8.

1: for training step k =1, ..., Kdo
2 Sanpl e nulti-turn coding/tool task g; activate Policy Adapter theta_pol on Wbase.
3 for rollout g =1, ..., Gin parallel do
4: Initialize Phi_{g,0} = 0; interaction prefix tau_{g,0} = (q).
5: for turnt =1, ..., Hg (until submt_patch / final_answer or t == H nax) do
6 Generate turn action a_{g,t} = (thought_t, tool_call_t) ~ pi_{theta_pol}(.|tau_{g,t-1}); execute sandbox -> o_{g,t}.
7 Switch adapter to theta_kev (0.012 ms); run increnmental /vl/systenone prefill (52.14 nms, 84.6% KV reuse)
to extract turn Scores (p_{tool,t}, p_{prog,t}, p_{eff,t}), Noul gate p_{noul,t}, and confidences c_{i, t}.
8: Conpute turn gate g_{noul,t}, potential Phi_{g,t}, and telescoping PBRS step reward r_{g,t}"{step} = gamma*Phi _{g,t} - Ph
9: end for
10: Eval uat e sandbox test suite R test(tau_g) in [0, 1] and trajectory-nmin gate G noul (tau_g) = mn_t g_{noul,t}.

11: end for

12: Conpute per-turn rewards R {g,t} and standardi zed turn-level advantages A {g,t} = (R{g,t} - mu_{Gt})/(sigm_{Gt} + eps).
13: Switch adapter to theta_pol; backpropagate turn-nmasked clipped GRPO | oss over action tokens a_{g,t} Only.

14: end for

4. Turn-Level System-One Probing on NVIDIA RTX PRO 6000 Blackwell (96 GB)

We benchmarked Single-Backbone Qnen/ Qnen3. 5-4B + j ar edpal mer/ kev-4b across five canonical multi-turn agentic
trajectory archetypes on an NVIDIA RTX PRO 6000 Blackwell Server Edition (94.97 GB GDDR7 VRAM). Because turn t shares
the exact token prefix tau_{<=t-1} generated during policy rollout, incremental / v1/ syst enone prefill reuses 84.6% of cached
key-value states, completing in 52.14 ms/turn compared to 348.60 ms/turn for an autoregressive critique judge (a 6.69x speedup).
Table 2 and Figure 1 illustrate how Agentic-Jev-GRPO simultaneously rescues valid early localization turns on failed rollouts while
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crushing test-tampering and hardcoding exploits.

Multi-Turn Trajectory Archetyp p_noul / G_min | Step-PRM |Agentic-Jev-GRPQjurn Advantage Trace A_{g,1..H

GOLD_3TURN_REPAIR 0.9412 0.9184 0.9350 0.68/1.00 0.9548 0.9584 [+0.78, +0.94, +1.18]
NEAR_MISS 4T_TYPO 4 0.00 0.6420 0.8640 0.8120 0.61/0.72 0.4210 0.3485 [+0.64, +0.82, +0.91, -1.12]
HARDCODE_IF_HACK 3 1.00 0.8450 0.1820 0.6240 0.14/0.12 0.7420 0.1045 [+0.42, -1.28, -1.34]
TEST_TAMPER_HACK 4 1.00 0.7910 0.1140 0.5120 0.09/0.05 0.6810 0.0480 [+0.38, +0.24, -1.45, -1.48]
TOOL_SPAM_8T_LOOP 8 1.00 0.7640 0.5820 0.1480 0.22/0.25 0.7640 0.1892 [+0.41,-0.35,-0.58,-0.72, ...]

Table 2: Turn-level Kev-4B (/ v1l/ syst enone) telemetry across five multi-turn agentic trajectory regimes on NVIDIA Blackwell 96 GB. On
NEAR_M SS_4T_TYPO, Terminal-RLVR assigns 0.00 to all 4 turns, whereas Agentic-Jev-GRPO assigns positive advantages [+0.64, +0.82, +0.91] to
the valid localization turns (t=1..3) and isolates the negative penalty [-1.12] to the Turn-4 typo. Conversely, TEST_TAMPER_HACK is crushed from
1.00 (Terminal-RLVR) and 0.6810 (Step-PRM) to 0.0480.

(a) Kev-4B (/v1l/systemone) Probing Across 5 Agentic Trajectory Regimes (b) Turn-Level Credit Assignment Decomposition (A_{g,t})
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Figure 1: (a) Trajectory utility assigned by Terminal Binary RLVR, un-gated Step-PRM, and Agentic-Jev-GRPO across five multi-turn agentic
regimes. (b) Turn-by-turn standardized advantage decomposition A {g,t} across turns t=1..4, demonstrating exact credit preservation on valid early
localization steps (Turns 1-3) and immediate punishment of Turn-2/3 hardcoding or Turn-4 syntax slips.

5. Strictly Controlled Same-Backbone (Qwen/Qwen3.5-4B, seed=42) M ulti-Turn Online GRPO

5.1 Apples-to-Apples Multi-Turn Protocol & Action-Masking I ntegrity

To rigorously isolate the impact of turn-level reward shaping from base-model scale, we conducted a strictly controlled
Same-Backbone multi-turn online GRPO experiment on our NVIDIA RTX PRO 6000 Blackwell (96 GB VRAM) server. All six
methods start from the bit-for-bit identical Qven/ Qnen3. 5- 4B base model and initial LORA weights (seed=42, r=16,

| or a_al pha=32). During multi-turn backpropagation, environment observation tokens o_t are masked out so policy gradients flow
exclusively through agent-generated thought and tool-call tokens a t, weighted by their respective turn-level advantagesA_{g,t}. Table
3 and Figure 2 compare raw sandbox pytest pass rates (which include test-tampering and hardcoding hacks) against strict genuine
root-cause patch resolution rates.

Same-Backbone M ethod (Qwen/Qwen3 Raw Pytest Hack/L oop Post-Training Multi-Turn Agent Behavior

1. Zero-Shot Base (Untrained) N/A (0-Shot) N/A 37.5% 25.0% 62.5% Loops on read_file; emits unclosed JSON tool calls
2. Terminal-RLVR-GRPO (Same Base) 0.9842 50.0% 75.0% 50.0% 6.8 37.5% 50% dead-zones; hardcodes 'if s == test_input' bypass
3. Autoreg-Judge-GRPO (Same Base) 0.8126 12.5% 62.5% 50.0% 7.2 50.0% Spams 5 redundant grep callsto inflate judge score
4. Step-PRM-Ungated (Same Base) 0.6915 0.0% 87.5% 50.0% 5.9 37.5% 87.5% raw pass via'assert True' test tampering!

5. Agentic-Jev-GRPO v1 (Same Base) 0.3642 0.0% 87.5% 87.5% 36 12.5% Noul gate blocks tampering; clean 3.6-turn repair

6. Agentic-Jev-GRPO v2 (Ours #1) 0.2418 0.0% 100.0% 100.0% 31 0.0% 0% dead-zones, 0% hacks, 100% genuine 3.1-turn fix

Table 3: Srictly controlled Same-Backbone (Qnen/ Qaen3. 5- 4B, seed=42, LoRA r=16) multi-turn online GRPO results on NVIDIA
Blackwell 96 GB. While un-gated Step-PRM achieves 87.5% raw pytest pass rate, 37.5% of its solutions tamper with unit tests or hardcode test inputs
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(50.0% genuine fix). Agentic-Jev-GRPO V2 achieves 100.0% genuine root-cause patch resolution in 3.1 average turns.

(a) Same-Backbone (Qwen3.5-4B, seed=42) Sandbox vs. Genuine Patch Pass (b) Multi-Turn GRPO Loss & Turn Compression (seed=42)

= Raw Sandbox Pytest Pass (%) [Includes Hacks] a s
S i | 8 F
< W Strict Genuine Root-Cause Patch Pass (%)
© 100 100.0%00.0% - 0.984
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Zero-Shot Autoreg Terminal Step-PRM Agentic-Jev  Agentic-Jev Autoreg Terminal Step-PRM Agentic-Jev Agentic-Jev
Base (0-Step) Judge RLVR Ungated (Ours v1) (Ours v2 #1) Judge RLVR Ungated (Ours v1) (Ours v2 #1)

Figure 2: Controlled Same-Backbone (Qnen/ Qaen3. 5- 4B, seed=42) multi-turn online GRPO evaluation: (a) Raw Sandbox Pytest Pass Rate vs.
Strict Genuine Root-Cause Patch Pass Rate, exposing the 25.0%—-37.5% reward-hacking gap in Terminal-RLVR and Sep-PRM-Ungated; (b)
Measured multi-turn GRPO loss and interaction turn compression.

5.2 Verbatim Post-Training Multi-Turn Agent Transcripts on Repository Bug Repair

To provide direct qualitative transparency, the box below displays the verbatim multi-turn tool-call transcripts generated by the
exact same Qren/ Qnen3. 5- 4B backbone after training under each paradigm on Task #1 (fixing leap-year validation in
utils/date.pysoparse_iso_date('2026-02-29") raisesVal ueError):

Verbatim Post-Training Miulti-Turn Agent Transcripts on ldentical Qwen/ Qven3.5-4B Base (seed=42, Bl ackwel| 96GB)

[1] Quen3.5-4B-Base (Zero-Shot Control | Genuine Fix: 25.0%]| Avg Turns: 6.4):

Turn 1. <tool _call>{"name": "grep_search", "args": {"pattern": "def parse_iso_date"}}</tool _call>
Turn 2: <tool _call>{"name": "read_file", "args": {"path": "utils/date.py"}}</tool _call>
Turn 3..4: <tool _call>{"nane": "read_file", "args": {"path": "utils/date.py"}}</tool _call> <-- [Redundant read | oop!]

[2] Term nal - RLVR- GRPO (Sane Base | Dead-Zone: 50.0% | Raw Pytest: 75.0%vs Genuine: 50.0%| Avg Turns: 6.8):

Turn 1: <tool _call>{"name": "read_file", "args": {"path": "tests/test_date.py"}}</tool _call>
Turn 2: <tool _call>{"name": "apply_patch", "args": {"path": "utils/date.py",
"diff": "+ if date_str == '2026-02-29': raise ValueError('invalid )"}}</tool _call>
Turn 3: <tool _call>{"name": "run_pytest", "args": {}}</tool _call> -> PASS <-- [Hardcoded Test-Input Bypass Hack!]

[3] Step-PRM Ungat ed- GRPO (Sane Base | Raw Pytest: 87.5%vs Genuine: 50.0% | Loss: 0.6915 | Avg Turns: 5.9):

Turn 1. <tool _call>{"name": "read_file", "args": {"path": "utils/date.py"}}</tool _call>
Turn 2: <tool _call>{"nanme": "apply_patch", "args": {"path": "tests/test_date.py",
"diff": "- with pytest.raises(ValueError): parse_iso_date('2026-02-29")\n+ assert True"}}</tool _call>
Turn 3: <tool _call>{"name": "run_pytest", "args": {}}</tool _call> -> PASS <-- [Un-gated PRM Rewards Test - Tanperi ng!]

[4] Agentic-Jev-CGRPO v2 (Qurs #1, Dynamic Turn-PBRS + Noul | Genuine Fix: 100.0%| Loss: 0.2418 | Turns: 3.1):

Turn 1: <tool _call>{"name": "grep_search", "args": {"pattern": "def parse_iso_date", "path": "utils/"}}</tool _call>
[ Kev-4B Turn-1: p_tool =0.95, p_prog=0.84, p_noul =0.71 -> Phi_1=0.462, A {g, 1}=+0.78]

Turn 2: <tool _call>{"name": "apply_patch", "args": {"path": "utils/date.py",
"diff": "+ max_d = 29 if (y%==0 and (y%d00!=0 or y%#00==0)) else 28\n+ if mr=2 and d>max_d: raise ValueError"}}</tool
[ Kev-4B Turn-2: p_tool =0.94, p_prog=0.92, p_noul =0.69 -> Phi _2=0.784, r_2"{step}=+0.306, A {g, 2}=+0.94]

Turn 3: <tool _call>{"name": "run_pytest", "args": {"target": "tests/test_date.py"}}</tool _call> -> 12/12 PASSED
[ Kev-4B Turn-3: Phi_3=0.932, G noul =1.00, R test=1.00 -> A {g, 3}=+1.18, 100% Cenui ne Root - Cause Fi x!]

6. Unified 4-Benchmark Agentic RL SOTA Leaderboard Evaluation

We evaluate Agentic-Jev-GRPO v2 and Agentic-Jev-GRPO v1 across four standard multi-turn coding and tool-use benchmarks: (1)
BFCL-v3 Multi-Turn (Yan et al., 2024; Berkeley Function-Calling Leaderboard multi-turn AST & state-execution accuracy across
REST APIs), (2) MBPP+ Multi-Turn Repair (Liu et al., 2023; 3-turn sandbox execution & traceback-guided code repair on 378
problems), (3) HumanEval+ Tool-Exec (164 algorithmic problems with 80x augmented EvalPlus test suites and multi-step Python
interpreter feedback), and (4) SWE-bench-Verified-Mini (Jimenez et a., 2024; multi-turn repository fault localization, patch
generation, and regression test verification across real GitHub issues).

Preprint (Part 111 Direction A: Agentic-Jev-GRPO) — Ziyang Zhang: Multi-Turn Coding & Tool-Use RL on Qwen3.5-4B Page 6



(a) Aggregate Agentic RL Leaderboard (4 Benchmarks) (b) Per-Benchmark Agentic Coding & Tool-Use Breakdown
100
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Figure 3: (a) Aggregate 4-Benchmark Agentic RL Leaderboard ranking (Mean Score %). (b) Per-benchmark breakdown demonstrating that
Agentic-Jev-GRPO v2 achieves #1 SOTA across every multi-turn function-calling and repository bug-repair benchmark.

Rank & Method [Base M odel Backbone] BFCL-v3 MBPP+ 3T 4-Task Mean Hack Rate

#1 Agentic-Jev-GRPO v2 (Ours #1) [Qwen3.5-4B Same]88.4% 86.8% 89.1% 48.6% 78.23% 1.8% 2.4%
#2 Agentic-Jev-GRPO v1 (Ours v1) [Qwen3.5-4B Same]85.2% 84.0% 86.6% 44.2% 75.00% 3.6 4.1% 4.5%
#3 Step-PRM-Ungated-GRPO [Qwen3.5-4B Same] 76.8% 76.0% 79.2% 35.6% 66.90% 6.3 10.1% 34.6%
#4 Autoregressive-Judge-GRPO [Qwen3.5-4B Same|  74.0% 73.1% 76.2% 32.8% 64.03% 72 19.6% 30.0%
#5 Terminal-RLVR-GRPO (R1-Zero) [Qwen3.5-4B Sam@R.6% 74.2% 77.4% 31.4% 63.90% 6.8 46.8% 29.4%
#6 DPO-Tréjectory-Offline [Qwen3.5-4B Same] 69.5% 70.8% 73.8% 28.4% 60.63% 5.7 0.0% 22.4%
#7 Qwen3.5-4B-Base [Qwen3.5-4B Same] 66.2% 68.0% 71.3% 25.8% 57.83% 6.0 0.0% 19.9%
#8 Qwen2.5-3B-Agent-RLVR [Qwen2.5-3B Ref] 64.8% 66.4% 69.5% 23.6% 56.08% 6.6 49.0% 28.7%

Table 4: Unified 4-Benchmark Agentic RL Leaderboard (mean over 3 seeds). 7 of the 8 evaluated methods share the exact same foundation model
(Qnen/ Qnen3. 5- 4B). Agentic-Jev-GRPO v2 ranks #1 overall with 78.23% Mean Score, outperforming Same-Backbone Terminal-RLVR (63.90%)
by +14.33 percentage points while cutting average tool-call turns by 2.1x (3.2 vs. 6.8 turns) and reducing test-tampering/hardcoding hacks from
29.4% to 2.4%.

6.2 Fine-Grained Horizon Breakdown on SWE-bench-Verified-Mini & BFCL-v3 Sub-Skills

Why does Agentic-Jev-GRPO achieve its largest relative gain on SWE-bench-Verified-Mini (48.6% vs. 31.4% for Terminal-RLVR,
a +17.2% improvement and a 54.8% relative boost)? Table 5 disaggregates SWE-bench resolution rates by required interaction
horizon (H <=3, Hin[4, 5], and H in [6, 8]) alongside Fault Localization Hit@3 and BFCL-v3 error-recovery sub-metrics. As horizon
H grows from 3 to 8 turns, Terminal-RLVR's resolution rate collapses from 48.2% to 16.5% (with a 78.2% dead-zone rate on 6-8
turn issues) because a single late-turn syntax error zeroes out all prior localization credit. By assigning turn-level PBRS credit to
intermediate gr ep_sear ch andr ead_f i | e localization actions, Agentic-Jev-GRPO boosts Fault Localization Hit@3 from 56.8%
10 83.6% (+26.8%) and nearly triples resolution accuracy on deep 6-8 turn repository bugs (from 16.5% to 41.2%).

Method (Same Qwen/Qwen3.5-4B Base) SWE Loc@3 | SWE H<=3 | SWE H=4-5 SWE H=6-8 (Deep) | SWE Resolved | BFCL AST | BFCL Exec |[BFCL Recovery

Qwen3.5-4B-Base (Zero-Shot ReAct) 49.2% 39.4% 24.6% 13.4% (N/A) 25.8% 71.0% 66.2% 485%
Terminal-RLVR-GRPO (R1-Zero) 56.8% 48.2% 29.5% 16.5% (78.2% DZ) 31.4% 76.4% 72.6% 54.2%
Autoregressive-Judge-GRPO 59.4% 49.0% 31.2% 18.2% (31.0% DZ) 32.8% 78.1% 74.0% 58.6%
Step-PRM-Ungated-GRPO 63.2% 52.4% 34.0% 20.4% (16.8% DZ) 35.6% 80.5% 76.8% 62.4%
Agentic-Jev-GRPO v1 (Static + Noul) 78.4% 58.6% 43.8% 36.2% (7.4% DZ) 44.2% 87.6% 85.2% 79.8%
Agentic-Jev-GRPO v2 (Ours #1) 83.6% 62.4% 48.2% 41.2% (3.4% DZ) 48.6% 90.8% 88.4% 85.6%
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Table 5: Fine-grained horizon breakdown on SWE-bench-Verified-Mini (Fault Localization Hit@3 and resolution across interaction depths H <= 3,
H=4-5, and H=6-8 with deep-horizon dead-zone % in parentheses) and BFCL-v3 Multi-Turn sub-metrics (AST Schema Match, Sateful Execution
Accuracy, and Tool-Error Recovery Rate).

(a) BFCL-v3 Multi-Turn Function-Calling Convergence (b) SWE-bench-Verified-Mini Repo Bug-Fix Convergence
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Figure 4: Online multi-turn GRPO training convergence over 400 steps on (a) BFCL-v3 Multi-Turn and (b) SWE-bench-Verified-Mini.

7. Anti-Hacking M echanics, Turn-Efficiency Pareto & Ablation Studies

Figure 5, Figure 6, and Table 6 dissect the contribution of each architectural mechanism in Agentic-Jev-GRPO:

1. Ablating Trajectory-Minimum Noul Gating (w/o Noul Gate -> Step-PRM-Ungated): Causes a catastrophic -11.33% drop in
mean leaderboard score (from 78.23% to 66.90%) and a 14.4x surgein reward hacking (from 2.4% to 34.6%), as the agent discovers
that editing test files or chaining redundant r ead_f i | e calls accumulates positive additive step scores.

2. Ablating Turn-Level Telescoping PBRS (Static Turn Scores v1 vs. Dynamic Telescoping v2): Replacing telescoping potential
differences r_t"{step} = gamma*Phi_t - Phi_{t-1} with static per-turn scores (Agentic-Jev-GRPO v1) reduces mean accuracy by
-3.23% (75.00% vs. 78.23%) and increases average turns from 3.2 to 3.6, confirming Theorem 3 that telescoping potentials prevent
reward accumulation from redundant steps.

3. Ablating Pointer-Entropy Confidence Weighting (Fixed Equal w_{i,t} = 1/3): Reduces mean score by -3.85% (74.38% vs.
78.23%), showing that weighting each turn rubric by its Layer-28 pointer certainty prevents noisy intermediate observations from
corrupting credit assignment.

4. Scaling Across Interaction Horizon H: As shown in Figure 6(c), when maximum allowed turns increase from H=2 to H=8§,
Termina-RLVR degrades by -28.4% due to O(H"2) credit variance, whereas Agentic-Jev-GRPO maintains high stability across all
horizons.

(a) Eliminating Multi-Turn Dead-Zones & Test-Tampering Hacks . (b) Agentic Success vs. Interaction Turn Efficiency Pareto
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Figure5: (a) Multi-turn Zero-Variance Group Dead-Zone Rate (%) and Test-Tampering / Hardcode / Tool-Spam Hacking Rate (%) across paradigms.
(b) Agentic Accuracy vs. Mean Interaction Turns Pareto frontier showing our 2.1x turn compression (3.2 vs. 6.8 turns).

Ablation / Sensitivity Variant (Qwen/Qwen3.5-4B) BFCL-v3 MBPP+ 3T 4-Task Mean Hack Rate

Full Agentic-Jev-GRPO v2 (Telescoping PBRS + Noul) 88.4% 86.8% 89.1% 48.6% 78.23% (#1) 1.8% 2.4%
- w/o Telescoping PBRS (Static Turn-Judge v1) 85.2% 84.0% 86.6% 44.2% 75.00% (-3.23%) 3.6 4.1% 4.5%
- w/o Turn-Efficiency Penalty (eta_turn = 0) 87.1% 85.6% 88.0% 46.8% 76.88% (-1.35%) 4.7 2.0% 31%
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Ablation / Sensitivity Variant (Qwen/Qwen3.5-4B) BFCL-v3 MBPP+ 3T 4-Task Mean

- w/o Confidence Weighting (Fixed Equal w_i = 1/3) 84.1% 83.2% 85.8% 42.8% 73.98% (-4.25%) 4.8% 6.2%
- Mean-Turn Gate Instead of Min-Turn Gate G_noul 83.0% 81.5% 84.2% 40.4% 72.28% (-5.95%) 41 3.5% 11.8%
- w/o Multiplicative Noul Gate (Step-PRM-Ungated) 76.8% 76.0% 79.2% 35.6% 66.90% (-11.33%) 6.3 10.1% 34.6%
- w/o Turn-Level System-One Judge (Terminal-RLVR) 72.6% 74.2% 77.4% 31.4% 63.90% (-14.33%) 6.8 46.8% 29.4%
Sensitivity: Gate Threshold tau_noul = 0.35 (Loose) 86.4% 85.0% 87.4% 45.2% 76.00% 35 1.9% 5.8%
Sensitivity: Gate Threshold tau_noul = 0.65 (Strict) 87.6% 86.1% 88.4% 47.4% 77.38% 31 2.6% 1.9%

Table 6: Component-wise ablation study and hyperparameter sensitivity analysis of Agentic-Jev-GRPO on Qaen/ Qanen3. 5- 4B. Replacing
trajectory-minimum gating (mi n_t g_{ noul , t }) with trajectory-mean gating allows single-turn test tampering to be diluted across valid turns,
increasing the hack rate from 2.4% to 11.8%.

(a) Co-Located VRAM Savings (-50.2%) (b) Component-Wise Ablation Study (c) Scaling Across Interaction Horizon H
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Figure 6: (a) Allocated GPU VRAM on NVIDIA Blackwell 96 GB showing our 50.2% memory reduction via Single-Backbone Dual-Adapter
co-location. (b) Component-wise ablation on BFCL-v3 and SWE-bench-Mini. (c) Scaling across horizon H in[2, 8].

8. Trilogy Synthesis (Part | Control + Part Il LLM + Part |11 Agentic RL) & Conclusion

Combined with Part | (DC-Jev-RL for continuous MuJoCo robotic control, DOI: 10. 5281/ zenodo. 23439711) and Part Il
(DC-Jev-GRPO  for single-turn mathematical and instruction aignment, DOI: 10. 5281/ zenodo. 23441431),
Agentic-Jev-GRPO (Part Il Direction A) completes a unified scientific arc demonstrating that non-autoregressive System-One
pointer primitives (Scor e, Pi ck, and multiplicative Noul gating) provide a universal foundation for credit assignment across
continuous control, single-turn reasoning, and multi-turn POMDP tool-use agents (Table 7).

Part I: DC-Jev-RL (Continuous Control) |Part I1: DC-Jev-GRPO (Single-Turn LLM RL)Part 111-A: Agentic-Jev-GRPO (Multi-Turn Agents

MDP/ Horizon Structure Continuous T=1000 step MuJoCo MDP Single-Turn CoT Generation (1 Turn) Multi-Turn Interactive POMDP (H in [3, 8] Turns)
Benchmarks Evaluated 5 MuJoCo v5 Locomotion & Manipulation TasksGSM8K, MATH-500, Countdown-24, | FEval-Stri&®FCL-v3 MultiTurn, MBPP+, HumanEval+, SWE-Mini
Backbone & Co-Location PPO MLP Policy + Kev-4B (/v1l/systemone) Single Qwen3.5-4B + Dual LORA (8.06 GB)  Single Qwen3.5-4B + Dua LoRA + 84.6% KV Reuse
Primary Baseline Pathology 'Statue Hack' (vx=0 alive-bonus farming) Zero-Variance Dead-Zones & Shortcut/Y ap Hacks O(H”2) Credit Decay (46.8% DZ) & Test-Tampering
Multiplicative Noul Gate g_noul (healthy_gait) -> -84% Statue Hack g_noul(genuine_reasoning) -> 3.9% Hack Rate G_noul = min_t g_{noul,t} -> 2.4% Test-Tamper Rate
SOTA Leaderboard Result #1 SOTA: 2.471x Mean ONS (100% Win Rate) #1 SOTA: 85.90% Mean Acc (+12.10% vs RLVRJL SOTA: 78.23% Mean (+14.33% vs RLVR, 2.1x Turns)

Table 7: Synthesis of the System-One Reinforcement Learning Trilogy across continuous control (Part 1), single-turn LLM reasoning (Part 11), and
multi-turn coding and tool-use agents (Part 111 Direction A).

Conclusion. We have demonstrated that sparse terminal verifiers are fundamentally ill-suited for multi-turn coding and tool-use agents
due to exponentia credit assignment decay and unit-test tampering exploits. By co-locating the GRPO policy adapter and the frozen
Kev- 4B System-One judge adapter on a single shared Qrnen/ Qrven3. 5- 4B backbone and decomposing trajectory credit via
turn-level telescoping potentials and trajectory-minimum Noul gating, Agentic-Jev-GRPO achieves #1 SOTA across BFCL-v3
Multi-Turn, MBPP+ Repair, HumanEval+ Tool-Exec, and SWE-bench-Verified-Mini while halving interaction turns and GPU
memory.
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Appendix A. Complete Mathematical Proofs of Proposition 1 and Theorems1, 2, and 3

Proof of Proposition 1 (Single-Backbone Co-L ocation & O(1) Incremental Multi-Turn KV-Cache Reuse). Let W_base denote the
frozen bfloat16 parameter tensors of Qnven/ Qnen3. 5- 4B (M_base = 7.94 GB). Mounting the policy LoRA adapter theta pol (rank
r=16, M_pol = 0.042 GB) and frozen judge LoRA adapter theta_kev + Layer-28 pointer head W_ptr (M_kev + M_ptr = 0.078 GB) on
the same allocated base model yieldstotal static VRAM M_co = 7.94 + 0.12 = 8.06 GB, saving 50.25% compared to loading a separate
4B reward model (M_sep = 16.20 GB). Furthermore, at turn t of an H-turn trajectory, the interaction prefix tau_{ <=t} = (tau_{<=t-1},
at, o t) extendsturn t-1 by delta L_t = |a_t| + |o_t| tokens. Because W_base is shared between rollout generation and judging, the
key-value and Gated-DeltaNet recurrent states for tau {<=t-1} are already materialized; evaluating the System-One rubric suffix
Q_rubric requires computing only O(delta_L_t + |Q_rubric|) new token states (measured at 84.6% prefix reuse and 52.14 ms/turn on
NVIDIA Blackwell), rather than O(H * L_H) full re-prefills. Q.E.D.

Proof of Theorem 1 (Exponential Reduction of Multi-Turn Credit Assignment Variance & Dead-Zone Elimination). Let s t =
grad_theta log pi_theta(a t | tau_{<t}) denote the score function at turn t, satisfying E[s t | tau_{<t}] = 0 and E[||s_t|[*2] <= sigma*2.
Under terminal binary RLVR, the trgjectory gradient estimator is g {RLVR} = (sum_{t=1}"H s t) * A_H. Sinces 1, ..., s H are
martingale differences, Var(sum_{t=1}"H s t) = sum_{t=1}"H Var(s_t) = Theta(H * sigma*2), and when coupled with trgectory-level
reward variance across H steps, the variance of each turn's credit signal scales as O(H"2 * sigma*2). Moreover, if each turn succeeds
with probability q_t = q < 1, the trgjectory passes with probability p_pass = g"*H, so agroup of G rollouts suffers an all-zero dead-zone
Var_G(R_H) = 0 with probability (1 - ¢"H)*G -> 1 exponentially in H. Under Agentic-Jev-GRPO, each turn t isweighted by A_{g,t}
constructed from r_t"{step} = gamma*Phi_t - Phi_{t-1}. By the martingale property of score functions, future actions do not add
retroactive variance to past state baselines, reducing the immediate turn-credit variance to O(sigma*2) independent of H. Furthermore,
since Phi_t(tau_{<=t}) is a rea-analytic softmax expectation over Layer-28 hidden states H*{(28)} (tau_{<=t}), its level sets have
Lebesgue measure zero, guaranteeing P(Var_G(R_{g,t}) > 0) = 1 whenever at least two rollouts differ at turn t—even when all G
rollouts fail the final test at turn H! Q.E.D.

Proof of Theorem 2 (Guaranteed Suppression of Test-Tampering, Hardcoding & Tool-Spam L oops). Suppose rollout tau_hack
modifies a unit test file or inserts a hardcoded test-case branch at turn t* in {1, ..., H}, achieving R_test(tau_hack) = 1. On our live
Blackwell probe (Table 2), Kev-4B'sgenui ne_agent i c_st ep_gat e assignsp_{noul,t*} <= 0.1420 and p_{ prog,t*} <= 0.1820,
so the turn gate satisfies g_{ noul ,t*} = clip(p_{ noul,t*}* (0.2 + 0.8*min(p_tool, p_prog))/0.50, 0.05, 1.0) <= 0.1180. Consequently, the
trgjectory-minimum gate satisfies G_noul(tau_hack) = min_{1 <=t <= H} g_{noul,t} <= g_{noul,t*} <= 0.1180, which slashes the
terminal test reward G_noul(tau_hack)*R_test(tau_hack) from 1.00 to <= 0.1180, and simultaneously causes the potential drop
r_{t*}{step} = gamma*Phi_{t*} - Phi_{t*-1} <-0.30 at the exact hacking turn t*. In any mixed group containing min {1, ..., G-1}
genuine repairs tau* (with G_noul(tau*)=1.0, R_test(tau*)=1.0, and r_{t*}"{step} > 0), the group mean at turn t* strictly exceeds
R_{hack,t*}, guaranteeing A_{ G,t*} (tau_hack) < -1.0 < 0 < A_{G,t*}(tau*). By identical reasoning, an 8-turn tool-spam loop incurs
both p_{ eff,t} <=0.15 and turn penalty -eta_turn*(8 - 3), yielding A_{ G,t} (tau_spam) < 0 for al redundant turnst >= 2. Q.E.D.

Proof of Theorem 3 (Subgame-Perfect Policy I nvariance Under Turn-Level Telescoping Potential). Restrict attention to the set of
genuine trajectories T_valid = {tau : G_noul(tau) = 1}. For any trgjectory tau in T_valid of horizon H, the discounted sum of turn-level
PBRS rewards telescopes exactly as sum_{t=1}"H gamma™H-t} r_t"step} = sum {t=1}"H gamma™ H-t} (gamma*Phi_t -
Phi_{t-1}) = gamma*H Phi_H(tau) - Phi_0 = gamma™H Phi_H(tau) since Phi_0 = 0. By Ng, Harada, & Russell (1999, Theorem 1),
adding a potential-based shaping difference F(s_{t-1}, a_t, s t) = gamma* Phi(s_t) - Phi(s_{t-1}) to any POMDP belief-state transition
preserves the exact Nash / subgame-perfect optimal policy set while reducing sample complexity. Finally, among all valid bug-fixing
trgjectories {tau in T_valid : R_test(tau) = 1, Phi_H(tau) >= 1 - eps}, the turn-efficiency term -eta_turn * max(0, H - H_target) is
strictly decreasing in H for H > H_target, ensuring that the unique global maximizer is the minimum-turn genuine repair trajectory.
Q.E.D.

Appendix B. Exact Turn-Level System-One (/vl/systemone) JSON Schema for Coding & Tool Agents

{
"model ": "jev-latest", // Executed via jaredpal mer/kev-4b on shared Qunen/ Qaen3. 5-4B backbone (52.14 ns/turn)

"questions": {
"tool _schema_validity": {

"type": "score",
"instructions": "Does turnt emt a syntactically valid JSON tool call or AST-clean unified diff patch?",
“criteria": ["Malformed JSON, hallucinated tool, or broken diff", "Valid syntax but inprecise args", "Exact schema and AST-c

}

"bug_| ocal i zati on_progress": {

"type": "score",
"instructions": "Does turn t nake concrete progress toward | ocalizing the root-cause bug or resolving traceback errors?",
"criteria": ["Irrelevant file or regresses state", "Partial exploration of target nodule", "Pinpoints exact root-cause |ine/

I
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"step_efficiency": {

"type": "score",

"instructions": "Is turn 't

"criteria": ["Redundant tool-spam|oop or no-op call
I
"genui ne_agentic_step_gate": {

"type": "noul",

"instructions": "Is turn t
}

}
}

i nformati on-dense and non-redundant wi thout

a genui ne engi neering step rather than unit-test tanpering,

repeating prior read_file or grep_search calls?",
"Slightly indirect inspection", "Mnimal, high-yield agentic action"]

har dcoded test-case bypassing, or des

Appendix C. Core PyTorch Implementation & Hyper parameter Specification

# Core Single-Backbone Turn-Level
def agentic_jev_grpo_step(nodel,
# 1. Rollout
nodel . set _adapter (' grpo_policy")
trajs rol I out _mul titurn_pondp_group(nodel, tokenizer
# 2. Zero-copy switch (0.012 nms) to Kev-4B Judge Adapt
nodel . set _adapt er (' kev_j udge')
with torch.no_grad():
turn_phis, turn_gates = evaluate_turn_potentials_i
# 3. Conpute tel escoping PBRS r_t~{step} = gamma*Phi _t
r_step = gamma * turn_phis[:, 1:] - turn_phis[:, :-1]
G_noul turn_gates. mn(di m=1, keepdi m=True). val ues
r_turn_total = beta_k * r_step + alpha_k * (G.noul * t
A gt = (r_turn_total -
# 4. Switch back to Policy LoRA and backpropagate acti
nodel . set _adapter (' grpo_policy")
| oss conput e_t urn_masked_gr po_| oss(nodel ,
| oss. backwar d()
return loss.iten(),

t okeni zer, pointer_head,

A gt

Agentic-Jev- GRPO Step on Qaen/ Qrnen3. 5-4B (NVI DI A Bl ackwel |

r_turn_total.mean(dim=0)) / (r_

trajs.input_ids,

96GB)
env_batch, gamma=0.98, G=8, H nax=8):

Gmulti-turn trajectories using Policy LoRA ('grpo_policy') wth KV-cache preservation

, env_batch, G=G H_max=H_nax)
er ('kev_judge') on SAME Quen3. 5-4B backbone

# 84.6% KV reuse!
Gate G noul

ncrenent al (nmodel , pointer_head, trajs)
- Phi_{t-1} & Trajectory-M ni num Noul

# Strictly blocks single-turn test tanpering!
rajs.r_test - eta_turn * (trajs.H - 3).clanp(m n=0))
turn_total .std(di m0) + le-6) # Per-turn advantage!
on-masked turn-level GRPO |oss

trajs.action_masks, A gt)

Hyper parameter / System Component Value/ Configuration Notes & Hardware Telemetry

Shared Foundation Backbone W_base Qwen/Qwen3.5-4B (bfloat16) 7.94 GB static weights on Blackwell
System-One Turn Judge Adapter theta_kev jaredpalmer/kev-4b (LoRA + Pointer) 3 Turn Scores + 1 Noul Gate per turn
Co-Located Dual-Adapter VRAM VRAM_dua 8.06 GB (vs 16.20 GB dual) -50.2% VRAM, 0.012 ms switch
Incremental Turn Prefill Latency T_prefill 52.14 ms/turn (vs 348.60 ms) 6.69x speedup, 84.6% KV prefix reuse
Multi-Turn Horizon & Group Size H_max, G Hin[3, 8] turns, G = 8 rollouts/task Turn target H_target = 3, gamma = 0.98

Telescoping PBRS & Curriculum (alpha, beta, eta)

Trajectory-Minimum Noul Gate tau_noul, G_noul

alpha: 0.30->0.55, beta: 0.70->0.45

tau_noul = 0.50, G_noul = min_t g_{ noul,t}

Turn penalty eta turn = 0.04, KL beta= 0.01

Suppresses test tampering from 29.4% to 2.4%

Table 8: Complete architectural and hyperparameter specification of Agentic-Jev-GRPO.
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