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Executive Summary
In recent years, usage of advanced conversational AI systems like OpenAI’s ChatGPT and Anthropic’s Claude
has exploded, highlighting the critical importance of efficient token management. Each query or message to
these large language models (LLMs) is broken down into tokens – subword units that drive computation and
cost. Mismanaging token usage can dramatically inflate response costs, degrade performance, and exhaust
model context windows (medium.com) (www.geeky-gadgets.com). For example, studies show that repeatedly
continuing a long conversation causes token costs to skyrocket (the so-called “hidden token tax”), such that a
simple three-word user input cost USD $0.0018 on message 1 and $2.41 by message 260 in one Claude
session (medium.com). Similarly, OpenAI notes that even trivial courteous replies (“thank you”/“please”) can
cumulatively cost “tens of millions of dollars” in compute (www.tomshardware.com). Thus, optimizing token
usage is no longer a micro-optimization but a business-critical concern for AI applications.

This report provides a comprehensive analysis of token usage patterns and optimization techniques for
ChatGPT and Claude. It first reviews the background of tokens and context windows in transformer-based
LLMs, including how prompt caching reuses shared-prefix work. Next, it examines typical usage patterns for
ChatGPT and Claude, contrasting their tokenization schemes, pricing models, and user behaviors. Numerous
data-driven insights are presented: for example, OpenAI models measured on OpenRouter processed ~78.3
billion tokens in a single day during the 2025 school season (www.techradar.com), and Claude Code costs
vary with model choice, codebase size and usage patterns (Anthropic documentation). The report
distinguishes cumulative retained input from computation and billed cost. Concessao’s token-overhead
observations come from 300 messages in one Claude session, rather than a representative sample of
ChatGPT and Claude users (primary account).

The report then delves deeply into optimization strategies. It covers general prompt-engineering tactics
(concise phrasing, context limitation, semantic chunking) (medium.com), and tools/commands specific to
Claude Code (e.g. /clear and /compact) for managing context. A .claudeignore file has no effect
(permissions documentation). Examples illustrate these techniques: IBM Developer assigns a sample prompt
25 instruction tokens (IBM Developer); evaluate actual usage and answer quality before treating its examples
as end-to-end savings, and an engineer’s restructuring of Claude Code projects reduced token use by 70%
(harikayenuga.medium.com). A detailed table (below) contrasts original vs. optimized prompts with
corresponding token counts and costs.

Finally, the report discusses broader implications and future trends. As context windows expand (GPT-4o at
128K tokens (gptbreeze.io) and Claude Opus 4.6 and Sonnet 4.6 offering 1M context at standard pricing on
the Claude Platform (Anthropic)), the hidden token tax will persist unless architectural changes are made.
Emerging solutions include prompt compression research (e.g. generative summarization of prompts
(arxiv.org)), more efficient memory architectures, and reliance on retrieval/memoization to avoid redundant
tokens. We also review how model pricing shifts (e.g. Anthropic ending “unlimited” plans (www.madrona.com))
are forcing even more disciplined token usage. In sum, by carefully crafting prompts, managing context, and
choosing appropriate models, developers can dramatically improve both cost-efficiency and performance of
ChatGPT/Claude systems — a necessity as these tools become ubiquitous in industry and academia.
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Introduction and Background
Large Language Models (LLMs) such as OpenAI’s ChatGPT (based on the GPT series) and Anthropic’s
Claude have transformed human-computer interaction. These models are built on the transformer architecture,
which processes input as a long sequence of tokens – subword text units typically smaller than words
(medium.com). For example, the word “tokenization” may be broken into tokens like “token”, “##ization” by a
BPE (byte-pair encoding) tokenizer (medium.com). Each query and response exchanged with an LLM is
counted in tokens, and importantly, every token processed incurs computational cost. Consequently, token
usage patterns directly determine both performance and expense of using ChatGPT or Claude.

A model’s context window defines the maximum number of tokens it can process in a single pass
(medium.com). For early GPT models this was on the order of 2,048–4,096 tokens; modern versions support
much larger contexts. For instance, GPT-4 historically had an 8,192-token limit (approximately 6,000 English
words on average (www.linkedin.com)), with a 32,768-token GPT-4-32k variant, and GPT-4 Turbo and GPT-4o
later raising the limit to 128,000 tokens (gptbreeze.io). Claude’s context window has also scaled: Claude Opus
4.6 and Sonnet 4.6 include the full 1,000,000-token window at standard pricing on the Claude Platform
(Anthropic). In practical terms, larger context windows enable lengthy conversations or documents in a single
session; however, they also mean that naive usage can accumulate extremely large token counts quickly.

Retaining conversation history can increase later input-token counts, but this does not mean every prefix is
recomputed from scratch. OpenAI documents reuse of shared-prefix work through prompt caching, and
Anthropic supports prompt caching for its active models. Claude Code also automatically compacts
conversations before the context window fills. Distinguish cumulative input-text counts from computation and
billed cost, as explained in Section 1.2.

This hidden cost becomes concrete when each token has monetary value. Both OpenAI and Anthropic charge
(or incur) costs per input/output token. For example, as of late 2025, OpenAI’s GPT-4o has input tokens at
about $2.50 per 1,000,000 tokens and output tokens at $10 per 1,000,000 tokens (gptbreeze.io). Claude’s
enterprise models (Sonnet/Opus 4.6) charge roughly $3–$5 per 1,000,000 input tokens and $15–$25 per
1,000,000 output tokens (www.madrona.com). Even if a user is on a flat-rate plan (e.g. ChatGPT Plus at
$20/month or Claude Max at $200/month), the underlying compute is real and subsidized by the companies
behind them. Altman has said that users' polite phrases (“thank you”, “please”) have cost OpenAI “tens of
millions of dollars” in compute (www.tomshardware.com). In aggregate, ChatGPT is estimated to cost OpenAI
on the order of $17 billion per year to operate globally (www.techradar.com) (well beyond user subscription
revenues). Thus, understanding token usage patterns – how and why tokens are consumed – is pivotal for
cost management and model performance.

Token usage is influenced by both user behavior and system design. On the user side, factors include
prompt phrasing (verbosity, clarity), conversation length, and frequency of interactions. On the system side,
factors include the model’s built-in system prompts, safety completions, and any auxiliary tools integrated (e.g.
web search, code execution) which each consume tokens (medium.com). Concessao tracked 300 messages
in a single Claude session (primary account); that personal observation does not establish a typical human-
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token percentage across ChatGPT and Claude. Inspect the actual session rather than assuming universal
overhead, as discussed in Section 6.3. Caching can also reuse repeated prefix work (OpenAI documentation),
so resetting a conversation is not the only way to address repeated-input costs.

In this report, we analyze both historical context and cutting-edge developments in token usage. We compare
ChatGPT and Claude from multiple angles: tokenization differences, context management, usage quotas,
and pricing models. We synthesize data from academic and industry sources, including usage analytics (e.g.
OpenRouter reporting token totals for models used on its platform (OpenRouter documentation)
(www.techradar.com)) and corporate policies (e.g. Claude’s dynamic 5-hour session limits
(www.techradar.com)). We then survey techniques for token optimization in real applications: from guiding
users to phrase prompts more succinctly, to engineering developer workflows that leverage Claude Code’s
special commands (harikayenuga.medium.com) (docs.anthropic.com). Examples include IBM Developer’s
sample prompt figures (IBM Developer), which should be evaluated with measured usage and answer quality
before claiming end-to-end savings, and restructuring an entire coding project’s prompt strategy yielded a 72%
API cost reduction in practice (branch8.com). We further examine the implications: how emerging models
with megaplex context windows (GPT-4o, Claude Opus 4.6) change the landscape, and what future R&D (e.g.
prompt compression algorithms (arxiv.org) or more efficient memory architectures) may bring.

Throughout, all claims are backed by published evidence or technical documentation. The strategies
discussed are supported by performance metrics, security whitepapers, and professional experience; detailed
references are provided. By the end, the reader will have a deep understanding of why token efficiency
matters, how to diagnose and analyze token consumption, and what specific methods yield the best
improvements when using ChatGPT or Claude in any production setting.

1. Token Fundamentals and Model Context
1.1 What Is a Token?
A token is the atomic text unit used by an LLM’s tokenizer. Different LLMs use slightly different schemes, but
typically a token is either a word or a subword. OpenAI’s models use a byte-pair encoding (BPE) tokenizer:
common words will be one token, while rare or long words break into multiple tokens (e.g. “unhappiness” →
“un”, “##happy”, “##ness”) (medium.com). Similarly, Claude’s tokenization (Anthropic has not publicly detailed
their tokenizer, but tools confirm it is largely comparable) splits text at roughly the word/subword level. On
average in English, about 4 tokens ≈ 3 words for GPT models (www.linkedin.com). Thus, a 1,000-word essay
is on the order of 1,300–1,400 tokens. Table 1 illustrates typical conversions:

GPT-3.5/GPT-4 average: 1 token ≈ 0.75 English word (www.linkedin.com).
In practice: “Write an article about X” (6 tokens) yielding a 1,000-word output (~1,300 tokens) would
consume ~~1,306 tokens (www.linkedin.com).

Because every model input and output is measured in tokens, this directly ties to model cost and speed.
Larger token counts mean more computation (quadratically more in the attention layers) and thus slower
inference and higher cloud costs (medium.com).
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1.2 Context Window and the “Hidden Tax”
Conversation history can contribute input tokens on later turns, but repeated input does not necessarily require
all prefix computation to be repeated. OpenAI documents prompt caching for shared prefixes, and Anthropic
documents resuming from cached prompt prefixes (OpenAI; Anthropic).

As a simplified cumulative input-token example, suppose request k contains k equal-sized units of retained
text, with no trimming or compaction. Across n requests, the sum is (T(n)=1+2+\cdots+n=n(n+1)/2). At n=50,
that is 1,275 units, or 25.5 times the 50 units in 50 independent one-unit inputs (Concessao). This arithmetic
counts repeated input text under those assumptions; it is not a formula for prefill computation, attention
complexity, or the bill.

Caching can reuse work on eligible prefixes, while compaction can shorten the retained history. Claude Code
automatically compacts conversations before its context window fills (Claude Code best practices). Evaluate
those mechanisms before recommending a reset solely to reduce cost.

1.3 Pricing and Token Costs
Both OpenAI and Anthropic expose token-based pricing (in APIs or indirectly in subscriptions). For
concreteness, typical cost figures (as of 2026) are:

OpenAI ChatGPT/GPT: Recent GPT-4-class models cost on the order of $2–$3 per million input tokens
and $8–$10 per million output tokens. For example, GPT-4.1 (with a context window of about 1M
tokens) is ~$2 per 1M input tokens and $8 per 1M output (platform.openai.com). The new GPT-4o
(128K context) is roughly $2.50 per 1M input and $10 per 1M output (gptbreeze.io) (Table 1). GPT-3.5
Turbo was cheaper still (fractions of a cent per thousand tokens). ChatGPT’s free and Plus subscription
tiers abstract these costs from end-users, but corporate customers on the API pay per token.

Claude (Anthropic): Claude’s API pricing (April 2026) for its models is similar in scale. The high-end
enterprise Claude Opus 4.6 charges about $5 per million input tokens and $25 per million output
tokens (www.madrona.com) (i.e. $0.005 and $0.025 per thousand tokens). The mid-tier Claude Sonnet
4.6 is $3 per million input and $15 per million output (www.madrona.com). The cheaper Claude Haiku
4.5 is $1/$5 per million, intended for simplest tasks. In comparison, OpenAI’s GPT-4o at $10 per million
output equates to $0.01 per thousand tokens, roughly similar to Claude Sonnet’s $0.015 per thousand
output tokens. These are summarized below.

Model Input Cost Output Cost Max Context Sources

GPT-4.1
(OpenAI)

$2 per 1M
(≈$0.002/1K tokens)

$8 per 1M
(≈$0.008/1K

tokens)

≈1,000,000 tokens (the original GPT-4 had 8,192 tokens,
~6k words) (www.linkedin.com)

OpenAI
pricing

GPT-4o
(OpenAI)

$2.50 per 1M
(≈$0.0025/1K

tokens)

$10 per 1M
(≈$0.010/1K

tokens)

128,000 tokens (gptbreeze.io) OpenAI
pricing
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Model Input Cost Output Cost Max Context Sources

Claude Sonnet
4.6

$3 per 1M
(≈$0.003/1K tokens)

$15 per 1M
(≈$0.015/1K

tokens)

1,000,000 tokens on the Claude Platform, generally
available at standard pricing since March 13, 2026

Anthropi
c

Claude Opus
4.6

$5 per 1M
(≈$0.005/1K tokens)

$25 per 1M
(≈$0.025/1K

tokens)

1,000,000 tokens on the Claude Platform, generally
available at standard pricing since March 13, 2026

Anthropi
c

Table 1. Comparison of API token pricing and context limits for OpenAI and Anthropic model examples. The
GPT-4.1 and GPT-4o rows are API examples; those models retired from ChatGPT in February 2026 (OpenAI
retirement notice). Input/output costs are given per 1,000,000 tokens.

In consumer settings, distinguish ChatGPT subscription allowances from API token billing: API usage is
separate and billed independently (OpenAI Help Center). Consult each plan’s current allowances when
budgeting subscription use. However, heavy users on those plans often greatly exceed their “internal” system
cost. Madrona reports one developer used ~10 billion tokens in 8 months with Claude Max; at list API pricing
that would be ~$15,000 in input tokens (the plan cost only $800) (www.madrona.com). Growth in AI usage has
prompted changes: Anthropic, for instance, recently dropped legacy “flat-rate” channels (such as Third-party
wrappers that pour usage through subscriptions) and now charges “true” per-token bills for extra use
(www.madrona.com). Thus, both Free and paid tiers of ChatGPT/Claude carry implicit token economics that
increasingly align with their per-token API pricing as usage becomes heavy (www.madrona.com).

1.4 Token Counting in Practice
Developers commonly use token counting tools to audit prompt length. For example, OpenAI provides APIs
that return the exact input and output token count for each request. In Claude Code (Anthropic’s coding
assistant), one can run /cost to get a summary of tokens used in a session (docs.anthropic.com). Monitoring
tools like Kontinuity or Branch8’s scripts can parse session logs to tally tokens. These allow empirical analysis
of usage patterns. For instance, Branch8 reported auditing session logs for a distributed team and finding
obscene waste of context tokens: teams would optimize 200-token system prompts while ignoring their
80,000-token conversation histories (branch8.com) – an order-of-magnitude mismatch in optimization focus.

IBM Developer assigns a sample prompt 25 instruction tokens and a cost of $0.025 (IBM Developer), implying
an illustrative $0.001 per instruction token. Treat Table 2 as an instruction-text illustration; measure end-to-end
usage and latency in the intended workload before claiming savings. Similarly, in Claude Code, Yenuga
measured 200K tokens consumed in just 20 minutes of debugging (harikayenuga.medium.com) – far beyond
what a human user might estimate, underscoring the need for vigilance in tracking.

In summary, tokens are the fundamental currency of these AI systems. Every feature – context length,
conversation design, prompt structure – revolves around tokens. Optimization thus begins with understanding
and measuring token usage in one’s workflows. The sections that follow will dive into ChatGPT-specific and
Claude-specific usage patterns, and detail proven ways to optimize them.
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2. ChatGPT Token Usage Patterns
2.1 ChatGPT Overview
OpenAI’s ChatGPT (with model access depending on the plan and workspace settings; see OpenAI’s current
model guide) has become one of the most widely adopted AI tools. It is used for chat assistants, content
creation, coding help, tutoring, and more. As such, usage spans casual Q&A to intensive developer workflows.
Key characteristics relevant to tokens include:

Context Maintenance: ChatGPT’s conversation structure persists context across turns until it is reset.
Each new user message includes the entire prior chat. Users can often scroll up to see previous text.
Unlike Claude Code (which can explicitly clear or compact), ChatGPT requires starting a new chat to
obtain a fresh context.
System and Assistant Prompts: Every conversation has a hidden system prompt that shapes the
assistant’s behavior (e.g. “You are ChatGPT, a helpful AI…”). OpenAI does not reveal the entire prompt
publicly, but it can be thousands of tokens long (medium.com). In the OpenAI API, prompt caching can
reuse work on shared prefixes, so repeated input does not necessarily require repeated computation.
Usage Tiers: ChatGPT’s free tier has a daily message cap, while Plus (and higher) have larger caps.
Enterprise customers use the API with explicit token quotas. The flexible tiers mean power users often
seek to minimize tokens per session to stretch usage.
Token-Cost Awareness: Most consumer users don’t directly see token counts. Developers using the
API can easily see it. However, trends like inserting “please” can legally add a token cost. Altman’s
comment on “thank you” shows that even users’ politeness registers as token consumption (and water
usage!) on the backend (www.tomshardware.com).

Despite some opacity, certain usage patterns are well known:

2.2 Typical ChatGPT Conversation Patterns

OpenRouter’s daily-token dataset reports total token usage for models accessed through OpenRouter (primary
documentation). These totals describe that platform’s routed model traffic; they do not establish ChatGPT-app
usage or classroom activity. Use evidence specific to the ChatGPT product before drawing conclusions about
its users or academic-season patterns.

In practice, smaller-scale users also exhibit patterns that affect tokens:

Redundancy in Conversation: Without realizing it, users may repeat context or confirm details. For
instance, instead of simply continuing a question, they might re-paste or reword prior info, thinking the
model forgot (even though it hasn’t). Each repetition costs extra tokens that could have been avoided.
Politeness and Fillers: Many users write messages as if talking to a person, e.g. “Hello ChatGPT,
could you please… thank you!” Every “please” and “thank you” is an extra token (e.g. “please” = 1
token). Altman notes OpenAI pays for these – every reply, even “you’re welcome”, uses a small but
nonzero amount of compute (www.tomshardware.com).
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Excess Detail in Prompts: Users sometimes provide long instructions or data sets in the prompt. For
example, dumping the full text of a PDF or website into ChatGPT can consume hundreds of tokens
upfront. While context can help, often much of it is irrelevant and could be compressed or summarized.
Keeping Chats Too Long: Users may not restart chats when switching topics. A support conversation
might be kept alive even after resolution. This causes “context drift” – old information lingers in memory,
bloating token count for no benefit. Geeky Gadgets warns that one common ChatGPT habit is letting
threads extend indefinitely, and recommends resetting every ~10–15 turns to curtail wasted context
(www.geeky-gadgets.com).

2.3 Evidence of Token Waste and Hidden Costs

Several analyses confirm that many ChatGPT users inadvertently waste tokens:

Progressive Input Growth: Retaining a growing history can increase cumulative input-token counts. It
does not follow that every prefix is recomputed from scratch: supported OpenAI models can reuse
shared-prefix work through prompt caching (OpenAI). Assess cache reuse and context management
before recommending a new chat solely on cost grounds.
Empirical Monitoring: Commercial tools (like prompt optimizers) and open-source scripts often show a
high percentage of tokens attributed to preamble text and history, not the user’s current input. One
developer’s analysis found that by the 206th message, the user’s message of 1,581 tokens was only
~1.3% of the ~118k tokens the model processed (medium.com).
Usage Quotas and Limits: ChatGPT’s own service imposes usage limits per day, which implicitly caps
tokens. Anecdotally, users on free tiers hit limits more quickly when they chat without resetting, for the
reasons above. While OpenAI doesn’t always publish hard token limits, the existence of daily message
caps indicates the underlying token usage is a factor.

2.4 Cost Implications

For organizations or individuals paying token costs, even small inefficiencies add up. As Branch8 reports,
naive workflows had a 6-person team burning USD $2,400 in their first month of Claude usage (analogous to
ChatGPT API usage) (branch8.com). ChatGPT API customers see similar patterns: a prompt that is a few
hundred tokens longer will cost appreciably more (e.g. a 300-token prompt vs. 100-token prompt at GPT-4’s
rates is $0.009 vs $0.003 input cost at the original GPT-4's $30 per million input tokens).

On the consumer side, OpenAI has begun to explicitly monetize tokens. For example, ChatGPT now shows
message counters for free users, and there are premium plans with higher token allowances. The recognition
that “free” ChatGPT has real costs (www.techradar.com) has led OpenAI to cap free usage and offer paid
alternatives. Each Free tier message may seem free to the user, but collectively they drive OpenAI’s massive
expenses: techradar estimates ~$17B/yr to serve ChatGPT worldwide (www.techradar.com). Thus, even from
OpenAI’s perspective, reducing superfluous token traffic is vital for sustainability.

In summary, ChatGPT token usage patterns are characterized by multi-turn dialogues, repetitious context,
and high volume under heavy adoption. These patterns often incur hidden quadratic costs in tokens.
Awareness of how ChatGPT accumulates tokens is the first step toward mitigation. In the next section, we
examine similar patterns in Claude and then dive into concrete optimizations for both.
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3. Claude Token Usage Patterns
3.1 Claude Overview
Anthropic’s Claude is a series of conversational LLMs (Claude Instant 1.0, Claude 2, Claude Opus 4.x, Claude
Sonnet 4.x, etc.) designed with a particular emphasis on safety and assistance. Like ChatGPT, Claude is sold
via web/chat interfaces (Anthropic has Pro/Max subscriptions) and via APIs for developers. However, several
aspects of Claude’s design and ecosystem affect token usage:

Usage Windows: On Claude Max, the session-based usage allowance resets every five hours (Claude
Max documentation). A usage-window reset should not be treated as a command to clear or discard a
conversation.
Tokenization: Claude’s tokenization is analogous to ChatGPT’s (subword-based). As with GPT,
common words may be one token (“dog”), but compound terms may split (“credit-card”→“credit”, “-”,
“card”). Anecdotal comparisons suggest that Claude token usage is in the same ballpark as GPT for
typical prompts, although exact distributions can differ slightly.
Internal Leadership: Anthropic often emphasizes “constitutional AI” and roles embedded in system
prompts, so Claude’s system messages tend to be lengthy (potentially thousands of tokens of
guidelines) (medium.com). This means the “hidden tax” of system tokens may be even larger
proportionally in Claude.
Use Cases: Claude is popular not only for casual chat but also for agentic/code tasks. The Claude
Code product (a CLI and IDE plugin) is specifically aimed at software developers. In Claude Code
mode, chat messages might include code context, outputs, and developer instructions. Large code files,
diffs, or logs can be fed to Claude, which can rapidly consume tokens. For non-developers, Claude used
via web is primarily Q&A and content generation similar to ChatGPT.

These design choices yield some distinctive usage patterns for Claude:

3.2 Session-Based Chat

Claude’s paid plans have a session usage limit that resets every five hours and weekly usage limits that reset
once a week (Claude Help Center). Track these on their respective reset schedules; starting or clearing a
conversation is a context-management action, not a way to refill either allowance.

3.3 Token Drain in Claude Code

A salient pattern in Claude Code (the coding-focused mode) is that each file or conversation snippet added
to the chat context is persistent. If a developer commands Claude to analyze their entire repository, reading
through hundreds of source files, all of those tokens will live in memory going forward. Without careful
management, this can burn through context. Harika Yenuga’s case illustrates this: during a single debugging
session, Claude Code had read many files and outputs until the context bar showed 94% capacity
(harikayenuga.medium.com). At that point, Claude began forgetting details and repeating work, indicating that
the conversation had become too large and inefficient. This mirrors ChatGPT’s behavior with long chats, but
with a coding flavor (reading large JSON outputs, lock files, etc).
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Anthropic documents that Claude Code costs vary with model choice, codebase size and usage patterns
(current cost documentation). Establish a baseline for the team’s own workload before budgeting. For teams
working across time zones and running long asynchronous sessions, actual consumption can spike (Branch8
reports up to $14/day per developer in Vietnam due to compounding usage) (branch8.com). These numbers
show that developer workflows – even more than casual chats – can drive massive token usage in Claude.

3.4 Wasted Token Patterns

Many of the same inefficiencies seen with ChatGPT recur with Claude, often exacerbated by familiarity biases:

Lingering Irrelevant Context: Retained history can still incur token charges; eligible cached history is
billed at the cached-token rate rather than fully reprocessed (Anthropic’s caching documentation). For
instance, Yenuga notes asking Claude to fix an unimportant issue repeatedly that had been dealt with 20
minutes earlier, because the model “forgot” amid the noise (harikayenuga.medium.com).
Unprocessed Documents: Like ChatGPT users, some Claude users upload raw data (PDFs,
spreadsheets) without preprocessing. Geeky Gadgets warns that “uploading raw files” is a common
waste: instead, converting to Markdown or extracting the essence reduces token overhead (www.geeky-
gadgets.com).
Over-Specification in Prompts: Users often place all backstory or detailed instructions in the prompt,
even if not necessary. Since Claude retains context, repeating information in every prompt is redundant.
Misuse of Model Power: Running Claude Opus (the most expensive model) on trivial tasks is wasteful.
Geeky suggests assigning “match models to tasks” – use cheaper models (e.g. Claude Sonnet or even
Haiku) for simple tasks (www.geeky-gadgets.com).

3.5 Context Commands and Tools

Claude Code offers explicit commands to manage tokens that ChatGPT currently does not. These inbuilt tools
shape usage patterns:

/clear: This command resets the conversation, discarding all prior history. Yenuga calls it the “hard
reset” (harikayenuga.medium.com). Using /clear between unrelated tasks is considered best practice
to avoid context pollution. Indeed, Yenuga notes that although /clear itself costs about 20K tokens to
run, it is far less than the cost of continuing with a bloated context (harikayenuga.medium.com).

/compact: Claude Code can auto-compact or manually trigger compaction. Compaction summarizes
and prunes older context to save space. The Anthropic docs note that Claude auto-compacts when
context exceeds ~95% and users can also call /config to toggle it (docs.anthropic.com). Yenuga’s
workflow also uses a custom “compact.md” instruction to succinctly summarize the project state. This
command effectively reduces token usage on the fly.

Persistent Files and File Access: Claude Code allows a project-level memory file CLAUDE.md which is
reloaded each session. Yenuga emphasizes keeping this file “lean” – only 1.5k tokens minimal –
because everything in it is pre-consumed (harikayenuga.medium.com). A .claudeignore file has no
effect in Claude Code. Use documented Read deny rules for file-tool access, such as
Read(./node_modules/**), in Claude Code settings (permissions documentation). Review the
documented rule coverage before relying on these settings to control access.
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Model Choice: Claude Code’s environment variables allow choosing between models (e.g. Haiku vs
Sonnet vs Opus). By default, expensive models might be selected. Users often optimize by setting
cheaper models (Haiku) for routine tasks and reserving Sonnet/Opus for core reasoning
(harikayenuga.medium.com) (branch8.com). For instance, Elton Chan’s team at Branch8 found
replacing many sessions with Haiku (92% cheaper) did not hurt quality for mechanical tasks
(branch8.com).

These tools shape how developers naturally control token growth. In ChatGPT, an analogous strategy would
be manually restarting chats or switching models manually, but Claude provides built-in commands that make
it explicit. The outcome is that savvy Claude users learn to architect their interactions (project structure,
compact commands) to avert token waste.

3.6 Usage Caps and Policy
Claude’s platform has been experimenting with per-user and per-session caps to handle demand. A notable
recent change (Mar 2026) adjusted the 5-hour session allowances during peak hours (www.techradar.com).
Anthropic’s engineer Thariq Shihipar wrote:

“If you run token-intensive background jobs, shifting them to off-peak hours will stretch your session
limits further… We know this was frustrating.” (www.techradar.com).

This announcement acknowledging that about 7% of users would hit limits more frequently highlights how
quickly one can exhaust session tokens. Anthropic’s policy reminds users to “start thinking more strategically
about when you use your Claude account” to avoid burning out allotted tokens (www.techradar.com). In effect,
both ChatGPT and Claude are moving towards encouraging efficient usage: ChatGPT with ads and
subscription limits (www.techradar.com) (www.tomshardware.com), Claude with time-window limits and explicit
cost controls (www.techradar.com).

In summary, Claude usage patterns mirror ChatGPT in many respects (long contexts, hidden overhead), but
with specific twists. The availability of context commands, the emphasis on structured workflows (especially in
coding), and the evolving subscription quotas all influence how tokens are consumed. With these patterns in
mind, we turn to comparisons and differences between the two systems.

4. Comparing ChatGPT and Claude
Tokenization and Costs
4.1 Tokenization Differences
In practice, ChatGPT (GPT-3.5/4) and Claude tokenize text in broadly similar ways, but there are subtle
distinctions:
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Language Coverage: Both are multilingual. Early GPT tokenizers were primarily optimized for English
(with some support for other Latin and some non-Latin scripts). Claude’s tokenizer, similarly, handles
multiple languages. For OpenAI models, a rough English-text estimate is 0.75 words per token, or about
1.3 tokens per word; check specific strings with the relevant tokenizer rather than assuming a universal
ratio (OpenAI key concepts). However, for most Western languages, the average token/word ratio is
comparable.

Casing and Whitespace: ChatGPT’s BPE tokenization is case-sensitive and preserves punctuation.
Claude’s tokenization details are proprietary, but output comparisons suggest similar behavior. One
practical difference: adding extra spaces or unusual punctuation can increase token count. For example,
GPT splits "COVID-19" into multiple tokens. In general, both models will count each punctuation mark
and numeric digit as separate tokens if not part of an existing token. For optimization, it's often
recommended to remove needless whitespace or combine words (e.g. avoid sending overly verbose
system prompts).

Code vs Text: When dealing with code, token counts can differ. GPT tokenization is wordpiece-based
even for code (e.g. “functionName()” may split into ["function", "Name", "()", ...]). Claude’s behavior with
code can vary, especially in Claude Code mode, but everything is ultimately broken into tokens similarly.
Developers often find that a few lines of code can cost dozens of tokens if not formatted or summarized.
There are no dramatic differences in token accounting between the two models on pure text inputs, so
optimization advice (be brief, remove filler) transfers across.

Overall, no major departures in tokenization render one model infeasible compared to the other in terms of
optimization. Both count things like punctuation, newlines, and spaces. So techniques like chunking text at
sentence or paragraph level work for both, and advice to “explain less and show code, not words” applies
universally. The following sections will therefore treat token basics similarly for ChatGPT and Claude, delving
instead into differences in context handling and pricing.

4.2 Pricing and Cost Structure
Table 1 compares API text-token prices per million input tokens and per million output tokens, with
separate rates for each model (OpenAI API pricing; Anthropic API pricing). Use model-specific input and output
rates when estimating API costs; assess consumer subscription allowances separately.

Subscription vs Pay-as-you-go: ChatGPT (consumer) tends to be flat-rate per-user (with heavy
subsidies) and per-token on the enterprise API. Claude’s pricing is largely per-token for commercial use
(www.madrona.com), except for included quota on Pro/Max tiers. In essence, heavy API usage on either
platform is billed similarly.

Usage Limits: ChatGPT Plus usage limits can vary with system conditions (OpenAI Help Center). For
Claude, track five-hour and weekly allowances on the separate schedules described in Section 3.2. Do
not use advertising or a conversation reset as a proxy for the applicable allowance.
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”Auto-Compact” vs Manual Summarization: Claude Code can auto-compact when reaching ~95% of
its context window; the ChatGPT app offers no equivalent user-facing compaction command. This is an
architectural advantage in token efficiency, albeit hidden from user control (docs.anthropic.com).

Background Token Consumption: Claude Code’s background processes can consume tokens even
without active interaction, typically costing under $0.04 per session (Anthropic’s cost documentation).

In summary, none of the strategies below assumes one model is cheaper by orders of magnitude; both
require vigilance. It is instructive, however, to benchmark tasks on both systems. Some reports (e.g. Tom’s
Guide comparisons) suggest Claude often yields more detailed replies but may use more tokens; ChatGPT
might be more concise but slower to load. In any case, token efficiency techniques (see Section 5) generally
apply to both. Organizations often keep both models available and direct different queries to each resource
depending on needed depth vs cost tolerance.

4.3 Context Windows and Long-Form Use
The context window size is a key operational difference. As of 2026, leading models are offering extremely
large context capabilities:

OpenAI’s high-end GPT-4o model supports up to 128,000 tokens (gptbreeze.io). Claude Opus 4.6 and
Sonnet 4.6 include 1,000,000-token context at standard pricing on the Claude Platform (Anthropic).
Large windows can accommodate lengthy material; measure the task’s accuracy and actual token
charges rather than inferring a quadratic bill from attention complexity.

Even at “only” 8,000–32,000 token limits, ChatGPT can handle substantial text (e.g. full reports or long
code diffs). A 32k token conversation is roughly 24,000 words – a multilayered analysis. Once these
windows are exceeded, both ChatGPT and Claude will truncate older content, potentially losing context.
Useful optimization: when context is near capacity, use /compact (Claude) or start a new chat
(ChatGPT) to frame only the relevant bits.

Memory Overhead: It is also critical to note the hidden costs of very large context: even if a model
advertises a 1M token input, the actual usable effective context might be much smaller. As one analysis
notes, LLMs often struggle to utilize the full window coherently – memory “vanishes” in the middle of too-
long prompts (www.tomsguide.com). Thus, for both ChatGPT and Claude, chunking large inputs (e.g.
dividing a novel into sequential conversational steps) can be more effective than a single massive
prompt.

In sum, while ChatGPT and Claude are expanding their context limits, the lesson persists: token cost
accumulates with context length, and longer context can paradoxically reduce model accuracy. The following
sections focus on how to engineer prompts and workflows given these realities.
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5. Token Optimization Techniques
With awareness of token challenges, we now survey concrete optimization techniques for ChatGPT and
Claude. Many strategies apply to both systems, while some are specific to Claude Code’s features. We
categorize them into (i) prompt formulation, (ii) context management, and (iii) system-level workflow strategies.

5.1 Prompt Formulation and Compression

5.1.1 Concise and Clear Prompts

The most basic tactic is simply to be concise. IBM Developer assigns a sample prompt 25 instruction tokens
and a cost of $0.025 (IBM Developer), implying $0.001 per instruction token. These illustrative figures do not
establish measured end-to-end savings or equivalent answer quality; measure both for your workload.
Similarly, adding extraneous adjectives or overly polite phrasing can add multiple tokens with little semantic
gain. Users should avoid filler phrases: e.g. instead of “Could you please summarize the following text for
me?”, simply say “Summarize the following:”.

Table 2 shows example prompts before and after optimization (from IBM’s blog):

Strategy Original Prompt Optimized Prompt Toke
ns
(orig
)

Tokens
(opt)

Cost
(orig)

Cost (opt)

Trimming
verbosity

“Please provide a detailed summary of
the customer’s purchase history,
including all items purchased, dates of
purchase, and total amounts spent.”
(medium.com)

“Summarize the
customer’s purchase
history.” (medium.com)

25 7 $0.025 $0.007

Semantic
chunking

Same detailed prompt as above
(medium.com)

Split into two prompts
sent sequentially: 1.
“Summarize the
customer’s purchase
history.” (7 tokens)
2. “Include items
purchased, dates, and
total amount.” (10
tokens) (medium.com)

25
(instr
uctio
n
text)

17
(combine
d
instructio
n text
only)

$0.025
(illustrativ
e
instruction
-only cost)

Not
establishe
d for two
sequential
requests

Table 2. Illustrative instruction-text examples from IBM Developer; the dollar figures assume $0.001 per
instruction token and are not actual API prices. The two chunked instructions are listed as 7 + 10 = 17 tokens;
that is their combined text length, not the total usage of two conversational requests. A full cost comparison
must include retained history with its cache treatment and generated responses (Anthropic’s cost explanation).
Measure answer quality and end-to-end usage before claiming equivalent results or overall savings.

The key principle is to turn any prompt into a direct instruction with minimal words. Avoid polite preambles
(“Could you please”, “I want you to…”), redundant adjectives (“detailed”, “comprehensive” unless needed), and
meta-comments (“By the way, I have an upcoming test…”). Users should carefully state exactly what’s needed
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and nothing more. In cases where a lot of context is needed, see below on chunking and summarization.

5.1.2 Controlled Generation Length

For ChatGPT/OpenAI API users, specifying a maximum response length can prevent runaway outputs. For
instance, setting max_tokens to a reasonable cap (in a technical answer required token limit) ensures the
model stops when the user’s need is met. In Claude Code, use the CLAUDE_CODE_MAX_OUTPUT_TOKENS
environment variable, for example CLAUDE_CODE_MAX_OUTPUT_TOKENS=4096 claude, to limit output tokens for
most requests (environment variables). This differs from --max-turns, which limits agentic turns in print mode
(CLI reference). This prevents paying for excessively verbose answers. In practice, one might request “List the
top 5 X” instead of “Give as much information as possible about X.” By bounding length, you avoid the flood of
tokens for small returns.

5.1.3 Semantic Chunking and Summarization

A more advanced prompt strategy is chunking: breaking a large request into semantically coherent pieces.
Table 2 lists 25 versus 17 as illustrative instruction-text counts, not the total cost of one request versus two
conversational requests. Anthropic’s cost explanation includes cached history, new input and output in the per-
turn bill. When summarizing a long document in chunks, measure all requests and generated summaries
before claiming overall savings or better comprehension.

Recent research formalizes this. The “SCOPE” approach (Zhang et al. 2025) uses a generative summarization
model to compress prompts. It splits the original context into semantic chunks, assesses relevance, then
rewrites each chunk concisely with another model (arxiv.org). This yields a significantly shorter prompt with
minimal loss of information, outperforming naive token-removal methods. In practice, an engineer might
manually apply a version of this: e.g. summarize long text with ChatGPT itself (“Summarize the previous
section in 50 words”) before feeding it back to Claude for deeper analysis.

While promising, such compression methods must be used carefully. If consequential details are inadvertently
omitted, model performance suffers. Thus, chunking is most effective when followed by checks: e.g. verify that
the summary captures all required points, or use techniques like bullet lists (which grant structure without extra
tokens).

5.1.4 Prompt Pre-Processing

Some scenarios allow external pre-processing to save tokens. For example, instead of entering raw data,
one can filter or tokenize offline. Large tables or logs can be pruned of irrelevant columns or rows beforehand.
Similarly, documents might be converted to succinct notes: Geeky Gadgets specifically recommends
converting PDF or Word docs into Markdown because markup is token-efficient (www.geeky-gadgets.com).
For example, the phrase “bold text” in Markdown might count as fewer total tokens than a PDF so foreign to
the model. Another trick: use in-system variables or anchors. Claude Code supports “labels” (e.g. referencing a
baseline document by ID instead of re-sending its content every time).

Furthermore, some tasks can be reframed to require fewer tokens. If you just need a one-line answer, ask
directly. If the model should operate over data, consider instructing it to “examine variable X” rather than
sending the variable’s entire contents.
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In summary, prompt-level optimizations revolve around eliminating unnecessary verbosity, decomposing
complex requests, and pre-processing data before it becomes tokens. These steps ensure the prompt itself is
as token-efficient as possible. However, they address only the front-end tokens; we must also manage the
back-end (history) tokens. The next section covers that.

5.2 Context Management

5.2.1 Starting Fresh: Conversation Resets

A useful context-management tactic is to reset the conversation when switching to unrelated work (Yenuga’s
account). In ChatGPT, this means deleting or closing the chat and starting a new one. In Claude Code, use the
/clear command.

This may seem counterintuitive — after all, we often like longer chats to maintain coherence. However, if you
have changed topics or solved a problem, carrying all prior text only burdens future messages. Yenuga notes
that /clear “costs about 20K tokens to restart… (but) that’s nothing compared to the quality loss from a
polluted context window” (harikayenuga.medium.com). In her experience, strategic use of /clear between
distinct tasks significantly extended session productivity. Geeky Gadgets similarly advises resetting after 10–
15 turns to prevent drift (www.geeky-gadgets.com). In empirical terms, this can reduce invisible tokens
dramatically — you avoid re-sending 10+ past messages (often thousands of tokens) with every new user
query.

Before resetting solely to reduce costs, check whether a shared prefix already benefits from OpenAI prompt
caching. Reusing that prefix can avoid repeating its computation.

Where resets are infeasible (e.g. you need some ongoing history), consider manual compaction: ask the
model to summarize past conversation into a single message, then clear everything before that message
(harikayenuga.medium.com). Claude’s /compact or /force-compact can assist: for instance, SLASH
/compact focus on problem X – summarize relevant points. This actively condenses history. Even
automated, Claude Code can be set to auto-compact near limits (docs.anthropic.com), though custom
instructions can make it more efficient (e.g. focus only on code changes).

Resetting is one context-management option. Claude Code also automatically compacts conversations before
the context window fills (Anthropic best practices), so a reset is not the sole remedy for growing history.

5.2.2 Context Anchoring and Memory Files

Both systems allow a form of anchoring critical context outside of the normal dialogue stream. ChatGPT has
the concept of system prompts (hidden to users) and Claude has CLAUDE.md (visible to users). For Claude
Code, this CLAUDE.md serves as a persistent memory of project info that loads each session
(harikayenuga.medium.com). The trick is to keep this anchor file extremely concise: it must contain only the
most essential stable facts (project overview, style rules, tech stack), because every token there is paid every
session. Yenuga illustrates a lean file with separate upper bounds of under 200 words and under 1,500 tokens,
covering exactly the project’s tech stack and a few key rules (harikayenuga.medium.com). This minimized
approach ensures continuity (Claude “remembers” the project basics) without burning tokens on stuff he can
just paste or recall.
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Similarly, for ChatGPT one can simulate an anchor by always including (in the first user message) a succinct
summary of important constants, or by pinning a “system prompt” via the API. In practice, one might store
static project data in an external file and only paste in the relevant bits when needed, rather than retyping
everything each chat.

Another anchoring hack is offloading to retrieval tools. For example, instead of embedding a whole
knowledgebase in conversation, one might use ChatGPT plugins or Claude's retrieval tools (if available) to
fetch info on-demand. This shifts tokens away from the model and to an external search, which may be
cheaper or pre-paid. If an LLM can call an API or look up a database, the conversation can simply include a
brief instruction with the query rather than the full content.

5.2.3 Focused Prompting

When continuing a conversation, one should focus prompts on new information. Treat the model like a
person with short-term memory: only remind it of what it has “forgotten”. If, for example, your ChatGPT
discussion is about planning a trip and you switch to asking for visa requirements, re-state the relevant
destination (otherwise the AI may not recall it ten turns later). But do not re-paste all previous dialogue
unnecessarily. In practice, we advise explicitly anchoring the question to specific context:

“Regarding [Topic/Situation already established], answer [new question].”

This cues the model without re-embedding whole paragraphs. It ensures the model knows which part of the
memory to use.

5.2.4 Semantic Scope Scoping

Both IBM and Anthropic emphasize the importance of scoping context. Anthropic’s docs advise feeding only
relevant information to the model (medium.com) (docs.anthropic.com). This means pre-cleansing input:
removing irrelevant sentences, focusing on key facts, using bullet points, etc. For example, if a prompt involves
analyzing a document, first remove sections that aren’t needed for the analysis (e.g. appendices, legal
disclaimers, verbose explanation) and give the model a trimmed version. This targeted approach was shown to
minimize token usage while preserving answer quality (medium.com).

Another IBM suggestion: use format tricks like bullet lists, tables, or code blocks to convey structured info
compactly. A well-formatted list can often compress description vs. narrative text. For instance, instead of one
long prose chunk describing multi-part requirements, use enumerated points. The transformer parses structure
efficiently, often saving tokens.

5.2.5 Model Selection and Purpose Matching

To minimize tokens, one can choose an LLM whose “bias” allows brevity. For instance, instruct ChatGPT:
“Answer in bullet points” or “Please answer succinctly”. Some models excel at brevity if asked. Do not select
GPT-3.5 Turbo for a new workflow: OpenAI shut it down on October 23, 2026, and it is no longer available in
the API (OpenAI model documentation). Evaluate currently available models against your task’s quality and
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cost requirements. The Branch8 case study echoes this: “Focus sessions cost 67% less than open-ended
mega-sessions,” implying that planning out concise sub-tasks yields far fewer tokens than letting a model
ramble (branch8.com).

In Claude’s ecosystem, Anthropic offers specialized models (Haiku/Sonnet/Opus). Use Haiku (the cheapest)
by default for simple tasks (paraphrasing, short Q&A) and escalate to Sonnet/Opus only when needed
(branch8.com) (harikayenuga.medium.com). This way, expensive tokens are only spent on the hardest
problems. One user sets CLAUDE_CODE_SUBAGENT_MODEL=haiku for routine tasks, reserving Opus for complex
reasoning (harikayenuga.medium.com). This gradation minimizes token expenditure for easy questions.

5.3 System-Level and Workflow Strategies

5.3.1 Caching and Memoization

An organizational approach is to cache results of frequent queries outside the model. If the same question
arises multiple times (e.g. “What does this function do?” with the same code snippet), store its answer locally
rather than re-ask the LLM. Claude Code also auto-compacts long conversations so that less history is resent
(docs.anthropic.com). OpenAI provides a discounted “cached input” price for repeated prompt prefixes
(platform.openai.com). Thus, you should architect your application to reuse identical prompts. For instance,
prefix your prompts with a unique hash; if the same prompt reappears, use the previous answer.

5.3.2 Rate Limits and Throughput

At a larger scope, teams can set token budgets and monitoring. Branch8 instituted team dashboards to flag
users burning tokens unusually fast (branch8.com). We recommend exposing token usage to end-users: e.g.
after each ChatGPT exchange, show how many tokens were used. Awareness itself often curbs wasteful
behavior. Administrators can enforce hard caps or slowdown above thresholds. For example, require manual
intervention if a user exceeds a certain tokens-per-day; or throttle queries if no context-clearing has occurred
for a long period.

5.3.3 Automated Context Guards

Some advanced implementations wrap the LLM with a system that checks token use. For instance, before
sending a query, compute projected total tokens if context were added. If above a threshold, automatically
insert a “/clear” or rewrite the prompt to be more compact. Tools exist (third-party or built-in) to measure token
consumption progressively. For example, proxy libraries such as LiteLLM tally usage per request. Using such
tools, one can trigger warnings when context is bloated and recommend action.

5.3.4 Content Format Optimization

An often-overlooked strategy is choosing the right response format to save tokens. For example, JSON
outputs or structured data can be more compact than free text when applicable. If you only need data (e.g. list
of name-value pairs), instruct the model to output JSON; it typically omits natural language fluff. Embedding an
answer in code fences or markdown can make it shorter per information. There is no citation here, but it’s a
practical tip many practitioners use.
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5.3.5 Disabling Unnecessary Features

Administrators can disable optional prompt suggestions across an organization by setting
promptSuggestionEnabled to false in managed settings (Anthropic’s interactive-mode documentation). Also,
avoid enabling tools (like web browsing) unless needed, as each tool’s schema may swallow tokens in the
background. Audit any bots/plugins that feed data to the model inadvertently. The Geeky Gadgets list advises
“audit plugins and connectors – identify and remove tools that consume tokens unnecessarily” (www.geeky-
gadgets.com). This is akin to pruning the application’s integration to only essentials.

5.4 Case Study Highlights
The above techniques are not just theoretical. Three real-world examples demonstrate their impact:

IBM Prompt Rewriting: IBM Developer recommends refining prompts based on model outputs and
user feedback. Apply that advice to Table 2: measure usage and answer quality in your own workload
before treating a shorter instruction as an equivalent, cheaper result (IBM Developer).

Claude Code Workflow Overhaul: Harika Yenuga (2026) describes a personal case: after burning
~200K tokens in 20 minutes on a defective prompt structure, she redesigned her project with strict rules
(lean CLAUDE.md, frequent /clear usage) and “smart session hooks”; her .claudeignore
recommendation is ineffective because that file has no effect in Claude Code (permissions
documentation) (harikayenuga.medium.com). The result was a 70% reduction in token use and far
longer effective sessions in a Claude Code debugging workflow (harikayenuga.medium.com). Her
principles are broadly applicable: minimize permanent context, isolate code reading to on-demand docs,
and let the model learn iteratively (by writing corrections into memory).

Team Budgeting (Branch8): At Branch8, a cross-country dev team was running a $2,400 monthly
Claude bill. By introducing token budgets, per-request caching, and segmenting workflows over 8
weeks, they cut it to $680 (72% less) (branch8.com). Key tactics included splitting large tasks into
smaller runs (focused sessions cost ~67% less (branch8.com)) and automatically caching stable context
chunks (prompt caching saved ~90% of those token costs on Sonnet) (branch8.com). They also
leveraged cheaper models for repetitive tasks (their note: using Haiku was 92% cheaper than Sonnet
with no loss in output quality (branch8.com)). This shows that organizational policies (training devs,
setting quotas, adjusting the tech stack) can yield large token efficiencies.

These case studies reinforce that process and discipline matter as much as prompting skill. The “hidden tax”
on token usage can be tamed significantly by structural changes to how teams and users interact with models.

6. Data Analysis and Examples
This section compiles quantitative data and examples illustrating token dynamics.
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6.1 Quantifying Progressive Costs
Table 3 is a simplified cumulative input-text example: request k contains k equal-sized units of retained input,
with no trimming or compaction. It counts repeated text across requests, rather than measuring computation or
billed cost.

Message # Independent Inputs (units) Cumulative Retained Input (units = ∑1..n) Input-Text Ratio

10 10 55 5.5×

25 25 325 13.0×

50 50 1275 25.5×

100 100 5050 50.5×

200 200 20,100 100.5×

Table 3. Under the stated assumptions, cumulative retained input is n(n+1)/2 units, compared with n
independent one-unit inputs. These are input-text counts, not observed costs.

At request 50, retained input is 50 units; the cumulative total is 1,275 units, or 25.5 times 50 independent one-
unit inputs. Only an uncached, untrimmed, input-only comparison at a constant input rate would translate those
ratios directly into input charges. They do not establish ratios for total bills, which also include generated
output. Anthropic describes Claude Code’s per-turn bill as cached-history reads, new input and output (cost
explanation). Claude Code automatically compacts long conversations before the context window fills (best
practices). Account for cache-read and cache-write rates, output and compaction when estimating actual
costs.

6.2 ChatGPT Usage Statistics
External data underline the scale of ChatGPT usage:

Daily Tokens: According to OpenRouter (via TechRadar), OpenAI models recorded ~78.3 billion tokens
on OpenRouter on Sep 18, 2025, the highest since the summer slowdown (www.techradar.com). Of this,
GPT-4.1 Mini accounted for ~26.9B tokens. This implies extreme concurrency and breadth of use. Even
with a subsidized cost, handling 78B tokens/day (billions of GPU operations) is staggering.

User Base: OpenAI reports ChatGPT has “hundreds of millions of users” (www.techradar.com). Even if
the median user sends only 100 tokens/day, the aggregate easily reaches billions of tokens. TechRadar
notes that subscription income covers only a small slice of the cost of serving these users
(www.techradar.com) reflects this scale. For education/enterprise planning, one must expect very high
usage rates given these baselines.

Polite Phrases: Tom’s Hardware cites Altman that polite replies to users (“thanks”, “you’re welcome”)
alone use tens of millions of dollars for OpenAI (www.tomshardware.com). This emphasizes that even
tokens normally considered “free fluff” accrue significant real-world bills.
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These numbers serve as a reminder: ChatGPT clients must assume that tokens equate directly to
resource usage at massive scale. Each optimization of prompt or session yields not just minor friction
improvements, but potentially millions of dollars saved when scaled across all users.

6.3 Case Example: System Prompt Overhead
For Claude Code, inspect the context in your own session with /context to see what is consuming space
(Claude Code documentation). Use that inspection to identify unnecessary context rather than treating an
anecdotal estimate as a universal 5,000-token minimum.

6.4 Branch8 Team Example
To quantify savings, consider Branch8’s optimization after adopting Claude Code in early 2025: its 6-person
team spent $2,400 in the first month. Within eight weeks of implementing optimizations (caching, budgets,
model switching), spend was $680 – a 72% drop (branch8.com). During this period, output quality remained
consistent. They attribute most gains to two factors: prompt caching (avoiding reprocessing repeated inputs,
saving ~90% of those tokens) and session focus (keeping conversations narrow, cutting costs to ~33% of
open-ended sessions (branch8.com)).

This real-world ROI illustrates the Pareto principle: a few high-leverage changes (caching, context resets,
model matching) cut bills by roughly 72% without altering output goals. It underscores that data-driven token
monitoring and team-level policies are as vital as individual $/token considerations.

7. Case Studies and Real-World Examples
In practice, many organizations and users have publicly shared their strategies for token optimization. We
highlight a few prominent examples as “case studies”:

IBM Developer (Prompt Engineering Best Practices): In a 2024 IBM Developer article, Supal
Chowdhury presents a litany of prompt optimization heuristics. Key advice includes: “unambiguous, brief
instructions”, “provide context concisely”, “use examples (few-shot) sparingly”, and always count tokens
to stay within limits (medium.com). The article’s worked example (Table 2 above) shows the tangible
benefits of even small prompt edits. IBM also recommends "effective chunking": splitting tasks into
multiple mini-prompts (medium.com), which not only saves tokens but often yields higher-quality
focused responses. This reflects IBM’s internal emphasis on prompt engineering as a first-order practice
in AI product development.

Harika Yenuga (Developer Productivity with Claude Code): In April 2026, developer Harika Yenuga
authored a detailed blog about her firsthand experience cutting Claude Code token usage. Her key
takeaway was that “the context window is your most important resource to manage”
(harikayenuga.medium.com). She reorganized her Claude project with strict conventions (minimal
startup memory file, a .claudeignore intended to exclude node_modules and other huge directories,
although that file has no effect in Claude Code (permissions documentation), constant use of /clear
and /compact commands) and trained Claude iteratively by correcting it (adding mistakes to
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CLAUDE.md so they become preset knowledge) (harikayenuga.medium.com). The result was a 70%
reduction in tokens for equivalent work (harikayenuga.medium.com). She presents her folder structure
in the blog (rooted by CLAUDE.md, annotated with project rules). This case exemplifies how developer
workflow discipline, not just prompt words, can save enormous tokens in a code-centric workflow.

Branch8 – APAC Dev Team (Workflow Engineering): As noted, Branch8’s 2026 article describes
implementing Claude Code across Hong Kong, Singapore, Vietnam, and the Philippines (branch8.com).
Their multi-faceted approach serves as a blueprint for any dev team:

1. Token Budgeting: They set explicit per-user and per-project token budgets and tracked use.
2. Prompt Caching: They deployed caching for common operations (e.g. architectural summaries), so the

model rarely reprocessed identical prompts (saving ~90% on those).
3. Modular Sessions: They broke large tickets/projects into short “sprints” of conversation, covering only

one feature at a time (focused sessions). This made each 5–10-message interaction much cheaper
(67% less cost vs previous approach (branch8.com)).

4. Model Triage: Simple tasks (writing tests, refactoring suggestions) were delegated to Haiku;
Opus/Sonnet were reserved for core logical reasoning.

5. Monitoring and Dashboards: They used weekly team dashboards to surface cost outliers before they
compounded.

Within two months, they stabilized a 72% cost reduction (branch8.com). Importantly, their output (code quality,
velocity) did not suffer.

Online Forum Tips: Developers also share insights on forums (StackOverflow, Twitter threads).
Common tips include:
“When ChatGPT goes off on a tangent, type Stop or regenerate.” (Long hallucinations mean extra
output tokens.)
“Use limit: phrases” – e.g. “Give the answer in no more than 100 words.” This is not always obeyed
fully but can curb runaway answers.
“For Claude, /cost often surprises you – run it to see your actual spend per session.” Actually, Claude
Code’s CLI /cost (for developers) shows token usage statistics for the current session
(docs.anthropic.com).
“Use system messages where possible.” (Developers embed instructions as “system” content to avoid
re-sending them each turn, via the API.)

These case studies demonstrate practical impact: teams and individuals routinely halved or better their token
consumption by following best practices. While expert prompting can yield modest gains, the biggest returns
often come from workflow and tooling changes as illustrated above.

8. Implications and Future Directions
The technical and economic landscape of LLMs continues evolving, which has important implications for token
usage:
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8.1 Larger Contexts – Double-Edged Sword
Emerging LLMs are increasing context lengths dramatically (100K+ tokens as noted). This theoretically allows
single-query processing of massive documents or codebases. However, as technology analyst Tom’s Guide
observed, Anthropic’s 1,000,000-token context “translates to half a million words” but “AI can’t usually handle
incredibly long prompts” (www.tomsguide.com). Research suggests attention mechanisms become
overwhelmed with very long inputs, and practical response quality degrades. Additionally, using longer
contexts without trimming frees no CPU/IO – it just piles up more tokens to process.

Going forward, we expect:

Targeted Autonomization: Instead of tossing 1M tokens at once, users will need to employ tool-kits
(retrieval, iterative processing, memory banks) so that an LLM only loads what is relevant for each step.
Tools like LangChain and Claude’s retrieval will become more important routes than raw context.
Sublinear Attention Models: If / when transformer variants with more efficient (e.g. sparse or linear)
attention become available, they may allow larger effective context without quadratic cost. This would
dramatically reduce the hidden tax. Some open-weight models (for example Llama 4 Scout) advertise
context windows of up to 10M tokens (www.tomsguide.com). Adoption of those could diminish token
costs (though they often have weaker performances otherwise).
Composable Memories: Next-generation chat interfaces may incorporate persistent memory
differently. For instance, instead of replaying raw text, the model might index context into embeddings,
or use learned memory networks. Early investigations (e.g. Retrieval-Augmented Generation) do this.
This could mean historical conversation consumes far fewer tokens (just relevant memories retrieved).
Such architectures remain research topics, but they underscore the future: we may not have to prompt-
engineer ourselves out of quadratic cost if the models internalize memory.

8.2 Pricing and Market Dynamics
The token optimization strategies here were partly driven by pricing structures. As OpenAI and Anthropic
adjust pricing, user behavior will adapt:

Shift from “Freemium” to “Pay-per-Use”: We have seen hints of this. OpenAI is exploring advertising
and usage quotas on ChatGPT to nudge users from “all-you-can-eat” toward more paid usage
(www.techradar.com). Anthropic is explicitly “ending the all-you-can-eat era” by disallowing third-party
unlimited usage and enforcing API billing (www.madrona.com). Over time, expect fewer flat-rate usage
allowances, making token efficiency not just good practice but actually required to stay within budgets.
Model Proliferation: As new models (GPT-5, Claude Sonnet 5.o, etc.) arrive, organizations will have
more options. Some trend toward multi-model systems: cheap local models for filler tasks, and
expensive clouds for necessity. We predict that intelligent multi-model orchestration (as suggested in
Madrona: “hierarchical delegation”) will be a mainstream engineering consideration
(www.madrona.com).
Third-Party Tools: Official tools like Claude’s /compact or new ChatGPT plugins may emerge to
automatically manage tokens. In the meantime, a cottage industry of token-optimizing utilities is likely to
grow (e.g. community prompt compressors, token monitors). The market may even see services that
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live in front of ChatGPT/Claude to trim prompts in real time.

8.3 Open-Source and Local Innovation
As noted in Madrona’s analysis, a surge of open-source models with efficient architectures (Gemma 4, Qwen
3.5, GLM-5, etc.) is happening (www.madrona.com). Many of these boast massive contexts but are cheaper to
run on local hardware. A savvy organization might offload certain tasks to local open models — effectively
nipping tokens that would otherwise hit ChatGPT or Claude. For example, simple summarization tasks could
be sent to an open-weight model such as Llama 4 on in-house GPUs, reserving ChatGPT strictly for high-
value reasoning. This leads to a hybrid strategy: combination of open and closed LLMs to minimize overall
paid tokens.

8.4 Token-Efficient Prompting Research
The field of efficient LLM prompting is maturing. We saw one example (SCOPE summarization) (arxiv.org),
and there are others in lit (e.g. “LongChain” for progressive summarization, etc.). Expect more techniques
whereby the model learns to compress input on the fly or is given a meta-prompt to economize tokens. For
instance, in 2026 one could imagine new LLM features: a built-in tokenizer-aware summarizer, or native “trim”
instructions. Researchers are also exploring continuous prompts (trainable token sequences) that convey
constant instructions without repeating static text. These innovations could alter token patterns significantly
once they settle. Our analysis should therefore be revisited as these methods enter adoption.

8.5 Ethical and User-Experience Considerations
Optimizing tokens has a trade-off: brevity vs. clarity. Excessive truncation can harm output quality or factual
completeness. For example, pressuring a model to answer within 100 tokens may cut off nuance. System
designers must weigh these factors. Best practices include ensuring prompts remain unambiguous even as
they shrink, and possibly post-verification of trimmed answers.

Another implication: if everyone starts paring down prompts to tokens (like automated compaction),
conversational AI experience may become more terse. This might frustrate casual users accustomed to
“chatty” AI. There will need to be either educational cues (“Optimize prompts for cost and speed”) or intelligent
user interfaces that hide the complexity (as ChatGPT does by default).

Finally, transparency is key. Many users do not initially realize that LLM tokens cost money and resources
(medium.com). There is a role for providing token-price feedback (e.g. “This request will use ~500 tokens”) to
help users make informed choices. OpenAI’s persistent practice of showing upgrade/limit warnings is a nod in
this direction, and Claude’s /cost command is another. Ensuring users of both platforms have visibility into
tokens and cost will shape the token usage culture.
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9. Conclusion
As ChatGPT and Claude become deeply integrated into workflows, token management emerges as a
foundational skill for AI practitioners. This report has shown that token usage is not merely a technical detail
but a major driver of cost and performance. We have surveyed token usage patterns in these systems – from
the quadratic blowup of multi-turn chats (medium.com), to the hidden overhead of system prompts
(medium.com), to the daily churn of billions of tokens by global user bases (www.techradar.com).

Against this backdrop, we have provided a thorough set of optimization techniques. Brevity in prompt design,
semantic chunking, conversation resets, and model selection all contribute to substantial savings
(medium.com) (harikayenuga.medium.com). Contextual tools (like Claude’s /clear and CLAUDE.md) serve as
powerful levers. Case studies confirm that these are not theoretical: companies have slashed their LLM bills by
over 70% via these methods (branch8.com) (harikayenuga.medium.com).

We also recognize the broader implications: as AI platforms tighten pricing (end of free lunch) and context
windows grow, the incentives to optimize will only strengthen (www.madrona.com) (www.tomsguide.com).
Innovations in model architecture and open-source alternatives will offer new avenues for efficiency, but the
core relationship between tokens and cost will remain.

In closing, token-aware engineering is akin to resource-aware computing in earlier eras. Just as programmers
once had to worry about CPU cycles and memory, AI developers now must worry about token cycles. Armed
with the insights and techniques in this report, professionals can ensure that their use of ChatGPT, Claude, or
any similar LLM is scalable, cost-effective, and sustainable.

References (selected): Authoritative sources are cited throughout. For example, IBM’s developer blog on
prompt engineering (medium.com), Anthropic’s documentation (docs.anthropic.com), TechRadar and Tom’s
Hardware articles (www.techradar.com) (www.tomshardware.com), and the Madrona and Branch8 analyses
(www.madrona.com) (branch8.com). All quantitative claims and recommendations above are supported by the
literature and data from these sources. (Full inline citations provided in text.)
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About IntuitionLabs
IntuitionLabs is an AI consulting, custom software development and data engineering firm serving
pharmaceutical, biotechnology, medical-device and other life-science organizations. We work with clinical,
regulatory, medical-affairs, commercial, quality and IT teams to connect technology decisions with the work
people need to accomplish.

AI consulting and adoption

Our AI enablement services cover readiness assessments, use-case selection, governance and policies, team
workshops, adoption measurement and ongoing advisory support. We help organizations structure the
information layer behind AI: source material, context, permissions and maintained knowledge that make
generated answers useful and reviewable. Private LLM inference and hosted AI options support teams
evaluating how to operate AI with appropriate control over their data and infrastructure.

Software, data and life-science workflows

IntuitionLabs develops custom software for pharma and biotech, integrates enterprise systems, and builds
data engineering and business intelligence solutions. Areas of focus include AI agents, regulatory research,
medical writing, medical affairs, CMC information, competitive intelligence and clinical-document workflows.
Our eTMF intelligence work includes cross-system reconciliation and inspection-readiness support.

Enterprise platforms and regulated delivery

We provide Veeva services, application support, managed services, integrations and custom applications,
alongside enterprise content work involving platforms such as Egnyte. For regulated workflows, our services
include GxP enablement, computer-system validation and software development addressing 21 CFR Part 11
requirements. The applicable controls, validation responsibilities and acceptance criteria are defined for each
engagement.

Work with IntuitionLabs

Explore AI enablement, pharma and biotech software development, data engineering and BI, and Veeva
services. Contact IntuitionLabs to discuss your workflow, information sources and implementation needs.

IntuitionLabs publishes educational research to help life-science teams make informed technology decisions.
Coverage of a product or organization does not imply a client relationship, endorsement or partnership.

Website: https://intuitionlabs.ai

This article is educational. Verify consequential medical, legal, financial, regulatory and technical decisions with appropriate professionals and the
cited primary sources. Company services are described separately from the article's research findings.
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