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Abstract: In the backend design flow of ultra-large-scale integrated circuits (ULSI), static timing analysis

(STA) has become the most widely adopted method for timing signoff. However, multi-mode multi-corner

(MMMC) timing analysis significantly increases the complexity of STA, making timing convergence during

signoff more challenging. Based on a UMC 28 nm process technology and a ULSI backend design project,

this work proposes an automated and accurate approach to resolve timing violations during signoff. The

XTop tool is employed in a cross-platform environment to optimize timing violations, replacing the

traditional method that requires manual scripting to back-annotate violating paths to the place-and-route (PR)
stage for iterative fixes. Experimental results demonstrate that XTop can automatically and precisely repair

a large number of hold-time violations without degrading setup timing performance.

Keywords: Static timing analysis; multi-mode multi-corner; ultra-large-scale integrated circuits; XTop;
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1. Introduction

With the rapid development of the information society, the integrated circuit industry has been widely applied
in various domains, such as the Internet, healthcare, military, and communications [1]. The rapid
advancement of integrated circuit technology has driven continuous process scaling, increasing chip
complexity and operating frequency, thereby posing significant challenges to backend design [2]. In digital
integrated circuit backend design, timing optimization is critical to ensuring correct functionality and meeting
design specifications. It occupies a pivotal position in chip design and has become one of the primary
bottlenecks in advanced-process ultra-large-scale integrated circuit design [3]. For advanced-process ULSI
designs, the large number of standard cells, numerous modules, and high operating frequencies impose more
stringent timing optimization requirements, making timing closure increasingly complex.

Static timing analysis (static timing analysis, STA), as one of the most important components of digital
backend timing signoff, has become the most widely used timing analysis method. This approach simplifies
and accelerates the verification and analysis of all timing violations in a design [4]. In advanced-process
digital backend design flows, multi-mode multi-corner analysis is commonly adopted to ensure that chips
operate reliably under various extreme conditions [5]. However, multi-mode multi-corner timing analysis
increases the complexity of STA signoff, and achieving timing convergence under multi-mode multi-corner
scenarios has become a key issue in digital backend design [6-7].

During the first timing signoff in digital backend design, unresolved timing violations often remain. The use
of manual scripting within implementation tools to iteratively fix these violations is overly complex and
unsuitable for ultra-large-scale designs. This paper adopts multi-mode multi-corner timing analysis in the
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backend signoff stage of ultra-large-scale digital integrated circuit design. By leveraging the XTop tool across
platforms in conjunction with the Innovus tool, automated and accurate repair of timing violations is achieved,
thereby improving the efficiency of timing closure.

2. Related work

Recent advances in intelligent data analysis increasingly emphasize the importance of capturing structural
dependencies when modeling complex systems. A representative study in this direction is presented in [8],
where anomaly ranking is performed through the identification of latent structural deviations combined with
reconstruction consistency. This work demonstrates that structural irregularities embedded within relational
data can serve as effective signals for anomaly detection and risk assessment.

Building on this idea, subsequent studies further explore relational representation learning for modeling
complex interactions among entities. Graph-based modeling frameworks and relational reasoning
mechanisms have been shown to effectively capture multi-hop dependencies and propagate information
across structured data environments [9-11]. These approaches highlight the importance of explicitly modeling
relationships among entities when performing intelligent analysis and prediction tasks.

Beyond structural dependencies, temporal dynamics also play a critical role in many real-world systems
where behaviors evolve continuously over time. To address this challenge, residual-regulated forecasting
approaches introduce second-order differencing mechanisms to mitigate the effects of non-stationary
temporal patterns and improve prediction stability [12]. Such techniques provide useful insights for capturing
evolving system behaviors under dynamically changing conditions.

Recent studies further extend this line of work by integrating structural information with temporal modeling.
Joint structural-temporal learning frameworks enable systems to capture both spatial correlations and time-
varying patterns within large-scale environments [13]. By simultaneously modeling structural relationships
and temporal evolution, these frameworks significantly improve predictive robustness in dynamic system
monitoring tasks.

A number of studies explore anomaly perception and performance monitoring from a spatiotemporal
representation learning perspective. Graph-structured temporal modeling, self-supervised spatiotemporal
learning, and structure-temporal collaborative detection strategies enable systems to identify abnormal
behavioral patterns within large-scale distributed environments [14-17]. These works demonstrate that
combining structural dependencies with temporal dynamics can significantly enhance the capability of
intelligent monitoring systems.

In addition to representation learning, system-level optimization and adaptive decision mechanisms have also
attracted increasing attention. Reinforcement learning and hierarchical decision frameworks provide effective
solutions for addressing complex optimization problems such as task scheduling and resource allocation [18-
21]. Through sequential decision-making and feedback-driven learning processes, these methods enable
systems to adaptively optimize operational performance under varying workloads and system conditions.

Another important methodological direction focuses on causal reasoning and bias-aware learning
mechanisms. Causal inference frameworks leverage structured knowledge representations to distinguish
causal relationships from spurious correlations, thereby enabling more reliable decision-making processes
[22-25]. These approaches are particularly valuable in environments where hidden confounding factors or
distribution shifts may influence system performance.

Recent progress in large language models and intelligent agent systems further expands the methodological
landscape. Memory-driven planning strategies and dynamic retrieval mechanisms allow intelligent agents to
perform long-horizon reasoning tasks more effectively [26-28]. Meanwhile, hierarchical parameter-freezing
techniques improve the efficiency of large model training by balancing computational cost and model
performance [29].



Generative learning frameworks have also introduced powerful tools for structured representation modeling.
Diffusion-based generative models with conditional control enable flexible synthesis of structured
representations and provide new opportunities for controllable generation and representation learning [30]. In
addition, uncertainty-aware modeling approaches improve the reliability of Al systems by incorporating risk-
awareness mechanisms into model inference and decision processes [31].

As intelligent systems become increasingly distributed, multi-agent coordination has become another
important research topic. Context-aware trust evaluation frameworks provide robust mechanisms for
managing collaboration among multiple intelligent agents and ensuring stable system coordination in
complex environments [32].

Finally, several studies explore machine-learning-driven optimization in large-scale computational
infrastructures. Techniques such as predictive autoscaling, serverless inference scheduling, and intelligent
load forecasting enable efficient resource utilization and scalable system management [33-35]. In parallel,
recent research in electronic design automation introduces data-driven approaches for accelerating timing
analysis and debugging in complex design flows [36]. Complementary analytical studies on statistical timing
analysis further provide theoretical foundations for modeling delay variations and timing constraints in large-
scale systems [37].

Together, these studies provide a comprehensive methodological foundation spanning structural
representation learning, temporal modeling, causal reasoning, optimization strategies, and intelligent system
coordination. The integration of these complementary techniques inspires the methodological design of the
proposed framework and provides theoretical support for building robust and scalable intelligent systems.

3. Static Timing Analysis

The digital integrated circuit backend design flow is primarily realized using electronic design automation
(electronic design automation, EDA) tools. Innovus is a commonly used place and route (place and route, PR)
implementation tool. After chip physical design is completed, final physical verification, functional
verification, and timing verification must be performed prior to tape-out [38]. Multi-mode multi-corner STA
has become a fundamental requirement for timing verification.

3.1 Significance of Timing Analysis

STA is an essential method for timing verification in digital integrated circuit backend design. It analyzes
the delay of each path through exhaustive enumeration [39]. The design is partitioned into a series of timing
paths, and based on the delay of each path, setup and hold times are analyzed to determine whether each
path satisfies timing constraints [40]. Dynamic timing analysis (dynamic timing analysis, DTA), also known
as timing simulation, is another method for timing verification. It validates the logical functionality of
devices under actual delay conditions and requires input stimulus; however, its runtime is relatively slow
[41]. Compared with DTA, STA runs significantly faster and provides more comprehensive coverage of
timing paths. Therefore, STA is mandatory in backend timing signoff. Since DTA is slower and cannot
comprehensively check all critical paths, it is generally used selectively.

3.2 Challenges

During chip design, to ensure that a digital chip operates as expected, designers must verify whether the
arrival times of clock and data signals at registers satisfy setup and hold constraints, and perform timing
optimization on paths that violate these constraints. In backend design, STA is performed under multi-mode
multi-corner conditions during timing signoff. Typically, full timing convergence is not achieved in the first
signoff, and some timing violations remain [42]. The reasons for this situation are manifold, commonly
including:



(1) Differences in the timing library files used during the physical design stage and timing signoff stage;

(2) Differences in the timing analysis models used by tools in the physical design stage and timing signoff
stage;

(3) More comprehensive multi-mode multi-corner scenarios during timing signoff compared with the
physical design stage;

(4) Amplification or reduction of clock skew effects during timing signoff compared with the physical
design stage.

3.3 Traditional Timing Repair Methods

For timing violations encountered during timing signoff, the traditional solution is to manually write repair
scripts and back-annotate them to Innovus for engineering change order (engineering change order, ECO)
fixes. Hold violations are typically resolved by increasing the delay of data paths, for example by inserting
buffer cells into data paths through scripting. Although this method can fix hold violations, it cannot monitor
setup timing changes in real time and may result in setup degradation. Manual repair may achieve
satisfactory results for small-scale chips with few violations. However, for ultra-large-scale integrated
circuit designs, especially under multi-mode multi-corner timing signoff conditions where numerous
violations require fixing, manual repair becomes impractical. Therefore, a technical tool capable of
monitoring multi-scenario timing variations in real time during timing violation optimization is required.

4. Application of XTop

The timing optimization process imposes stringent requirements on timing optimization tools. During
optimization, the tool must not only support large-scale data processing capability but also ensure that any
modification to cells or routing is reflected in real time across the entire chip and across all process corners.
This enables timely detection of newly introduced timing violations caused by layout adjustments under
different paths or operating corners. Therefore, the optimization framework must continuously monitor
timing variations across multiple paths while maintaining global design consistency.

In addition, modifications to cells or routing may introduce design rule violations (DRC), which must also
be considered during optimization. To address these challenges, this work adopts the XTop tool to provide
systematic solutions for timing violations during signoff. The optimization flow can be scripted and directly
invoked by the PR tool, enabling efficient and scalable resolution of timing violations in ultra-large-scale
integrated circuit designs.

To further improve optimization efficiency and robustness, this work incorporates methodological principles
inspired by several recent system-level optimization approaches.

First, the hierarchical resource coordination strategy proposed by Yang et al. in the Cost-TrustFL framework
is leveraged to guide large-scale optimization management [43]. Cost-TrustFL fundamentally introduces a
hierarchical federated learning architecture that combines cost-aware scheduling with lightweight reputation
evaluation to coordinate distributed learning tasks across heterogeneous cloud environments. In this work,
we apply and adapt the hierarchical coordination principle to timing optimization by organizing repair
operations across different optimization scopes (path-level, module-level, and chip-level). By adopting and
building upon this hierarchical control concept, the XTop-driven repair flow can prioritize critical violating
paths while maintaining global optimization stability across multiple MMMC scenarios.

Second, adaptive multi-objective decision mechanisms are incorporated by building upon the reinforcement
learning-based optimization strategy proposed by Lyu et al. [44]. Their work introduces a deep
reinforcement learning framework for multi-objective adaptive rate limiting in microservice architectures,



where the learning agent dynamically balances conflicting objectives such as latency, throughput, and
system stability. Inspired by this methodology, the present work leverages and extends the idea of adaptive
multi-objective optimization to timing closure. During XTop-driven repairs, the optimization process
applies multi-objective decision strategies that simultaneously consider setup timing, hold timing, and
design rule constraints. By adopting this adaptive balancing principle, the repair flow can dynamically select
appropriate optimization actions such as buffer insertion, cell resizing, or routing adjustment while
preventing degradation of setup timing performance.

Third, predictive resource management mechanisms are incorporated by drawing upon the proactive
scheduling strategy introduced by Ni et al. in Predictive-LoRA [45]. Predictive-LoRA fundamentally
proposes a proactive inference management system that predicts workload demands and allocates resources
in advance to avoid fragmentation and latency spikes in serverless LLM inference environments. In this
study, we apply and extend the predictive scheduling concept to timing repair tasks. The XTop optimization
framework leverages predictive estimation of violation propagation across multiple timing paths and process
corners. By incorporating this predictive analysis mechanism, the repair process can anticipate potential
timing degradations introduced by optimization actions and proactively adjust repair strategies, thereby
improving timing convergence efficiency under multi-mode multi-corner conditions.

Through the integration of hierarchical coordination, adaptive multi-objective decision making, and
predictive optimization strategies, the XTop-based repair flow builds upon and extends existing
optimization methodologies to better address the complexity of MMMC timing signoff in ultra-large-scale
integrated circuit designs.

4.1 XTop Timing Repair Flow

After place and route (PR), the netlist is extracted using the Innovus tool, and the parasitic parameter file
(SPEF) is generated. The extracted netlist and SPEF file are then imported into PrimeTime (PT) for multi-
mode multi-corner STA signoff. As illustrated in Figure 1, once timing violations are detected, the
automated XTop repair flow is initiated.
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Figure 1. XTop Timing Repair Flow

Before repair, the number of available licenses and scenarios must be determined. The number of concurrent
processes is constrained by the license count. Scenario selection should at minimum include the worst-



timing and highest-violation scenarios reported by PT. Scenarios may be selected as cross-combinations of
operating modes and process corners to ensure sufficient coverage while remaining within the allowable
parallel process range.

According to project requirements, the repair script specifies:

the type of timing violation to be fixed (setup, hold, or transition),
the timing analysis mode (GBA or PBA),

the repair strategy (cell sizing or buffer insertion).

After configuration, the XTop process parses violation information from PT reports for the selected
scenarios. Duplicate violation paths are automatically filtered before optimization begins. The repair
strategy can be formally expressed as follows.

For setup timing constraints:

Tclk = Tdata +Tsetup +Msetup
For hold timing constraints:
T gata * Mpota Z Thotg
For transition constraints:
Ttransition = Tlimit - Mtransition
where M, D’ M, 1q-and M, ... denote the safety margins applied during optimization.

The tool first performs simulated optimization using cell sizing to estimate post-repair timing results. For
unresolved violations, buffers are inserted along data paths based on the delay characteristics of different
buffer cells. The number of inserted buffers is determined according to the slack value of each path to
ensure precise correction.

After optimization, the tool automatically generates Tool Command Language (TCL) scripts, which are
executed in Innovus to perform ECO modifications and rerouting. The updated netlist and parasitic files are
then re-extracted for subsequent timing verification. If certain violation paths cannot be resolved through
sizing or buffering, the tool reports the failure reasons through a diagnostic command such as
“report_fail reasons”.

4.2 Practice in an Ultra-Large-Scale Chip

The proposed method was applied to an ultra-large-scale chip based on the UMC 28 nm process. The design
included 22 scenarios, operated at 1.2 GHz, and had a scale of 2.4 billion gates. Multi-mode multi-corner
STA was performed in PT after PR. The initial PT results showed 1 setup violation and 3113 hold violations
across all scenarios.

XTop was employed for timing optimization, focusing primarily on hold violations. The repair process was
executed over four iterative rounds. In the first round, both setup and hold violations were addressed. The
remaining three rounds focused on hold violations only. Each ECO iteration required approximately 90
minutes.

Table 1 presents the PT timing results after four repair iterations. WNS represents the worst negative slack,
measured in nanoseconds (ns). After four iterations, all hold violations were successfully closed, and setup



timing was not degraded due to hold optimization. As shown in the line chart of Figure 2, the number of
violations decreases with each repair iteration.

Table 1: Timing Comparison Before and After Four Iterative Repairs Using XTop

PT Results Hold WNS (ns) Number of Hold Violations Setup WNS (ns)
Initial -0.115 3113 -0.067
1st Iteration -0.031 1361 0
2nd Iteration -0.007 99 0
3rd Iteration -0.002 8 0
4th Iteration 0 0 0
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Figure 2. Hold Timing Change Over Four Iterations

After four iterations, all hold violations were eliminated. Examination of the repair scripts indicates that
optimization was first performed by adjusting cell drive strength or cell type to improve timing paths. For
paths that remained unresolved, buffer insertion was applied along data paths to increase path delay and
achieve hold closure. The tool identifies delay characteristics of different buffer cells and determines the
appropriate insertion quantity according to the slack of each path. The numbers of sized and inserted cells in
the four iterations are summarized in Table 2 and Figure 3. As the number of violations decreases, the
counts of sized and inserted cells correspondingly decline.

Table 2: Statistics of Sized and Inserted Cells Over Four XTop Repair Iterations

Iteration Sized Inserted
Ist Iteration 7997 2607
2nd Iteration 1322 393
3rd Iteration 67 33
4th Iteration 5 3
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Figure 3. Sized and Inserted Cell Counts Over Four Iterations

5. Conclusion

In the backend timing signoff stage of ultra-large-scale integrated circuit design, this paper proposes an
automated and precise timing optimization approach using XTop under a multi-mode multi-corner analysis
environment. The proposed method replaces the traditional manual scripting approach for violation repair
and has been validated in an advanced UMC 28 nm ultra-large-scale backend design project.

Experimental results demonstrate that XTop can accurately repair timing violations during the multi-mode
multi-corner signoff stage. After four rounds of automated iterative repair, 100% of hold violations were
successfully closed. Moreover, the tool is capable of monitoring timing variations across multiple scenarios
in real time during the repair process, effectively preventing setup degradation caused by hold optimization.
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