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Abstract

While Hybrid Supervised Fine-Tuning (SFT)
followed by Reinforcement Learning (RL) has
become the standard paradigm for training
LLM agents, effective mechanisms for data al-
location between these stages remain largely
underexplored. Current data arbitration strate-
gies often rely on surface-level heuristics that
fail to diagnose intrinsic learning needs. Since
SFT targets pattern consolidation through im-
itation while RL drives structural adaptation
via exploration, misaligning data with these
functional roles causes severe optimization in-
terference. We propose PRISM, a dynamics-
aware framework grounded in Schema The-
ory that arbitrates data based on its degree
of cognitive conflict with the model’s exist-
ing knowledge. By analyzing the spatial geo-
metric structure of gradients, PRISM identifies
data triggering high spatial concentration as
high-conflict signals that require RL for struc-
tural restructuring. In contrast, data yielding
diffuse updates is routed to SFT for efficient
consolidation. Extensive experiments on Web-
Shop and ALFWorld demonstrate that PRISM
achieves a Pareto improvement, outperform-
ing state-of-the-art hybrid methods while re-
ducing computational costs by up to 3.22×.
Our findings suggest that disentangling data
based on internal optimization regimes is cru-
cial for scalable and robust agent alignment.
The source code for this work is publicly avail-
able at: https://github.com/zy125413/PRISM.

1 Introduction

Large Language Model (LLM) agents have demon-
strated remarkable capabilities in complex decision-
making tasks (Qian et al., 2025; Qin et al., 2024).
To unlock these potentials, the prevailing paradigm
has adopted a standard two-stage training pipeline:
SFT to establish behavioral norms, followed by

*These authors contributed equally to this work.
†Corresponding Author.

Figure 1: Case Study on ALFWorld. PRISM performs
data arbitration by diagnosing cognitive conflict be-
tween task trajectories and the model’s internal state.
(Left) Case A: A routine task follows a linear execution
sequence, characterized by diffuse gradient updates (low
concentration). Such samples are routed to SFT for be-
havioral consolidation. (Right) Case B: A high-conflict
task involving extensive trial-and-error (e.g., searching
multiple locations) triggers concentrated gradient up-
dates (high concentration). These signals indicate a
failure in the model’s current logic, necessitating RL for
structural adaptation and reasoning refinement.

RL to optimize long-horizon exploration (Zhang
et al., 2025). This pipeline relies on a functional
synergy: SFT facilitates pattern consolidation by
internalizing behavioral norms and task-specific
knowledge, while RL drives structural adaptation
via trial-and-error to refine logic and enhance gen-
eralization (Chu et al., 2025). Given the divergent
optimization mechanisms of SFT (imitation) and
RL (exploration), the alignment efficiency and ef-
fectiveness hinges on precisely partitioning data
between these regimes according to their intrinsic
cognitive demands (Lv et al., 2025).

However, efficiently partitioning data between
SFT and RL remains a non-trivial challenge, as
current paradigms are often constrained by three
primary limitations: (1) Monolithic Sequencing
applies a fixed SFT-then-RL schedule to large in-
struction corpora (Ouyang et al., 2022). This uni-
form approach ignores data heterogeneity, leading
to computational inefficiencies by failing to dis-
tinguish between data requiring behavioral con-
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solidation and that necessitating exploratory rea-
soning (Zhou et al., 2023). (2) Universal Explo-
ration (Shao et al., 2024; Feng et al., 2025) subjects
broad trajectories to RL indiscriminately. Yet, ap-
plying trial-and-error to high-conflict data without
SFT-consolidated behavioral priors can trigger op-
timization instability, hindering the formation of
coherent reasoning pathways (DeepSeek-AI et al.,
2025). (3) Outcome-Centric Filtering (Lv et al.,
2025) relies on external proxies (e.g., accuracy) to
estimate knowledge conflict. This creates an ob-
servational gap where external correctness masks
latent shortcut learning, where the model attains
answers via spurious cues rather than through faith-
ful reasoning (Geirhos et al., 2020; Dziri et al.,
2023). Consequently, these proxies fail to cap-
ture true model–data conflict, overlooking exam-
ples that require genuine structural adaptation (Dai
et al., 2022). Across these regimes, the fundamen-
tal bottleneck is that data routing relies on coarse
heuristics, such as pipeline order or outcome-based
indicators, rather than intrinsic signals reflecting
the model’s internal state.

Inspired by Schema Theory (Piaget, 1952), we
posit that learning efficiency is fundamentally gov-
erned by the degree of conflict between new infor-
mation and the model’s existing knowledge base.
In this framework, compatible information is mas-
tered through consolidation, while high-conflict in-
formation necessitates a fundamental restructuring
of internal logic. To operationalize this principle,
we adopt a gradient-based perspective, viewing
gradients as the mathematical "feedback" signal
derived from data. We propose that the distribu-
tional geometry of gradients serves as a critical
proxy for this cognitive conflict. Specifically, we
utilize statistical metrics such as the Gini coeffi-
cient to quantify gradient concentration. Prior stud-
ies suggest that concentrated updates (high Gini)
typically correspond to data that deviates signif-
icantly from the model’s established knowledge
base (Simsekli et al., 2019), whereas diffuse up-
dates reflect global consistency with its current
parametric state (Chizat et al., 2019). As illus-
trated in our ALFWorld case study (Figure 1), this
gradient signal enables precise Data Arbitration.
A "low-conflict" task (Case A) follows a standard
routine and triggers diffuse gradients, making it
an ideal candidate for SFT to consolidate behav-
ioral norms. In contrast, a "high-conflict" scenario
(Case B) involving complex error recovery gen-
erates highly concentrated gradients, signaling a

failure of current logic that demands RL-driven ex-
ploration. By routing samples based on these intrin-
sic learning needs, PRISM (Partitioning Regimes
via Internal Spatial-gradient Metrics) ensures both
training efficiency and robust generalization.

We evaluate PRISM on two challenging agent
benchmarks: WebShop (online shopping) (Yao
et al., 2022) and ALFWorld (embodied decision-
making) (Shridhar et al., 2021). Empirical results
demonstrate that PRISM achieves a Pareto improve-
ment: it establishes a new state-of-the-art on ALF-
World (95.31) while reducing RL computational
overhead by up to 3.22×. These results confirm
that selective structural adaptation is both more ro-
bust and more efficient than exhaustive exploration.
Notably, PRISM exhibits superior generalization
capabilities across diverse backbones, including
Qwen and Llama architectures. By precisely allo-
cating high-conflict data to RL, the model achieves
substantial performance gains in unseen environ-
ments, strongly validating the importance of dis-
tinguishing between consolidation and adaptation
data for building robust agents.

Our contributions are summarized as follows:
• Misalignment: Formalizing the agent training

bottleneck as functional SFT-RL mismatch from
coarse-grained data allocation.

• PRISM Framework: A framework using spa-
tial geometric structure of gradients to diagnose
cognitive conflict, routing data between consoli-
dation and adaptation regimes.

• Efficiency: We demonstrate SOTA perfor-
mance across diverse backbones while deliver-
ing a 3.22× training speedup via selective high-
conflict allocation.

2 Methodology

We formalize PRISM, a framework designed to op-
erationalize data routing by distinguishing between
pattern consolidation and structural adaptation. We
first establish the theoretical foundation by defining
gradient concentration as a diagnostic proxy for
cognitive conflict. Building upon this groundwork,
we detail the implementation of PRISM via a three-
stage pipeline (Fig. 2): (i) non-invasive gradient
probing to capture the spatial geometric structure of
learning dynamics; (ii) quantifying structural disso-
nance via statistical concentration metrics; and (iii)
distribution-adaptive routing to allocate trajectories
to their optimal learning regimes.
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Figure 2: Overview of PRISM. The framework consists of three stages: (1) Non-Invasive Gradient Probing:
Extracting update landscapes to capture internal reactions to each sample; (2) Quantifying Structural Dissonance:
Measuring gradient concentration to diagnose the conflict between the data and existing knowledge; (3) Distribution-
Adaptive Routing: Partitioning data based on concentration—samples with low-conflict (diffuse updates) are routed
to SFT for consolidation, while those with high conflict (concentrated updates) are routed to RL for structural
restructuring.

2.1 Gradient Concentration as a Proxy for
Cognitive Conflict

This framework bridges the gap between low-level
optimization dynamics and high-level cognitive
learning processes by treating the spatial geometric
structure of gradients as a diagnostic signal for the
conflict between input data and the model’s existing
knowledge schema. This logic is rooted in the func-
tional specificity of model parameters: research in-
dicates that knowledge representation in Transform-
ers is often localized within a sparse subset of spe-
cific “knowledge neurons” (Dai et al., 2022). When
new information contradicts established patterns,
the optimization process forces gradients into a
significantly non-uniform spatial distribution, con-
centrating heavily within specific critical units to
resolve internal logical dissonance (Simsekli et al.,
2019; Meng et al., 2022). Consequently, this spatial
concentration serves as an effective proxy for the
magnitude of internal structural adaptation required
by the model.

High Gradient Concentration signifies that the
model must undergo intense localized updates to
reconcile fundamental contradictions between the
input and existing heuristics, signaling a regime
of Structural Restructuring. In these high-conflict
scenarios, Reinforcement Learning (RL) is indis-
pensable, as its exploration mechanism drives the
deep policy shifts necessary for logic realignment.

Conversely, Low Gradient Concentration corre-
sponds to diffuse, low-intensity parameter updates
across the network, implying that new informa-
tion can be seamlessly integrated without overhaul-
ing the underlying knowledge architecture (Chizat
et al., 2019). This state represents knowledge com-
patibility and pattern consolidation, where Super-
vised Fine-Tuning (SFT) provides an efficient and
stable optimization path to refine behavioral norms
at a lower computational cost and with minimal risk
of destructive interference. By utilizing concentra-
tion metrics to distinguish between these internal
regimes, PRISM enables principled Data Arbitra-
tion, selectively deploying RL only when structural
adaptation is essential.

2.2 Stage I: Non-Invasive Gradient Probing

To capture the model’s internal reaction to new
data without altering its weights, we perform Non-
Invasive Gradient Probing. This stage serves as a
lightweight “diagnostic scan” of the gradient land-
scape to identify the required optimization effort
for each interaction trajectory τi.

Specifically, we utilize the ground-truth refer-
ence trajectories provided by the dataset as the
supervisory signal. The rationale is to measure
the dissonance between the model’s current pol-
icy and the expert behavior required by the task.
We decompose the model’s parameter space Θ
into N fine-grained functional units. For a Trans-
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former with L layers, we focus on the linear pro-
jection matrices within the Attention and FFN
blocks (e.g., Wq,Wk,Wv,Wo,Wgate, . . . ), result-
ing in N = 7L distinct parameter groups.

To eliminate confounds arising from varying se-
quence lengths, all input sequences are processed
using a uniform, task-specific context length. We
apply strict attention masking to ensure that gra-
dients are computed solely on valid response to-
kens, excluding padding artifacts. We execute a
single backward pass without performing any op-
timizer update, and then aggregate matrix-wise
Frobenius norms to obtain a high-fidelity “snap-
shot” of the internal learning state. This yields a
high-dimensional gradient vector gi ∈ RN

≥0:

gi = [∥∇θ1L(τi)∥F , . . . , ∥∇θNL(τi)∥F ]⊤, (1)

where L(·) denotes the next-token prediction loss
averaged over the valid response tokens, and
∥∇θjL(τi)∥F is the Frobenius norm of the gradi-
ent with respect to the j-th functional group θj .
Significantly, this probing phase is computation-
ally efficient and memory-friendly. By calculat-
ing the norms on-the-fly during the backward pass
and discarding the full gradient tensors, we main-
tain a memory footprint nearly identical to a stan-
dard forward pass, resulting in negligible overhead:
the probing step accounts for only about 1–2% of
the end-to-end wall-clock time of our full pipeline
(probe+SFT+RL), as reported in Table 3.

2.3 Stage II: Quantifying Structural
Dissonance

While the raw gradient vector gi encodes both up-
date intensity and structural shape, we prioritize
the distributional shape to reveal the nature of the
learning conflict, adhering to the principle of scale
invariance. To robustly quantify this signal, we em-
ploy a statistical concentration toolkit comprising
three complementary metrics. The Gini Coeffi-
cient measures the global inequality of gradient
contributions across the network. Simultaneously,
Kurtosis serves as a high-order diagnostic tool to
detect heavy-tailed updates, identifying trajectories
that force spiky adjustments in localized knowledge
neurons while leaving the majority of functional
circuits dormant. Finally, the Coefficient of Vari-
ation (CV) captures relative instability by normal-
izing dispersion against the mean update intensity.
Together, these metrics triangulate cognitive dis-
sonance from distinct statistical dimensions: high

values signal an acute structural conflict requiring
exploratory restructuring via RL, while low values
indicate high data-model compatibility suitable for
efficient consolidation via SFT.

In practice, for each trajectory τi, we compute a
composite score si = ϕ(gi), where ϕ(·) is a statis-
tical concentration operator (e.g., Gini) that maps
the high-dimensional spatial geometric structure to
a scalar value of cognitive dissonance.

2.4 Stage III: Distribution-Adaptive Routing

Finally, we partition the full corpus D into disjoint
subsets based on the quantified dissonance using
a distribution-adaptive strategy. We compute the
global statistics of the concentration scores S and
employ a non-parametric median split to define the
routing boundary:

DSFT = {τi ∈ D | si ≤ Median(S)}, (2)

DRL = {τi ∈ D | si > Median(S)}, (3)

where D is the initial training corpus, S =
{s1, . . . , s|D|} represents the global set of compos-
ite concentration scores for all trajectories, si is
the structural dissonance score for the i-th trajec-
tory, and Median(S) serves as the threshold that
dynamically partitions the corpus into consolida-
tion (DSFT) and adaptation (DRL) regimes.

We employ a non-parametric median split as a
robust, data-adaptive thresholding strategy. This
approach ensures that data arbitration is grounded
in the relative cognitive dissonance of the specific
corpus, eliminating the need for per-task hyperpa-
rameter tuning while maintaining a stable balance
between plasticity and stability.

The rationale for selecting the median as the
decision boundary is two-fold. First, this non-
parametric boundary adaptively scales with the
dataset’s inherent difficulty, ensuring that arbitra-
tion is determined by the relative cognitive effort
required by the model’s current state avoiding ar-
bitrary constants. Second, it strikes a theoretical
balance between stability and plasticity: routing
too many samples to RL (a low threshold) intro-
duces optimization noise from easy data, while
routing too few (a high threshold) limits capacity
for structural adaptation. This design choice is em-
pirically validated in our Ablation Studies (Section
4.3), where the median split consistently yields op-
timal performance compared to extreme allocation
ratios. Consequently, high-conflict trajectories are
routed to RL for Structural Restructuring, while
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low-conflict trajectories are assigned to SFT for
pattern consolidation, ensuring that each learning
regime addresses the data’s intrinsic conflict.

3 Experiments

3.1 Experimental Setup

Benchmarks. Evaluation is conducted on two
representative agentic benchmarks requiring dis-
tinct cognitive capabilities. WebShop (Yao et al.,
2022), an interactive e-commerce environment, as-
sesses the agent’s capacity for instruction following
and attribute matching over long horizons, simulat-
ing real-world website navigation. Complementar-
ily, ALFWorld (Shridhar et al., 2021) provides a
text-based embodied simulation that demands com-
positional generalization for household tasks. Fol-
lowing standard protocols, performance is reported
on both Seen (training distribution) and Unseen
(generalization) splits to rigorously assess robust-
ness against environmental shifts.

Implementation Details. Using Qwen3-
8B (Yang et al., 2025) and Llama-3.1-8B-
Instruct (Grattafiori et al., 2024) as backbones, we
implement SFT via Llama-Factory (Zheng et al.,
2024) and RL (GRPO) via verl-agent (Feng et al.,
2025). PRISM initiates with a gradient probing
phase on the frozen base model to compute
concentration metrics. These metrics serve as
a filter to disentangle the dataset: low-conflict
samples are assigned to SFT, while high-conflict
samples are routed to RL. This selective allocation
minimizes computational overhead while maximiz-
ing structural adaptation. See Appendix C for full
hyperparameters.

Baselines We evaluate PRISM against three dis-
tinct categories: (1) Monolithic Baselines (100%
budget): SFT, GRPO, and GiGPO (Feng et al.,
2025), the current state-of-the-art method for agen-
tic RL; (2) Iso-Compute Baselines (50/50 split):
Random selection (serving as a control) and
HPT (Lv et al., 2025), a leading outcome-aware
method based on pass rates; and (3) Canonical
Pipeline: SFT-then-RL (100%+100%), which
serves as a compute-intensive upper bound. Cru-
cially, to ensure robustness, all reported results
represent the mean across three random seeds.

3.2 Main Results

Generalization and Efficiency on ALFWorld
As detailed in Table 1, PRISM demonstrates su-

perior task mastery and generalization capabili-
ties. On Seen tasks (in-distribution), PRISM (Gini)
achieves a remarkable success rate of 95.31%,
significantly outperforming the sequential SFT-
then-RL baseline (88.28%) and standard GRPO
(67.19%). Crucially, on Unseen tasks (out-of-
distribution), PRISM exhibits exceptional robust-
ness, reaching a success rate of 79.69%. This repre-
sents a substantial 10.16% absolute improvement
over the sequential baseline.

These results validate our core hypothesis: rout-
ing low-conflict data to SFT facilitates efficient
pattern consolidation, while reserving high-conflict
data for RL drives critical structural adaptation.
Unlike standard RL, which risks overfitting to envi-
ronmental noise when trained on full data, PRISM
selectively targets trajectories requiring logical re-
structuring. Consequently, it achieves these gains
using only 50% of the RL compute budget, effec-
tively mitigating optimization interference and pre-
serving the model’s structural plasticity for novel
scenarios.

Backbone-Agnostic Robustness on WebShop
Table 2 highlights PRISM’s decisive advantage in
interactive decision-making across diverse model
architectures. On Qwen3-8B, PRISM (Gini) estab-
lishes a new state-of-the-art with a score of 85.15
and a success rate of 64.84%, surpassing both
the outcome-aware baseline HPT (75.48) and the
compute-intensive SFT-then-RL (80.82). Notably,
this superiority extends to Llama-3.1-8B, where
PRISM improves the Success Rate by +8.59% over
the sequential baseline (68.75% vs. 60.16%).

The consistent performance of the Gini metric
across both benchmarks suggests that spatial gra-
dient concentration serves as a robust proxy for
cognitive dissonance in agentic tasks. By filtering
out diffuse, template-like samples for SFT, PRISM
ensures that the expensive RL phase is exclusively
dedicated to resolving high-conflict bottlenecks
(e.g., complex attribute matching), thereby prevent-
ing the gradient dilution often observed in indis-
criminate full-data training.

4 Ablation and Analysis

4.1 Validating the Logic of Conflict-Aware
Routing

To validate the causal link, we partitioned data into
high- and low-concentration subsets using the Gini,
Kurtosis, and CV. We compared applying RL to
high-concentration and SFT to low-concentration
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Split (%) Task-wise Success Rate (%)

Category Method SFT : RL Pick Look Clean Heat Cool Pick2 All

(a) ALFWorld - Seen (In-Distribution)

Base Base Model - : - 39.29 7.14 0.00 0.00 0.00 0.00 9.38

Single Phase SFT 100 : - 78.57 78.57 42.86 16.67 26.92 28.57 45.31
GRPO - : 100 80.65 28.57 86.21 52.94 66.67 57.89 67.19
GiGPO - : 100 87.10 42.86 75.86 76.47 61.11 52.63 69.53

Hybrid Random 50 : 50 92.59 66.67 80.00 61.54 75.76 88.00 79.69
HPT 50 : 50 92.59 77.78 92.59 75.00 75.00 75.00 85.16
SFT-then-RL 100 : 100 96.67 72.73 96.15 85.71 80.00 86.36 88.28

PRISM Gini 50 : 50 92.68 100.00 100.00 100.00 95.00 91.67 95.31
(Ours) Kurtosis 50 : 50 95.12 88.89 100.00 100.00 75.00 87.50 91.41

CV 50 : 50 95.12 88.89 100.00 90.00 85.00 75.00 89.84

(b) ALFWorld - Unseen (Out-of-Distribution)

Base Base Model - : - 15.00 13.33 2.56 0.00 0.00 0.00 4.69

Single Phase SFT 100 : - 70.00 20.00 15.38 4.17 10.00 0.00 19.53
GRPO - : 100 75.00 53.33 92.31 75.00 60.00 20.00 67.97
GiGPO - : 100 90.00 53.33 76.92 75.00 60.00 40.00 68.75

Hybrid Random 50 : 50 45.00 33.33 74.36 54.17 90.00 65.00 60.94
HPT 50 : 50 80.00 46.67 84.62 66.67 80.00 70.00 73.44
SFT-then-RL 100 : 100 65.00 60.00 71.79 58.33 100.00 75.00 69.53

PRISM Gini 50 : 50 75.00 60.00 89.74 70.83 90.00 85.00 79.69
(Ours) Kurtosis 50 : 50 75.00 53.33 69.23 75.00 100.00 80.00 73.44

CV 50 : 50 55.00 73.33 82.05 70.83 80.00 65.00 71.88

Table 1: Detailed Performance on ALFWorld (Qwen3-8B). Success Rate (%) across six task types on (a) Seen and
(b) Unseen splits. SFT:RL indicates the allocation ratio. PRISM outperforms all hybrid baselines while requiring
only half the data of the sequential SFT-then-RL pipeline.

data against the reverse configuration (SFT on
high/RL on low). As shown in Figure 3, prioritizing
RL for high-concentration data significantly out-
performs both the random baseline and the reverse
setup. This confirms that concentrated updates sig-
nal structural conflicts necessitating exploration,
whereas forcing RL on low-conflict data disrupts
consolidated norms (Chizat et al., 2019). Thus, se-
lective allocation based on concentration metrics is
empirically superior.

4.2 Disentangling Structural Conflict from
Update Intensity

A critical question is whether PRISM simply prox-
ies sample difficulty. Comparing PRISM against
a Gradient Magnitude ( routing top 50% samples
by L2 norm to RL) in Table 4 reveals a decisive
advantage (+5.4% on WebShop). This distinction
is grounded in optimization dynamics: High Mag-
nitude ̸= RL Need. Large gradient norms often
indicate simple “knowledge gaps” (e.g., unfamil-

iar entities) that are structurally compatible with
the model, making them ideal for efficient pattern
consolidation via SFT rather than expensive RL
exploration (Paul et al., 2021). Magnitude-based
routing inefficiently misallocates these learnable
samples to RL. In contrast, high concentration sig-
nals structural conflict. Concentrated updates im-
ply that the necessary logic correction is localized
within specific functional units (e.g., Knowledge
Neurons), reflecting a fundamental inconsistency
that requires the exploratory adaptation of RL to
resolve (Dai et al., 2022; Simsekli et al., 2019).

4.3 Sensitivity to Allocation Ratio

We evaluate PRISM’s sensitivity to routing thresh-
olds by varying the RL allocation ratio. As shown
in Figure 4, performance exhibits a distinct inverted
U-shape peaking near 50%. This revealing trend
highlights a critical trade-off: insufficient RL al-
location (< 30%) provides inadequate structural
adaptation for high-conflict samples, while exces-
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Split (%) Qwen3-8B Llama-3.1-8B

Method SFT RL SR(%) Score SR(%) Score

Base Model - - 17.19 28.78 1.56 1.56

SFT 100 - 42.97 73.87 18.75 29.34
GRPO - 100 46.88 68.80 51.56 70.66
GiGPO - 100 46.09 71.42 52.34 73.81

Random 50 50 55.47 78.21 54.69 79.40
HPT 50 50 54.69 75.48 55.47 80.46
SFT-then-RL 100 100 59.38 80.82 60.16 81.65

PRISM (Gini) 50 50 64.84 85.15 68.75 84.82
PRISM (Kurt) 50 50 63.28 83.87 64.06 81.79
PRISM (CV) 50 50 61.74 84.33 61.72 81.55

Table 2: Main Results on WebShop. We compare
PRISM against baselines using different data alloca-
tion strategies. Data Split denotes the number of tra-
jectories utilized for SFT and RL phases respectively.
PRISM consistently outperforms the sequential baseline
(SFT-then-RL) using only 50% of the total training bud-
get, demonstrating the efficiency of concentration-aware
data arbitration.

sive allocation (> 70%) leads to gradient dilution.
Specifically, forcing RL on low-conflict data injects
exploratory noise into trivial behaviors, thereby
contaminating the gradients and interfering with
previously consolidated patterns.

4.4 Pareto Improvement: Optimization
Disentanglement

Beyond raw performance, PRISM fundamentally
optimizes the computational utility of agent train-
ing. As detailed in Table 3, our framework reduces
wall-clock time by nearly 50% on WebShop and
achieves a 3.22× speedup on ALFWorld compared
to full-data RL. More importantly, contrasting our
results with the SFT-then-RL baseline reveals a
critical insight regarding data scaling. While the
sequential baseline processes 100% of the data
via computationally expensive RL to achieve com-
petitive results, PRISM achieves superior perfor-
mance using only ∼50% of the RL budget. This
indicates that blindly forcing exploration on well-
consolidated knowledge yields diminishing returns.

PRISM effectively disentangles the optimization
objectives: it delegates pattern consolidation to the
cost-efficient SFT phase, while reserving the ex-
pensive RL budget for trajectories requiring struc-
tural restructuring of key neurons. This synergy
realizes a Pareto improvement in the performance-
efficiency trade-off, proving that smarter data arbi-
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Figure 3: Ablation study of data routing strategies on
WebShop. We compare PRISM (orange) with the In-
verse allocation (blue: SFT on high-conflict data and RL
on low-conflict data) under three concentration metrics
for (a) Qwen3-8B and (b) Llama-3.1-8B-Instruct. The
dashed line denotes the Random Baseline.

tration is superior to exhaustive exploration.

5 Related Works

Data Allocation in SFT–RL. Data allocation
balances imitation and exploration, yet current
paradigms often rely on coarse heuristics that ig-
nore the interplay between model state and data
difficulty. Monolithic sequencing (Ouyang et al.,
2022) uses rigid schedules, failing to distinguish
between pattern consolidation and structural adap-
tation (Zhou et al., 2023). Similarly, universal ex-
ploration (Shao et al., 2024; Feng et al., 2025) in-
discriminately applies RL, which can trigger op-
timization instability on high-conflict data lack-
ing SFT-consolidated priors (DeepSeek-AI et al.,
2025). While outcome-centric filtering (Lv et al.,
2025) uses external proxies, it suffers from an “ob-
servational gap” where correctness masks latent
shortcuts or unfaithful reasoning (Geirhos et al.,
2020; Dziri et al., 2023). In contrast, PRISM shifts
to internal learning dynamics, utilizing the spa-
tial geometric structure of gradients to quantify
intrinsic conflict. This enables granular arbitration
based on actual cognitive demand rather than rigid
pipeline orders or outcome-based heuristics.

Gradient-Based Diagnostics Gradients provide
high-fidelity diagnostics for internal dynamics and
functional specialization (Zhao et al., 2025; Dai
et al., 2022). Unlike intensity- or similarity-based
approaches (Paul et al., 2021; Zhao et al., 2024),
PRISM leverages the spatial geometric structure of
updates, aligning with mechanistic evidence of lo-
calized representations (Geva et al., 2021). Specifi-
cally, concentrated updates signal structural restruc-
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Data Allocation Training Wall-clock Time

Task Method (SFT : RL) Probing SFT Phase RL Phase Total Time Speedup

WebShop

GRPO 0% : 100% - - 5h 53m 5h 53m 1.00×
Random (50%) 50% : 50% - 8m 3h 16m 3h 24m 1.73×

PRISM (CV) 50% : 50% 1m 48s 8m 3h 09m 3h 18m 1.77×
PRISM (Gini) 50% : 50% 1m 48s 8m 3h 10m 3h 19m 1.76×
PRISM (Kurtosis) 50% : 50% 1m 48s 8m 2h 51m 3h 00m 1.95×

ALFWorld

GRPO 0% : 100% - - 36h 13m 36h 13m 1.00×
Random (50%) 50% : 50% - 7m 11h 41m 11h 48m 3.07×

PRISM (CV) 50% : 50% 2m 16s 7m 11h 26m 11h 35m 3.12×
PRISM (Gini) 50% : 50% 2m 16s 7m 11h 06m 11h 15m 3.22×
PRISM (Kurtosis) 50% : 50% 2m 16s 7m 11h 11m 11h 20m 3.20×

Table 3: Computational Efficiency and Training Costs. Wall-clock time comparison on 8× NVIDIA A100 (80GB)
GPUs. Data Allocation specifies the proportion of the dataset assigned to the SFT and RL phases, respectively.
PRISM achieves superior results by intelligently partitioning a single dataset into optimal learning regimes, yielding
a maximum speedup of 3.22×.

Routing Metric WebShop
(Score)

ALFWorld
(SR %)

Gradient Magnitude (L2) 79.75 90.63

PRISM (Spatial Gini) 85.15 95.31

Table 4: Spatial Concentration vs. Gradient Magni-
tude. We compare magnitude-based routing (allocating
the top 50% of samples by magnitude to RL) against
PRISM. Results show spatial concentration identifies
structural adaptation requirements missed by gradient
magnitude alone.

turing to resolve logical inconsistencies (Simsekli
et al., 2019; Meng et al., 2022), while diffuse up-
dates reflect knowledge compatibility and consol-
idation (Chizat et al., 2019; Agarwal et al., 2022).
We repurpose these signals into a proactive arbitra-
tion mechanism for optimal regime routing.

6 Conclusion

In this work, we introduced PRISM, a framework
that bridges cognitive learning principles with neu-
ral optimization to resolve the long-standing data
arbitration challenge in agent training. By utilizing
the spatial geometric structure of gradients as an
intrinsic diagnostic for cognitive conflict, PRISM
effectively disentangles the training process into
pattern consolidation via SFT and structural adap-
tation via RL. Our results confirm that precision in
data routing outweighs raw volume: PRISM not
only establishes new state-of-the-art benchmarks

but also mitigates optimization interference, yield-
ing superior generalization. This approach repre-
sents a significant Pareto improvement, achieving
these gains with a 3.22× training speedup. Ulti-
mately, PRISM marks a shift from heuristic-based
pipelines toward a principled, dynamics-aware or-
chestration of LLM post-training.

7 Limitations

Despite its robust performance and efficiency,
PRISM has several limitations that warrant fur-
ther exploration. First, due to computational
constraints, our evaluation is primarily focused
on 7B–8B parameter models. While we hypothe-
size that the spatial geometric structure of gra-
dients is a scale-invariant mechanistic property of
Transformers, extensive verification on large-scale
models (e.g., 70B+ parameters) remains for future
work. Second, we currently employ a static rout-
ing strategy based on initial gradient concentration
to isolate diagnostic signals and minimize compu-
tational overhead. This approach does not account
for the dynamic evolution of a model’s internal
state, where a high-conflict sample might transi-
tion into a routine consolidation candidate as train-
ing progresses. Finally, our scope is concentrated
on agentic decision-making benchmarks. While
these tasks effectively highlight the functional di-
vergence between SFT and RL, the generalizability
of our gradient-based diagnostic to other complex
domains, such as advanced mathematical reasoning
or open-ended creative generation, requires further
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Figure 4: Sensitivity to RL Allocation Ratio. Perfor-
mance of Qwen3-8B on WebShop (CV metric) across
varying RL data proportions. The observed inverted
U-shape peaks at a 50% split, indicating that a balanced
allocation yields optimal performance compared to in-
sufficient adaptation or excessive exploration.

empirical investigation.
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A Details of Concentration Metrics

In this section, we provide the formal definitions for
the gradient concentration metrics used to quantify
cognitive dissonance.

Gradient Vector Construction. For a given tra-
jectory τi, let L(τi) denote the standard next-token
prediction loss, averaged over all valid tokens in
the sequence. To characterize the spatial geo-
metric structure of the model’s internal response,
we analyze the gradients with respect to the spe-
cific linear projection weights of the Transformer
backbone. For a model with L layers, we de-
fine the parameter groups for the l-th layer as
Pl = {Wq,Wk,Wv,Wo,Wgate,Wup,Wdown}. Ag-
gregating across all layers, we obtain a total of
N = 7L parameter groups. This multi-layered
grouping allows us to capture the distribution of
optimization effort across the network’s functional
units, providing the necessary resolution to mea-
sure spatial concentration.

We define the gradient concentration vector gi ∈
RN

≥0 as the collection of Frobenius norms for each
parameter group’s gradient matrix:

gi = [∥∇θ1L(τi)∥F , . . . , ∥∇θNL(τi)∥F ]⊤ . (4)

Let µi and σi denote the arithmetic mean and stan-
dard deviation of the elements in gi, respectively.
ϵ is a small constant (1e−8) added for numerical
stability.

1. Gini Coefficient. The Gini coefficient mea-
sures the inequality of the gradient contribution
distribution. We first sort the elements of gi in
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non-decreasing order, such that gi,(1) ≤ gi,(2) ≤
· · · ≤ gi,(N). The metric is calculated as:

sGini
i =

∑N
j=1(2j −N − 1) gi,(j)

N
∑N

j=1 gi,(j) + ϵ
. (5)

A higher Gini coefficient indicates that a small
subset of parameter groups dominates the gradient
updates (sparse activation), suggesting structural
conflict.

2. Kurtosis. We employ the Fourth Standard-
ized Moment (Pearson’s Kurtosis) to quantify the
“tailedness” of the gradient distribution. This serves
as a detector for extreme outliers in optimization
pressure. Given the large number of parameter
groups (N ≫ 100), we utilize the population for-
mula without small-sample bias correction:

sKurt
i =

1

N

N∑

j=1

(
gi,j − µi

σi + ϵ

)4

− 3. (6)

High kurtosis implies that the gradients are charac-
terized by infrequent but extreme updates, distin-
guishing "spiky" structural adaptation signals from
Gaussian noise.

3. Coefficient of Variation (CV). The Coeffi-
cient of Variation provides a normalized measure
of concentration, describing the extent of variabil-
ity in relation to the mean of the population:

sCV
i =

σi
µi + ϵ

. (7)

This metric captures the relative instability of the
update signal, serving as a robust proxy for global
model dissonance.

B Qualitative Analysis of Routed
Trajectories

To validate the cognitive dissonance hypothesis, we
manually inspected trajectories routed to distinct
phases.

• SFT-Routed (Low Concentration): Typi-
cally involve straightforward instruction fol-
lowing or keyword matching (e.g., “Click the
’Search’ button”). The model’s priors are suf-
ficient, resulting in diffuse gradients.

• RL-Routed (High Concentration): Involve
counter-intuitive reasoning or correcting a pre-
vious error (e.g., ALFWorld: “The apple is not

in the fridge, checking the cabinet”). These
induce concentrated updates as specific atten-
tion heads must be re-weighted to shift the
search strategy.

C Implementation Details

Gradient Probing Configuration To ensure con-
sistency between the diagnostic and training phases,
the Non-Invasive Gradient Probing (Stage I) uti-
lizes the same context length constraints as the
subsequent RL stage. Specifically, input sequences
are standardized to a fixed length of 2048 tokens
for ALFWorld and 4096 tokens for WebShop. Se-
quences exceeding these limits are truncated, while
shorter ones are padded with strict masking applied
during gradient computation to avoid padding bias.

SFT We implement the SFT stage using the
LLaMA-Factory framework. We perform full-
parameter fine-tuning on Qwen3-8B for 3 epochs
using the AdamW optimizer. The learning rate is
initialized at 1×10−5 with a cosine decay schedule
and a warmup ratio of 0.1. We employ a per-device
batch size of 4 with 4 gradient accumulation steps,
training in bfloat16 precision.

RL For our method, we employ the GRPO algo-
rithm without KL divergence penalties and set the
rollout size to 8. We adopt the environment con-
figurations and reward structures from the GiGPO
framework. Specifically, the actor learning rate is
set to 1× 10−6. We use a rule-based reward func-
tion: +10 for success, 0 for failure, and a penalty of
-0.1 for invalid actions. Consistent with the prob-
ing phase, we limit prompts to 2048 tokens for
ALFWorld and 4096 tokens for WebShop, with a
maximum of 50 environment steps per episode for
ALFWorld and 15 for WebShop. For the GiGPO
baseline reported in our experiments, we strictly
follow the original hyperparameter settings pro-
vided in (Feng et al., 2025).

D Consensus Analysis of Gradient
Concentration Metrics

As illustrated in Figure 5, we observe a substan-
tial overlap among the high-conflict subsets identi-
fied by these metrics. This empirical evidence sug-
gests that while individual metrics may align more
closely with specific task dynamics, they largely
converge on a core set of high-conflict data. This
consensus indicates that PRISM captures a univer-
sal and robust signal of cognitive dissonance, rather
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Figure 5: Venn Diagram of Data Selection Consen-
sus. The intersection shows that approximately 60%
of the high-conflict trajectories are consistently identi-
fied by all three statistical metrics. This high degree of
convergence significantly exceeds the 12.5%–25.0%
expected from random overlapping splits, demonstrat-
ing that PRISM captures a stable underlying structural
dissonance signal regardless of the specific concentra-
tion metric employed.

than being an artifact of specific metric selection.

E Experimental Environments and Task
Decomposition

We evaluate our framework on two complex agent
benchmarks: WebShop and ALFWorld. These en-
vironments require the agent to demonstrate diverse
capabilities, ranging from navigating e-commerce
interfaces to solving interactive household tasks.

E.1 WebShop
WebShop simulates an e-commerce website envi-
ronment, requiring models to navigate interfaces to
find and purchase products that match specific user
attributes.

Evaluation Metrics. Following the standard pro-
tocol of the WebShop benchmark (Yao et al., 2022),
we evaluate the performance of our agent using two
primary metrics: Average Score and Success Rate
(SR).

• Average Score: This metric measures the
granularity of task completion by calculating
the attribute overlap between the product pur-
chased by the agent and the user’s instruc-
tion. For each episode i, the environment
computes a scalar score Si ∈ [0, 1], which
is a weighted sum of rewards based on four
dimensions: product category matching, at-
tribute recall, option selection accuracy, and
price constraints. Formally, the score is calcu-
lated as:

Si = TypeScore

×
(
Nattr +Noption + Iprice

Ntotal

)
(8)

where Nattr and Noption denote the number
of matched attributes and options respectively,
and Iprice is an indicator function for price sat-
isfaction. We report the mean score averaged
across all test episodes.

• Success Rate (SR): This is a stricter metric
evaluating the agent’s ability to perfectly sat-
isfy user goals. An episode is considered suc-
cessful if and only if the agent achieves a per-
fect score (i.e., Si = 1.0). This implies that
the purchased item meets all specified criteria,
including correct category, attributes, options,
and price limits. SR denotes the percentage
of episodes where the agent successfully com-
pleted the task.

E.2 ALFWorld

ALFWorld aligns TextWorld with the ALFRED
benchmark, consisting of interactive household
tasks that require multi-step reasoning and decision-
making.

Task Decomposition. We report results across
six ALFWorld sub-task categories: Pick (single-
object retrieval), Look (object search/navigation),
Clean (cleaning appliances), Heat (heating state
transitions), Cool (cooling state transitions), and
Pick2 (two-object pick-and-place).

Evaluation Metrics. Similar to WebShop, we
report the Success Rate (SR) for ALFWorld. An
episode is considered successful if the agent com-
pletes the goal state within the maximum number
of steps. We report both the overall SR and the task-
wise SR for the six categories mentioned above.

F Theoretical Motivation: Why
High-Conflict Trajectories Benefit from
RL Exploration

The main text argues that high gradient concen-
tration indicates a structural mismatch between
the current policy and the target behavior, moti-
vating routing such trajectories to RL. This ap-
pendix provides a mechanistic explanation for why
exploration-based, group-relative RL (e.g., GRPO)
is well-matched to this regime. We present the argu-
ment as an intuition consistent with policy-gradient
learning dynamics, rather than as a formal equiv-
alence between gradient concentration under SFT
and the RL training signal.
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1. High conflict tends to create distinct rollout
modes under sampling. When a state-action de-
cision is aligned with the model’s current behavior,
stochastic sampling from πθ often produces simi-
lar trajectories with small qualitative variation. In
contrast, under structural mismatch, the policy is
more likely to admit multiple competing action
modes for the same state (e.g., relying on superfi-
cial heuristics versus executing a faithful reasoning
chain). As a result, sampling can expose distinct
outcome patterns (success/failure, or different inter-
mediate behaviors), creating the diversity necessary
for trial-and-error refinement in policy optimiza-
tion (Schulman et al., 2017).

2. GRPO is most informative when there
is within-group contrast. GRPO-style learning
constructs its update from relative comparisons
within a sampled group of trajectories (e.g., group-
relative advantages), rather than from matching a
single reference trace (Shao et al., 2024; Feng et al.,
2025). This implies a simple requirement: the sam-
pled group must contain meaningfully different
outcomes for the relative signal to be discrimina-
tive.

• Low-conflict regime: limited contrast
yields weakly discriminative relative feed-
back. For consolidated trajectories, sampled
rollouts tend to be homogeneous in outcomes
and rewards. In this case, group-relative nor-
malization/ranking provides little separation
between trajectories, so the relative learning
signal becomes less informative and can be
sensitive to stochasticity without yielding sys-
tematic improvement (Shao et al., 2024; Feng
et al., 2025).

• High-conflict regime: outcome separation
enables contrastive credit assignment. Un-
der structural mismatch, sampling is more
likely to produce both better and worse roll-
outs with distinct reward profiles. This within-
group separation makes group-relative up-
dates informative: the optimizer can assign
credit by reinforcing behaviors that lead to
verified success and suppressing those leading
to failure, without requiring imitation of a sin-
gle fixed trace (Shao et al., 2024; Feng et al.,
2025).

3. Exploration supports selective policy shifts
where imitation can be brittle. A key advantage

of routing high-conflict trajectories to RL is that
exploration allows the learner to search over alter-
native behaviors and update the policy selectively
based on feedback, rather than forcing the model
to reproduce a particular trajectory. This is con-
sistent with observations that RL post-training can
induce behavioral improvements beyond SFT-only
pipelines by leveraging reward-driven feedback to
shape policy updates (Ouyang et al., 2022; Guo
et al., 2025). In PRISM, this motivates concentrat-
ing RL budget on trajectories that exhibit structural
mismatch, while using SFT to consolidate already-
compatible behaviors.

G Robustness Analysis: Architecture
Invariance and Confound Control

A potential concern in gradient-based analysis is
whether the varying sizes of parameter matrices
(e.g., Wdown vs. Wq) introduce confounds in the
concentration metrics. We argue that PRISM is
robust to these variations due to Architecture In-
variance.

While larger parameter matrices naturally yield
larger gradient norms, this introduces a constant
systematic bias rather than a data-dependent vari-
able. Since the model architecture remains static,
this bias affects all trajectories identically. More-
over, our chosen metrics (e.g., Gini Coefficient)
are theoretically scale-invariant—multiplying a
subset of dimensions by a constant factor preserves
the relative inequality score, effectively canceling
out layer-wise scaling artifacts.

To empirically validate this, we conducted a
sensitivity analysis by normalizing the gradient
norms by the square root of the parameter count
(∥g∥F /

√
Nparam). We observed that this normal-

ization resulted in nearly identical data rankings
(Spearman’s ρ > 0.99 on both benchmarks) com-
pared to the raw Frobenius norms. This confirms
that PRISM’s median-split routing is driven by gen-
uine structural conflict rather than architectural di-
mensions.
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