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Abstract

Large language models (LLMs) and vision-
language models (VLMs) are increasingly used
as optimization assistants to produce solutions,
generate solver-executable programs, or both.
However, current evaluations are misaligned
with deployment in three ways: they (P1)
fail to represent multimodal problem specifi-
cations, (P2) score outcomes only and cannot
localize where failures occur along the mod-
eling pipeline, and (P3) rarely report infer-
ence cost, obscuring reliability—cost trade-offs.
We introduce Graph Optimization benchmark
(GOBench), an aligned multimodal benchmark
with solver-derived oracles and a four-layer di-
agnostic protocol that evaluates intermediate
artifacts as well as end results, together with
the Visual Inference Penalty (VIP) to mea-
sure multimodal overhead. Across frontier and
open-weight models under paired text-only vs.
T+V settings, we find that vision reliably in-
creases inference cost, while its reliability im-
pact is regime-dependent: frontier models often
benefit from visual grounding, whereas several
mid-tier/open models exhibit a Visual Paradox
where vision reduces downstream executabil-
ity and verification coverage. End-to-end suc-
cess is frequently bottlenecked by intermediate-
stage dropout; supervised fine-tuning on inter-
mediate targets can mitigate this attrition in
open models, enabling a reproducible harness
for diagnosing failure modes and quantifying
reliability—cost trade-offs.

1 Introduction

Motivation. In practice, combinatorial optimiza-
tion problems are often specified in multiple modal-
ities: diagrams convey graph structure, while con-
straints and objectives are described in text (Mirho-
seini et al., 2021; Zhang et al., 2024). This raises a
practical question for optimization assistants: when
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Figure 1: aligned paired views reveal stage-wise mul-
timodal failure. GOBench evaluates the same graph-
optimization instance under aligned TEXT and T+V
views, enabling controlled paired comparison. Rather
than scoring only final outcomes, our protocol localizes
failures across ALIGN, RECON, FORM, and VERIFY,
while also logging inference cost. In some models,
adding vision increases cost yet shifts failure earlier in
the pipeline, illustrating the Visual Paradox.

does adding a diagram help beyond text-only in-
put, and when can it hurt? Answering this requires
evaluation on aligned text—diagram views of the
same instance, with diagnostics that localize fail-
ures along the modeling pipeline and with explicit
reporting of the cost of enabling vision (Fu et al.,
2025; Zeng et al., 2024).

Current benchmarks remain misaligned with de-
ployment in three ways. (P1) Modality realism:
Existing benchmarks such as NL4Opt (Ramamon-
jison et al., 2023) are text-only, making them miss-
ing diagram-grounded specifications. (P2) Process
diagnostics: focus solely on outcome cannot local-
ize failures along the modeling pipeline, which ob-
scures the root causes of errors (Turpin et al., 2023).
(P3) Deployment cost: Inference cost is rarely re-
ported (Liang et al., 2023), making reliability—cost
trade-offs difficult to assess (Chen et al., 2024).

We introduce GOBench, an aligned multi-view
benchmark and evaluation harness for graph opti-
mization. Starting from a structured seed, we deter-

6144

Findings of the Association for Computational Linguistics: ACL 2026, pages 6144-6167
July 2-7, 2026 ©2026 Association for Computational Linguistics



Table 1: Comparison with existing optimization-assistant benchmarks. We highlight whether a benchmark
supports process diagnostic, reports an explicit cost metric, and covers multimodal specifications.

Benchmark | Multi-Modal | Outcome Metric | Process Diagnostic | Cost Metric
NL4Opt (Ramamonjison et al., 2023) X v X X
OptiGuide (Li et al., 2023) X v X X
MAMO (Huang et al., 2025b) v v X X
IndustryOR (Huang et al., 2025a) X v X X
GOBench (Ours) \ v v \ v (4-layer) | 7

ministically generate a textual view and a Graphviz-
rendered diagram of the same instance, together
with solver-derived oracles. Inspired by the mul-
tilevel lens of Teng (1999), we treat modeling as
a staged process and operationalize it with a four-
layer diagnostic protocol: ALIGN, RECON, FORM,
and VERIFY. We additionally log inference cost
and report the VIP to quantify multimodal over-
head.

Across frontier and open-weight models under
paired text-only vs. T+V settings, we observe fre-
quent intermediate-stage dropout that dominates
end-to-end success. We also find a Visual Para-
dox: for several non-frontier models, diagrams
increase cost yet reduce reliability, especially by
destabilizing reconstruction and formulation; in
contrast, frontier models more often benefit from
visual grounding.

Our contributions are summarized as follows:

* GOBench: an aligned multi-view benchmark
with solver oracles. We introduce GOBench, a
multimodal graph-optimization benchmark that
provides paired TEXT and T+V views of the
same instance under strict information alignment,
together with solver-derived oracle solutions for
ground-truth verification.

* A four-layer diagnostic protocol with clean
failure attribution. We propose a staged eval-
uation protocol—ALIGN, RECON, FORM, and
VERIFY—implemented by deterministic valida-
tors and solver execution, enabling stage-wise
reliability analysis and earliest-failure attribution
of pipeline dropouts.

* Cost-aware multimodal evaluation via VIP
and paired analysis. We log tokens and latency
for every instance and define the VIP to quan-
tify multimodal overhead, enabling controlled
paired comparisons that reveal reliability—cost
trade-offs and the Visual Paradox regime where
vision increases cost yet degrades executability.

2 Related Work

Benchmarking Optimization Assistants. Prior
work evaluates LLMs for optimization mainly
via text-to-optimization translation (Ramamonji-
son et al., 2023; Huang et al., 2025a) and solver-
in-the-loop pipelines (Peng et al., 2018), typically
emphasizing final outcomes. NL4Opt (Ramamon-
jison et al., 2023) pioneered evaluation on linear
programming word problems, but it is text-only
and does not reflect diagram-grounded specifica-
tions that appear in technical documents (Mathew
et al., 2021). More recent benchmarks such as
MAMO (Huang et al., 2025b) and IndustryOR
(Huang et al., 2025a) introduce richer constraints,
yet they still primarily report final correctness or
executability, leaving intermediate failures unob-
served (Yang et al., 2023).

Process-Grounded Evaluation and Intermediate
Supervision. Outcome-only metrics can obscure
where errors arise and encourage unfaithful inter-
mediate reasoning (Dziri et al., 2023; Turpin et al.,
2023). Related lines of work study interpretability
or tool-assisted optimization, but they often assume
a correct mathematical model is already available
rather than requiring end-to-end modeling from
raw inputs (Creswell and Shanahan, 2022).

Multimodal Extraction from Diagrams. Re-
cent work on extracting structured data from vi-
sual artifacts shows that visual grounding can be
a bottleneck for downstream reasoning (Liu et al.,
2023), and document understanding benchmarks
highlight the difficulty of mapping text to complex
layouts (Mathew et al., 2021).

Positioning of GOBench. Table 1 summa-
rizes how GOBench differs from representative
optimization-assistant benchmarks. Our novelty is
not a new optimization model or solver architec-
ture, but an evaluation design that combines three
elements that are usually studied separately: paired-
view control, solver-grounded stage diagnostics,
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and cost-aware deployability. Concretely, GOB-
ench evaluates the same instance under aligned
TEXT and T+V views, localizes failures across a
four-layer protocol, and reports multimodal over-
head through VIP. This design makes it possible to
distinguish whether multimodal gains or failures
arise from visual grounding, symbolic projection,
or final solution quality, while also exposing cases
where enabling vision increases cost without im-
proving end-to-end verification.

3 GOBench: Dataset and Protocol
3.1 Aligned Multi-View Synthesis

GOBench is built from a controlled synthesis
pipeline that enforces strict information alignment
across three views: a structured seed s, a textual
view t, and a diagram view v (Figure 2). We gener-
ate diverse graphs using NetworkX (Hagberg et al.,
2007), varying scale |V| € [5,20] and density
p € [0.1,0.5], while ensuring feasibility for each
task instance. Given s, we render t via surface re-
alization and v via Graphviz (Gansner and North,
2000). We additionally compile s into a canonical
solver format and compute solver-derived oracles,
which provide a ground-truth objective value and
reference assignments used by the VERIFY layer.
This aligned generation makes paired evaluation
fair: any difference between text-only and T+V
runs cannot be attributed to missing or extra in-
formation, only to the model’s ability to use the
diagram.

3.2 Task Families

GOBench is task-agnostic at the level of data syn-
thesis and diagnostics: the same pipeline generates
aligned views and the same four-layer protocol
evaluates intermediate artifacts, while the oracle,
formulation, and verification logic are task-specific.

Maximum Flow. We instantiate GOBench on a
directed capacitated max-flow family. The struc-
tured seed specifies (V, F, c) and a source—sink
query. The oracle is obtained by solving the cor-
responding flow program, and verification checks
feasibility and objective quality against the oracle.

Shortest Path. We additionally instantiate the
same framework on shortest path. The structured
seed and aligned text/diagram views follow the
same generation pipeline, but the oracle and verifi-
cation are replaced with shortest-path solvers and
validators, and the executable formulation encodes

a shortest-path objective. This extension demon-
strates that the benchmark design and diagnostics
are not tied to a single problem type.

3.3 Four-Layer Diagnostic Protocol

We evaluate optimization assistants as verifiable
pipelines rather than black-box predictors. Inspired
by the multilevel lens of Teng (1999), we decom-
pose modeling into four layers that emit structured
artifacts under a strict output contract. The key
idea is a coarse-to-fine prerequisite decomposition:
ALIGN establishes the canonical entity binding,
RECON recovers the normalized instance under that
binding, FORM projects the reconstructed instance
into a solver-executable program, and VERIFY eval-
uates solution quality only once the upstream ar-
tifacts are valid. Figure 3 provides an end-to-end
overview.

Layer 1 (ALIGN): anchored entity binding.
The model must map entities in the input to a
canonical contiguous index set. We anchor this
mapping to control for permutation invariance, en-
abling a clean paired causal comparison and pre-
venting harmless renaming errors from confound-
ing diagnosis of RECON/FORM/VERIFY. Failures
indicate missing/confused entities or violation of
the binding contract, often triggered by visual clut-
ter or inconsistent mentions.

Layer 2 (RECON): instance reconstruction.
The model must recover the full problem instance
under the anchored mapping. Failures indicate
topology hallucinations or extraction errors, sepa-
rated from downstream coding mistakes.

Layer 3 (FORM): executable formulation. The
model must generate a solver-executable program
consistent with its reconstructed instance. Failures
indicate syntax errors or symbolic inconsistencies
that prevent compilation or correct execution.

Layer 4 (VERIFY): solver-grounded verification.
We run an external solver to check feasibility and
measure objective quality against the oracle. This
layer isolates optimization/solution quality from
earlier pipeline failures.

3.4 Cost Logging and VIP

To quantify deployment overhead, we log token
usage, end-to-end latency, and solver time for every
instance. We define the VIP for model m as the
multiplicative cost ratio between text-only and T+V,
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Figure 2: Aligned multi-view synthesis in GOBench. Starting from a structured seed graph s, we deterministically
generate two isomorphic views: a textual description ¢ and a Graphviz-rendered diagram v. The same seed is also
compiled to a solver instance to obtain an oracle solution. Because ¢ and v encode the same underlying instance
0, paired text-only vs. T+V evaluation isolates the causal effect of the visual modality. City names are randomly

sampled by LLM.

to summarize the overhead introduced by enabling
vision:

C(m,T+V)
C(m, TEXT-ONLY)’

VIP,, = (1

where C can be instantiated as tokens or latency.
Reporting VIP alongside stage-wise reliability en-
ables cost-aware comparisons and reveals when
visual inputs increase cost without improving end-
to-end verification.

4 Experimental Setup

We evaluate GOBench with a paired-modality pro-
tocol. For each model m, we run the same test
instances under TEXT and T+V, keeping prompts
and decoding fixed and varying only whether the
aligned diagram is provided. Models without vi-
sion support are reported in TEXT only (no VIP).

4.1 Tasks, Data Generation, and Splits

All instances are procedurally synthesized from
structured seeds using the aligned multi-view
pipeline in Section 3. Unless otherwise noted,
main-text results focus on Maximum Flow; Short-
est Path follows the same contract and harness
with task-specific oracle and verification. Graphs
are generated with |[V| € [5,20] and density
p € [0.1,0.5]. We use an 800/100/100 split for

Train/Dev/Test and report all aggregate numbers
on the held-out test set.

4.2 Evaluated Models and Capability Tiers

We evaluate proprietary frontier systems, strong
API baselines, and open-weight models to study
capability-dependent modality effects. Tier 1
includes state-of-the-art proprietary models and
serves as an empirical upper bound. Tier 2 in-
cludes widely used high-performing API models
with favorable deployment profiles. Tier 3 includes
efficient API models and open-weight checkpoints
that can be locally served and fine-tuned. For open-
weight experiments, we keep the serving stack con-
sistent and report the same token/latency fields (Ap-
pendix A).

4.3 Prompt, Output Contract, and Evaluation
Harness

All models use a unified instruction template (Ap-
pendix F) that enforces a strict structured output
contract. We adopt a machine-parseable (NDJ-
SON) contract to match realistic deployment set-
tings where model outputs must be directly con-
sumed by downstream tooling rather than read by
humans. In such pipelines, free-form explanations
are not reliably executable and can break automated
parsing, so enforcing a minimal structured interface
is a practical requirement—not an artificial handi-
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Figure 3: Overview of the GOBench evaluation pipeline. From aligned inputs, models must produce four artifacts,
which are checked by deterministic validators and solver execution; the harness also logs token/latency to compute

VIP.

cap.

For each instance, the pipeline should emit four
machine-parseable artifacts: an entity mapping,
a reconstructed graph, a solver formulation, and
a direct solution proposal. The harness parses
each artifact, applies schema checks, runs deter-
ministic validators, and executes solver-grounded
checks when applicable. Failures are treated as
attrition along the pipeline: if a layer is missing or
invalid, downstream layers are not credited. We
also log and report parse_violations as first-
class hard errors for deployable executability, since
any non-conforming output would fail in a solver-
executable pipeline (Appendix E). For completed
requests, we operationalize truncation at the har-
ness level: when generation reaches the configured
max_output_tokens cap, the model typically re-
turns an incomplete NDJSON fragment, which is
captured as stage-wise parse_violations under
our strict output contract.

4.4 Metrics Reported in Table 2

Let D = {1,...,N} denote the test set. For a
model m under mode p, the harness outputs bi-
nary validity indicators per instance ¢ € D: a;,
ri, fi, and v;. Stage-wise reliability is reported as

percentages:

SALIGN m M Za“ (2)

zED
SRECON m M Zrla 3)

zED
SFORM m M Zf“ 4)

zED
SVERIFY m N sz 5

ZED

Here a; = 1 iff the mapping artifact is schema-
valid; r; = 1 iff the reconstructed graph is schema-
valid and consistent under the mapping; f; = 1 iff
the solver formulation is executable; and v; = 1
iff the predicted solution is feasible under the task
constraints.

Objective gap. Let 2 be the oracle objective

and z; be the objective implied by the model pre-

diction (computed by the harness). We define the

per-instance normalized absolute objective gap:
|2 — 27|

. R 6
97 tnax(10°9, |27]) ©

In Table 2, we report the mean gap on the verified
subset:

1
Gap(m, p1) = TZWQZV )

. Vi
i€D ieD

Because the objective gap is only defined for solver-
verified instances, Gap should be interpreted as
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conditional quality and must be read together with
VERIFY coverage in Table 2. A small Gap is not
meaningful if ), v; is small.

Cost metrics. For each instance ¢, let T; denote
backend-reported total tokens and let L; denote
end-to-end wall-clock latency. We report their
means:

Tok(m, 1)

ZT“ Lat(m, pu) = NZL

zED €D

®)

VIP. For models that support both modes, VIP
quantifies the multiplicative overhead of enabling
vision:

_ Tok(m, T+V)
VIPk(m) = Tok(m, TEXT)’ )
L T
VIPyu(m) = at(m, T+V) (10)

Lat(m, TEXT)

We report VIP only when both modalities are avail-
able; values below 1 can occur due to serving-side
variability, so token-based VIP is the more stable
proxy for multimodal overhead.

5 Results and Analysis

We report quantitative results on the held-out test
split using the metrics defined in Section 4.4. Un-
less stated otherwise, main-text results focus on the
Maximum Flow task, where all models are evalu-
ated under TEXT and T+V using aligned instances
(Section 3.1). Models that do not support vision
are reported with TEXT-only rows and have no VIP
entries.

5.1 Overall performance

Table 2 summarizes end-to-end behavior together
with intermediate reliability and deployment cost,
directly addressing the three deployment gaps
raised in Section 1: modality realism (P1), pro-
cess diagnostics (P2), and cost transparency (P3).
Frontier models maintain high survival through the
full pipeline and achieve low objective gaps, while
several mid-tier and open models exhibit sharp at-
trition before verification. This makes clear why
outcome-only reporting is insufficient: many fail-
ures are not “bad optimization” at the final step,
but invalid intermediate artifacts that prevent the
solver-grounded check from being reached.

@ Text-only @© Text+Vision
+0.02
Grok-4 - ©
+0.01
GPT-5 - Grounding (Gain +) o
Distraction (Loss -) 014
straction 0SS -,
Doubao-seed-1.6- oo (e (O J
-0.19
Claude-sonnet-4 - @] {

-0.12
(ORN ]

Gemini-Flash -

1.00 0.75 0.50 0.25 0.00
Objective Gap

Figure 4: Paired modality effect (text-only vs. T+V).
Frontier models show small but consistent gains in ob-
jective gap, while several mid-tier models degrade, de-
spite higher multimodal token cost.

5.2 End-to-end success Bottleneck(P2)

A consistent pattern across model families is that
end-to-end success is governed by whether inter-
mediate artifacts survive, rather than by solver diffi-
culty alone. In Table 2, frontier systems keep high
pass rates from ALIGN through VERIFY, whereas
open models often drop at RECON or FORM. This
stage-wise view localizes the root cause: failures
concentrate on reconstructing the instance or pro-
ducing an executable formulation, not on the final
verification procedure. As a result, the mean gap is
meaningful only together with verification cover-
age, since it is computed on the verified subset, see
Eq. 7.

5.3 Modality effects reverse under vision(P1)

We isolate the causal effect of adding the aligned
diagram view by comparing TEXT and T+V for
models that support both modes. Figure 4 shows
a regime split: frontier models often benefit from
visual grounding, while several mid-tier/open mod-
els exhibit a Visual Paradox in which diagrams
increase cost yet degrade downstream executabil-
ity and verification coverage. Table 2 clarifies
where this reversal happens: for some open models,
ALIGN remains high under T+V but RECON and
FORM collapse, implying that visual inputs desta-
bilize topology recovery and symbolic projection
rather than entity binding alone.

5.4 Trade-offs and VIP(P3)

Figure 5 summarizes joint VERIFY coverage, ver-
ified quality, and deployment cost. Because wall-
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Table 2: Main results on GOBench (test, » = 100). Stage-wise reliability reports the fraction of instances
producing valid artifacts: ALIGN, RECON, FORM, VERIFY. Tok denotes mean total tokens. VIP reports the
multiplicative cost of enabling vision, measured both in tokens and latency; values < 1 can occur due to backend
variability. Gap is computed only on solver-verified instances (Eq. 7) and should be interpreted jointly with VERIFY
coverage. Uncertainty estimates for conditional metrics are reported in Appendix E (Table 7).

Model | Mode | ALIGN RECON FORM VERIFY | Gap) | Tok Lat(s) | VIPyx VIPjy
Tier 1: Frontier Models

Grok-4 Text 64 64 64 64 0.10 | 12366 254.1 - -
Grok-4 T+V 100 100 100 100 0.08 | 15681 226.0 | 1.27x 0.89x
GPT-5 Text 80 80 80 80 0.10 | 11184 187.6 — -
GPT-5 T+V 98 97 96 96 0.09 | 12355 284.2 | 1.10x 1.51x
Tier 2: Prior Strong Baselines

Claude-Sonnet-4 Text 100 100 100 100 0.58 | 3747 314 - -
Claude-Sonnet-4 T+V 100 100 100 100 0.77 | 5299 294 | 141x 0.94x
Doubao-Seed Text 97 97 97 96 0.25 8412 121.0 - -
Doubao-Seed T+V 98 97 97 98 0.39 | 8694 1049 | 1.03x 0.87x
Tier 3: Efficient/Open Models

Gemini-2.5-Flash Text 90 90 90 89 0.77 | 4369 14.6 - -
Gemini-2.5-Flash T+V 89 88 90 89 0.89 | 7420 126 | 1.70x 0.86x
DeepSeek-V3 Text 96 96 95 96 1.07 | 3721 66.2 — -
Kimi-K2 Text 100 100 100 100 1.31 | 3433 519 - -
Qwen3-VL-4B Text 12 8 6 4 0.79 | 4917 943 - -
Qwen3-VL-4B T+V 92 34 23 15 2.81 | 11522 1128 | 2.34x 1.20x
Qwen3-VL-4B (FT) | Text 100 81 91 78 1.15 | 4321 76.9 - -
Qwen3-VL-4B (FT) | T+V 100 51 39 35 0.85 | 10981 91.0 | 2.54x 1.18x

clock latency can fluctuate due to provider-side
batching/routing/caching, we treat Tok as the more
stable cost axis, while using latency only as a
deployment-facing signal rather than a strict mono-
tonic comparator. Under this view, trade-offs are
clearly non-monotonic: models with similar VER-
IFY coverage can differ substantially in verified
quality, and models with similar verified quality
can require very different token budgets. For ex-
ample, DeepSeek-V3 and Kimi-K?2 achieve near-
complete pipeline coverage but with larger gaps,
whereas Grok-4 and GPT-5 achieve smaller gaps at
much higher cost (Table 2).

Enabling vision makes this tension sharper.
Within the same model, VIPy is consistently > 1
whenever T+V is available, confirming that dia-
grams reliably increase token usage, while the reli-
ability return is regime-dependent. Frontier models
often convert this extra budget into higher end-to-
end coverage and/or better gaps, whereas several
mid-tier/open models pay a sizable token premium
with little or negative VERIFY gain. This motivates
reporting VIP alongside stage-wise reliability: it
exposes cases where T+V increases cost without
improving end-to-end verification.

5.5 Fine-tuning on Qwen

Comparing the base and fine-tuned Qwen rows in
Table 2, we find that supervised fine-tuning on in-
termediate targets substantially improves pipeline
survival in the TEXT setting, especially by enforc-
ing the structured output contract and improving
downstream executability. Table 3 then focuses
on the fine-tuned Qwen3-VL variants under paired
TEXT and T+V settings.

For the 4B fine-tuned model, ALIGN remains
perfect under both modes, but T+V substantially
reduces RECON, FORM, and VERIFY while more
than doubling token usage. This suggests that, once
entity alignment is controlled, the dominant mul-
timodal bottleneck lies not in binding entities, but
in reconstructing the instance and projecting it into
solver-executable formulations. Because Gap is
computed only on the verified subset, the lower gap
under T+V should be interpreted together with the
drop in VERIFY coverage rather than as an overall
improvement.

This split between conditional quality and cover-
age reinforces why process diagnostics are neces-
sary: improvements at later stages are only useful
if upstream reconstruction remains stable under
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Figure 5: Reliability—cost trade-offs. (a) capability view (success vs. gap), (b) global cost view (success Vvs.
latency), and (c) zoom-in on the efficient cluster. Frontier models deliver the best objective quality but incur high
latency, while efficient models offer strong success rates at low cost.

Table 3: Qwen3-VL fine-tuned variants (test, NV = 100). Results for fine-tuned Qwen3-VL models under paired
TEXT and T+V settings. For the 4B model, vision increases token cost and reduces RECON/FORM/VERIFY, despite
a lower conditional Gap on the verified subset.

Model | Mode | ALIGN RECON FORM VERIFY | Gap/| | Tok (K)
Qwen3-VL-2B-FT | Text 70 27 5 5 0.88 5.5
Qwen3-VL-2B-FT | T+V 46 25 8 6 0.41 11.6
Qwen3-VL-4B-FT | Text 100 81 91 78 1.15 43
Qwen3-VL-4B-FT | T+V 100 51 39 35 0.85 11.0

vision.

5.6 Task-agnostic replication

Setting  Non-cap-hit rate

RECON FORM VERIFY

TEXT
T+V

86%
44%

86.0% 86.0% 80.2%
932% 75.0% 59.1%

To test whether our conclusions are tied to max-
flow, we replicate the evaluation on Shortest Path
using the same aligned synthesis pipeline and the
same four-layer protocol, changing only the oracle
and verification logic (Section 3.2). We observe
the same qualitative pattern: end-to-end success
is still bottlenecked by intermediate dropout, and
vision increases cost while its reliability impact
depends on model regime. Full per-model results
for shortest path are reported in Appendix D.

5.7 Mechanism analysis of the Visual Paradox

We define a Visual Paradox as the regime in which
enabling vision both increases inference cost and
decreases end-to-end reliability beyond a small tol-
erance, i.e., VIPx > 1 and Sygripy(T+V) <
Sveriry (TEXT) — 5. We set 6 = 2% to avoid
treating negligible differences as paradoxical. To
understand this behavior, we analyze paired runs
of Qwen3-VL-4B-FT under TEXT and T+V on the
same instances and under the same strict output
contract.

Table 4 isolates truncation-driven contract fail-
ures. Under our harness, a run is flagged as cap-

Table 4: Stage reliability after excluding completion-
cap hits for Qwen3-VL-4B-FT.

Note: “Non-cap-hit rate” denotes the fraction of runs that do
not reach the configured completion cap. RECON, FORM, and
VERIFY are computed on this non-cap-hit subset only. Thus,
the table separates truncation-driven contract failures from the
residual stage-level degradation among completed outputs.

hit when generation reaches the configured com-
pletion cap, which typically yields incomplete
NDJSON and is therefore counted as an output-
contract/parsing violation. On Qwen3-VL-4B-FT,
T+V exhibits a substantially higher cap-hit rate
than TEXT, together with a large increase in mean
total tokens. This confirms that truncation explains
a substantial part of the end-to-end degradation
under multimodal input.

However, truncation does not fully explain the
Visual Paradox. After excluding cap-hit cases,
T+YV recovers strongly at RECON, indicating that
visual grounding can help conditional instance re-
construction once outputs remain complete. By
contrast, T+V still underperforms at FORM and
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VERIFY, showing that the remaining degradation
is concentrated downstream of reconstruction. In
other words, the paradox is best understood as a
coupled mechanism: vision increases inference
cost and truncation risk, while also making the
transfer from visually grounded reconstruction
to solver-executable formulation less stable even
among non-truncated runs.

This interpretation is also consistent with our
paired-case analysis, where the same instance may
succeed under TEXT but fail earlier under T+V
due to missing reconstruction or non-parsable for-
mulations. We provide representative examples in
Table 8 and full metric definitions in Appendix E.

We therefore interpret this analysis as targeted
mechanism evidence for a representative paradox-
ical model under our deployable contract, rather
than as a complete causal account for all models,
tasks, or rendering conditions.

6 Discussion and Implications

When to enable vision. Diagrams should be a
capability-dependent switch, not a default. Fron-
tier models more often gain from visual grounding,
improving VERIFY and/or reducing Gap, so T+V
is reasonable when reliability dominates. For sev-
eral mid-tier/open checkpoints, vision instead trig-
gers the Visual Paradox: VIPy increases while
VERIFY drops, typically because failures move up-
stream to RECON/FORM. A practical deployment
policy is to enable vision only when the model is
known to be stable under diagrams, or when the
system can fall back to text/structured extraction
once validators detect early-stage instability.

Training signals for robust visual modeling.
Many multimodal failures come from diagram-to-
structure recovery and cross-stage consistency with
solver code, not just final solving. This motivates
supervision on intermediate artifacts in addition to
outcome targets, consistent with our Qwen fine-
tuning results. Robustness is also sensitive to the
rendering distribution, suggesting value in train-
ing/evaluating with rendering perturbations to re-
duce brittleness.

Generalizing beyond max-flow. GOBench sep-
arates view alignment + process diagnostics from
task-specific verification. The aligned synthesis
and four-layer protocol stay fixed across tasks; ex-
tending to Shortest Path replaces only the oracle
solver and validators while keeping the same out-

put contract and cost logging. This makes the
framework naturally extensible to broader graph-
optimization families.

Mechanism and Mitigation. Our stage-wise
analysis suggests that multimodal degradation is
not monolithic. Under T+V, failures often shift
upstream: vision increases input cost and trunca-
tion risk, while the remaining non-truncated errors
are concentrated in reconstruction-to-formulation
transfer rather than final-stage optimization alone.
This pattern suggests several practical mitigations.
First, systems can use vision gating or validator-
triggered fallback: if the visual input is likely to
inflate context without improving reconstruction,
the pipeline can revert to TEXT-only execution or
request a simpler visual rendering. Second, be-
cause the dominant residual bottlenecks lie in RE-
CON and FORM, intermediate-target supervision
is more promising than optimizing only final an-
swers. Third, the sensitivity of non-frontier mod-
els to diagram-conditioned reconstruction suggests
a need for robustness-oriented training or evalua-
tion under controlled visual perturbations, such as
denser layouts, noisier labels, or alternative render-
ings. More broadly, these findings suggest that mul-
timodal optimization assistants should be deployed
conditionally rather than assuming that adding vi-
sion is uniformly beneficial.

7 Conclusion

We introduced GOBench, an aligned multi-view
benchmark for evaluating optimization assistants
under realistic multimodal specifications, with
solver-derived oracles and a four-layer diagnos-
tic protocol that localizes failures. Across frontier
and open-weight models, we found that end-to-end
success is frequently bottlenecked by intermediate-
stage dropout, and that adding diagrams reliably
increases inference cost while its reliability im-
pact is regime-dependent: frontier models often
benefit from visual grounding, whereas several
mid-tier/open models exhibit a Visual Paradox in
which vision degrades executability and verifica-
tion coverage. By reporting stage-wise reliability
together with the VIP, GOBench makes reliability—
cost trade-offs explicit and exposes cases where
multimodality increases cost without improving
verified outcomes.
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Limitations

GOBench is designed to be task-agnostic in its syn-
thesis and diagnostics, but our empirical coverage
is still limited in several ways.

* Task scope. Our main-text experiments focus on
Maximum Flow, and we additionally instantiate
the same pipeline on Shortest Path by swapping
only the oracle solver and task-specific validators
while keeping the aligned views and four-layer
protocol fixed (Section 3.2). We leave broader
NP-hard families to future work, where verifi-
cation remains solver-grounded but the instance
distributions and rendering choices may intro-
duce new failure modes.

* Visual modality coverage. Our diagrams are
Graphviz-rendered and relatively clean. We ex-
pect two findings to be robust to noisier render-
ings: (i) enabling vision increases input length
and thus inference cost (VIP), and (ii) end-to-end
success can be bottlenecked by upstream artifact
validity under a strict output contract. However,
the precise crossover point of the Visual Paradox
may shift with rendering noise, which we leave
to future work.

* Serving and prompting effects. Although we
standardize prompts and output contracts across
models, results can still be sensitive to provider-
side serving variance and instruction details. We
therefore treat token-based cost as the most sta-
ble proxy and release the evaluation harness for
reproducibility.

Ethics Statement

GOBench uses procedurally generated synthetic
instances, so it contains no personally identifiable
information and does not reproduce proprietary
real-world documents. We report inference cost
because multimodal evaluation and deployment
incur non-trivial compute and energy overhead;
releasing the dataset and harness aims to reduce
redundant benchmarking by enabling direct, repro-
ducible comparisons. Finally, while optimization
assistants can be applied in many domains, our
benchmark tasks are generic graph formulations
and do not target sensitive operational settings;
we nonetheless encourage practitioners to follow
domain-appropriate safety policies when deploy-
ing model-generated optimization pipelines. To
facilitate reproducibility and future research, the

GOBench dataset, generation scripts, and evalua-
tion harness are released under the Apache License
2.0. We confirm that the artifacts were generated us-
ing open-source tools (NetworkX [BSD], Graphviz
[EPL]) consistent with their intended research use.
The derived GOBench dataset is released under
Apache-2.0, which is fully compatible with using
these upstream tools for data generation.

We employed Large Language Models as the
primary subjects of our experiments, as detailed in
Section 5, Table 2. Additionally, we used general-
purpose Al assistants (ChatGPT, Gemini) solely
for minor language polishing and checking LaTeX
syntax. All scientific claims and ideas are our own.
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A Visual Inference Penalty (VIP) and
Infrastructure Details

In the main text, we defined the Visual Inference
Penalty (VIP) as the multiplicative overhead in-
curred by enabling visual modalities. This ap-
pendix details the exact calculation methodology
and the experimental infrastructure used for open-
weight models.

A.1 Token Counting Methodology

Unlike heuristic estimation methods, we utilize
server-side reporting to ensure precise measure-
ments of the "Visual Token" cost.

Data Acquisition. For both proprietary APIs and
local vLLM deployments, we extract token counts
directly from the standard OpenAl-compatible re-
sponse object. specifically the usage field:

11

Tiotal = Tprompt + Tcompl

where Tpompe and Teompr correspond to the
prompt_tokens and completion_tokens fields
in the API response, respectively. This approach
accounts for the exact number of visual tokens (im-
age embeddings) projected by the model’s vision
encoder (e.g., ViT) into the LLM’s context window.

Image Preprocessing. To standardize evaluation
across models with varying aspect ratio constraints
(e.g., Doubao models requiring ratios between 1:3
and 3:1), all visual inputs in GOBench are pre-
processed to a 1:1 aspect ratio. We rely on the
model’s native processor (e.g., AutoProcessor in
HuggingFace/vLLLM) to handle resolution scaling,
ensuring the benchmark reflects default usage be-
haviors.

A.2 Experimental Infrastructure

All open-weight model evaluations and fine-tuning
were conducted on a local high-performance com-
puting node.

Hardware Configuration.

e GPU: 4 x NVIDIA GeForce RTX 4090
(24GB VRAM per GPU).

¢ Interconnect: PCle Gen 4.0.

Inference Backend (VLLM). We deploy models
using the vLLM engine to simulate production-grade
throughput. Key deployment parameters include:

e Tensor Parallelism (TP): Set to TP = 4
to distribute large models across all available
GPUs.

* Memory Optimization: We enable
—-kv-cache-dtype fp8 to maximize the KV
cache capacity.

* Context Window: The maximum model
length is clamped to 16, 384 tokens.

Fine-Tuning Setup. For the FT experiments
(e.g., Qwen3-VL-FT), we utilize the LLaMA-
Factory framework. Training is performed using
LoRA (Hu et al., 2022) with 4-bit quantization
(-quantization_bit 4) and Flash Attention 2
(fa2) to fit within the consumer-grade VRAM con-
straints.

A.3 Latency Measurement

Latency is recorded as the end-to-end wall-clock
time from the initial HTTP request to the re-
ceipt of the final token, averaged over the test
set. This captures the full cost of visual encod-
ing, transmission, and autoregressive generation.

Log Analysis: As shown in Listing A.1, the de-
ployment utilizes tensor_parallel_size=4 and
kv_cache_dtype=’fp8’ to optimize throughput
on the 4x4090 cluster. The Prefix cache hit rate
stabilizes at ~36%, indicating effective reuse of
the system prompt and few-shot examples across
requests, verifying the efficiency claims in Section
4.

B Data Generation Pipeline

This appendix details the procedural pipeline used
to generate the aligned structural, textual, and vi-
sual views for GOBench.

B.1 Structural Synthesis

To ensure that every instance represents a non-
trivial optimization problem (i.e., Max Flow > 0),
we eschew standard random graph generators (e.g.,
Erdos-Renyi) in favor of a custom Path-First Con-
struction algorithm implemented in Python.

Generation Logic.
two phases:

The algorithm proceeds in

1. Forced Reachability: We first sample a ran-
dom simple path from source s to sink ¢. This
mathematically guarantees feasibility.
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Listing A.1: vLLM Server Deployment Log (Qwen3-VL-4B-FT)

[INFO 12-20 20:27:54] vLLM API server version 0.12.0
[INFO 12-20 20:27:54] args: {

’model’: ’.../saves/

“tensor_parallel_size’: 4, # 4-GPU Parallelism
’gpu_memory_utilization’: 0.6,
’kv_cache_dtype’: , # FP8 Optimization Enabled
’max_model_len’: 16384

}

[INFO 12-20 20:27:54] Using
[INFO 12-20 20:27:54] Chunked prefill is enabled.

i
s

[INFO 12-20 20:28:13] Starting to load model...

[INFO 12-20 20:32:09] Engine 000: Avg gen throughput:
[INFO 12-20 20:32:59] Engine 000: Avg gen throughput:
... (warmup phase) ...

[INFO 12-20 22:40:12] Application shutdown complete.

data type to store kv cache.

[INFO 12-20 20:28:13] Using FLASHINFER attention backend.
[INFO 12-20 20:28:14] Loading safetensors checkpoint shards: 100% Completed

[INFO 12-20 21:16:29] Engine 000: Avg gen throughput: 34.8 tokens/s, Prefix cache hit: 35.5%
[INFO 12-20 21:17:19] Engine 000: Avg gen throughput: 35.7 tokens/s, Prefix cache hit: 35.5%
[INFO 12-20 21:19:29] Engine 000: Avg gen throughput: 35.0 tokens/s, Prefix cache hit: 35.4%

, Prefix cache hit: 0.0%
, Prefix cache hit:

Log Analysis: As shown in Listing A.1, the deployment utilizes tensor_parallel_size=4 and
kv_cache_dtype=’fp8’ to optimize throughput on the 4x4090 cluster. The Prefix cache hit rate
stabilizes at ~36%, indicating effective reuse of the system prompt and few-shot examples across requests.

2. Random Edge Densification: We subse-
quently sample node pairs (u,v) to add di-
rected edges until a target density is met,
strictly enforcing no self-loops or multi-edges.

B.2 Visual Rendering Settings

Visual inputs are rendered using Graphviz with the
dot layout engine. As shown in Listing B.2, we
enable splines=’curved’ to reduce visual clutter
and use a deterministic color hashing strategy for
edges to test the model’s ability to trace specific
connections.

B.3 Dataset Distribution

Figure 7 illustrates the distribution of key topologi-
cal properties across the 1,000 generated instances.
B.4 Solver Oracle Implementation

To verify model outputs, we implement a compu-
tational oracle. We compile each graph instance
G = (V, E,C) into a canonical AMPL model us-
ing the amplpy interface and solve it with Gurobi
to obtain the ground-truth objective z*.

B.5 Data Artifact Samples

The pipeline transforms a raw topological seed into
aligned multimodal views and a solver-compatible

format. Figure 8 (next page) displays the generated
text and image, while Figure 9 shows the underly-
ing data structures.

C Fine-Tuning Implementation Details

To bridge the capability gap in open-weight models,
we performed Supervised Fine-Tuning (SFT) on
the Qwen-VL and LLaVA families. This section
documents the training configuration, dynamics,
and infrastructure to ensure reproducibility.

C.1 Training Framework

We utilized the LLaMA-Factory framework for uni-
fied efficient fine-tuning. The training pipeline was
optimized for consumer-grade hardware (4 xRTX
4090) using the following techniques:

* QLoRA: 4-bit quantization (NF4) for the base
model to reduce VRAM usage.

* Flash Attention 2: Accelerated attention
computation for Qwen series models.

* Gradient Checkpointing: Enabled to fit
longer context lengths (16, 384).
C.2 Hyperparameter Configuration

We employed Low-Rank Adaptation (LoRA) tar-
geting all linear modules in the attention blocks.
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Listing B.1: Graph Generation Hyperparameters (Python)

# Configuration for "Path-First” Construction
GEN_CONFIG = {
"n_nodes_min": 5, "n_nodes_max": 20,
"m_edges_min": 6, "m_edges_max": 113,
"cap_min": 1, "cap_max": 20,
"allow_self_loops": False,
"allow_multi_edges"”: False,
"force_st_connectivity”: True

# Crucial for valid max-flow

Listing B.2: Graphviz Rendering Configuration

# Initializing the Digraph with 'dot' engine
g = Digraph('G', engine="dot")

g.attr(rankdir="TB', splines='curved', overlap='false', nodesep='0.6"', ranksep='1.0")

# Dynamic Edge Coloring based on categorical hash

# We map edge attributes to a categorical palette to test visual grounding
color = PALETTE[(u * 31 + v * 17 + cap * 7) % len(PALETTE)]

g.edge(str(u), str(v), color=color, fontcolor=color, penwidth='2")

Figure 6: Configuration details for the structural generation (top) and visual rendering (bottom) pipelines.
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Figure 7: Dataset Distribution. Histograms showing the diversity of graph scale and density.

The visual encoders were frozen to preserve pre-
trained alignment features. Table 5 details the spe-
cific hyperparameters used across all experiments.

C.3 Training Dynamics

Figure 10 visualizes the training loss trajectories
extracted from the experimental logs.

* Convergence: All Qwen-series models (Blue
lines) demonstrated rapid convergence, reach-
ing a loss < 0.15 within 6 epochs.

* Stability: The Qwen3-VL-2B (Deep Blue)
showed exceptional stability despite its
smaller parameter size, achieving the lowest
final loss alongside Qwen2-VL-7B.

e Comparison: LLLaVA-1.5-7B (Orange Red)
converged slower and settled at a higher loss

(= 0.17), correlating with its lower perfor-
mance in the RECON layer.

D Shortest Path Results

We replicate the full GOBench evaluation
on Shortest Path using the same aligned
synthesis pipeline and four-layer protocol
(ALIGN/RECON/FORM/VERIFY), swapping only
the task oracle and verification logic (Section 3.2).
Metrics follow Section 4.4. Table 6 reports results
on the held-out test split (N = 100). Models that
do not support vision are reported with TEXT-only
rows and have no VIP entries.

End-to-end success Bottleneck (P2). Shortest
Path exhibits the same process bottleneck as max-
flow: end-to-end success depends on whether inter-
mediate artifacts survive to the solver check. Fron-
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Intermediate Artifacts: Aligned Multimodal Views (¢, v)

[Text Description (¢)]

ton and Prague.

Task: Find max flow from Beijing to Manila.
Edges:

o Route Beijing — Manila (cap 6).

e Route Beijing — Houston (cap 3).

e Route Beijing — Prague (cap 3).

e Route Tokyo — Quito (cap 1).

e Route Dakar — Tokyo (cap 8).

e ... (16 more edges omitted for brevity)

Context: This is a national logistics network connecting Beijing,
Tokyo, Dakar, Queensland, Jakarta, Quito, Helsinki, Manila, Hous-

[Visual Diagram (v)]

: Beijing
Tokyo

: Dakar

: Queensland
: Jakarta
Quito

: Helsinki
Manila

: Houston
: Prague

Figure 8: Generated Multimodal Views. The text description (left) and Graphviz-rendered diagram (right) are
generated from the same raw seed, ensuring strict alignment.

Table 5: Hyperparameters for SFT. Settings derived
from the run_all. sh execution log.

Hyperparameter Value
LoRA Configuration

Rank (7) 64
Alpha (o) 128
Dropout 0.05
Target Modules all-linear
Optimization

Learning Rate le-5
Scheduler Cosine
Optimizer AdamW (8-bit)
Batch Size 1 (per device)
Gradient Accumulation 8
Effective Batch Size 32(4GPUs x 1 x 8)
Epochs 15

Max Length 16,384

tier models sustain near-complete survival across
all four stages (e.g., Grok-4 remains 99% at every
layer under both modes), whereas efficient mod-
els show substantial attrition before verification.
In particular, Gemini-Flash drops from 77% at
ALIGN/RECON/FORM to 64% at VERIFY even in

text-only mode, and collapses further under T+V
(44% at early stages, 36% at VERIFY). These gaps
would be blurred by outcome-only reporting; stage-
wise reliability isolates whether failures arise from
structure recovery and formulation rather than from
the solver check itself.

Trade-offs and VIP (P3). Shortest Path also
reproduces the non-monotonic deployment fron-
tier: higher token/latency budgets do not guarantee
higher VERIFY success or lower Gap. Within the
same model, enabling vision always increases to-
ken cost , but the reliability/quality return varies
widely. For Grok-4, T+V yields a modest gap
improvement at a small token premium with un-
changed verification coverage. For GPT-5, the to-
ken premium is mild but latency doubles while both
Gap and coverage slightly degrade. For Claude-
Sonnet-4, vision increases tokens substantially and
reduces verification coverage even though condi-
tional gap slightly improves. This supports the
main-text recommendation that token-based VIP is
the most stable proxy for multimodal overhead, and
that cost must be reported together with VERIFY
coverage and Gap.
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Listing B.3: Raw Structural Seed (File: graph11.txt)

Metadata: N=10 nodes, M=21 edges
Edge: @ -> 7, Capacity=6

Edge: @ -> 8, Capacity=3

Edge: @ -> 9, Capacity=3

. (list continues) ...

Last Edge

Task Definition: Source=0, Sink=7

H oH O H H H

Listing B.4: Compiled AMPL Data Block (Oracle Input)

data;

param n := 10;
param source := 0;
param sink := 7;

set NODES := 01234567 809;

set EDGES :=
(0,7) (0,8) (0,9 (1,5 (2,1) (3,0) (3,6) (4,7) (4,8) (4,6)
(4,3) (5,2) (5,9 (5,1) (6,2) (6,9) (6,4) (8,6) (8,3) (9,6) (9,4);

param capacity :=

076 ©83 ©93 151 218 307 368 471
487 463 432 5210 597 516 627 696
6410 865 834 964 941;

Figure 9: Data Artifacts. The raw topological seed (top) is the ground truth. It is compiled into the AMPL data

format (bottom) for the solver oracle.
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Figure 10: SFT Training Loss Curves. Compari-
son of convergence rates across 5 open-weight mod-
els. The Qwen-VL family (Blue shades) consistently
outperforms LLaVA (Orange Red) in fitting the graph
optimization data distribution.

Modality effects reverse under vision (P1).
Comparing TEXT vs. T+V isolates the causal
effect of adding the aligned diagram view. On
Shortest Path, the modality effect remains regime-
dependent: frontier models can incorporate dia-
grams without destabilizing intermediate artifacts,
while efficient models exhibit a clear Visual Para-
dox where diagrams increase cost but reduce re-
liability. Gemini-Flash is the clearest example:

T+V more than doubles tokens (VIPx=2.37x)
while reducing early-stage survival from 77% to
44%, which propagates to a drop in VERIFY
coverage (64% — 36%) and worse verified gap
(0.634—0.872). This indicates that, for weaker
regimes, diagrams can act as distractions that desta-
bilize reconstruction/formulation rather than pro-
viding usable grounding.

Differences between max-flow and shortest path.
While the qualitative conclusions are consistent
across tasks, the VERIFY stage is mechanistically
different, which changes the dominant failure sig-
natures. In Max-Flow, verification is constraint-
heavy: feasibility is governed by global flow
conservation and capacity constraints over many
edges, so a single reconstruction error can cascade
into many violations (non-existent edges, capac-
ity overflow, and conservation breaks). In Short-
est Path, verification is structure- and objective-
consistency—heavy: a candidate can be a syntacti-
cally valid path yet fail because it is not a coher-
ent walk or because the model’s stated objective
disagrees with the cost implied by its own path,
which inflates Gap even when a plausible path is
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Table 6: Shortest Path results on GOBench (test, N = 100). Stage-wise reliability reports the fraction of instances
producing valid artifacts: ALIGN, RECON, FORM, VERIFY. Gap| is the mean absolute normalized objective gap on
the verified subset. Tok denotes mean total tokens. VIP reports the multiplicative cost of enabling vision, measured
in tokens and latency; values < 1 may occur due to serving variance.

Model | Mode | ALIGN RECON FORM VERIFY | Gapl | Tok Lat(s) | VIPy, VIPyy
Tier 1: Frontier Models

Grok-4 Text 99 99 99 99 0.033 | 2890 27.7 - -
Grok-4 T+V 99 99 99 99 0.027 | 3129 27.7 | 1.08x 1.00x
GPT-5 Text 98 98 98 98 0.054 | 2846 21.3 - -
GPT-5 T+V 97 97 97 97 0.080 | 3033 425 | 1.07x 2.00x
Tier 2: Prior Strong Baselines

Claude-Sonnet-4 | Text 100 100 100 99 0.167 | 2195 10.0 - -
Claude-Sonnet-4 | T+V 100 100 100 96 0.159 | 3690 13.7 | 1.68x 1.37x
Tier 3: Efficient/Open Models

Gemini-2.5-Flash | Text 77 77 77 64 0.634 | 1249 6.1 - -
Gemini-2.5-Flash | T+V 44 44 44 36 0.872 | 2961 7.4 237x  1.22x

produced. Cost behavior also differs in practice:
because Shortest Path often elicits longer natural-
language rationales or path descriptions under the
same output contract, some providers show larger
T+V token/latency inflation, reinforcing that vi-
sion overhead depends jointly on serving behavior
and task-specific token footprints. Despite these
task-specific mechanisms, the core findings remain
invariant: end-to-end success is bottlenecked by in-
termediate dropout, and the reliability—cost return
of vision is regime-dependent.

E Per-instance log schema and metrics

In all analyses, we follow an earliest-invalid-stage
convention: downstream indicators are only evalu-
ated when all upstream artifacts are valid, so errors
caused by upstream failures are not double-counted.
Each evaluation instance is stored as one JSON
record. We summarize the fields used in our analy-
sis.

Identifiers. index is the instance index in the
split; split indicates Train/Dev/Test; model is
the checkpoint/API name; vime {0, 1} indicates
whether the aligned diagram is provided.

Identifiers.

1. index: instance index within the split file.

2. split: dataset identifier

(train/dev/test).

split

3. model: checkpoint or API endpoint name.

4. vlm e {0, 1}: whether the aligned diagram view
is provided (1 = T+V, 0 = TEXT).

Runtime and cost.

1. perf.latency_ms_total: end-to-end wall-

clock latency (ms).

2. perf.prompt_tokens,
perf.completion_tokens,
perf.total_tokens: provider-reported
token counts for the prompt, completion, and
their sum.

3. We use token-based VIP as the primary cost
proxy; latency-based VIP can be noisier due
to serving-side variance (batching, routing,
caching).

Top-level summaries (summary).

1. summary.graph_score and
summary.ampl_sim: compact summaries
of reconstruction and formulation quality (see
metric definitions below).

2. summary.objective_gap: signed objective
gap reported by the harness; in all aggregate
reports we use [objective_gap.

3. summary.feasible (when present): feasibility
of the predicted solution under solver-grounded
verification (used as VERIFY success).

Artifact presence flags.

1. has_MAP, has_GRAPH, has_AMPL, has_SOL:
whether the corresponding artifact was emitted
and parsed into the expected schema.

2. parse_violations: output-contract violations
detected by the harness.
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Graph reconstruction metrics (metrics.GRAPH).
Let E* be the oracle edge set and F be the pre-
dicted edge set after applying the anchored map-
ping. We report:

(1) edges_precision, edges_recall,
edges_F1: edge recovery quality com-
paring E against E*.

(i) cap_MAE / w_MAE and cap_MAPE / w_MAPE:
absolute/relative parameter error on matched
edges.

(i11) source_acc and sink_acc: correctness of
the query endpoints.

(iv) nodes_index_ok: whether node indices are
consistent with the anchored mapping.

(v) N_match: a boolean summary of mapping/in-
dex consistency used by the validator.

(vi) graph_score: an
construction  score,
summary . graph_score.

aggregate  re-
also stored as

Formulation metrics (metrics.AMPL). We re-
port compilation and data/structure consistency be-
tween the produced AMPL program and the oracle
instance:

(i) parsed_ok: whether the AMPL program
compiles under the harness.

(i1) structure_score: whether the formulation
instantiates the correct variable/constraint
template.

(iii) edges_jaccard: overlap between edges im-
plied by the AMPL data section and the ora-
cle edge set.

(iv) capacity_MAPE / weight_MAPE: parameter
mismatch in the AMPL data section.

(v) data_score: a summary score of AMPL
data fidelity.

(vi) ampl_sim: an aggregate similarity score,
also stored as summary.ampl_sim.

(vii) (When available) dat_obj: objective im-
plied by AMPL data; ampl_gap: signed mis-
match between AMPL-implied objective and
the oracle.

Solver/solution metrics (metrics.SOL). We re-
port feasibility, objective quality, and constraint
violations for the predicted solution:

(i) feasible: the indicator used for VERIFY
success in this paper.

(i1) pred_obj and oracle_obj: objectives com-
puted from the predicted solution and the
oracle.

(iii)) objective_gap: signed normalized objec-
tive gap; we use | - | for aggregates.

(iv) violations: alist of violated constraints.

(v) Task-specific fields may appear, e.g.,
flow_edge_F1 for max-flow edge support
or path_match for shortest-path.

Stage-wise indicators used in tables. Let ¢ index
instances and let (m, p) denote model and mode.
We define:

(i) a; = I[has_MAP],
(ii) 7; = I[has_GRAPH],

(iii) f; = I[has_AMPL A
metrics.AMPL.parsed_ok],

(iv) v; = Ijmetrics.SOL.feasible].

Objective gap is aggregated on the verified subset
(v; = 1), using absolute values. Here is an example
figure 11.

E.1 Uncertainty of Conditional Metrics on
MaxFlow

Table 7 reports uncertainty estimates for condi-
tional metrics on MaxFlow (test). Following
the main table, VERIFY coverage is counted by
has_SOL=true, i.e., whether the pipeline produced
a solver-checkable solution artifact. We then sum-
marize the Gap distribution on the same verified
subset using (i) the mean and sample variance, and
(ii) an interval estimate: a 95% bootstrap CI for the
mean when nygripy > 95, otherwise the empirical
range. We additionally report the sample variance
of per-instance latency, which reflects backend vari-
ance in serving time.
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Coverage governs interpretability. The veri-
fied subset size varies substantially across mod-
els, and thus directly affects how stable condi-
tional estimates are. Frontier and strong API mod-
els provide large verified subsets, Grok-4 T+V
and Claude-Sonnet-4 both reach nygripy = 100,
GPT-5 reaches nygriry = 80 in Text and 96 in
T+V, yielding comparatively tight mean-gap inter-
vals. In contrast, Qwen3-VL-4B (Text) has only
nveriry = 4, so its Gap interval expands to a wide
range, indicating that conditional quality estimates
are not statistically stable at such low coverage.

Gap uncertainty aligns with reliability regimes.
For models with high verification coverage, the
Gap intervals are narrow relative to their mean
values, suggesting that conditional quality is well-
estimated. For instance, Grok-4 shows low Gap
means with tight intervals, and GPT-5 exhibits sim-
ilarly small Gap values under both modes. Con-
versely, models with higher Gap variance show
substantially wider intervals, consistent with more
heterogeneous instance-level behavior even when
coverage is high.

Vision can trade coverage for conditional quality.
Comparing paired Text vs. T+V rows shows that
enabling vision can change both coverage and the
conditional Gap distribution. For example, Qwen3-
VL-4B exhibits a pronounced coverage increase
from Text to T+V, but also a large increase in mean
Gap and variance, implying that the subset that be-
comes “verifiable” under vision remains noisy in
objective quality. For Qwen3-VL-4B (FT), T+V re-
duces conditional Gap mean relative to Text, while
coverage drops, illustrating why the main paper
interprets Gap jointly with VERIFY: lower condi-
tional Gap does not imply better end-to-end perfor-
mance if fewer instances reach verification.

Latency variance is substantial and model-
dependent. Latency variance spans multiple or-
ders of magnitude, particularly for frontier models,
reflecting provider-side batching/routing variability
and heterogeneous instance difficulty. This mo-
tivates our emphasis on token-based cost as the
more stable proxy in the main analysis, while using
latency primarily as a deployment-facing signal.

F Prompts and Instruction Templates

To ensure rigorous evaluation and enforce the struc-
tured output format required by our 4-layer diag-
nostic pipeline, we employed a unified prompt tem-

plate across all models (both LLMs and VLMs).
12

F.1 System Instruction

We utilize a lightweight system prompt to avoid
over-constraining the model’s inherent reasoning
capabilities while establishing a helpful persona.

F.2 User Instruction Template

The user prompt is designed to serve two purposes:
(1) defining the strictly formatted NDJSON output
schema, and (2) providing the specific problem in-
stance data. For Visual Language Models (VLMs),
the image token is prepended to the text instruction.

G Evaluated Models and Representative
Outputs

In this section, we first list all the models evaluated
in GOBench (Section G.1) and then present rep-
resentative raw outputs to illustrate the diagnostic
capability of our pipeline (Section G.2).

G.1 Evaluated Model Catalog

We evaluated a comprehensive set of state-of-the-
art models, ranging from proprietary APIs to open-
weight models fine-tuned in this work. Table 9
categorizes these models by family and capability.

G.2 Representative Output Analysis

To illustrate the diagnostic depth of the GOBench
pipeline, we present raw outputs from two repre-
sentative models on the same test instance.

H Metric Implementation Details

This appendix provides the mathematical defini-
tions and implementation logic for the metrics used
in the GOBench evaluation pipeline. The evalu-
ation is automated, deterministic, and utilizes a
standard solver oracle to verify semantic correct-
ness.

H.1 Layer 2: Graph Reconstruction

This layer evaluates the model’s ability to ground
natural language into a structured topology.

Structural Similarity (Edge F1). Since the node
mapping is explicitly defined in Layer 1, we eval-
uate structural accuracy using the F1-score of the
edge set. Let E,..q be the set of directed edges
(u,v) predicted by the model and E,.; be the
ground truth edges.
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Table 7: Uncertainty for conditional metrics on MaxFlow (test). We report VERIFY coverage (VERIFY %, nveriey;
counted by has_SOL=true), the mean absolute objective gap on verified instances (Gap = |objective_gap|
computed on the same has_SOL subset) and its sample variance, and a Gap interval: 95% bootstrap CI for the mean
when nyeripy > 5, otherwise the range over verified instances; ‘— indicates no verified instances. We also report
the sample variance of per-instance latency (latency_ms_total).

Model Setting VERIFY% nygrry Gapmean  Gap var  Gap interval Latency var
Claude-Sonnet-4 TEXT 100.0 100 0.5815 1.35e+00 [0.3972, 0.8143] 4.49¢+08
Claude-Sonnet-4 T+V 100.0 100 0.7666 4.28e+00 [0.4476, 1.2240] 5.73e+07
DeepSeek-V3 TEXT 96.0 96 1.0675 8.34e+00 [0.5726, 1.6861] 7.05e+08
Doubao-Seed TEXT 96.0 96 0.2526  1.08e-01 [0.1953, 0.3172] 1.77e+09
Doubao-Seed T+V 98.0 98 0.3910 2.75e-01 [0.2863, 0.5015] 3.93e+08
GPT-5 TEXT 80.0 80 0.0961 6.34e-02 [0.0482, 0.1535] 1.22e+10
GPT-5 T+V 96.0 96 0.0876  5.44e-02 [0.0437,0.1349] 1.33e+10
Gemini-2.5-Flash TEXT 89.0 89 0.7743 1.85e+00 [0.5354, 1.0780] 2.63e+08
Gemini-2.5-Flash T+V 89.0 89 0.8917 4.05e+00 [0.5532, 1.3799] 1.28e+07
Grok-4 TEXT 64.0 64 0.1012  7.13e-02 [0.0420, 0.1693] 2.66e+10
Grok-4 T+V 100.0 100 0.0769  5.25e-02 [0.0334, 0.1237] 4.92e+09
Kimi-K2 TEXT 100.0 100 1.3107 1.34e+01 [0.6765, 2.1024] 5.50e+08
Qwen3-VL-4B TEXT 4.0 4 0.7877 5.81e-01 [0.0769, 1.7907] 9.58e+08
Qwen3-VL-4B T+V 15.0 15 2.8064 1.77e+01 [0.9984, 5.0505] 7.11e+08
Qwen3-VL-4B (FT) TEXT 78.0 78 1.1470 6.68e+00 [0.6625, 1.8039] 7.03e+08
Qwen3-VL-4B (FT) T+V 35.0 35 0.8467 1.94e+00 [0.4731, 1.3313] 1.04e+09

Table 8: Paired cases (Qwen3-VL-4B-FT) illustrating the Visual Paradox. Cases are matched by index across
TEXT (vlm=false) and T+V (vlim=true). We report the earliest failing stage (Appendix E), total tokens, latency,

and whether generation hits the completion cap (4096).

Text T+V Tok Tok

Lat Lat

Index | g, liest Earliest | (Text) (T+V) | (Text) (T+V) | otes
12 OK Fail@RECON | 4074 11628 | 70.8s 115.0s | L+ hits completion cap
has_GRAPH missing.
. T+V has GRAPH
80 0K Fail @FORM | 4207 10436 | 69.65 546 | 10 METRIT L okefalse.
|| Fail@VERIFY Fail@RECON | 6141 12104 | 115.0s 115.65 | Lextreaches solver check but infeasible
T+V truncates and fails earlier.

’Cpred(ua U) - Cref ('LL, ’U)’
max(1, Crer(u,v))

MAPE = G Z
‘ (u,v)el
(12)

Composite Graph Score. To measure overall
reconstruction quality, we implement a weighted
scoring function (as defined in eval_graph):

Sgraph = 0.45 - F140.30 - (1 — MAPE;;,)

+0.15 - I;4, + 0.10 - Accg/r (13)

where MAPE;;,, is clamped to [0, 1], I;4, is a bi-
nary indicator for valid contiguous node indexing,
and Accg, measures source/sink identification ac-
curacy.

H.2 Layer 3: Formal Modeling (AMPL Gap)

To verify the semantic correctness of the generated
optimization code, we define the AMPL Gap. We
extract the parameter sets (N, E, C, s, t) from the
generated dat block, inject them into a canonical
Max-Flow AMPL model, and solve it to obtain the
objective value zqmpi.

Zampl — z*
max(L, [+

Gap g = (14)

where z* is the ground truth optimal value provided
by the dataset oracle.
H.3 Layer 4: Solution Verification

The final layer evaluates the validity of the direct
numerical solution. A solution is marked as Fea-
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Listing E.2: Diagnostic Log for Claude-Sonnet-4 (ShortestPath, 1-shot)

"id": "shortest_path-hard-graph228",
"model": "anthropic/claude-sonnet-4",
"vim": false,
"perf": { "latency_ms_total": 10948, "prompt_tokens": 865, "completion_tokens": 716, "total_tokens": 1581 },
"summary": { "graph_score": 1.0, "ampl_sim": 1.0, "feasible": true, "objective_gap": 0.0 },
"metrics": {
"GRAPH": { "edges_F1": 1.0, "graph_score": 1.0 },
"AMPL": { "parsed_ok": true, "structure_score": 1.0, "ampl_sim": 1.0, "ampl_gap": 0.0 },
"SOL": {
"feasible": true,
"pred_obj": 27.0,
"oracle_obj": 27.0,
"objective_gap": 0.0,
"path_match": 1

Figure 11: A 1-shot diagnostic log for Claude-Sonnet-4 on a ShortestPath instance. Although the reconstructed
graph and solver formulation are perfect and the predicted path matches the oracle (objective_gap=0), the pipeline
flags a self-consistency violation: the model states an incorrect objective value that disagrees with the computed

path cost.

sible if and only if it satisfies three physical con-
straints (with tolerance € = 1075):

1. Capacity Constraint: V(u,v),0 < f,, <

Cyp-

2. Flow Conservation: Vk ¢ {s,t},|> fin —
Z fout’ < €.

3. Net Flow Consistency: Net outflow at source
must equal net inflow at sink.

H.4 Diagnostic Output Examples

To illustrate how the pipeline detects errors, we
present raw evaluation logs from two models on
the same test instance on claude(Figure 13) and
kimi(Figure 14).
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Table 9: Catalog of Evaluated Models. Models marked with t are fine-tuned versions contributed by this work.
The “VLM” column indicates native visual understanding support.

Type Model Family ‘ VLM ‘ Specific Versions Evaluated
OpenAl GPT v gpt-5
Anthropic Claude v claude-sonnet-4
Google Gemini v gemini-2.5-flash
Proprietary API XAl Grok v grok-4 .
DeepSeek X deepseek-v3-1-terminus
Zhipu GLM X glm-4.6
Moonshot Kimi X kimi-k2-250905
ByteDance Doubao v doubao-seed-1-6
Qwen-VL v qwen2.5-v1-3b, qwen2.5-v1-3b-ft'
gwen3-v1-2b, gwen3-v1l-2b-ftf
qwen3-v1-4b, qwen3-v1-4b-ftf
Qwen (Text) % qwen2.5-1.5b, qwen2.5-1.5b-ft"
Open-Weight gwen2.5-3b, qwen2.5-3b-ft'
qwen3-0.6b, qwen3—0.6b—ftJr
gwen3-1.7b, qwen3-1.7b-ft'
InternVL Ve internvl-2b, internvl-4b
internvl2-1b/2b/4b, internvl2.5-8b
LLaVA v 1lava-next-8b
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Listing F.1: The Unified User Prompt Template

[For VLMs only: Insert Image Token Here]

Your task is to solve a maximum flow problem in a directed graph defined by cities and edges with capacities.
You will output 4 lines of NDJSON (one JSON object per line). NO extra text.

CRITICAL MAPPING RULE (MANDATORY):

* You receive the cities list as the FIRST line of the user content. Treat its order as canonical.
* Map city i to id i exactly: name_to_id[cities[0]]=0, name_to_id[cities[1]]=1, ...

* Do NOT sort or reorder; do NOT infer or drop cities; use every city in that list.

* From line 2 onward, you MUST use ONLY integer ids (no city names).

Line 1 ("'section'':""MAP"):

{
"section": "MAP",
"rule”: "by_city_mention_order"”,
"name_to_id": { "<City@>":0, "<City1>":1, ... }
contiguous @..N-1
3

Line 2 ("'section'":""GRAPH"):

{
"section": "GRAPH",
"N": <int>, // MUST equal len(cities)
"E": <int>, // number of edges
"edges_index": [{"u":u,"v":v,"capacity”:c}, ...]1, // ALL edges, ids only
"source_id": <int>, // in [0, N-1]
"sink_id": <int> // in [0, N-1] and != source_id
}

Line 3 ("'section'':""AMPL""):

{

"section”: "AMPL",

"mod": "<AMPL model text using only indices...>",

"dat": "<AMPL data using ONLY indices; set NODES... set EDGES...>"
3

Line 4 ("'section'':"'SOL"):
{

"section”: "SOL",

"method”: "direct”,

"feasible”: true|false|null,

"objective_value": <float|null>,

"flows_index": [{"u":u,"v":v,"f":f}, ...] // ids only; include ALL nonzero flow

Hard rules:

» Exactly 4 JSON lines. No Markdown fences, no explanations.
* From line 2 onward: ABSOLUTELY NO city names; ids only.
* GRAPH and SOL must be consistent with the MAP ids.

* Do not invent nodes/edges/capacities not present in the input.
* Flows must be on existing edges and within capacities.

[Input Data Injection]

Figure 12: The standardized prompt template used for zero-shot and fine-tuning experiments.
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Listing H.1: Diagnostic Log for Claude-Sonnet-4 (Instance 1)

{
"metrics": {
"GRAPH": { "edges_F1": 0.523, "graph_score": 0.504 },
"SOL": {
"feasible": false,
"pred_obj": 32.0,
"oracle_obj": 34.0,
"objective_gap": -0.0588,
"violations": [
"capacity violation on (0,1): 16.0 > 13.0",
"flow on non-existent edge (0,4)=10.0",
"conservation violated at node 0: in=0, out=32.0"

Figure 13: Example of a failed solution by Claude-Sonnet-4. The metrics pipeline detected capacity violations and
hallucinations of non-existent edges, automatically marking the solution as infeasible.

Listing H.2: Diagnostic Log for Kimi-k2 (Instance 2)

{
"metrics": {
"GRAPH": { "edges_F1": 0.258, "graph_score": 0.504 },
"SOL": {
"feasible": false,
"pred_obj": 33.0,
"oracle_obj": 34.0,
"violations": [
"flow on non-existent edge (5,4)=17.0",
"capacity violation on (7,4): 14.0 > 5.0",
"source/sink net mismatch: net_s=-46.0, net_t=0"

Figure 14: Example of a failed solution by Kimi-k2. The low Graph Score (F1=0.258) indicates poor topological
understanding, leading to severe conservation violations downstream.
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