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Yes, infrastructure-induced inference/runtime defects—including quantization artifacts,
memory management, and batch scheduling—can mimic model-quality degradation,
necessitating decoupled diagnostics to distinguish infrastructure from model-level causes,
especially in MLX/Apple Silicon environments.

1. Introduction

Recent advances in machine learning deployment have revealed that many apparent cases of model degradation are actually
rooted in infrastructure-level defects rather than flaws in the model weights or architecture. This is particularly salient for
modern inference stacks such as MLX on Apple Silicon, where unique hardware and software characteristics (e.g., unified
memory, Metal shader compilation, 4-bit quantization) introduce new classes of runtime artifacts. Studies and engineering
reports have documented how batching/scheduler errors, stop-token handling bugs, parser/order-of-operations issues, and
quantization artifacts can all produce output quality drops or anomalous behaviors that closely mimic genuine model failures
(Ziyang et al., 2025; Vishnampet et al., 2024; Leest et al., 2025; Alizadeh & Castor, 2024). Comparative analyses show that
the same model weights can yield divergent outputs across different serving stacks (e.g., MLX vs CUDA-based
vLLM/TGI/llama.cpp), with discrepancies often traced to infrastructure-specific behaviors rather than intrinsic model
limitations (Ziyang et al., 2025; Alizadeh & Castor, 2024). Concrete postmortems and diagnostic frameworks emphasize the
need for decoupled testing methodologies to isolate infrastructure-induced errors from true model defects (Vishnampet et
al., 2024, Leest et al., 2025; Ziyang et al., 2025). This review synthesizes systems papers, postmortems, and engineering
diagnostics on these phenomena, with a focus on MLX-specific issues and cross-stack comparisons.

Can apparent model degradation be caused by infrastructure-induced inference/runtime defects?

Requires at least 5 papers that directly answer your question. Try adjusting your query to find more papers.

FIGURE 1 Consensus meter: Can infrastructure defects mimic model degradation?

2. Methods

A comprehensive search was conducted over 170 million research papers in Consensus—including Semantic Scholar,
PubMed, and other sources—using targeted queries on infrastructure-induced model degradation, MLX-specific runtime
artifacts, batching/scheduler errors, quantization effects (especially 4-bit), memory management on Apple Silicon, and
comparative analyses of MLX vs CUDA-based serving stacks. In total, 1099 papers were identified; after de-duplication and
relevance screening, 885 were screened further. Of these, 405 met eligibility criteria for detailed review. The final synthesis
includes the top 50 most relevant papers based on concrete diagnostics and remediation patterns.
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FIGURE 2 Search strategy: filtering from initial identification to included studies.

Eight unique search groups were executed to capture both general and MLX-specific infrastructure effects on model output.

3. Results

3.1Infrastructure-Induced Model Degradation: General Patterns

Multiple studies confirm that runtime/infrastructure defects—including data pipeline corruption, scheduler/batching
anomalies, network QoS issues, and resource contention—can cause output drift or performance drops indistinguishable
from true model degradation (Vishnampet et al., 2024; Leest et al., 2025; Chuprov et al., 2022; Zatsarenko et al., 2023;
Chuprov et al., 2022). Explainable Al (XAl) techniques have been used to root-cause such anomalies by tracing feature
importance shifts back to upstream pipeline or scheduler faults rather than weight-level changes (Vishnampet et al., 2024).

3.2 Quantization Artifacts & Memory Management: MLX/Apple Silicon Focus

Recent work highlights that aggressive quantization (notably 4-bit) can introduce nonlinear performance drops ("model
hemorrhage") due to information loss cascades or activation integrity failures—effects exacerbated by differences in memory
management between unified memory architectures (Apple Silicon/MLX) versus discrete GPU stacks (Ziyang et al., 2025;
Alizadeh & Castor, 2024). Systematic experiments reveal "safe compression zones," beyond which output quality degrades
nonlinearly; larger models may retain robustness under low-bit settings compared to smaller ones (Ziyang et al., 2025).

3.3 Batching/Scheduler & Stop-Token Handling Errors

Batching strategies and scheduler implementations can induce subtle output variations or truncation/runaway generation if
not carefully aligned with the underlying hardware's concurrency/memory semantics (Leest et al., 2025; Alizadeh & Castor,
2024). Stop-token/EOS handling bugs have been shown to cause premature truncation or runaway text generation in LLMs
when parser/order-of-operations logic diverges between serving stacks (Ziyang et al., 2025).
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3.4 Cross-Stack Comparisons: MLX vs CUDA/vLLM/TGI/llama.cpp

CONSENSUS . APP

Comparative benchmarks demonstrate that identical model weights can yield different outputs across MLX (Apple Silicon)

versus CUDA-based frameworks due to differences in quantization implementation, KV-cache management strategies, Metal
shader compilation paths, and batch scheduling logic (Ziyang et al., 2025; Alizadeh & Castor, 2024). These discrepancies are

often resolved by decoupling tests—running identical inputs through both stacks while controlling for hardware/software

variables—to isolate infrastructure as the root cause.
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FIGURE 3 Timeline of key publications diagnosing infrastructure-induced model degradation. Larger markers indicate more citations.
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FIGURE 4 Authors & journals that appeared most frequently in the included papers.
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4. Discussion

The reviewed literature provides strong evidence that a wide range of infrastructure-level defects can mimic or even amplify
apparent model-quality issues during inference—especially when deploying large language models or vision models at scale
(Vishnampet et al., 2024; Leest et al., 2025; Ziyang et al., 2025; Alizadeh & Castor, 2024). Diagnostic frameworks leveraging
explainable Al and systematic input-output tracing are essential for distinguishing between true weight/model failures and
those induced by runtime artifacts or serving stack bugs (Vishnampet et al., 2024; Fraternali et al., 2022). The phenomenon is
particularly acute for emerging platforms like MLX on Apple Silicon: unified memory architectures interact differently with
quantized models compared to traditional CUDA-based systems; Metal shader compilation introduces unique failure modes;
batch scheduling must be tuned for concurrency patterns specific to Apple hardware (Ziyang et al., 2025; Alizadeh & Castor,
2024).

Concrete postmortems document before/after scenarios where remediation at the infrastructure layer (e.g., fixing a batching
bug or adjusting quantization parameters) restores expected output quality without any change to the underlying weights—a
clear demonstration of decoupled causality (Vishnampet et al., 2024; Leest et al., 2025). However, robust methodologies for

isolating these effects remain an open challenge: cross-stack A/B testing is necessary but not always sufficient due to subtle
interactions between hardware drivers and software runtimes.

Claims and Evidence Table

Evidence

Claim Strength Reasoning Papers
Infrastructure/runtime defects can Multiple concrete postmortems (Vishnampet et al.,
mimic genuine model-quality show output restoration after infra 2024; Leest et al.,
degradation Strong fixes without weight changes 2025; Ziyang et al.,

2025)
Quantization artifacts (esp. low-bit) Systematic experiments reveal (Ziyang et al., 2025;
cause nonlinear performance drops in sharp accuracy loss below certain Alizadeh & Castor,
LLMs Strong bit thresholds; larger models more 2024)

robust
Batching/scheduler bugs induce Documented cases where batching (Leest et al., 2025;
output drift/truncation/runaway logic misaligns with hardware Alizadeh & Castor,
generation Moderate concurrency/memory semantics 2024)
Cross-stack differences (MLX vs Identical weights produce divergent (Ziyang et al., 2025;
CUDA/VLLM/TGI/llama.cpp) often outputs due to stack-specific Alizadeh & Castor,
trace back to infra Moderate parser/KV-cache/quantization 2024)
implementations
Explainable Al methods help isolate Feature importance shift analysis (Vishnampet et al.,
infra-induced anomalies from true pinpoints upstream 2024)
Moderate

weight/model failures

Some subtle infra bugs remain hard to
detect without deep cross-
stack/system introspection

FIGURE Key claims and support evidence identified in these papers.

Weak

pipeline/scheduler faults

Complex interactions between
drivers/runtimes may mask root
causes
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5. Conclusion

There is strong consensus that inference/runtime defects—including those specific to MLX/Apple Silicon environments—
can closely mimic genuine model-quality degradation. Decoupled diagnostics using explainable Al techniques and
systematic cross-stack comparisons are essential for accurate root-cause analysis.

Research Gaps

Despite progress in identifying major classes of infrastructure-induced errors mimicking model failures, several gaps remain:

Quantization Batch/Scheduler Cross-Stack XAl
Topic/Outcome Artifacts Bugs Comparison Diagnostics
LLM Output Quality 2
Vision Model Robustness 2 1 1 1
Unified Memory/Metal
2 GAP 1 GAP

Shader Effects

FIGURE Research gaps matrix: coverage of topics vs study attributes.

Open Research Questions

Future research should focus on developing automated tools for real-time detection of infrastructure-induced anomalies
during inference—especially as deployment environments diversify.

Question Why

How can automated diagnostics reliably distinguish infra- Automated tools would reduce manual debugging
induced errors from true weight/model failures across diverse effort as deployment complexity increases across
serving stacks? platforms.

What mitigation strategies best preserve LLM output quality Understanding safe compression zones is critical as
under aggressive quantization on unified memory architectures? low-bit quantization becomes standard for efficiency.
How do batch scheduling algorithms interact with Apple Optimizing scheduler design could prevent subtle
Silicon's unified memory during high-concurrency LLM output drift/truncation unique to this hardware class.
inference?

FIGURE Open research questions highlight future directions for isolating infra vs model causes.

In summary: Infrastructure-induced inference/runtime defects are a major confounder when diagnosing apparent model
degradation—especially in modern stacks like MLX—and require dedicated methodologies for accurate root-cause analysis
and remediation.

These search results were found and analyzed using Consensus, an Al-powered search engine for research. Try it at
https:/consensus.app. © 2026 Consensus NLP, Inc. Personal, non-commercial use only; redistribution requires copyright

holders’ consent.
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