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Abstract

Reliable and efficient validation is critical for guiding the resource-intensive process
of training Vision-Language Models (VLMs). The standard evaluation paradigm,
however, which relies on open-ended text generation, exhibits significant method-
ological limitations. We empirically demonstrate that this approach is unreliable,
yielding high-variance metrics with a negligible correlation (r = 0.061) to final
model performance. Furthermore, it is inefficient, as auto-regressive decoding in-
troduces substantial latency and severe load-balancing issues in parallel evaluation.
To address these limitations, we propose "Closed-Task" validation, a paradigm that
bypasses auto-regressive decoding by converting questions into a multiple-choice
format and directly inspecting token probabilities. Our experiments show this
method is both highly reliable, producing stable signals strongly correlated (r =
0.798) with final performance, and efficient, achieving a >10x latency reduction
with near-perfect load balancing. This work thus provides a robust and efficient
validation methodology that resolves the interconnected challenges of evaluation
reliability and system efficiency, offering a superior empirical framework for VLM
development.

1 Introduction

Vision-Language Models (VLMs), such as GPT-4o [1] and Qwen-VL [2], have demonstrated remark-
able capabilities, integrating deep visual perception with sophisticated natural language understanding.
This fusion has unlocked unprecedented performance in complex multimodal reasoning, dialogue, and
interaction [3–5], driving innovation across a diverse array of domains from robotics to accessibility
tools [6, 7].

The process of training these sophisticated models, however, is extraordinarily resource-intensive,
demanding massive-scale datasets—often containing millions of samples—and vast computational
power, frequently consuming hundreds of thousands or even millions of GPU-days[8, 9]. Within this
high-cost paradigm, continuous and reliable evaluation during training is not merely beneficial—it
is operationally critical. Researchers and engineers depend on efficient validation proxies as an
indispensable "compass" to monitor progress, select optimal checkpoints for deployment, and make
crucial decisions on hyperparameter tuning, precisely because the full "gold standard" test sets are
too large and expensive to run frequently[10]. An evaluation signal from such a proxy that is noisy or
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misleading can lead to the premature termination of promising experiments or, conversely, the costly
continuation of failing runs, resulting in a significant waste of resources[11].

Despite this necessity, the predominant evaluation methodology, which benchmarks performance on
open-ended generative tasks like open-domain VQA, presents significant challenges to reliability.
This unreliability manifests as high-variance, volatile evaluation curves (as shown in Figure 1),
making it difficult to discern true model improvement from statistical noise. This volatility stems
from several well-documented sources. 1) Metric-Induced Volatility: Traditional syntax-based
metrics like Exact Match (EM) are "overly stringent"[12, 13], unfairly penalizing semantically correct
paraphrases that deviate from a limited set of reference answers. 2) Data-Induced Volatility: VQA
datasets inherently suffer from a "one-to-many" phenomenon, where a single question can have
multiple valid answers due to ambiguity or subjectivity. A finite ground-truth set cannot capture this
full space, penalizing novel yet correct responses[14]. 3) Inherent Instability: The generative process
itself, including stochastic sampling and high sensitivity to training seeds, introduces significant
randomness into evaluation scores[15].

Beyond its statistical unreliability, the open-ended paradigm suffers from a critical bottleneck in
system efficiency. Open-ended evaluation is computationally expensive, dominated by the latency of
auto-regressive decoding. This problem is exacerbated in the data-parallel settings required for rapid
validation. As we will demonstrate (Figure 3), the long-tail distribution of output token lengths, often
resulting from model "hallucinations" or repetitive outputs, leads to severe GPU load imbalance. This
"straggler"[16] effect, where the entire batch must wait for the slowest GPU, results in dramatically
reduced system throughput and wasted computational resources[17, 18].

To address this dual challenge of metric reliability and system efficiency, we propose a simple yet
highly effective validation paradigm: Closed-Task Validation. Our approach leverages existing
frameworks [19–21], to programmatically convert open-ended VQA validation tasks into a multiple-
choice format. Critically, we bypass the generative process entirely. Instead of decoding a full answer,
we prompt the model to select an option and evaluate its capability by directly inspecting the output
probabilities of the single target tokens (e.g., ’A’, ’B’, ’C’, ’D’), effectively eliminating the need for
auto-regressive decoding.

Our experimental results, based on the training trajectory of a ‘Qwen3-VL-4B‘ model, provide strong
evidence for this paradigm shift. We demonstrate that:

• Stability: Closed-Task metrics (Figure 1) produce a stable, low-variance evaluation signal
that clearly tracks the model’s monotonic improvement, in stark contrast to the volatile and
chaotic signal from Open-Task metrics.

• Correlation: The Closed-Task validation score exhibits a strong positive correlation
(r = 0.798) with the model’s "gold standard" performance on a comprehensive test set.
Conversely, the Open-Task score shows no meaningful correlation (r = 0.061), rendering it
an unreliable proxy for final performance (Figure 2).

• Efficiency: Our method yields a greater than 10x reduction in latency by eliminating
the decode step. This, in turn, resolves the GPU load imbalance, enabling near-perfectly
balanced and efficient parallel evaluation (Figure 3).

This paper introduces a new VLM evaluation paradigm that simultaneously solves the interconnected
problems of metric reliability and system efficiency. We provide a practical, robust, and computa-
tionally efficient "compass" for VLM research and development, bridging the gap between volatile
training signals and the need for dependable progress tracking.

2 Related Works

2.1 Reliability and Variance in Open-Ended VLM Evaluation

The evaluation of open-ended VLM generation is notoriously challenging, suffering from high
variance that obscures true model progress[22, 10]. This instability arises from a confluence of
factors[23, 24]. First, syntax-based metrics like Exact Match (EM) are "overly stringent"[12, 13],
correlating poorly with human judgment by penalizing semantically correct paraphrases. Second,
the datasets themselves are often ambiguous, featuring a "one-to-many" relationship where multiple
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valid answers exist for a single question[14]. A finite ground-truth set cannot capture this diversity,
thus unfairly penalizing novel and accurate responses. Third, the training and inference processes
are inherently stochastic. Sensitivity to training seeds, hyperparameter configurations, and non-
deterministic sampling methods all introduce significant run-to-run variance[15]. While emerging
LLM-as-judge evaluators[25] offer better semantic awareness, they introduce new challenges in
computational cost and reproducibility. Our work bypasses this reliability crisis by reformulating the
task to provide a stable, low-variance validation signal.

2.2 Efficiency and Systems for VLM Inference

Beyond reliability, the computational cost of open-ended evaluation presents a severe system-level
bottleneck. The primary culprit is auto-regressive decoding, a sequential, memory-bandwidth-bound
process that incurs high latency [26]. This latency problem is severely amplified in the parallel
batch-processing setting required for rapid validation. The long-tail distribution of output token
lengths—a common side-effect of model uncertainty or "hallucination"—creates a classic "straggler"
problem in distributed systems [27, 28]. GPUs processing short-output tasks must idle, waiting for
the one GPU handling a long-output "straggler,"[16] leading to catastrophic load imbalance and low
resource utilization. A large body of research has focused on optimizing this bottleneck, with notable
successes like the K/V cache management in vLLM [26] and I/O-aware kernels like FlashAttention
[29]. These works, however, aim to mitigate the cost of decoding. Our work diverges by proposing an
algorithm-system co-design: for the validation use-case, we eliminate the auto-regressive decoding
process entirely, thereby sidestepping the root cause of both high latency and system imbalance.

3 Validation Methodology

3.1 General Experimental Setup

To empirically compare Open-task and Closed-task validation, we conducted a comprehensive
Supervised Fine-Tuning (SFT) run. We trained a qwen3-VL-4B[30] model for 3100 steps on 16
A100 GPUs. The SFT data consisted of a curated mixture of over 5 million samples, blending
public benchmarks with large-scale, application-specific data. For our "gold standard" evaluation,
we used a large, held-out test set of 39.4k samples, composed of both proprietary, domain-specific
tasks and public benchmarks. This large-scale test set is unsuitable for frequent validation for two
critical reasons: 1) Using it for intermediate checkpoint selection would constitute data leakage,
compromising its ability to measure true generalization. 2) It is computationally prohibitive, requiring
two hours on 8 A100 GPUs for a single evaluation. Therefore, an efficient and reliable proxy is
essential.

To rigorously evaluate the correlation of any validation proxy, it is necessary to compare it against
the true model performance on our ’gold standard’ test set. However, a full evaluation on this
39.4k-sample set is computationally intensive, making it infeasible to run at every validation step.
Therefore, to construct a reliable ground-truth trajectory while balancing computational constraints,
we adopted a principled sampling approach. Specifically, we selected key checkpoints every 300
training steps and performed a full evaluation on the entire test set for these points alone. This process
generated the true performance curve depicted in green in Figure 1, providing a high-fidelity, albeit
sparse, benchmark against which we could quantitatively measure the correlation of our validation
proxies.

Our core experiment compares two distinct validation paradigms, which are applied to a custom-
curated validation set described below.

3.2 Validation Set Curation and Annotation

Our validation set was constructed by drawing samples from six diverse benchmarks: ChartQA
[31], InfoVQA [32], DocVQA [33], MathVista [34], MMVet [35], and VizWiz [36]. We utilized
data from the AutoConverter [19] framework and its related dataset VMCBench, which provides
open-ended questions and their corresponding multiple-choice (Closed-task) conversions. However,
only a small subset of this data (e.g., 50 samples per dataset) contained ground-truth labels. To build
a comprehensive validation set, we performed a new annotation step for the remaining samples. We
employed an external large model, Gemini-2.5-Pro[37] and GPT-4o[1], to generate the ground-truth
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Table 1: Composition of the 2,230-sample validation set, detailing the source datasets, sample counts,
and the metrics used for Open-Task evaluation.

Dataset Samples Open-Task Metric Closed-Task Metric

ChartQA[31] 450 Exact Match (Acc)

Exact Match (Acc)

InfoVQA[32] 450 ANLS
DocVQA[33] 450 ANLS
MathVista[34] 250 Exact Match (Acc)
MMVet[35] 180 LLM-as-Judge
VizWiz[36] 450 Exact Match (Acc)

answers. To maximize annotation accuracy, we provided the annotator model with the full context,
including both the original open-ended question and the context of the generated multiple-choice
options. This process yielded our final 2,230-sample validation set, whose composition is detailed in
Table 1.

3.3 Compared Validation Paradigms

Paradigm 1: Open-Task Validation (The Baseline). This represents the standard industry prac-
tice. For each validation sample, the model is prompted with the question and image, and it
auto-regressively decodes a free-form text answer. This generated text is then evaluated against
the ground-truth answers using task-specific metrics, such as Accuracy (Acc), Average Normalized
Levenshtein Similarity (ANLS), or an LLM-as-judge score. As established in our related work, this
paradigm is susceptible to both metric unreliability and system inefficiency.

Paradigm 2: Closed-Task Validation (Our Proposal). This is our proposed efficient and reliable
alternative. This paradigm utilizes the multiple-choice conversions (e.g., A, B, C, D) of the validation
questions. Crucially, we then bypass the auto-regressive decoding process entirely. We feed the
model the image and the question, appended with the options, and constrain its output to a single
token. We then directly inspect the model’s output probability distribution over the option tokens
(’A’, ’B’, ’C’, ’D’). The option with the highest probability is selected as the model’s answer.
This approach eliminates generation, instead measuring the model’s understanding and reasoning
capabilities directly.

4 Validation Results and Analysis

4.1 Finding 1: Closed-Task Validation is a Stable and Highly Correlated Proxy

Our first major finding addresses the challenge of metric reliability. A useful validation proxy
should provide a clear and interpretable signal of model progress, one that can be distinguished
from statistical noise. Our experiments reveal a stark contrast in this regard: while the signal from
Open-Task validation is often obscured by high variance, Closed-Task validation provides a far clearer
and more stable indicator of model improvement. We establish this conclusion by evaluating both
paradigms against two critical properties: stability and correlation.

The instability of Open-Task validation (red curves in Figure 1) is not an artifact of a single metric
but a systemic issue rooted in the open-ended paradigm itself. The core challenge lies in the vast and
unconstrained space of possible correct answers, which makes it exceedingly difficult for any metric
to provide a stable signal. Our experiments highlight this difficulty across a spectrum of evaluation
approaches. On datasets employing the stringent Exact Match (Acc) metric, such as ChartQA and
VizWiz, the signal exhibits extreme oscillations, where minor syntactic variations lead to drastic score
changes that could be misinterpreted as catastrophic forgetting. To mitigate this, one might turn to
more semantically lenient metrics like ANLS. Yet, on InfoVQA and DocVQA, while the volatility is
dampened, the signal remains fraught with high-frequency noise, still too erratic for reliable decision-
making. Even the most advanced approach, using a powerful LLM-as-judge for MMVet, fails to
resolve this fundamental issue. This progression of evidence compellingly demonstrates how the
inherent variability of open-ended generation makes it exceptionally challenging to establish a stable
and consistent evaluation signal. In stark contrast, our Closed-Task paradigm (blue curves) provides
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Figure 1: Performance comparison of validation paradigms across six datasets. The blue curve
(Closed-Task Acc) and red curve (Open-Task Acc) correspond to the left Y-axis (Acc / Score).
The green curve (Test Avg) represents the ’gold standard’ performance on a large test set and
corresponds to the right Y-axis (Test Avg) where applicable (e.g., in DocVQA and VizWiz). This
figure demonstrates two key findings: (1) The Closed-Task signal (blue) is exceptionally stable and
low-variance, while the Open-Task signal (red) is highly volatile. (2) The trend of the Closed-Task
signal (blue) closely mirrors the trend of the true Test Average (green), proving it is a far more reliable
proxy for model performance.

Figure 2: Quantitative correlation analysis of validation metrics as predictors of final test
performance. Each point represents a training checkpoint, plotting its average validation score
(X-axis) against its "gold standard" Test Average score (Y-axis). (Left) The Closed-Task validation
score exhibits a strong positive correlation (r = 0.798) with the Test Average, as indicated by the tight
clustering around the regression line. (Right) The Open-Task validation score shows no meaningful
correlation (r = 0.061), with data points scattered randomly. This analysis provides statistical
proof that Closed-Task validation is a highly reliable predictor of true model performance, whereas
Open-Task validation is not.

a universally stable and interpretable signal. Across all six datasets, regardless of the underlying task
complexity—from numerical reasoning in MathVista to chart parsing in ChartQA—the blue curve
demonstrates a smooth, low-variance, and monotonic improvement. By reformulating the task to
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eliminate generative stochasticity, we successfully filter out the noise and isolate a clear signal of the
model’s evolving capabilities.

However, a stable signal alone is insufficient. It must also be a faithful proxy for the model’s true
generalization performance—our ’gold standard’. A metric that is stable but uncorrelated is just
as misleading. A preliminary visual inspection in Figure 1 already offers compelling evidence. As
described in our experimental setup (Section 3.1), we generated a "gold standard" performance
trajectory (the green curve) by periodically evaluating key checkpoints on our full test set. On datasets
where the ’gold standard’ performance is plotted, such as DocVQA and VizWiz, the trend of our
Closed-Task metric (blue) closely mirrors the true test average. Both curves capture the same learning
dynamics, from rapid initial improvement to eventual convergence. The Open-Task metric (red),
conversely, shows no discernible relationship to the ground truth. Figure 2 provides the definitive
statistical verdict. The right panel demonstrates that the Open-Task validation score is a failed proxy.
With a Pearson correlation coefficient of merely r = 0.061, the relationship between the metric and
true performance is statistically negligible. The scattered data points confirm that this metric offers
no predictive power. Conversely, the left panel confirms that our Closed-Task validation score is a
highly reliable proxy. The strong positive correlation r = 0.798 and tightly clustered data points
indicate that a higher score on our validation set is a robust predictor of superior performance on the
final, held-out test set.

In conclusion, the Closed-Task paradigm successfully passes both critical tests of a reliable validation
proxy: it provides a stable, low-noise signal of progress and is strongly correlated with true model
performance. This finding empirically validates it as a statistically superior "compass" for VLM
training, replacing a misleading and volatile indicator with a dependable and predictive one.

4.2 Finding 2: Closed-Task Validation is Orders-of-Magnitude More Efficient

Figure 3: Efficiency analysis of the Closed-Task versus Open-Task validation paradigms. (a)
Per-request latency breakdown, showing the Closed-Task paradigm achieves a 91% latency reduction
by almost entirely eliminating the expensive auto-regressive Decode phase. (b) A histogram of output
token lengths reveals the Open-Task paradigm suffers from a long-tail distribution—including "output
collapse" (the spike at 512 tokens)—while the Closed-Task output length is fixed and predictable. (c)
GPU load balance comparison in an 8-GPU parallel setting. The long tail from (b) causes a severe
"straggler" problem for the Open-Task (red bars), leading to massive GPU Waiting (hatched) and low
system utilization. In contrast, the Closed-Task (blue bars) achieves near-perfect load balance and
maximum throughput.

Having established the statistical reliability of our paradigm (Finding 1), we now address the second
critical challenge: system efficiency. We conducted a comprehensive and detailed empirical analysis
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of the validation performance characteristics of the two paradigms during the training process. The
results are illustrated in Figure 3. The primary culprit for inefficiency in the standard paradigm is
auto-regressive decoding, a sequential and memory-bandwidth-bound process. Figure 3(a) provides
a stark quantification of this bottleneck. The Open-Task paradigm (Figure 3(a), red bar) incurs an
average end-to-end latency of 4.29 seconds per sample. The latency breakdown definitively shows
that the vast majority of this time is consumed by the Open-Task - Decode phase (red-hatched
component). In stark contrast, our Closed-Task paradigm (blue bar) averages only 0.35 seconds. By
reformulating the problem to a probabilistic check rather than a generative one, we almost entirely
eliminate the auto-regressive decode step. This algorithmic shift yields a 91% reduction in latency,
translating to a greater than 10x single-sample speedup.

his dramatic reduction in validation latency has profound practical implications. In a resource-
intensive training environment, minimizing validation overhead directly increases the proportion of
available GPU-hours dedicated to effective training. Furthermore, this efficiency gain allows for
significantly more frequent validation intervals (e.g., validating every 100 steps instead of every
1000). This enables researchers to perform finer-grained monitoring of training dynamics and model
convergence, allowing for earlier detection of issues like overfitting or divergence and providing a
high-resolution signal for checkpoint selection.

However, the high average latency quantified in Figure 3(a) represents only one facet of the in-
efficiency. A more insidious system-level challenge stems from the stochastic variability of the
decoding time, the statistical properties of which are revealed in Figure 3(b). This histogram plots the
output token length distribution. The Open-Task distribution (Figure 3(b), red histogram) exhibits a
pronounced long-tail. While many requests are of moderate length, a statistically significant portion
requires extensive generation. This distribution is further characterized by an anomalous spike at
the 512-token cutoff. This spike is a statistical artifact symptomatic of "output collapse," a known
degenerate behavior in auto-regressive models, particularly prevalent during early training phases.
This phenomenon manifests as the model regressing into a high-frequency pattern loop, failing to
generate a coherent response or an End-of-Sequence (EOS) token. As a result, the decoding process
does not terminate naturally and is instead truncated upon reaching the pre-configured max_tokens
threshold, which directly explains the observed spike at that value. Conversely, the Closed-Task
distribution (Figure 3(b), blue histogram) is deterministic and unimodal, consisting of a single mass
point at 1 token. This stochastic, heavy-tailed workload characteristic of the Open-Task paradigm
presents a fundamental obstacle to efficient parallel processing.

Figure 3(c) provides a direct visualization of this system-level consequence, often referred to as the
’straggler problem’[16] and this phenomenon is mathematically predictable by queueing theory [38].
In any data-parallel system where the total wall-clock time is defined by the max() of all worker
completion times, a high-variance task distribution (as seen in Figure 3(b)) mathematically guarantees
severe load imbalance. The total completion time is dominated not by the average-case, but by
the statistically probable worst-case ’straggler’ tasks drawn from the distribution’s tail. This forces
’lucky’ GPUs to remain idle, creating the significant GPU Waiting (hatched) area. Quantitatively,
this imbalance is severe: for the Open-Task (red bars), the maximum GPU waiting time accounts
for over 40% of the total wall-clock time. Conversely, the deterministic, zero-variance workload of
our Closed-Task paradigm (Figure 3(b), blue histogram) eliminates this stochasticity. This results
in near-perfect load balance and minimal idle time, as evidenced by the uniform blue bars in 3(c),
where the maximum waiting time is kept well within 10% of the total runtime.

5 Limitations

While our findings present a strong case for the Closed-Task validation paradigm, we acknowledge
several limitations that warrant consideration.

First, the efficacy of our paradigm is inherently linked to the quality of the multiple-choice conversion.
The process of transforming open-ended questions into a high-quality, multiple-choice format with
plausible distractors is non-trivial. Poorly constructed options could lead to an inaccurate or overly
simplistic assessment of a model’s capabilities. Although we utilized a powerful external model for
this task, the methodology’s performance remains dependent on the quality of this conversion step.

Second, our method is designed to evaluate a model’s discriminative understanding and reasoning
abilities—its capacity to identify the correct answer from a given set of options. However, it does
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not directly assess its generative fluency, creativity, or ability to formulate answers from scratch. A
model could be proficient at selecting the correct option but still struggle with generating coherent,
well-formed answers in a truly open-ended setting. Therefore, our validation proxy should be viewed
as a powerful tool for tracking training progress, but not as a complete replacement for all forms of
qualitative or generative evaluation, especially for final model assessment.

Finally, our empirical findings are based on the training trajectory of a single model architecture.
While the underlying principles of our methodology are model-agnostic, further studies across diverse
model families, scales, and training regimes would be necessary to fully establish the universal
applicability of our conclusions.

6 Conclusion

This paper identifies key methodological limitations in standard open-ended VLM validation, high-
lighting its statistical unreliability from volatile metrics with negligible correlation to true performance,
and its systemic inefficiency stemming from high latency and poor load balancing. Our proposed
Closed-Task paradigm resolves these issues by bypassing auto-regressive decoding. This yields a
stable, highly-correlated evaluation signal, an orders-of-magnitude efficiency gain, and near-perfect
system utilization. Ultimately, this work provides a robust methodology that bridges the gap between
rapid engineering iteration and reliable scientific measurement, offering a more effective ’compass’
for future VLM research.
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