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Abstract

Structured outputs such as JSON and tables are
central to modern LLM-based systems, yet gen-
eration failures are evaluated monolithically,
conflating two distinct error modes: placement
errors (correct values at wrong positions) and
value errors (wrong values at intended posi-
tions). We introduce Structure-Content De-
composition (SCD), a framework that indepen-
dently measures structural fidelity and content
accuracy. Applying SCD to nested JSON and
table tasks across six models (7B to frontier),
we uncover a consistent phenomenon: struc-
tural fidelity degrades earlier and more sharply
than content accuracy as complexity increases.
At the highest complexity, even DeepSeek-V4-
Flash (with reasoning) misplaces 35% of re-
called values, while Qwen2.5-7B misplaces
74%. Controlled ablations suggest that this
pattern is associated with reliance on semantic
shortcuts rather than topological understand-
ing of output structure. Based on these find-
ings, we propose SA-RLVR, converting SCD
metrics into verifiable rewards for reinforce-
ment learning via GRPO. SA-RLVR success-
fully optimizes structural addressing across dis-
tinct topologies: it lifts JSON Value Placement
Accuracy (VPA) from 26% to 63% while gen-
eralizing to held-out schemas; moreover, it con-
sistently drives VPA improvements in the table
domain, demonstrating that structure-aware re-
wards can directly enhance multi-domain struc-
tural positioning.

1 Introduction

Large language models (LLMs), workflows, and
autonomous agents increasingly rely on structured
outputs such as JSON objects and tables, where
both value correctness and structural placement are
critical (Geng et al., 2025; Qin et al., 2024; Schick
et al., 2023; Yao et al., 2023; Patil et al., 2024).
Consider an LLM generating a billing record:
it correctly preserves the zip code 10001 and the
city New York, but places the two values under
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Task Input (JSON) Model Output (JSON)

Schema-Guided Generation {
{ "billing": {
"billing": {

"eity":

Planted Values . Designated Paths

v All 4 values present x 3 of 4 placed at wrong paths

v All 4 values present x 2 of 4 placed in wrong rows

Figure 1: An illustration of the “right value, wrong
position” failure in structured generation. The LLM
correctly recalls all planted values but places them at
wrong structural positions. Top: JSON domain: values
swap between sibling paths. Bottom: Table domain:
values migrate to wrong row-column coordinates. Ex-
isting holistic metrics cannot detect this failure mode.

the wrong JSON paths. Although the required val-
ues appear in the output, the resulting structure
becomes semantically invalid, potentially corrupt-
ing downstream execution. Such failures reveal
that structured generation requires not only know-
ing what values to produce or preserve, but also
understanding where they belong (Figure 1).
Despite their practical importance, existing eval-
uations treat structured generation failures mono-
lithically. JSONSchemaBench evaluates schema
conformance as a binary check (Geng et al., 2025);
BFCL reports exact-match accuracy on function
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calls (Patil et al., 2025); SWE-bench measures end-
to-end task success (Jimenez et al., 2024); text-to-
SQL benchmarks rely on execution accuracy (Yu
et al., 2018; Li et al., 2023a). When an output fails,
these metrics cannot distinguish whether the model
produces incorrect values or misplaces otherwise
correct values. This distinction is crucial because
the two failure modes imply fundamentally differ-
ent underlying deficiencies and require different
interventions.

We hypothesize and later show that this “correct
value, wrong position” failure becomes increas-
ingly prominent as structural complexity grows.

To address this gap, we propose Structure-
Content Decomposition (SCD), a three-level eval-
uation framework that independently measures
structural fidelity and content accuracy. Applying
SCD to nested JSON (tree-structured addressing)
and table tasks (grid-structured addressing) across
six models ranging from 7B-scale to full-scale mod-
els, we uncover a consistent and previously undocu-
mented phenomenon: structural fidelity degrades
earlier and faster than content accuracy.

At the highest complexity level, strong frontier-
scale models still misplace roughly one quarter or
more of correctly recalled values, while smaller
models can misplace nearly three in four. Fur-
ther controlled ablations suggest that these failures
are associated with models’ reliance on semantic
shortcuts (Geirhos et al., 2020) rather than robust
topological addressing, consistent with known po-
sitional biases in long-context reasoning (Liu et al.,
2024).

These findings suggest that structural addressing
should be treated as an independently optimizable
capability rather than a byproduct of value genera-
tion. We therefore propose SA-RLVR, which trans-
forms SCD’s decomposed metrics into verifiable
reward signals for GRPO-based online reinforce-
ment learning (Shao et al., 2024; DeepSeek-Al
et al., 2025), directly optimizing structural address-
ing behavior.

Our contributions are as follows:

* We introduce SCD, a decomposed evaluation
framework that separates structural and value-
level failures in LLM-generated structured
outputs, revealing failure modes collapsed by
existing monolithic evaluations.

* We identify the ‘“structure degrades first”
pattern, a consistent phenomenon across two

topologies, two task paradigms, and six mod-
els, and provide evidence that semantic short-
cuts contribute to this failure mode through
controlled ablations.

* We propose SA-RLVR, which converts SCD
metrics into verifiable rewards for GRPO. It
improves JSON Value Placement Accuracy
from 0.26 to 0.63 with strong cross-schema
generalization, versus only 0.28 for a matched
SFT baseline.

2 Related Work

Positional and Structural Reasoning in LLMs.
Liu et al. (2024) show retrieval accuracy degrades
for mid-context information, and stress tests such
as Needle-in-a-Haystack (Kamradt, 2023) further
document positional sensitivity in long-context re-
trieval; Herzig et al. (2020) and Sui et al. (2024)
demonstrate that table understanding requires joint
reasoning over coordinates and content. Hsieh
et al. (2023) and Wang et al. (2023) suggest that
instruction-tuned models may still struggle with
organizing generated content into correct structural
layouts. Much prior work probes positional aware-
ness in input comprehension; we extend to output
generation with a framework that quantitatively iso-
lates structural degradation from content-accuracy
degradation.

Structured Output Generation and Evalua-
tion. Constrained decoding methods, such as Out-
lines (Willard and Louf, 2023), SGLang (Zheng
et al., 2024), Guidance (Microsoft, 2023), only
guarantee format validity (defined as Level 1 accu-
racy in our experiments) but cannot ensure correct
value placement (Level 2-3). Existing benchmarks
evaluate structured outputs holistically: JSON-
SchemaBench (Geng et al., 2025) uses binary
schema conformance; function-call benchmarks
such as BFCL (Patil et al., 2025) and API-Bank (Li
et al., 2023b) report exact-match on function calls;
agent benchmarks measure end-to-end task suc-
cess (Liu et al., 2023; Jimenez et al., 2024); text-
to-SQL (Yu et al., 2018; Li et al., 2023a) and table
QA (Ye et al., 2023; Sui et al., 2024) measure exe-
cution accuracy or cell-level F1. None distinguish
whether failures are structural (right value, wrong
position) or value-level (wrong value). SCD fills
this gap by decomposing the binary signal into
structural and content-accuracy components.



Reinforcement Learning with Verifiable Re-
wards. DeepSeek-R1 (DeepSeek-Al et al., 2025)
shows GRPO with verifiable rewards can elicit
reasoning without supervised demonstrations; this
paradigm extends to math (Lightman et al., 2024;
Wang et al., 2024) and code (Le et al., 2022; Sho-
jaee et al., 2023). Structured outputs are a natural
fit because correctness is programmatically check-
able, yet existing RLVR uses holistic rewards (an-
swer correctness, execution pass/fail) that conflate
structural and value-level errors. Beyond verifiable-
reward RL, preference-based methods such as
DPO (Rafailov et al., 2023) and ORPO (Hong et al.,
2024) optimize policies from pairwise preferences,
but rely on human or model-judged labels and do
not provide structure-specific gradients. Our SA-
RLVR leverages SCD’s decomposed metrics as
fine-grained verifiable rewards, providing structure-
specific training gradients.

3 Structure-Content Decomposition

Every structured output task shares a common ab-
straction: the model must decide both where to
place information (structural addressing) and what
values to preserve or generate. Existing metrics col-
lapse these two decisions into a single score. SCD
teases them apart through a three-level hierarchy
that mirrors the generative process: first produce a
valid format, then construct the required structural
paths, then place the correct values at those paths
(Figure 2).

3.1 Formulation

Consider a structured output task in which a model
receives input  and must produce output y satis-
fying a structural schema S and a set of planted
values P = {(pi,v;)} (path-to-value mappings).
We decompose quality into three hierarchically de-
pendent levels.

Level 1: Format Validity. V(y) € {0,1} indi-
cates whether y is parseable and well-formed. If
V(y) = 0, we skip Level 2-3.

Level 2: Schema Compliance Rate (SCR). Let
R be the set of required structural paths from the
schema and A the actual leaf paths in the model
output:

SCR = |[RN A|/|R| (1)

Level 3: Value Placement Accuracy (VPA). For
each planted value (p;, v;) € P, we check whether

the output’s value at path p; equals v;:

1
VPA = —

(piyvi)EP

The three levels form a strict hierarchy: SCR
requires V' (y) = 1; VPA requires the planted paths
to exist. This decomposition serves a dual purpose:
it enables fine-grained diagnosis of failure modes
(§4-5), and its metrics directly yield verifiable re-
ward signals for targeted training (§6).

Diagnostic Metrics: VP and SCG. VPA alone
tells us a value is missing from its path, but not
why. Value Presence (VP) measures whether each
planted value appears anywhere in the output:

1
VP = —

P Z Wlv; € leaves(y)]  (3)

(pi,vi)EP

VP uses strict single-match to prevent double-
counting. We further define Structural Compli-
ance Gap SCG = VP — VPA (values that ap-
pear but are misplaced) and Displacement Rate
DR = 1 — VPA/VP (fraction of recalled values at
wrong positions). When VP remains high while
VPA drops (DR > 0), the model recalls correct val-
ues but fails to place them at the correct structural
locations.

3.2 Instantiation Across Domains

SCD applies to any task where the output has iden-
tifiable structural positions. We instantiate it in two
topologically distinct domains: in nested JSON,
the structural position is a leaf path in the tree; in
table rows, it is a cell at a specific row-column
coordinate. Both share the three-level hierarchy;
only the definition of “structural position” differs.

In nested JSON, we use a schema-guided gener-
ation paradigm: given a JSON Schema and planted
values (path—value mappings with uniquely iden-
tifiable markers), the model generates a complete
conforming JSON object.

In table row recitation, we use a row-level mod-
ification paradigm: given a complete HTML table
and target fields with designated replacement val-
ues, the model must locate the correct row and out-
put it with modifications. For tables, SCR checks
whether the produced row has the expected tag/-
cell sequence, while VPA checks whether each
designated replacement value appears at its tar-
get row-column coordinate. VP still ignores po-
sition and measures whether the replacement value
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"shipping": {
neipyns

$.shipping.city=- - = = = > "Beijing"

¥ LLM generates

{ Model Output (Assessment)
"billing": {
neityns

"518060", ’3) displaced (should be "Shenzhen")

, Rz et Shenzhienh () displaced (should be "518060")
"shipping": {
"city": "Beijing" © correct
}
Metrics (SCD)
SCR=1.0 VP=3/3 VPA=1/3 DR =67%

structure intact all values recalled only 1 correct knows WHAT, fails WHERE

Table Domain: Grid Addressing

HTML Table + Target Cells

Section Field Value
Personal Info name John Smith - - —> "ALPHA"
Replace target
Personal Info phone 555-1111 - - - "1132" .
cell values with
Work History title Engineer planted values
Work History name Acme Corp - - —>'CHARLIE"
Work History phone 555-2222

¥ LLM extracts & modifies
Model Output (Assessment)

Row Field Value Assessment
Personal Info name "1132" @ wrong cell
Personal Info phone "ALPHA" () wrong cell
Work History name "CHARLIE" © correct
Metrics (SCD)
SCR=1.0 VP=3/3 VPA=1/3 DR =67%

structure intact all values recalled only 1 correct knows WHAT, fails WHERE

Figure 2: Overview of Structure-Content Decomposition. The three levels form a strict hierarchy (top); we instantiate
the same framework in two topologically distinct domains (bottom). Both examples show the same diagnostic
pattern: all planted values are recalled (VP=3/3) but two are placed at wrong structural positions (VPA=1/3,
DR=67%), namely, the model preserves what values are required but fails at where to place them.

appears anywhere in the produced row. Unlike
JSON’s generation-from-scratch, tables require lo-
cating and modifying within existing structure,
which tests the same underlying addressing ability
through a different cognitive demand.

This dual-domain design tests whether the “struc-
ture degrades first” pattern is not merely an artifact
of any particular topology or task paradigm.

4 Experimental Setup

Our diagnostic experiments are designed around
one principle: isolate structural addressing from
content accuracy so that degradation in each can
be independently measured. This requires tasks
with deterministic ground truth, uniquely identifi-
able planted values, and systematically controlled
complexity. Naturalistic benchmarks cannot guar-
antee these conditions, so we construct controlled
tasks via algorithmic generation (no LLM in loop),
using two topologically distinct domains at three
unified complexity levels (S/M/L).

JSON Domain: Schema-Guided Generation.
We algorithmically generate JSON Schemas at
three complexity levels, all sharing the same re-
cursive TreeNode structure (binary tree with meta-
data sub-objects) but differing in unrolled depth:

S (depth=2, 12 planted values), M (depth=3, 15
planted values), and L (depth=4, 20 planted val-
ues). This design cleanly isolates recursive depth
as the independent variable while holding schema
topology constant. Field names are drawn from re-
alistic domains (healthcare, e-commerce, logistics,
etc.). Planted values use NATO phonetic alpha-
bet words, fixed integer sequences, and fixed float
sequences, each uniquely identifiable to enable un-
ambiguous VP/VPA measurement. For M and L
levels, 70% of planted values target deep paths to
maximally stress structural addressing. The core
experiment comprises 1,500 tasks per model (500
per level). Two additional ablations isolate tree
depth (300 tasks) and planted count (400 tasks) as
single variables. Mechanistic ablations on semantic
cues and path ambiguity are reported in §5.4.

Table Domain: Row-Level Modification. We
construct HTML tables at three complexity levels,
paralleling the JSON domain: S (flat key-value grid,
~28 rows, ~280 cells), M (key-value with column
merging and repeated data blocks such as education
records, ~33 rows, ~330 cells), L. (3-5 sections
with cross-section field ambiguity plus repeated
data blocks, ~53 rows, ~700 cells). The tables are
derived from 53 real-world seed templates, such as



S (depth=2) M (depth=3) L (depth=4)
Model VPA VP DR VPA VP DR VPA VP DR
Closed-Source
GPT-40 0975 0975 0% 0910 0963 5.5% 0.690 0910 24.2%
Open-Source
DeepSeek-V3 0975 0979 04% 0907 0.953 4.8% 0.700 0.948 26.2%
DeepSeel<-V4-F1ashT 0995 0996 0.1% 0927 0.995 6.8% 0.618 0.956 35.4%
Qwen3-8B' 0904 0925 23% 0.730 0.880 17.0% 0.325 0.610 46.7%
Qwen2.5-14B 0908 0.938 3.2% 0.607 0.797 23.8% 0.297 0.585 49.2%
Qwen2.5-7B 0.771 0.921 16.3% 0.417 0913 54.4% 0.215 0.820 73.8%

Table 1: JSON results across complexity levels. VP stays high while VPA drops with depth (S—L), demonstrating
the scissors pattern. "Uses reasoning mode. Full metrics in Appendix D.

application forms, tax records, and personal infor-
mation sheets. Through programmatic synthesis
with 144 unique field labels, 8 repeated-block types,
12 section configurations, and seed-driven pertur-
bation (shuffling, trimming, colspan variation), we
generate 4,490 unique table instances across 1,030
distinct layout structures, while target value modifi-
cations are programmatically generated to maintain
deterministic ground truth.

The task is to locate a specified row and output
it with designated cell modifications (replacement
values are NATO words). Structural complexity in-
creases with table size (more competing positions),
structural repetition (more ambiguous addresses),
and target cell distance from the table origin. This
domain uses a different cognitive demand, modify-
ing within existing structure rather than generating
from scratch, while exercising the same underlying
addressing ability. The core experiment comprises
600 tasks per model (200 per level); additional
ablations isolate row distance and target count.

Models. We evaluate six models spanning open-
weight and closed-source systems: GPT-40 (Ope-
nAl, 2024) (frontier closed-source), DeepSeek-V3-
0324 (DeepSeek-Al, 2024) (671B MoE, 37B ac-
tive), DeepSeek-V4-Flash (284B MoE, 13B active;
reasoning mode), Qwen3-8B with explicit thinking
mode, Qwen2.5-14B, and Qwen2.5-7B (Yang et al.,
2024). This range covers frontier to 7B scale and
includes two explicit-reasoning models, enabling
analysis of whether scale or reasoning capability
alleviates the structural bottleneck. All models use
temperature 0.1 with standard prompting. Addi-
tional models are reported in Appendix D.

(a) DeepSeek-V4-Flash
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Figure 3: Scissors pattern in JSON: VP stays high
while VPA drops. (a) DeepSeek-V4-Flash, DR=35%.
(b) Qwen2.5-7B, DR=74%.

5 Results: Structure Degrades First

5.1 JSON Domain: The Scissors Pattern

Core Experiment: Complexity Gradient. Table 1
and Figure 3 present the scissors pattern clearly.
As schema complexity increases from S (depth=2)
through M (depth=3) to L (depth=4), the two met-
rics exhibit sharply divergent trends: VP remains
high while VPA drops sharply, meaning mod-
els still recall the correct values but place them at
wrong structural positions. At L-level complex-
ity, even DeepSeek-V4-Flash (with reasoning) mis-
places 35% of recalled values, and the gap widens
to 74% for Qwen2.5-7B.

Model Capability Tiers. DR stratifies by capabil-
ity: roughly 24-35% for strong frontier-scale mod-
els and 74% for Qwen2.5-7B. Reasoning helps—
Qwen3-8B reduces DR to 47%—but the scissors
pattern persists across scales.

Ablations: What Drives the Scissors? Two ab-
lations isolate likely contributors. Recursive depth:
holding topology constant while varying only tree
depth from 1 to 3, DR rises from near-zero to 28.5%
(Qwen2.5-7B), indicating that recursive nesting is

0-62 4%



a major driver. Planted count: varying the num-
ber of planted values (5-20) at fixed complexity
yields no monotonic trend in DR (£5pp fluctuation
around 56%), suggesting that topology, more than
payload size, determines when structure collapses.

5.2 Table Domain: From Trees to Grids

If the scissors pattern were specific to tree-
structured JSON, it would be a curiosity rather
than a general property. The table domain tests
whether the same asymmetric degradation arises in
a fundamentally different setting: two-dimensional
grid addressing, where the task requires locating
and extracting target cells rather than generating
structure from scratch.

Core Results. The scissors pattern also appears
on grid topology (full results in Appendix Table 8).
As table complexity increases from S to L, strong
models show the same “right value, wrong co-
ordinate” failure: VPA drops while VP remains
higher. For weaker models, table tasks exhibit
a compounded failure: value preservation also
collapses, but VPA remains far below VP. At L-
level, DR ranges from 17-28% for strong models
(DeepSeek-V4-Flash, GPT-40, DeepSeek-V3) to
98% for Qwen2.5-7B, where even the few recalled
values (VP = 0.085) are almost never correctly
placed. Reasoning again helps without resolving
the bottleneck: Qwen3-8B achieves DR = 22%
at L, comparable to strong models and far below
Qwen2.5-7B’s 98%.

Ablations. Two ablations support a similar pat-
tern in tables. Row distance parallels tree depth:
holding table complexity at L. and varying target
position (DeepSeek-V3), DR rises from 35.8%
(near rows) to 44.6% (far rows) while VP remains
above 0.80, suggesting that positional distance in
grid coordinates contributes to failure just as re-
cursive depth does in trees. Target count in the
table domain does increase DR (from 14.7% at
n=5 to 23.6% at n=15), unlike the flat pattern in
JSON; one likely explanation is inter-target interfer-
ence: multiple targets in the same table compete for
the model’s attention, a confound absent in JSON
where paths are generated independently.

5.3 Cross-Domain Consistency

Both domains exhibit a consistent VP—VPA gap as
complexity increases. The gap is clearest in JSON
and in strong table models; weaker table models

JSON (L) Table (L)
Model VPA VP DR VPA VP DR
GPT-40 0.690 0.910 24.2% 0.635 0.880 27.9%

DeepSeek-V3 0.700 0.948 26.2% 0.529 0.712 25.7%
DeepSeek-V4-Flash” 0.618 0.956 35.4% 0.826 0.999 17.3%

Qwen3-8B’ 0.325 0.610 46.7% 0.185 0.237 21.9%
Qwen2.5-14B 0.297 0.585 49.2% 0.186 0.347 36.5%
Qwen2.5-7B 0.215 0.820 73.8% 0.002 0.085 98.0%

Table 2: Cross-domain L-level results. In both domains,
VPA remains below VP; strong table models preserve
the JSON-like gap, while weaker table models addition-
ally lose content accuracy.

Ablation Condition VPA VP

Opaque (left/right) 0.433 0.860 49.6% -
Descriptive names  0.490 0.847 42.1% —7.5

0.415 0.878 52.8%
0.493 0.890 44.6%

DR ADR

Semantic cues

Repeated names

Path ambiguity Unique names

—8.2

Table 3: Mechanistic ablations on M-level JSON with
Qwen2.5-7B. Both weaker semantic cues and repeated
field names increase displacement while leaving VP
stable.

additionally show value-preservation collapse, sug-
gesting that grid addressing can compound struc-
tural and value-level failures.

5.4 Why Does Structure Degrade First?

The ablations in §5.1-5.2 indicate that structural
topology (recursive depth in JSON, positional dis-
tance in tables) is a major contributor to structural
failure. But what addressing cues do models ap-
pear to use, and why might they break? Two con-
trolled ablations on M-level JSON schemas probe
this mechanism (Table 3).

Semantic Shortcuts. (1) Semantic cue depen-
dence: replacing descriptive field names with
opaque left/right navigation increases DR by 7.5
percentage points (42.1%—49.6%) while VP re-
mains unchanged (—1.3%), suggesting that mod-
els use name semantics as an implicit address-
ing signal. (2) Path ambiguity: schemas with re-
peated field names across nodes increase DR by 8.2
percentage points (44.6%—52.8%) versus unique
names, consistent with name disambiguation being
an important addressing cue.

Synthesis. A plausible interpretation is that
LLMs approximate structural addressing through
a composite heuristic: semantic cue matching, po-
sitional approximation, and name disambiguation.
This works on shallow, semantically transparent



structures. But recursive depth multiplies struc-
turally distinct positions sharing similar contexts,
weakening all three cues simultaneously. When
these cues fail, addressing degrades while the
model may still preserve the required values. This
explains why VP can stay high as VPA drops: the
model often preserves what values are required,
but fails to bind them to the correct structural ad-
dresses.

6 SA-RLVR: Structure-Aware RL

The diagnostic findings above indicate that struc-
tural addressing is an independent bottleneck. If
base models rely heavily on the semantic and po-
sitional shortcuts identified in §5.4, supervised im-
itation on the model’s own high-scoring outputs
may remain close to this distribution and reinforce
existing heuristics. This motivates using online
reward-guided exploration to search beyond the
base model’s typical placement behavior.

The SCD metrics that quantify structural address-
ing are fully programmatic, deterministic, and re-
quire no human judgment or reward model, making
them directly usable as verifiable rewards for rein-
forcement learning.

Unlike existing RLVR applications where the
verifiable signal is holistic (e.g., answer correctness
in math, test passing in code), SCD provides decom-
posed signals that distinguish structural from value-
level failures. This decomposition offers two ad-
vantages as a reward: (1) continuous partial credit
(a model that places 12 of 15 values correctly re-
ceives proportional reward rather than zero), and
(2) targeted gradient pressure specifically on struc-
tural addressing rather than on content accuracy
alone.

We apply GRPO (DeepSeek-Al et al., 2025) with
SCD-derived rewards, an approach we call SA-
RLVR (Structure-Aware Reinforcement Learning
with Verifiable Rewards), to test whether online
RL exploration can improve structural placement
beyond a matched imitation baseline.

6.1 Method

Reward Design. For each generated output y, we
compute a reward from the SCD metrics:

r(y) =1.0- VPA(y) + 0.3-SCR(y) (4)

VPA receives the highest weight as the core struc-
tural addressing signal; SCR provides schema-level

structural feedback. We exclude VP from the re-
ward because VP measures whether values appear
anywhere in the output regardless of position; in-
cluding it would reward models for producing cor-
rect values without placing them at the correct struc-
tural locations.

Training. We use GRPO (DeepSeek-Al et al.,
2025): for each prompt, sample K=10 comple-
tions, score with r(y), and update via clipped pol-
icy gradient with group-normalized advantages
and a KL penalty against the initial policy. We
train Qwen2.5-7B-Instruct with LoRA (Hu et al.,
2022) (~40M parameters) for 500 steps on ~3,400
mixed-domain prompts using 4 x A6000 GPUs (de-
tails in Appendix F).

Baselines. (1) Base: Qwen2.5-7B-Instruct with-
out fine-tuning; (2) SFT: Best-of-10 supervised
fine-tuning on the highest SCD-reward completion
per prompt (2,907 pairs, identical LoRA configura-
tion). The SFT baseline uses the same evaluation
metrics for data selection, isolating the training
paradigm (imitation vs. exploration) as the sole
variable.

Evaluation Splits. We evaluate on five splits
spanning two domains and three generalization
conditions: (1) JSON-ID (N=1,500): generated
by the same schema procedure as training (depth
3-5, harder than the diagnostic S/M/L levels) with
non-overlapping instances; (2) OOD-Eco (N=300):
an ecological validation split built from real-world
JSONSchemaBench schemas, used only for eval-
uation; (3) OOD-JSB (N=300): a disjoint held-
out JSONSchemaBench split not seen during train-
ing; (4) Table-ID (N=200): generated by the same
table procedure with non-overlapping instances;
(5) Table-OOD (N=200): table tasks from unseen
experiment types. This design tests in-domain opti-
mization, cross-schema JSON generalization, and
transfer behavior on table tasks.

6.2 Results

Table 4 reports results across five evaluation splits
spanning two domains under in-distribution and
out-of-distribution conditions.

SA-RLVR improves structural addressing. On
JSON-ID (N=1,500), VPA improves from 0.264
(Base) to 0.629 (+138%), and VP rises from 0.310
to 0.869. Gains on JSON OOQOD splits are even
larger (OOD-Eco: +247%), suggesting that the
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Figure 4: SA-RLVR training dynamics and JSON generalization. (a) VPA rises beyond the SFT ceiling over 500
steps. (b) SA-RLVR outperforms Base and SFT on JSON-ID and two OOD JSON splits.

Split Metric Base SFT SA-RLVR
JSON Domain

VPA 0264 0281  0.629
JSON-ID - yp 0310 0319  0.869

VPA 0247 0252  0.858
OOD-Eco  yp 0261 0264  0.886

VPA 0795 0826  0.968
OOD-ISB - yp 0817 0832 0971
Table Domain

VPA 0027 0032  0.065
Table-ID b OK 0265 0270 0.855

VPA 0094 008  0.085
Table-OOD g 0K 0535 0540  0.940
Reward Ablation (JSON-ID)

EM (binary) VPA-only = Composite

VPA 0579 0621  0.629

VP 0831 069  0.869

SCR 0789 0625  0.832

Table 4: SA-RLVR results and reward ablation. SA-
RLVR improves JSON VPA from 0.26 to 0.63 and Table
FmtOK from 26.5% to 85.5%; the composite reward
gives the best overall balance.

learned behavior is not limited to the training
schemas.

SFT remains close to the base model in this set-
ting. Inour setting, SFT achieves only 0.281 VPA
(+6.4%) despite normal loss convergence, consis-
tent with Best-of-K imitation being constrained by
the base model’s sampled distribution. SA-RLVR
substantially exceeds this baseline through online
reward-guided exploration.

Generalization and transfer. SA-RLVR gener-
alizes strongly across JSON schemas (OOD-Eco
and OOD-JSB). On table tasks, it substantially
improves format validity, with Table FmtOK ris-

ing from 26.5% to 85.5%, but coordinate-level
VPA remains marginal (~0.06-0.09). Thus, mixed-
domain training improves table formatting, but
does not substantially solve grid-coordinate place-
ment at the 7B scale.

6.3 Reward Ablation

To isolate the contribution of each reward compo-
nent, we train two ablated variants with identical
configuration. Exact match (EM) uses a binary
signal: reward is 1 only when both VPA and SCR
equal 1.0, and O otherwise. VPA only removes
SCR, using r(y) = VPA(y) alone. The bottom
panel of Table 4 reports results on JSON-ID.

All RL variants outperform SFT (VPA 0.58-0.63
vs. 0.28). The composite reward best balances
placement and schema compliance: it preserves
VPA while improving SCR over VPA-only.

7 Conclusion

We introduced Structure-Content Decomposition
(SCD), a framework that separates content accu-
racy from structural fidelity in LLM-generated
structured outputs. Across nested JSON and table
tasks, SCD reveals a consistent “structure degrades
first” pattern: as complexity grows, models often
preserve correct values but misplace them, with
displacement rates above 24% for frontier mod-
els and exceeding 70% for smaller ones; ablations
suggest reliance on semantic shortcuts rather than
topological addressing. Using SCD metrics as ver-
ifiable rewards, SA-RLVR lifts Value Placement
Accuracy from 0.26 to 0.63, while a matched SFT
baseline reaches only 0.28, indicating that struc-
tural addressing is an independent capability that
should be evaluated and optimized directly.



Limitations

Our experiments are based on controlled synthetic
tasks with deterministic ground truth. This design
is necessary for isolating structural addressing from
content generation, but it also limits ecological cov-
erage: real-world structured-output tasks may in-
volve noisier instructions, underspecified schemas,
semantically equivalent outputs, or downstream
execution criteria that are not fully captured by
exact path—value matching. Although our JSON
experiments include OOD schemas from JSON-
SchemaBench, the table domain is still synthesized
from a limited set of real-world templates, so con-
clusions about grid-structured outputs should be
interpreted with more caution.

SCD also assumes that target values and their
intended structural positions are known, making it
most suitable for settings where correctness can be
programmatically verified. It may be less directly
applicable to open-ended generation tasks where
multiple structures are acceptable or where value
equivalence requires semantic judgment. Similarly,
SA-RLVR optimizes rewards derived from SCD
metrics; while this provides targeted feedback, it
may encourage metric-specific behavior rather than
fully general structural understanding.

Our training study is limited in scale. We evalu-
ate SA-RLVR on Qwen2.5-7B-Instruct with LoRA,
and behavior at larger model scales is inferred from
diagnostic trends rather than directly trained. The
training data is JSON-dominated, and the table
results show limited cross-topology transfer: for-
mat validity improves substantially, but Table-OOD
VPA remains near baseline. Training is capped at
500 steps (2.9 epochs) due to compute constraints,
and the learning curve has not plateaued. Finally,
API cost constraints restrict closed-source mod-
els to diagnostic evaluation only. Thus, we leave
larger-scale, multi-seed RLVR training and broader
real-world deployments to future work.
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A Task Construction Details

All diagnostic instances are generated algorithmi-
cally without using an LLM, so each task has deter-
ministic ground truth in the form of target structural
positions and planted values.

A.1 JSON Schema-Guided Generation

Each JSON instance consists of an input schema
and planted path—value pairs. The model must gen-
erate a complete JSON object conforming to the
schema and place each planted value at its speci-
fied path. We use a recursive TreeNode template at
three complexity levels: S (depth 2, 12 planted val-
ues), M (depth 3, 15 planted values), and L (depth
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Domain Level Structure Core tasks/model
JSON S depth 2, 12 values 500
JSON M depth 3, 15 values 500
JSON L depth 4, 20 values 500
Table S 5 targets 200
Table M 10 targets 200
Table L 15 targets 200

Table 5: Core diagnostic task sizes and complexity set-
tings.

4, 20 planted values). For M and L, 70% of planted
values target deep paths. Field names are sam-
pled from 10 domain word banks, and planted val-
ues come from uniquely identifiable NATO words,
fixed integers, and fixed floats.

The core JSON diagnostic experiment contains
1,500 instances per model, with 500 instances per
complexity level. Additional JSON ablations vary
recursive depth and planted-value count while hold-
ing other generation settings fixed.

A.2 Table Row Modification

The table domain tests the same addressing prob-
lem under grid topology. Each instance provides
an HTML table, target fields, and designated re-
placement values. The model must locate the target
row and output the complete modified row. The
generator starts from 53 real-world templates and
synthesizes layouts with varying row counts, sec-
tion boundaries, repeated labels, repeated blocks,
and target-cell positions. S/M/L correspond to in-
creasing table size, ambiguity, and target count: S
uses 5 target modifications, M uses 10, and L uses
15.

The core table diagnostic experiment contains
600 instances per model, with 200 instances per
complexity level. Additional table ablations vary
target-row distance and target count.

B Evaluation Metrics and Parsers

SCD evaluates generated structured outputs with a
hierarchy of checks. Format validity is evaluated
first; compliance and value-placement metrics are
computed only for parseable outputs.

Format validity. For JSON, FmtOK is 1 if the
output can be parsed into a JSON object after the
recovery procedure below. For tables, FmtOK is 1
if the output can be parsed into the expected target-
ID-to-row mapping and each row can be parsed
into an ordered cell sequence. If FmtOK is 0, SCR,
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VPA, and VP are scored as O for aggregate report-
ing.

SCR. For JSON, let R be the required leaf paths
induced by the schema and A be actual leaf paths
in the parsed output. We compute SCR = |R N
Al/|R|. For tables, SCR measures whether the
produced row has the expected cell/tag sequence,
separating row-shape errors from value-placement
erTors.

VPA and VP. For each planted pair (p;, v;), VPA
checks whether the parsed output contains exactly
v; at target position p;. In JSON, p; is a leaf path;
in tables, it is the target row-column coordinate
within the output row. VP ignores position and
checks whether each planted value appears any-
where among parsed leaves or cells, using strict
single-match accounting so each generated leaf/-
cell can match at most one planted value.

SCG and DR.  We compute SCG = VP — VPA
and DR = 1 — VPA/VP when VP is nonzero;
otherwise DR is undefined and excluded from DR-
specific averaging.

JSON outputs are recovered with a three-level
parser: strict JSON parsing, conservative repairs
such as removing trailing commas and closing
brackets, and extraction of the first balanced {. ..}
block followed by the same repairs. Table outputs
are parsed first as target-ID-to-row mappings and
then as HTML row fragments; we extract each
produced row and its ordered cells, preserving the
sequence used for coordinate evaluation. No syn-
onym matching or semantic equivalence judgment
is used.

Listing 1: Evaluator sketch for SCD metrics.

parse output y
if parse fails:

return FmtOK=0, SCR=0, VPA=0, VP=0

R = required_positions(
schema_or_target_row)

A = actual_positions(parsed_y)

SCR = |R intersect A| / |R]

VPA = mean(parsed_y[p] == v for (p, V)

in planted_pairs)
VP = strict_single_match(values(

parsed_y),
SCG = VP - VPA
DR undefined if VP
VPA / VP

planted_values)

0 else 1 -

C Prompt Templates and Examples

Listing 2: JSON schema-guided generation prompt tem-
plate.



Generate a valid JSON object that
strictly conforms to the following
JSON Schema.

## JSON Schema
T json
{schema_json}

## Requirements

1. The output MUST be a valid JSON
object conforming to the schema
above.

2. All required fields MUST be present
at their correct structural
positions.

3. Field types MUST match the schema (
string, integer, number, boolean).

4. For the following fields, you MUST

use the EXACT values specified:
{planted_instructions}

5. For all other fields, generate
realistic values that match the
field name and type.

6. Output ONLY the JSON object, no

explanation or markdown fences.

Listing 3: Minimal JSON diagnostic example.

Schema paths:

$.root.left.value: string
$.root.right.value: string
Planted values:
$.root.left.value = "ALPHA"
$.root.right.value = "BRAVO"
Displaced output:
{"root": {"left”: {"value”: "BRAVO
"3},
"right”: {"value”: "ALPHA
"33}
Diagnosis: VP = 2/2, VPA = @/2, DR =

100%

Listing 4: Table row-modification prompt template.

Below is an HTML table.
{table_html}

Modify the following fields in the
table to the specified new values.
each target, output the COMPLETE
HTML <tr>...</tr> row that contains
the target cell, with the
modification applied.

row must include ALL cells (both <
th> and <td>) exactly as they
appear in the original table,
except for the modified cell.

For

The

{targets_list}

Output ONLY a JSON object mapping each
target ID to the modified row HTML

{"T1": "<tr>...</tr>", "T2": "<tr
>...</tr>", )

Do NOT output anything else -- no
explanation, no markdown fences.
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D Detailed Experimental Results

This section reports the full diagnostic metrics that
complement the aggregate results in the main text,
including L-level JSON metrics, additional JSON
pilot runs, and complete table-domain results.

Model FmtOK SCR VPA VP SCG DR
GPT-40 1.000  0.969 0.690 0.910 0.220 24.2%
DeepSeek-V3 1.000 0.975 0.700 0.948 0.247 26.2%
DeepSeek-V4-Flash’  1.000  0.972 0.618 0.956 0.338 35.4%
Qwen3-8B* 0.900 0.746 0.325 0.610 0.285 46.7%
Qwen2.5-14B 0.900 0.881 0.297 0.585 0.287 49.2%
Qwen2.5-7B 1.000 0.384 0.215 0.820 0.605 73.8%

Table 6: L-level JSON results with full SCD metrics.
TUses explicit thinking/reasoning mode.

Model

Level N FmtOK SCR

VPA

VP

DR

S
Kimi-K2

1.000
1.000
0.950

1.000

0.983
0.837
0.328

0.988 0.4%
0.947 11.6%
0.855 61.7%

Gemini-2.0-Flash-Lite

0.925
0.703
0.383

0.929 0.4%
0.820 14.2%
0.795 51.9%

FZu (2w |z

DeepSeek-R17

0.975
0.960
0.413

0.975 0.0%
0.963 0.3%
0.467 11.8%

Table 7: Additional JSON diagnostic models on the
S/M/L complexity gradient. These are smaller pilot
runs and are reported for completeness.

Model Scale

Level

VPA

VP

DR

GPT-40

Frontier

0.933
0.756
0.635

0.995
0.993
0.880

6.2%
23.9%
27.9%

DeepSeek-V3

671B MoE

0.935
0.701
0.529

0.991
0914
0.712

5.7%
23.3%
25.7%

DeepSeek-V4-Flash' 284B MoE

0.941
0.773
0.826

0.998
0.997
0.999

5.7%
22.4%
17.3%

Qwen3-8B' 8B

0.247
0.221
0.185

0.274
0.288
0.237

9.9%
23.3%
21.9%

Qwen2.5-14B 14B

0.373
0.364
0.186

0.609
0.585
0.347

34.7%
35.9%
36.5%

Qwen2.5-7B 7B

rZu|rfu|rfun|rt2ue|(rffwn| 02w

0.063
0.027
0.002

0.414
0.264
0.085

84.8%
89.6%
98.0%

Table 8: Table fill-row results across complexity levels.

E Additional Ablation Results

This section provides the complete ablation results
for the JSON and table settings discussed in Sec-



tion 5.

Ablation Condition  FmtOK SCR VPA VP DR
d=1 1000 1.000 0.988 0.992 0.4%
JSON depth d=2 1000 0.903 0.696 0.892 22.0%
d=3 1000 0.605 0.617 0.863 28.5%
5 1000 0.745 0.380 0.770 50.6%
10 1.000 0.664 0.325 0.800 59.4%
JSON planted count 15 1000 0.655 0.340 0.777 56.2%
20 1000 0.666 0.340 0.855 60.2%
Semanti S Opaque names 1.000 0.681 0.433 0.860 49.6%
emantic cues Descriptive names  1.000 0.829 0.490 0.847 42.1%
Path ambieuit Repeated names  1.000 0.623 0.415 0.878 52.8%
ath ambiguity Unique names ~ 1.000 0.542 0.493 0.890 44.6%

Table 9: JSON ablations on Qwen2.5-7B.

Condition SCR VPA VP DR

Near rows 0.873 0.539 0.866 35.8%
Middle rows 0.872 0.515 0.848 36.5%
Far rows 0.864 0.442 0.810 44.6%
5 targets 0.820 0.665 0.787 14.7%
10 targets 0.783 0.571 0.740 21.7%
15 targets 0.753 0.529 0.712 23.6%

Table 10: Table fill-row ablations with DeepSeek-V3.
Row distance and target count both increase displace-
ment while VP remains substantially higher than VPA
for this strong table model.

F SA-RLVR Training Details

SA-RLVR trains Qwen2.5-7B-Instruct with LoRA
using SCD metrics as online verifiable rewards.
The reward used in the main experiments is

r(y) = VPA(y) + 0.3 SCR(y), ®)

which gives the largest weight to exact value place-
ment while preserving a schema-compliance signal.
VP is excluded from the reward because it can be
optimized by emitting correct values at wrong lo-
cations.
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Hyperparameter Value

Base model Qwen2.5-7B-Instruct
Tuning method LoRA

LoRA rank / alpha 64/128
Trainable parameters approx. 40M
Algorithm GRPO
Generations per prompt 10

Per-device batch size 1

Gradient accumulation 5

Learning rate 1x107°
Warmup steps 50

KL coefficient 0.04

Sampling temperature 0.7

Max steps 500

Effective epochs 2.9

Hardware 4 A6000 GPUs

Table 11: SA-RLVR training configuration.

The training mixture contains approximately
3,400 prompts: 1,500 synthetic JSON prompts,
roughly 1,000 real-schema JSON prompts, and
roughly 900 table prompts. The matched SFT base-
line uses 2,907 best-of-10 examples selected by the
same SCD scoring pipeline and is trained with the
same LoRA configuration.

Reward VPA VP SCR
Exact match 0.579 0.831 0.789
VPA only 0.621 0.696 0.625
Composite  0.629 0.869 0.832

Table 12: Reward ablation on JSON-ID.
G Qualitative Failure Cases

Listing 5: JSON sibling-path displacement.

Target:
$.root.left.metadata.code = "ALPHA"
$.root.right.metadata.code = "BRAVO"
Qutput excerpt:
"left": {"metadata”: {"code": "
BRAVO"}},
"right"”: {"metadata”: {"code": "
ALPHA"}}
Diagnosis:
VP = 2/2, VPA = 0/2, DR = 100%

Listing 6: Table cell displacement within the correct
TOW.

Target row:
<tr><th>Name</th><td>Ada</td><th>
Status</th><td>Pending</td></tr>
Target modification:
Status -> "ALPHA"
OQutput row:
<tr><th>Name</th><td>ALPHA</td><th>
Status</th><td>Pending</td></tr>
Diagnosis:
VP = 1/1,

VPA 0/1, DR 100%
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