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Abstract 

As real-time bidding (RTB) and programmatic platforms continue to transform digital advertising, 

budget allocation in AdTech has emerged as a multi-faceted challenge. Advertisers must ensure 

that limited campaign budgets are spent optimally across diverse channels, user segments, and 

inventory sources, all within strict time constraints. Traditional static or heuristic-driven 

approaches can fail to adapt quickly to fluctuating auction dynamics and performance metrics. 

This paper delves into real-time budget allocation algorithms for AdTech campaigns, focusing on 

how they handle both the technical complexities of large-scale, millisecond-latency decisions and the 

business logic of maximizing return on ad spend (ROAS) or meeting other performance objectives. 

We begin by introducing the AdTech ecosystem highlighting supply- and demand-side platforms, 

data management layers, and real-time bidding flows. We then discuss common budget allocation 

models, from rule-based pacing to multi-armed bandits and reinforcement learning frameworks. 

Along the way, we illustrate challenges including data latency, partial observability, and pricing 

volatility and explore potential solutions, such as robust feedback loops, incremental learning, and 

advanced pacing controls. The paper includes architecture diagrams, algorithmic pseudocode, 

performance benchmarks, and real-world case studies, culminating in guidelines for adopting or 

refining real-time budget optimization systems in production AdTech settings. 

Keywords: AdTech, Budget Allocation, Real-Time Bidding (RTB), Programmatic Advertising, Multi-

Armed Bandits, Reinforcement Learning, Pacing Algorithms, Scalability, Performance, ROAS 

1. Introduction 

1.1 Background and Motivation 

The online advertising ecosystem revolves around instantaneous auctions in which advertisers bid on ad 

impressions the moment a user visits a website or opens an app. While real-time bidding (RTB) provides 

granular control over which impressions to buy, it also intensifies the complexity of budget allocation. 

Advertisers have finite budgets that must be allocated judiciously across billions of potential impressions 

daily, factoring in varied user contexts, channel performance, and campaign objectives [1][2]. 

Why is budget allocation so complex? 

● Sheer Volume: Billions of daily auctions, each decided in milliseconds. 
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● Uncertainty: Auction clearing prices, user behaviors, or creative performance can shift rapidly. 

● Constraints: Advertisers must not exceed total budget, must meet or maintain certain performance 

metrics (CPA, CTR, brand exposure). 

Objective: This paper systematically examines the challenges in real-time budget allocation for AdTech 

campaigns and possible solutions spanning from simplistic pacing strategies to advanced learning-based 

algorithms. By integrating references, diagrams, code-like snippets, and best practice guidelines, we aim 

to equip data scientists, AdTech engineers, and campaign managers with actionable insights on building 

or refining budget optimization systems under the demanding constraints of programmatic advertising. 

2. AdTech Ecosystem Overview 

2.1 RTB Workflow and Components 

In a typical RTB environment: 

1. User visits a publisher site. 

2. Supply-Side Platform (SSP) or Ad Exchange requests bids from Demand-Side Platforms (DSPs). 

3. DSPs evaluate the impression, referencing user data (1st/3rd party) and campaign constraints, then 

decide a bid price. 

4. Winning bidder pays the second-price (or first-price, depending on the exchange) and displays their 

creative. 

 

Figure 1: Sample RTB workflow 
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2.2 Budget Constraints 

At the DSP level, each advertiser’s campaign has a maximum spend. The platform must pace spending so 

it neither ends prematurely nor underspends, while aiming to maximize conversions, clicks, or brand 

exposures. Real-time budget allocation algorithms help determine how aggressively to bid for each 

impression or which segments to prioritize [3]. 

3. Fundamentals of Budget Allocation 

3.1 Basic Model 

A simplistic model might treat the problem as maximizing an objective function (e.g., total conversions) 

subject to a total budget constraint ( B ). Each impression ( i ) has an associated cost ( c_i ) if won, and a 

predicted value ( v_i ). The system must select a subset of impressions or bid prices that fit within ( B ) 

[4]. 

 Pseudo-Constraint: 

 

In real-time, however, each impression opportunity arrives once; the system must decide to bid or not, or 

to pick a bid price that yields a certain win probability. This becomes an online optimization problem 

with partial knowledge of future opportunities. 

3.2 Basic Pacing and Rule-Based Methods 

Naive Approach: Spend evenly across the campaign duration, i.e., daily spend = total budget / total days. 

This ensures the campaign doesn’t exhaust budget early but fails to adapt to performance shifts or price 

fluctuations. Another method sets cost caps, e.g., capping maximum CPM or average CPC [5]. 

Anti-Pattern: Overly simplistic pacing ignoring performance signals can squander budget on low-quality 

impressions or miss prime opportunities at certain times. 

4. Real-Time Bidding Challenges 

4.1 Data and Latency 

DSPs must respond to each bid request in ~100ms or less. This leaves little time for heavy computations. 

Predictive models must run quickly, often referencing only partial user data (cookie or device ID) [6]. 

4.2 Uncertain Prices and Performance 
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Auction clearing prices can vary widely. If campaigns do not adapt to these variations, they risk spending 

too fast at high prices or missing good deals at low ones. Performance data (clicks, conversions) also 

arrives with delays or partial tracking [7]. 

4.3 Multi-Objective Optimization 

A single campaign can aim to maximize conversions while maintaining certain cost constraints or brand 

safety rules. Some advertisers also set frequency caps or dayparting (time-of-day constraints), further 

complicating real-time decisions. 

5. Classical Approaches and Heuristics 

5.1 Simple Pacing and Cost Caps 

Pattern: Daily or hourly pacing sets a maximum spend over intervals. If the spend rate is too fast, the 

system lowers bids or reduces frequency. If behind schedule, it raises bids to catch up. While easy to 

implement, it lacks fine-grained performance adaptation [8]. 

5.2 CPC or CPM Caps 

● CPC Cap: The system sets a max CPC, not bidding above a threshold. 

● CPM Cap: Similarly, sets maximum cost per thousand impressions. 

Drawback: Lacks dynamic adaptation to certain segments that may have high potential but also 

require higher bids. 

5.3 Anti-Pattern: Overly Static Heuristics 

● Issue: If market prices or user behaviors shift, static cost caps or naive pacing do not respond 

quickly. 

● Result: Wasted budget or missed premium inventory. 

● Solution: Integrate real-time signals on performance, conversions, or market dynamics. 

6. Advanced Algorithmic Approaches 

6.1 Multi-Armed Bandits 

Idea: Each inventory source or segment is treated as a bandit “arm.” The algorithm tries arms, observes 

rewards (clicks, conversions), and updates selection probabilities. Over time, it converges to the best 

arms, i.e., best channels or segments [9]. 

Pro: Suits real-time adaptation, minimal overhead for each impression. 

Con: Typically does not handle continuous bid pricing or advanced constraints. Additional 

modifications are needed for budget pacing or global constraints [10]. 

6.2 Reinforcement Learning (RL) 
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Concept:  

RL-based budget allocation can model each impression decision as an action, maximizing cumulative 

reward (e.g., conversions minus cost) over time. RL can incorporate constraints or “safe RL” 

modifications [11]. Real-time inference can be challenging, requiring fast approximate Q-networks or 

policy networks. 

Drawback:  

Real-time training stability, partial observability, and delayed conversions hamper RL’s direct usage. 

6.3 Constrained Optimization / Linear Programming 

Alternatively, one might approximate the problem as a rolling linear or quadratic program with predicted 

impression volumes. However, solving these in real-time for each request is infeasible. Often, offline 

computations produce daily or hourly parameters (like bid multipliers or segment budgets) [12]. 

7. Handling Uncertainty and Market Volatility 

7.1 Probabilistic Forecasting 

Systems often rely on predicted CTR or CVR for each impression. These models can be uncertain, 

especially in new segments. Handling uncertainty robustly (Bayesian approaches, upper confidence 

bounds) can help in bandit-like strategies [13]. 

7.2 Risk-Aware Bidding 

Advertisers might prefer stable results over potentially higher but riskier returns. Risk-aware optimization 

tries to avoid large swings in cost or performance, e.g., bounding daily overspend at a certain threshold. 

8. Feedback Loops and Incremental Learning 

8.1 Data Latency 

Conversions can take hours or days to occur (particularly for high-value leads). Meanwhile, the DSP must 

adapt within minutes or seconds. Solutions involve partial feedback loops that update short-term signals 

(click proxies) or early performance metrics [14]. 

8.2 Incremental Model Updates 

Pseudocode: 

while True: 

  new_data = gather_recent_performance() 

  update_model(new_data) 

  push new model parameters to real-time bidding engine 
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  sleep X minutes 

This cyclical update ensures the system continuously refines bid/pacing logic based on fresh performance 

data. 

9. Architectural Integration in DSPs 

9.1 DSP Pipeline 

1. Bid Request arrives from the exchange with user/device info. 

2. Budget Allocator consults current spend state, predicted performance, possibly adjusting the bid or 

skipping. 

3. Bidding Logic returns a final price or “no-bid” within ~50-100ms. 

4. Feedback: conversions or clicks reported later, feeding data back into spend models. 

9.2 Anti-Pattern: Single Global Budget Manager 

● Issue: A single global module controlling all campaigns might become a bottleneck or hamper 

concurrency. 

● Solution: Shard or partition budget management by campaign or advertiser, or use a distributed state 

store ensuring each instance can handle local decisions quickly. 

10. Performance Constraints in Real-Time 

10.1 Low Latency Requirement 

The entire bidding pipeline has ~100ms from request to response, leaving minimal time for complex 

calculations or remote calls. Many systems rely on in-memory or local cache lookups, plus precomputed 

scoring models [15]. 

10.2 High Throughput 

DSPs can handle tens or hundreds of thousands of QPS. The budget logic must be extremely efficient, 

often implemented in lower-level languages or optimized Java code with minimal overhead. This 

environment strongly influences the design of budget allocation solutions (small CPU footprint, O(1) or 

O(log n) data access). 

11. Observability and Monitoring for Budget Allocation 

11.1 Key Metrics 

● Spend Rate: Actual spend per hour or day vs. target. 

● CPM/CPC: Track cost per thousand or cost per click across segments. 

● ROI/ROAS: Ratio of ad-driven revenue or conversions to cost. 

● Conversion Rates: Weighted by time or segments. 
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11.2 Alerts and Dashboards 

Operators watch if the spend rate is too fast early in the day or if budgets remain underutilized. Alerts on 

large discrepancies or abnormal performance let them intervene or adjust parameters. The system might 

auto-tune daily budgets or segment allocations in response to anomalies [16]. 

12. Anti-Patterns in Real-Time Budgeting 

1. Ignoring Segment Performance: Treating all impressions equally, leading to wasted spend on 

underperforming segments or missing high-ROI opportunities. 

2. No Pacing: Spending the entire budget in the morning, leaving no budget for later (possibly better) 

traffic. 

3. No Limit on Single Auction: Overbidding on a single impression can drain significant budget if not 

governed by pacing or daily limits. 

13. Security and Data Privacy Considerations 

13.1 Data Minimization 

Using minimal user data for budget decisions is crucial for privacy compliance (GDPR). The system 

might store hashed or aggregated signals rather than explicit personal data. 

13.2 Secure Deployment 

Systems must ensure encryption in transit for user attributes used in bidding. The budget logic may be 

proprietary or sensitive. DevOps best practices, role-based access, and encryption at rest for campaign 

config or analytics are critical for brand trust [17]. 

14. Case Studies 

14.1 E-Commerce AdTech Scenario 

An e-commerce brand runs campaigns on multiple exchanges. They adopt a dynamic pacing approach 

that adjusts spend based on CTR and partial conversion signals. A multi-armed bandit approach picks 

which segments to target aggressively. Over time, they see a 20% improvement in ROAS and fewer mid-

day budget exhaustions [18]. 

14.2 Multi-Advertiser DSP 

A DSP hosts hundreds of advertisers, each with distinct daily budgets, performance goals, and brand 

restrictions. They implement a shard-based budget manager, referencing partial RL policies for high-

value segments. The system re-allocates budget shares dynamically, ensuring no single advertiser’s 

campaign overspends early or starves out other advertisers. 
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15. Combining Budget Allocation with Other AdTech Components 

1. Creative Optimization: Selecting the right ad creative can also influence performance. 

2. User Frequency Capping: Budget allocation might incorporate user-level frequency constraints for 

brand safety or user experience. 

3. Attribution: Delayed or multi-touch attribution complicates how conversions get counted, affecting 

real-time decisions if signals remain partial. 

16. Organizational and Cultural Factors 

Data Science + Engineering Collaboration: Data scientists design algorithms for spend optimization, but 

engineers must implement them in real-time bid responses with minimal overhead. A collaborative 

approach ensures the final solution remains both mathematically sound and operationally feasible [19]. 

17. Future Research and Trends 

1. Advanced RL: Potential for deep reinforcement learning that handles complex constraints, though 

stability in the face of partial or delayed feedback remains a challenge. 

2. Predictive Budgeting: Combining external signals (market trends, seasonality) with internal 

performance logs to forecast best times or contexts to spend. 

3. Federated or Privacy-Preserving Approaches: Possibly employing on-device or partial data setups to 

comply with strict privacy laws. 

18. Best Practices Summary 

1. Segment or Domain Partition: Separate budget logic for each advertiser or campaign to handle 

concurrency. 

2. Modular Approach: Keep budget allocation decoupled from creative selection or tracking. 

3. Incremental Learning: Periodically incorporate fresh conversion data or pricing stats to refine 

targeting or bid multipliers. 

4. Observability: Expose metrics for spend rate, cost per conversion, or pacing metrics in real-time 

dashboards. 

5. Fail-Fast Design: If external data or model is unavailable, fallback to a safe or default bid strategy to 

avoid downtime. 

19. Conclusion 

Real-time budget allocation for AdTech campaigns is fundamentally about balancing limited resources 

against volatile, high-speed auctions. The complexity arises from partial user data, ephemeral feedback 

loops, uncertain clearing prices, and time-varying performance across segments. Techniques range from 

rudimentary pacing heuristics to more sophisticated multi-armed bandits or RL methods. Yet no single 

method solves all constraints, outright observability, iterative refinement, and robust DevOps processes 

remain vital. 
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By emphasizing synergy feedback loops, adaptive spend strategies, and dynamic bidding platforms can 

ensure they spend budgets effectively, capturing high-value impressions without overcommitting early. 

The next wave of research and practice likely involves advanced ML-driven allocations, privacy-centric 

data handling, and deeper integration with multi-lateral campaign constraints. Ultimately, the success of 

real-time budget allocation depends on an organization’s willingness to continuously measure, iterate, and 

refine these algorithms in an ever-changing AdTech landscape. 
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