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            Abstract
          
        

        
          This study disaggregates the global and local components of solar and wind technologies to reflect global and local learning-by-doing in a CGE framework. Following previous studies and using international databases, this study extends the UNICON-G-CGE model to incorporate productivity improvements from the deployment of solar and wind technologies for globally traded and locally provided components. The global CGE model is established based on the GTAP 11 Power database. Additionally, the SSP 2 scenario is utilized for calibration, and the NGFS emission pathway is used to derive economy-wide carbon prices. In this study, learning is implemented as a productivity gain linked to global or regional cumulative production. This study establishes scenarios with different learning assumptions (no learning, single global learning, and joint local and global learning). The results indicate that single global learning, which is used in many CGE studies, can exaggerate the scale of renewable expansion and economic benefits relative to joint local and global learning. This study underscores the advantage of accelerating local learning and local capacity—through capacity building, reducing administrative costs and processes, and enhancing local experiences—alongside technology development.
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      1. Introduction
      A number of countries have been making efforts to establish their Nationally Determined Contributions (NDCs), targeting the year 2035 or later. At COP (Conference of the Parties) 28, the Parties reaffirmed that global net-zero greenhouse gas (GHG) emissions by 2050 and at least reaching a 60% reduction of GHG emissions by 2035 are necessary to limit global warming to 1.5 degrees.[1] To achieve such ambitious targets, the Parties agreed on tripling global renewable energy capacity, and this indicates that the global transition to renewable energy is crucial and inevitable. At the same time, it becomes more important to understand the expected economic impacts of such transitions. For economic impact analysis, the computable general equilibrium (CGE) models are widely used, and the modeling approach of technology development is highly relevant and important. From IRENA, 2025,[2] the levelized cost of electricity of solar PV and onshore wind declined by 90% and 70%, respectively, from 2010 to 2024. To do so, the concept of technological learning that the costs of renewable technologies decline as cumulative experience and deployment increase is widely used, and it is commonly referred to as “learning-by-doing.” The concept of learning by doing has been studied for decades. A single-factor learning-by-doing is a classic approach where unit costs decline as cumulative capacity or production increases, and it is often expressed as Cost = a (Cumulative Capacity or Production)-b, where b refers to the learning parameter. This approach includes all drivers of renewable energy cost changes into the experience proxy, which can lead to omitted-variable biases, and the parameter can be sensitive to the estimated data, time period, and model formulation. Despite those limitations, it is easy to apply to models and analyze policy impacts. To overcome such limitations, some studies provide two-factor learning curves, but a limited number of models have adopted this approach. Shi et al., 2023[3] apply the learning-by-doing concept in the recursive dynamic CGE model of China and analyze the carbon tax revenue recycling to the renewable energy generation. It assumes the carbon tax revenue is provided to renewable energy sectors, particularly solar and wind, as a subsidy. The study found that a higher learning rate with subsidies can bring positive GDP growth in China. Luderer et al., 2015[4] explained the modeling approach of the technology development in the REMIND model. The REMIND Model indicates that endogenous technological change through the learning component is applied to renewable and innovative technologies. This model includes global learning curve to reflect the international knowledge spillovers and technological development. Gao et al., 2024[5] include technological advancement in the Chinese CGE model and examine the effects of sustainable energy and technological development, as well as carbon taxes. It indicates that technological progress can reduce the carbon tax levels and positively contribute to the energy transition. Beck et al., 2018[6] assessed the benefits of renewable energy support through learning-by-doing in Ontario, Canada, based on a CGE analysis. To reflect learning externalities, the study considered the learning effects of the balance-of-system costs. Vrontisi et al., 2020[7] and Fragkos and Fragkiadakis, 2022[8] indicated that the GEM-E3 model includes endogenous learning-by-doing for clean technologies, including biomass, ethanol, wind power and solar PV, and electric vehicles. Those learning-by-doing increases Total Factor Productivity of those sectors. However, the conventional approach to modeling learning rates in many models often overly simplifies it by applying a simple, global learning rate derived from worldwide cost reductions. This may fail to capture the complex aspects of energy systems, which include both globally traded components, which may benefit from international knowledge spillovers, and locally sourced components, which can be dependent on local experience. These characteristics have been investigated by some researchers. Huenteler et al., 2016[9] analyzed six different renewable technologies in Thailand and estimated locally and globally sourced goods and services. The study analyzed the effects of local and global learning in Thailand by utilizing a model of Thailand’s electricity sector and identified that local and global learning can support cost reductions. Particularly, the study emphasized the potential of local learning in cost reductions of renewables. Zhang et al., 2020[10] studied multi-level learning effects on technology diffusion and expanded the REMIND model, an integrated assessment model, to reflect endogenous diffusion patterns and regional cost dynamics. The study identified that the combined global and local learning can slow down the pace of the technology deployment. These studies reflect efforts to incorporate diverse technology diffusion patterns into modeling processes. For analyzing the long-term low-carbon transition pathways, it is crucial to reflect the diffusion and deployment of innovative technologies in the modeling framework. Particularly, renewable energy has been developing and deploying rapidly globally, and it is considered a key component of the low-carbon transition. Although there are various studies that have analyzed the technology diffusion with learning rates via different types of models, there are limited studies focused on Korea, as well as analyses based on CGE analysis, which are widely used for analyzing the economic impacts of mitigation policies. From the literature, a number of CGE models consider learning rates to incorporate such technological development. Thus, the study considers disaggregating the local and global components of solar and wind technologies and applies different learning rates to these components. In order to do so, the study categorizes the local and global components of solar and wind power generation based on literature, and it aims to incorporate learning rates within the global CGE model, the UNICON-G-CGE model. Then, it compares the results of a single learning rate, which is commonly applied in many existing studies, with the results of a combined global and local learning rate. Finally, it analyzes how these factors affect the deployment of renewables in Korea and derives policy implications.

    

    

  
    
      2. Methodology
      
        2.1 UNICON-G-CGE Model
        To analyze these, the study utilizes the UNICON-G-CGE model, a multi-regional, multi-sectoral dynamic recursive computable general equilibrium (CGE) model (Jung et al., 2021; Kim et al., 2023; Moon et al., 2024).[11~13] The model is developed based on the latest GTAP 11 Power Database, and the model consists of a series of equations and equilibrium conditions, including commodity markets. The production function is structured based on the production nest, and it is established by the nested constant elasticity of substitution (CES) functions.

        
          
          

          Fig. 1. 
				
          

          
            Production nest
          
          

          

        

        The intermediate inputs are structured using the Leontief function with fixed coefficients. International trade is structured using the Armington Specification, showing a nested structure with a top nest determining the composition of domestic and imported goods and a bottom nest considering the imported goods across countries (Jung et al., 2021; Moon et al., 2024).[11,13] Household consumption is modeled based on a Cobb-Douglas function. The model considers not only CO2 emissions from fossil fuel combustion but also non-CO2 emissions (N2O, CH4, SF6, NFCs, PFCs, and HFCs). The carbon price is applied to these CO2 and non-CO2 emissions.

        Furthermore, the model incorporates a vintage capital structure, which includes ‘old’ and ‘new’ capital (Moon et al., 2024).[13] This indicates a semi-putty-clay approach, reflecting the rigidity and transition dynamics. It assumes the ratio of the ‘old’ vintage as 30%, and the elasticities of substitutions of ‘old’ vintage are assumed to be 30% of those of ‘new’ vintage (Moon et al., 2024).[13] The study aggregates 160 regions and countries into 16 regions and aggregates 76 sectors into 22 sectors. Using a single-country CGE model makes it difficult to distinguish and analyze global and local learning, so the study utilizes a global CGE model for analysis. The key parameters used in the model are as follows:

        
          Table 1. 
				
          

          
            Key parameters
          
          

        

        
          
            
              	Parameter
              	Notation
              	Value
            

          
          
            	Substitution between non-CO2 and production
            	σghg
            	0.2
          

          
            	Armington elasticity: domestic versus import
            	σm
            	GTAP data (esubdm) is used: 3.8–16.0, depending on sectors
          

          
            	Armington elasticity: import sources
            	σw
            	GTAP data (esubm) is used: 3.8–34.4, depending on sectors
          

          
            	Substitution between KTR bundle, energy, and skilled labor (KTRE)
            	σr
            	(new) 0.535 for coal, oil, and p_c; 0.396 for gas, electricity, ren, win, sol, and CoalBL(coal-fired power generation); 0.029 for agriculture; 0.35 for mineral; 0.391 for food; 0.17 for cloth; 0.372 for paper; 0.038 for chemical; 0.29 for metal; 0.246 for ICT; 0.118 for machine; 0.105 for construction; 0.404 for service; 0.449 for trans; 0.654 for dwell; Okagawa and Ban (2008) is used.
(old) 30% of (new) substitution elasticities
          

          
            	Substitution between capital, land, and natural resources (KTR)
            	σK
            	(new) 0.3; (old) 0.09
          

          
            	Substitution between electricity and fossil fuel
            	σe
            	(new) 1; (old) 0.3
          

          
            	Substitution between electricity technologies
            	σEL
            	(new) 4; (old) 1.2
          

          
            	Substitution between fossil energies
            	σf
            	(new) 1; (old) 0.3
          

          
            	Substitution between oil and gas
            	σENOG
            	(new) 1; (old) 0.3
          

        

        

      

      
        2.2 Global and Local Components
        To incorporate the learning-by-doing into the CGE model, it is necessary to reflect that the production costs reduce or productivity improves as cumulative production or capacity expands. As the base year of the GTAP 11 Power database is 2017, the study utilizes the IRENA database to extract information on the production of the year 2017 and the cumulative production of global and regional solar and wind power generation (IRENA, 2025).[14] Given the nature of the CGE model, which is based on monetized value, analyzing the impact of capacity expansion is challenging, so the study considers the production volume to reflect the learning-by-doing. Based on this, the ratio between the 2017 production and the cumulative production was calculated according to the regional classifications in the model (IRENA, 2025).[14]

        Afterward, the study aims to distinguish and reflect the global and local components of solar and wind power generation based on NREL and IEA reports (Stehly et al., 2024; NREL, 2024; IEA, 2022; Ramasamy et al., 2023).[15~18] In the prior studies, they considered the module and the inverter as global components, while classifying the field works for installation and soft costs as local components. For wind power generation, the turbine is classified as a global component. Balance-of-System (BoS) can be considered as local components, but they include electrical systems, which can be subject to some global influence. From Stahly et al., 2024,[15] the study assumed that the electrical systems within the Balance-of-System (BoS), such as arrays and export cables, could benefit from global learning. There are various types of wind and solar generation, but the study considered the fixed-bottom wind technology and utility-scale solar PV as the representative technologies. For the solar PV system, the study classifies the global and local components based on utility-scale solar PV. Using the information from (Ramasamy et al., 2023),[18] the study classifies the module and the inverter as global components and the others, including BoS and soft costs, as local components. Therefore, it indicates that the wind power technology is composed of 43.1% global and 56.9% local components, while solar PV is composed of about 36% global and 64% local components. From NREL, 2024,[16] it also indicates that the share of the costs of the inverter and the module accounts for 36% of the total capital costs for utility-scale PV.

        For Korea, the proportion of global and local components is adjusted to better align with the domestic conditions by using information from the IEA PVPS National Survey Report.[17] The cost breakdown for grid-connected, ground-mounted, centralized PV systems of >10 MW from the report is considered. The average cost excluding VAT is approximately 1,450 KRW/W, with modules and inverters accounting for 350 and 70 KRW/W, respectively, representing about 29% of the total cost. Therefore, the study assumes that the solar PV technology in Korea reflects a weighting of 29% global and 71% local components.

        The current model reflects ‘learning-by-doing’ as the productivity gains rather than direct cost reductions. If we consider only global learning without accounting for local components, it can be considered as follows: where GLR represents the global learning rates of each technology (t).
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        If we consider the local components as well, the productivity equation can be represented as follows: where w represents the share of local or global components, and LR represents the local learning rate of each technology. The study considers the productivity improvement as the output of learning, which can be the inverse of cost.
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        The share of the local and global components represents the proportion of local and global cost components for solar and wind technologies, as previously explained. If local production increases, learning occurs based on the local cumulative production in that region. Based on the literature, the study assumed the global learning rate to be 17% for solar and 12% for wind. As actual field works and soft costs exhibit relatively low learning, the study assumed about 4% for both technologies. The UNICON-G-CGE model typically applies autonomous energy efficiency improvement for industries and a single learning rate for renewable technologies. This study focuses on distinguishing global and local parts and their learning rates of solar and wind, so the current analysis does not consider autonomous energy efficiency and learning rates for other renewables.

      

    

    

  
    
      3. Scenario
      The study constructs five different scenarios to analyze the impacts of representing local and global components. The baseline scenario (CUR) assumes no explicit learning scenario, which does not consider the learning effects. Next, CUR_GR scenario assumes a single, global learning rate for wind and solar technologies. The third scenario (CUR_Harmonic_mix) reflects both global and local learning components. The other two scenarios consider the cases where the global learning rate (CUR_Harmonic_mix_High_G) or the local learning rate (CUR_Harmonic_mix_High_L) is enhanced. CUR_Harmonic_mix_High_G scenario assumes that the global learning rates of solar and wind become 20% and 15% from 17% and 12%, respectively. CUR_Harmonic_mix_High_L scenario assumes that the local learning rate becomes 5% from 4%.

      In the CGE model, substitution between energy sources or power generation technologies is influenced by relative prices, so the setting of the carbon prices can have significant impacts on the results. Those carbon prices, which directly affect the carbon-emitting technologies or industries, can indicate a substantial and dominant effect on renewable energy and industrial production. Furthermore, as it is a global model, the setting of the global scenarios plays a crucial role as well.

      
        Table 2. 
				
        

        
          Scenario description
        
        

      

      
        
          
            	Scenario
            	Description
          

        
        
          	CUR(Baseline)
          	No explicit learning rate applied.
        

        
          	CUR_GR
          	Single, global learning rate for wind (12%) and solar (17%) applied
        

        
          	CUR_Hamonic_mix
          	Combination of global and local learning rates for wind and solar
        

        
          	CUR_Harmonic_mix_High_G
          	Combination of global and local learning rates for wind and solar with higher global learning rates (wind 15%, solar 20%)
        

        
          	CUR_Harmonic_mix_High_L
          	Combination of global and local learning rates for wind and solar with higher local learning rates (5% for both wind and solar)
        

      

      

      The model adopts globally well-known scenarios for calibration and for setting the emission pathways. The model is calibrated using the SSP 2 GDP and Population scenarios from the latest SSP (Shared Socio-economic Pathways) v3.1.[19] by adjusting the labor productivity. For the global emission scenarios, the ‘current policy’ scenario from NGFS (Network for Greening the Financial System) version 5 is considered (Richters et al., 2024).[20]

      
        
        

        Fig. 2. 
				
        

        
          Global emission pathways of NGFS version 5 (unit: MtCO2eq)
          Source: Author’s elaboration based on (Richters et al., 2024)

        
        

        

      

      
        
        

        Fig. 3. 
				
        

        
          Korea’s carbon price pathway (unit: 1,000 USD/tCO2)
        
        

        

      

      To achieve such an emission pathway, the economy-wide carbon price is applied endogenously. In the case of Korea, the model follows the actual emission pathways until 2022 and identifies the endogenous economy-wide carbon prices. After 2022, the carbon price 2022 is assumed to increase by 8% annually. Accordingly, the carbon price is assumed to be approximately $68 per ton in 2030 and $148 per ton in 2040. The study sets the analysis period from 2017 to 2040, and the current model does not consider innovative technologies, such as hydrogen and CCS. This level of carbon price stays between Korea’s carbon prices of NGFS Phase V’s Nationally Determined Contribution scenario and Net Zero 2050 scenarios from the REMIND model.

    

    

  
    
      4. Results
      The study focuses on examining the results for Korea. In the baseline scenario with no learning case, substitution occurs between energy sources or power technologies based on the carbon prices in the model. While there is no explicit learning, the scenario also reflects the increasing carbon prices, so it also shows a significant increase in renewable energy. Considering the price of the permits (KAU 25) remains around 10,000 KRW as of 2nd October 2025,[21] the carbon prices reflected in the model can drive substantial growth of renewable energy. Even without learning, the result shows that solar and wind power generation increases by approximately 21 times as the carbon price rises.

      
        
        

        Fig. 4. 
				
        

        
          Growth of the Korea’s solar and wind power generation from the 2017-level
        
        

        

      

      In the CUR_GR scenario, when with only the single global learning as other studies, the production increases by approximately 13.1% in 2040, compared to the baseline scenario, averaging a 9.44% increase over the 2018-2040 period compared to the baseline scenario. However, when considering both local and global learning components, the increase relative to the baseline scenario in 2040 remains only about 7.34%. Over the 2018-2040 period, the increase is 5.41%, compared to the baseline scenario, a lower level compared to when only a single learning rate is reflected. This demonstrates that applying a single global learning rate to the renewable energy sector can lead to a potential overestimation of renewable energy production. It also shows that considering the local components, such as soft costs where learning occurs relatively slowly, can partially reduce the projected growth of renewable energy.

      In the CUR_Harmonic_mix_High_G scenario, the global learning rates for solar and wind power are assumed to be increased from 17% and 12% to 20% and 15%, respectively. When global learning occurs more strongly, the production did increase slightly, but the increase was modest, reaching only 8.2% increase in 2040 compared to the baseline scenario. On the other hand, in the CUR_Harmonic_mix_High_L scenario, the study assumes a slight increase in the local learning rate from 4% to 5%. This resulted in a relatively high level of production growth of renewable energy. It implies the importance of the efforts to accelerate the local learning, and the result aligns with the Huenteler et al., 2016 [9]. While technology development plays a vital role in expanding the renewable energy deployment, it also suggests that the efforts to reduce soft costs by capacity building, strengthening administrative capacity or reducing administrative costs and processes, and local experience of technology deployment, are also essential.

      
        
        

        Fig. 5. 
				
        

        
          Korea’s solar and wind power generation compared to the baseline scenario (unit: % difference from the baseline)
        
        

        

      

      Examining this separately for solar and wind reveals the following. Both cases show some similar patterns to the earlier results, but exhibit distinct characteristics. For solar PV, the production increases approximately 22.8 times compared to the 2017 level in the baseline scenario. When a single global learning rate is reflected, it shows a 13.12% increase compared to the baseline scenario in 2040. However, when the local and global learning are both considered, the amount of increase significantly decreases to a 6.14% increase in 2040 compared to the baseline scenario. Similar to the results above, accelerating the pace of local learning leads to relatively larger renewable production.

      
        
        

        Fig. 6. 
				
        

        
          Korea’s solar power generation compared to the baseline scenario (unit: % difference from the baseline)
        
        

        

      

      For wind power, production increases about 16.4 times compared to the 2017 level in the baseline scenario. When a single global learning is applied, production increases by about 13.17% compared to the baseline scenario in 2040. However, when the local components are also considered, production increases by 11.81% compared to the baseline scenario in 2040, which is slightly lower than when only a single global learning is considered. When local learning increases, a higher level of production growth can be expected. This is because Korea’s existing wind power generation still remains at a low level, so as local production increases, rapid doubling occurs, leading to a significant increase in productivity. In reality, wind power still faces significant challenges, and the deployment of wind power remains relatively slow. This suggests that reducing the soft costs and expanding the local experience can yield positive effects.

      
        
        

        Fig. 7. 
				
        

        
          Korea’s wind power generation compared to the baseline scenario (unit: % difference from the baseline)
        
        

        

      

      Examining the economic effects, when only global learning is reflected, real GDP in 2040 increases by about 0.04% relative to the baseline scenario. While the figure itself appears small, it needs to be noted that only the learning parameter can lead to such an increase in the national GDP, with other conditions held constant. When both local and global learning components are considered, this can be reduced to a 0.007% increase compared to the baseline scenario. It provides evidence that considering a single parameter in the CGE model can lead to relatively larger economic impacts, as well as renewable energy deployments.

      As shown in the literature, renewable technologies, particularly solar and wind, have been developing rapidly, resulting in high global learning rates. However, the deployment of renewables requires both the technological components and the local knowledge and capacity. This local knowledge and capacity, which can operate as a bottleneck for accelerating the renewable deployments, typically improves more slowly than the renewable technology developments. The result implies that nurturing the local experience and knowledge should be considered important for those relatively early-stage or limitedly used technologies, like wind in Korea.

    

    

  
    
      5. Conclusion and Policy Implications
      The study compared the effects of different approaches to incorporating learning when reflecting the impacts of renewable energy technology development in the CGE models, which are widely used for analyzing the economic impacts of mitigation policies. The study updates the UNICON-G-CGE model, which is a multi-regional, multi-sectoral dynamic recursive CGE model, and distinguishes the local and global components of wind and solar power generation based on the literature and international database and reports, including IRENA, NREL, and IEA. The study identified that the consideration of the local components, representing areas like field work and soft costs, can lead to a slightly lower level of renewable deployment and economic benefits compared to the case of applying a single learning rate in the CGE modeling framework. At the same time, the study emphasizes the importance of efforts to accelerate local learning. It indicates the necessity of strengthening domestic capabilities not only through technological development but also through capacity building and know-how. While it often focuses more on technology development and cost reductions of renewable energy, the results of the study imply that strengthening the domestic capacity is crucial for rapid renewable energy expansion. In reality, for domestic wind power, the deployment is delayed due to administrative issues, and challenges like resolving social conflicts and a lack of experience are limiting the steep renewable energy expansion. While the cost reductions from technology development play a key role in renewable energy deployment, the result suggests that resolving these constraints and lowering barriers are essential for domestic renewable energy growth.

      However, the results of the study have limitations. It is crucial to consider that it is not a bottom-up power sector model reflecting technical characteristics and constraints, and that the CGE model only considers the technical constraints to a limited extent. While vintage capital structure was considered using the semi-putty-clay approach, incorporating some rigidity, the limitation of not reflecting power market characteristics needs to be acknowledged. However, given the widely used CGE models in analyzing the economic impacts of mitigation policies and low-carbon transitions, the study provides some implications for the importance of how learning components are incorporated in the modeling framework. To conduct a detailed analysis of the impacts of renewable energy expansion within these CGE models, the study also identifies the necessity of integrated models that integrate the CGE and power sector models, which can be expanded in further study. Furthermore, the model specification and assumptions are simplified in this study, as this analysis does not focus on the economic impacts of the mitigation targets. For analyzing the impacts of achieving mid- to long-term mitigation targets, such as the 2035 NDC or the Net Zero transition, on the economy and power sector, the model needs to establish concrete global emission scenarios and model assumptions, and to consider the key technologies, such as hydrogen and carbon capture. In further study, with consideration of the findings of this study, the updated model and scenario can be utilized to analyze the economic impacts of achieving mitigation targets or certain temperature scenarios.
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